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The age of deep learning
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The embedded masses

" |nterpret noisy real-world data from sensor-rich systems
= Keep inference at the edge: always-on sensing

" Large memory footprint and compute load



DNN inference at the edge
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DNN classitier design flow

[Reagen et al., ISCA 2016]

= Data
- Training, validation, test

" Training
- Optimize hyper-parameters
- Minimize size and test error

= Quantization
- Fixed-point 8-bit / 16-bit

= Inference
- CPU, DSP, GPU, Accelerator



DNN ENGINE accelerator architecture
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" Parallelism and data reuse
"  Sparse data and small data types

= Algorithmic resilience



Outline

= DNN ENGINE
- Parallelism and data reuse
- Sparse data and small data types
- Algorithmic resilience

" Measurement Results

=Summary



Fully-connected DNN graph
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Fully-connected DNN graph
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Fully-connected DNN graph
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Fully-connected DNN graph
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Fully-connected DNN graph
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Fully-connected DNN graph
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Fully-connected DNN graph
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Fully-connected DNN graph
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Fully-connected DNN graph
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Fully-connected DNN graph
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Fully-connected DNN graph
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Fully-connected DNN graph
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Balancing efficiency and bandwidth

E 1 No Data
= Reuse
g— 0.8
] 0.6
S 0.4 -
S 0.2
a

0

1 4 8 16 32

SIMD Width (Words)

» Parallelism increases throughput and data reuse



Balancing efficiency and bandwidth

e 17 No Data Bandwidth %
g _ Reuse too high - 30 >
S 0.8 S
- (7))
T 0.6 7 F 20 2
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- 10 £

S 0.2 1 =
a 3
0 0 =

1 4 8 16 32
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» Parallelism increases throughput and data reuse

- But also increases Memory Bandwidth demands
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Balancing efficiency and bandwidth

—_— | .
E' 1 - No Data 0! Bandwidth i %
= Reuse o | too high 30 5
2 0-8 7 §‘| ~—
= