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DNN Layer

J

Input
1
IX
= B
forb=0to B-1 (B: /O batch size) I forInput
fork=0to K-1 (K: O channel/W kernel) W for Weight
forc=0to C-1 (C: 1/W channel) O for Output
for oy =0to OY-1 (OY: O row)
for ox = 0 to OX-1 (OX: O column)
for fy =0 to FY-1 (FY: W kernel row)
for fx=0to FX-1 (FX: W kernel column)
O[b][k][oy][ox] += I[b][c][oy+fy][ox+fx] x W[k][c][fy][fx]
B| K| C |OY|OX|FY|FX|(/ relevant (r)
W | X|[VI IV IX|X]|V ]|V X irrelevant (ir)
I V| X | |2 [ 21X 2y (21X | 1?7 partially relevant (pr)
olvivixlvlvlixl|x | 2%/ partially relevant to IX/1Y

4 N

A DNN Conv2D layer:
3D operand (W/I/O) space.

7D nested for-loop
MAC operation space.

Each Operand has its own
(ir)relevant loop dimensions.

> rloops contribute to
data size.
> ir loops contribute to
data reuse.
» pr loops contribute to both

data size and data reuse.

/
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DNN Layer

| Batch o) I/W o) o) W w
Workload :
size |channel|channel| row |[column| row |[column
Conv2D (right fig.) B K C QY OX FY FX
ConviD B K C 1 OX 1 FX
Depthwise Conv2D* B 1 1 (04 OX FY FX
Pointwise Conv2D B K C () OX 1 1
Matrix-Vector Multi. 1 K C 1 1 1 1
Matrix-Matrix Multi. B K C 1 1 1 1
* Repeat 'C’ or ‘K’ times to finish one Depthwise Conv2D layer (C = K).

4 N
A lot of ML workloads can fit into the regular nested
for-loop format.

No data dependency between each for-loop.
\_ J

Conv2D
4 ] )
Y E
Y ® K — oY
IX ox
) B
forb=0toB-1 (B: I/O batch size) I for Input
fork=0toK-1 (K: O channel/W kernel) W for Weight
forc=0toC-1 (C: /W channel) O for Output
for oy =0to OY-1 (OV: O row)
forox=0to OX-1  (OX:0 column)
forfy=0to FY-1  (F¥: W kernel row)
forfx=0toFX-1 (FX: W kernel column)
\_ O[b](k][oy][ox] += I[b][c][oy+fy] [ox+fx] x W[k][c][fy](fx] )
MMM 5 D
C B
K w X I = [0} K
C
forb=0toB-1 (B:1/0 col)
fork=0toK-1 (K:W/O row)
forc=0toC-1 (C:Wcol/Irow)
\_ O[b][k] +=I[b][c] x W[k][c] )
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DNN Accelerator

Off-chip DRAM
v 1
W—-1L2 | — L2 O-1L2
W-1L1 |- L1 O-11
PE PE PE PE
PE PE PE PE
PE PE PE PE
PE PE PE PE

Large Design Degrees of Freedom!

Memory
H iera rChy Off-chip DRAM Off-chip DRAM
Off-chip DRAM - b
W-1L2 1/0-L2 W/l-L2 W/1/0-L2
W-12 I-12 O-L2 W-L1 I-L1 O-11 O-L1 1-L1
W-L1 I-L1 O-11
I Ft’EA”'aygjt PE | | PE PE | | PE | PE | |iBE
nterconnects . . .- & |
PEQr PE |y _EER HiBE PE}l PE'"
PE PE ‘ |
B /,A’J'E/ 45'E “TPE| |PEY PE | | PE|
e/ |p PETT | PE i
W - | W/ '/E/ = i o PE*l
v ) 4
W — Reg— W/l - W—Reg—
— X—
PE | —Reg — + Reg — + —
_ O—Reg*+— O-Reg*—= R
Design i . I=Rea > "
PE W-1L11 > ) W—Reg—’x_.
| —Reg — + | —Reg —
(@) Reg_. O—Reg—»
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Layer-wise Mapping (a.k.a. Dataflow)

Temporal Mapping
(Loop tilling, ordering)

.

-

4 )
forb=0to B-1 (B: 1/O batch size) I forInput
for k =0to K-1 (K: O channel/W kernel) W for Weight
forc=0to C-1 (C: I/W channel) O for Output
for oy =0 to OY-1 (OY: O row)
for ox = 0 to OX-1 (OX: O column)
for fy =0 to FY-1 (FY: W kernel row)
for fx =0 to FX-1 (FX: W kernel column)

O[b][k][oy][ox] += I[b][c][oy+fy][ox+fx] x W[k][c][fy][fx] )

¢

Degrees of Freedom!

Spatial Mapping

Large Design (Loop unrolling)

>

C D
Off-chip DRAM
| 1
W — L2 |- 12 0-12
i ' 5
W—L1 |- L1 0-L1
4 v 4 v — N\
PE PE PE PE M
A |—Reg
PE PE PE PE | € [O=Reg
PE PE PE PE
PE PE PE PE
\_ Y. 4
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Co-Exploration

4 Algorithm N Hardware A

Memory
Off-chip DRAM HlerarChy Off-chip DRAM Off-chip DRAM
Takan w-L2 ”O—I’ Wil-12 Wilio-12
Input T F Weiz 2 o2
A
1 =B ! W-L2 1-12 0-12 PE Array & |
— e 1 1 * J 1 B Interconnects %‘Jﬁ = :E J%‘I % :
A ! v P T feed
] PE  PE LRI ' P
. i Weitig |o1=11, | (w0l —— — i ﬁjﬂi
| . * v 4 v ol 0 pe/ |pe/ —PETLLeE Teel_eell
1 0 1 e 4
PE PE PE PE
IX : W=-Reg— W= =~ W-Reg—
<t > | PE PE PE PE PE ISReeic | MM B¢| SRSk
B y Design OShear= | loSmee=— \f-nz:g_."’"g
PE PE PE PE
PE w-tL e W'RZ?:X_.
\ / k PE PE PE BE 0—Reg—— Reg——— /
4 : hYS N
Mapping Technology and Others
Temporal Mapping
(Loop tilling, ordering)
f il Technol : 65nm/40nm/28nm/
{ var echnology: 65n n nm/...,
P vt
forb=0toB-1 (B: 1/O batch size) I for Input NVM C I M 3 D I C t
fork=0to K-1 K:0 cha:nellw kernel) W for Weight W-L2 I-L2 0-12 b} b} ) e C -
forc=0toC-1 (C: 1YW channel) 0 for Output | 1 % v
for oy = 0 to OY-1 (OV: O row) X
for ox = 0 to OX-1 {OX: O column) w-11 ISLL o5 L_l
forfy =0toFy-1 (FY: W kernel row) v v 4 v N
for fx =0 to FX-1 (FX: W kernel eolumn) PE PE PE PE M W-—Reg Ot h . S 't = = =
0o[b][k][oy][ox] += I[b][c][oy+fy] [ox+fx] x W[k][c][fy][fx] oE o = = A |-Reg e rs [l pa rS I y, Va rI O u S p reCI S I O n S ]
- € O-Reg [
Kk. eratio e v ke b cross-layer execution, etc.
Spatial Mapping 2 2 #LE -

\ (Loop unrolling) / \ /

HUGE design space at each level & at combined levels.

Regular workload & Deterministic processing flow & Well-defined HW components. 8 of 23



Outline

» Methodology
€ ZigZag Overview [TC 2021]

€ Unified Design Point Representation
€ Standardized HW Cost Estimation

€ Automated Design Point Generation
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ZigZag Overview

Neural Network Workload (e.g. Conv2D, DepthwiseConv2D, Dense, etc.) ]

N
Hardware Constraint : *

(e.g. PE/memory/area utilization,
MAC precision, total area.)

. ecture
Generator

@mory PoD Auto-Memory- ‘ Auto-Spatial- Auto-Temporal-
. ierarchy Search Mapping Search Mapping Search”

Different memory size, word
length, word access cost,

—____ Memoryarea.

Technology- ~Memory-Centric~ | _——Toop oo ——_
Dependent Cost Design Space Relevance Information
(e.g. MAC cost, . Representation ¥ "~ Principle Extraction —1

interconnection cost.)

< Pareto-Optimal Solution >

P . . . \ //
<& ___Unified Design Point Representation — a.) the optimal accelerator architectures:
<& Standardized HW Cost Estimation __—> b.) the optimal spatial / temporal mappings;

Mresponding energy, performarw

<® _ Automated Design Point Generation >
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Unified Design Point Representation

— Algorithm-to- Even Mapping Uneven Mapping
HW T HW Mapping (At all shared memory levels, excluding the top memory, (Memory level and W/I/O loop blocking
Architecture T W/1/0 loop blocking are the same.) are decoupled.)
Balanced Memory Hierarchy (a) ()
(At all memory |6VE|S, W/I/O are shared.] Weight Input Output Weight Input Output
DRAM K 4  DRAM K 4  DRAM K 4 DRAM K 4  DRAM K 4  DRAM K 4
/0 C 24 C 24 C 24 C 24 C 24 C 24
Global _ OX 2 Global  OX 2 Global  OX 2 Global _ OX 2 Global  OX 2 | oX 2
: Buffer K 4 Buffer K 4 Buffer K 4 Buffer K 4 Buffer K 4  Global K 4
OX 13 o) 13 0X 13 oX 13 | ovulFvulovu 13|52 | Buffer  ox 13
OYulFyulOYu 13|5|2  OYu|FYulOYu 13|52  OYulFYu|OYu 13]|5|2 K 16 ox 13 OYu|FYu|OYu 13]5|2
K 16 K 16 K 16 OYulFYulOYu 13|5]2 K 16 K 16
Register c o] Register ¢ 2 Register s 2 Register C 2 Register C 2 Register € 2
File — fx 5 File  px 5 File  Fx 5 File FX 5 File FX 5 File FX 5
MAC Level MAC Level MAC Level MAC Level MAC Level MAC Level
Unbalanced Memory Hierarchy (b) (d)
(Memory level and W/I/O are decou IEd) Weight Input Output Weight Input Output
] 1
DRAM K 4 DRAM K 4  DRAM K 4 DRAM K 32 K 32 | DRAM K 32
DRAM (W/1/0) C 24 C 24 C 24 C 12 Activ. C 12 Activ. C 12
OX 2 | Activ. OX 2 Activ. 0X 2 OYu|FYu|OYu 13|52 | Mem 0X 13 Mem (I/0) OX 13
K 4 | Mem K 4 Mem K 4 oX 13 | (70 C 2 | ovulfyuloyu 131512
Reneanon OX 13 | (I/O) OX 13 (1/0) OX 13 © 2 oX 2 © 2
Mem (1/0) OYulFyu|Ovu 13|5|2 | OvYu|FyulOYu 13|5|2 | OYu|FYu|OYu 13|5|2 0X 2 | ovulFruloYu 13(5|2 OX 2
K 16 K 16 K 16 FX 5 FX 5 FX 5
Reg File C 2 | RegFile C 2 | RegFile C 2 Reg File C 2 Reg File C 2 Reg File C 2
(W) FX 5 (1} FX 5 (0) FX 5 (W) K 8 (1) K 8 (0) K g
MAC level MAC Level MAC Level MAC Level MAC Level MAC Level MAC Level

Supporting uneven mapping opens up new mapping possibilities, thus prone to find better

design points.
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Standardized HW Cost Estimation

Loop Relevance Principle (LRP)

v relevant (r)
X irrelevant (ir)

? partially relevant (pr)

X /1Y

partially relevant to IX/IY

Extracting Loop Info. based on LRP

Metrics Comment Equation
o Li L(i—-1)
Data Size in T T ru
_ individual unit 11
Data Size Lmin Lmnin
@ Level i Li Li

Data Size in total

| |‘.l" Tu

Lmin Lmin

B| K| C |OY|OX|FY|FX
W | X | VIV IX|IX|VI|V
I VI X | | HY | 2X | 2AY | 1X
OV I IV I IX|V ]|V | X]| X

MAC Operation Supported by its = = T “
@ Level i Data Size r 1_[ ru- | |ire l_l iru
Lmin Lmin Lmin Lmin
Li Li
Turnaround Cycles Supported by its .. r .
@ Level | Data Size ! u
Lmin Lmin
Total data reuse
oata Reuse Factor | factor (Spatial & [ [ir] Joru
@ Temporal) Li Li
. . ) Lmax Lmax
Unit Count Total active unit 1_[ - n -
@ Level i count r tru
Li Li
write access for Total MAC Operation

Memory Access Count
@ Level i («= Level i+1)

Wand |
read access for
(o]

Li
/ 1_[ Total Data Reuse Factor

Lmin

Required Memory
Bandwidth

@ Level i («= Level i+1)
(write bandwidth for W,
read bandwidth for O)

With double- Total Data Size @ Level i
buffering Turnaround Cycles @ Level i
Without double- Total Data Size @ Level i l_l ir to
buffering Turnaround Cycles @ Level i A P

13

At each memory level (shared or non-shared), for each operand (W/1/O), the key matrices

(e.g., memory access count) are extracted following the same procedure.
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Automated Design Point Generation

A Design Point = Hardware Arch. + Spatial Mapping + Temporal Mapping

Memory-pool-based : Exhaustive search/
: Exhaustive search/ Y
memory hierarchy Heuristic search Heuristic search/
search engine lterative search
Pruning Make sure data reuse exist

Principles Memory hierarchy Spatial data reuse 3D at each memory level

ST e e Pareto Surface (W/1/0); (during loop tilling);
(no/minor A traints: ’ Symmetrical Maximize data stationarity
optimality Eatonsta N dimension pruning; ... at lower memory levels

loss) (during loop ordering); ...

A lot of clever search/optimization algorithms can be applied in this step.
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Outline

> Result

€ Validation
€ Case Study
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Validation Against Real Designs

lel0
2.00-  MAC
] B DRAM
1.757 1 Buffer
] I RF
1.50
>
o
21.25-
w
=
[ i3]
N 1.00-
m
£
S 0.75-
0.50 -
0.25 -
0.00 -
&
0 0 0 ‘\
cowv1 cowvz cowvs cow\m CONVS

Energy validation against Eyeriss published data

Ener‘gy (ul)

2.5

2.0

15

,‘J

‘3\0 O Q‘n
CONV] CONVZ CONV3

e, -

I MAC+Oreg
I Activ Mem
[ Weig Mem
I Input Buf

o
A
Qo‘-,- \!\0 Q“é'
FC4 FC5

Energy validation against an in-house accelerator

The energy mismatches across all layers are within 7.5%.
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L
B
|

=
[a8
1

Energy [m]]

o (=]
%] +
| |

o
o
I

Validation Against SotA Framework

—
o
L

o
oo
L

o
o
|

AlexNet ResNet-34 (All the unigue layers)
B MAC [ DRAM [ Buffer BB RF 1,0 - BB VMAC B DRAM [ Buffer BB RF
Memaory Energy Saving (%)
{Excluding MAC) 359
! 0.8 55% - - - ljS%
60%
E o of . I | l 45%
= Bin |
2
&
5 0.4 |

— 154% H . *3?%
-

0.2 A 1 C | =

0.0-

9% v
A «\)’L ,1';1/ AN ‘Q)’L’ /ﬂ/ ,Q\:\\)’O(/‘:b ,\\4« \9} ,L’J/ ,Q.:\ &Ib,ﬁ/ &\:\\;O"/Uf 4\\.;\ \Q:L',ﬂ/ «V«\)’G//&' «‘V,QS‘}IOI ,Q\-l\ \fl:b/c/
CONV4 CONV5 CONV1 CONV3 CONV13 CONV14 CONV26 CONV27 CONV45 CONV46

Energy validation against Timeloop+Accelergy (TL <« TL/ZZ).

Mapping search engine comparison against Timeloop (TL/ZZ < ZZ).

ZigZag found better design points than Timeloop due to the uneven mapping support.
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Latency / Inference [million cycles]

Case Stu dy Memory pool @ 65 nm technology, CACTI7

Arch. Level Inner-PE Reg On-chip L1 On-chip L2 Off-chip
2 B; ' ]
. Mem. Size Option 32 B; iZKKB]’E’» g.i/[h]?/,[B’ DRAM
Neural Network HW Cost Comparison 128 B
Mem. Bandwidth 16 bit/cycle (r/w) 128 bit/cycle (read/write)
Mem. Share Option All separate;
(i.e.1/2/3 operand(s) All separate Two shared; All shared All shared
® AlexNet (2012) © NASNet small (2017) 7] Xception (2016) share same memory) All shared
¥ MobileNetV3 small (2019) 4 MobileNetV3 large (2019) > SEResNeXt50 (2018) Mem. Bypass Option No bypass Can bypass Can bypass No bypass
g=  MobileNetV1 (2017) <] ResNet50 (2015) <> Incep-Res-v2 (2016)
A MobileNetVv2 (2018) $2  DenseNet201 (2016) O NASNet large (2017)
80%
zZ
: %
10 ] ©
75 €
T 5
£ <
£ 702
© >
£10%] ©
65 O
<
=
®) o
60 '9
101
10! 102 103 10*
Energy / Inference [u]] Energy / Inference [u]]

Algorithm accuracy — Energy — Latency — Area design space visualization.

17 of 23




Case Stu dy Memory pool @ 65 nm technology, CACTI7

Arch. Level Inner-PE Reg On-chip L1 On-chip L2 Off-chip
2 B;
] Mem. Size Option 32 B; car s DRAM
Neural Network HW Cost Comparison 128 B S T
Mem. Bandwidth 16 bit/cycle (r/w) 128 bit/cycle (read/write)
Mem. Share Option All separate;
(i.e.1/2/3 operand(s) All separate Two shared; All shared All shared
share same memory) All shared
Mem. Bypass Option No bypass Can bypass Can bypass No bypass

Comparison on 12 Neural Networks’ Algorithm Attribute and Hardware Performance. Weight/Input/Output Size is the accumulated size across all
layers, assuming 8-bit precision on ImageNet data. ‘(#)" indicates value order, from high (#1) to low (#12), across all 12 NNs.

Neural Network AlexNet MBV3 MBV1 MBV2 NASNet MBV3 ResNet DenseNet Xception SEResNeXt IncepRes NASNet
[18] Small [22] [23] [24] Small [25] Large [22] 50 [19] 201 [26] [27] 50 [28] V2 [29] Large [25]

L Top-1 Accuracy (%) 56.5 (#12) 67.4 (#11) 70.6 (#10) 72 (#9) 74 (#8) 75.2 (#7) 75.3 (#6) 77.42 (#5) 79 (#4) 79.3 (#3) 80.1 (#2) 827 (#) | )
Total MAC (GOPs) 1.07 (#7) 0.06 (#12) 0.57 (#8) 0.30 (#10) 0.56 (#9) 0.22 (#11) 3.86 (#6) 4.29 (#4) 9.48 (#3) 4.23 (#5) 13.16 (#2) 23.74 (#1)
Weight Size (MB) 24.48 (#4) 4.08 (#10) 4,01 (#11) 3.31 (#12) 5.01 (#9) 9.50 (#8) 24.32 (#6) 18.87 (#7) 24.15 (#5) 26.20 (#3) 53.15 (#2) 84.45 (#1)
Input Size (MB) 0.46 (#12) 1.90 (#11) 5.21 (#9) 6.85 (#8) 12.83 (#6) 4.92 (#10) 9.75 (#7) 23.67 (#4) 36.22 (#3) 13.71 (#5) 39.80 (#2) 137.09 (#1)
Output Size (MB) 0.63 (#12) 1.55 (#11) 4.81 (#9) 6.37 (#8) 7.57 (#6) 4.40 (#10) 10.10 (#5) 7.49 (#7) 34.17 (#2) 13.75 (#4) 23.90 (#3) 86.37 (#1)
Total Data Size (MB) 25.57 (#7) 7.53 (#12) 14.03 (#11) 16.53 (#10) 25.41 (#8) 18.82 (#9) 44.17 (#6) 50.03 (#5) 94.54 (#3) 53.66 (#4) 116.85 (#2) 307.90 (#1)

Best Energy (u]) 20.72 (#7) 5.37 (#12) 11.03 (#11) 11.93 (#10) 19.40 (#8) 13.61 (#9) 42.05 (#6) 44,14 (#5) 90.40 (#3) 46.81 (#4) 110.30 (#2) 271.92 (#1)
Best Latency (Mcycles) 8.04 (#8 1.75 (#12) 5.54 (#9) 4.93 (#10 10.83 ( 4.63 (#11) 22.76 (#6) 23.72 (#5) 79.53 (#3) 25.59 (#4) 96.37 (#2) 209,96 (#1)

Accuracy order (#) < Energy/Latency order (#)
Accuracy order (#) = Energy/Latency order (#) Assumes all NNs follow layer-by-layer execution
Accuracy order (#) > Energy/Latency order (#)

(no cross-layer optimization, e.g. depth-first)

-

Algorithm accuracy — Energy — Latency trade-off quantification. 18 of 23




Outline

> Extension

¢ AIMC [IEDM 2020]
¢ LOMA [AICAS 2021]
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Extension

AiMC (Analog-in-Memory Computing)
Modeling using ZigZag

LOMA (Loop-Order-based Memory Allocation)
-- A fast exhaustive temporal mapping
search method

Off-chip memory

Off-chip memory

R S

|

-

Input

/DNN Layer specification \

forb=0to B
fork=0to K (K: O channel/W kernel)
forc=0to C [€: /W channel)
for oy = 0to OY (O¥: O row)
for ox = 0 to OX (OX: O column)
for fy = 0 to FY [FY: W kernel row)

for fx =0to FX (FX: W kernel column)

\ O[b][k][oy][ox] += I[b][c][oy+fy][ox+fx]
x Wk [c][fy][fx]

Loop Prime
Factor Limit

vo@ x| . - - ofF
| i, s : ;
(B: I/O batch size)

—

LOMA

Retrieve Loop Prime
Factors:
-y K1, Kp, G4, Cyp, -

v

Fast & Lightweight
Permutation Generation

L

Output

Best energy mapping
forc,=0to C,
fork,=0to K,
forc,=0toC,

forkn 0to K,
k=k x K +k,
c=¢, C+c0
oy=.. ox=.. fy=..

\ C‘Ih lkI \‘I[QJ = I[b](c][oy+fy]fox+fx]
Z Wkl clify]lf]

\

fx=..

/ Best Iaten::y mapping

I Y
PE array | Analog

e |-AE \||I MA |||-AC |||-AE || - o array

£ |2 = = NN

B *lg-* MAE MAC MAC MAC E + g * g x
=== I

= o | -

& EIE || == s | L

) Lo J) L Jf L Jf [l ] o ADC bank
B Y

4—' 0 reg banks | < | O reg bank I

Digital Core v.s. Analog Core

" Besides focusing on optimizing the efficiency of |

the AiMC core itself, it is important to also
assess/optimize the performance of the AiMC
_core in the complete processing system.

Hardware architecture \ Bottom-up Memory rk,=0toK,x K,
Weight Output  Input Allocation for ¢,=0toC,
DRAM “
) +
Local Buffer & :
| I 4 Cost Model forc,=0toC,
RF RF RF k =k,
! t 4 + l l c=¢, xCy+c
MAC 1 0
Energy Latency b=.. oy=.. ox=.. fy=.

Ofb](k]{oy]lox] += i[b][c Il ¥+ "n'“. o+ I
\ [Unmh’en‘ !er‘el.k'] / \ x Wk][c][fy]fx]

4
\

fx=..

o

p
By combining an lightweight permutation generator

in near-constant and predictable CPU run-time with

\small CPU memory requirement.

with a bottom-up memory allocation, LOMA executes

~

d

J
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Outline

» Conclusion & Key Takeaways
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Conclusion & Key Takeaways

 High-level DSE is important to gain insight from the vast joint DNN-
HW-Mapping design space.

/EI A general 3-step methodology for building a DNN accelerator DSE
framework:

N Unify data representation / Standardize cost extraction / Automate design point generation j

=

ZigZag, as a fast DSE framework for DNN accelerator, can find N
better design points due to its uneven mapping support.

A ZigZag can be applied/extended/improved to/in multiple directions,
\_ and we are working on it! )
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Arm: The Software and Hardware Foundation for tinyML

+ -* + +

Connect to
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y Supported*by
end-to-end tooling

+ - + -
3
Connect to
Runtime
+ + + -
Stay Connected + +

B @ArmSoftwareDevelopers

s ’ @ArmSoftwareDev "

+ + -+ - + +* -+
Application
+ -+ . . " + .

Optimized models for embedded

- - -

+ -
Profiling and
debugging
tooling such as
Arm Keil MDK
+ +
+ +
+ +

A

K - v

Runtime
(e.g. TensorFlow Lite Micro)

A

- - +

Optimized low-level NN libraries
(i.e. CMSIS-NN)

A S 2

RTOS such as Mbed OS

Arm Cortex-M CPUs and microNPUs

Resources: developer.arm.com/solutions/machine-learning-on-arm

+ + + +

+ -

+

4

+ + +

a

Al Ecosystem
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TinyML for all developers
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securely algorithms
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Real sensors in real
Arduino library t|me
Open source SDK
M Embedded and Test impulse
edge compute with real-time
deployment device data
WebAssembly options Test flows

www.edgeimpulse.com
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SYNTIANT

Syntiant Corp. is moving artificial intelligence and machine learning from the cloud to edge
devices. Syntiant’s chip solutions merge deep learning with semiconductor design to produce
ultra-low-power, high performance, deep neural network processors. These network processors
enable always-on applications in battery-powered devices, such as smartphones, smart speakers,
earbuds, hearing aids, and laptops. Syntiant's Neural Decision Processors™ offer wake word,
command word, and event detection in a chip for always-on voice and sensor applications.

Founded in 2017 and headquartered in Irvine, California, the company is backed by Amazon,
Applied Materials, Atlantic Bridge Capital, Bosch, Intel Capital, Microsoft, Motorola, and others.
Syntiant was recently named a CES® 2021 Best of Innovation Awards Honoree, shipped over 10V
units worldwide, and unveiled the NDP120 part of the NDP10x family of inference engines for

low-power applications.
g @Syntiantcorp

www.syntiant.com
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Part of your lite. Part of tomorrow.

www.infineon.com



Pre-built Edge Al sensing modules,
plus tools to build your own

b R e a I |ty AI , 'Reality Al so.lgtions \

Prebuilt sound recognition models for
indoor and outdoor use cases

Solution for industrial anomaly detection

Add Advanced Sensing ; <

Pre-built automotive solution that lets cars

to your Product with \ Homger s !
Reality Al Tools® software

Ed ge Al / Ti nyM L i Build prototypes, then turn them into i

real products

Explain ML models and relate the function
https://reality.ai ) info@reality.ai W@SensorAl [ Reality Al i to the physics

Optimize the hardware, including
sensor selection and placement
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SensiML

Build Smart loT Sensor
Devices From Data

SensiML pioneered TinyML software
tools that auto generate Al code for the
intelligent edge.

e End-to-end Al workflow

e Multi-user auto-labeling of time-series data

* Code transparency and customization at each i
step in the pipeline | Ao

641
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We enable the creation of production-
grade smart sensor devices. sensiml.com
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The presentation(s) in this publication comprise the proceedings of tinyML® EMEA Technical Forum
2021. The content reflects the opinion of the authors and their respective companies. This version of the
presentation may differ from the version that was presented at tinyML EMEA. The inclusion of
presentations in this publication does not constitute an endorsement by tinyML Foundation or the
sponsors.

There is no copyright protection claimed by this publication. However, each presentation is the work of
the authors and their respective companies and may contain copyrighted material. As such, it is strongly
encouraged that any use reflect proper acknowledgement to the appropriate source. Any questions
regarding the use of any materials presented should be directed to the author(s) or their companies.
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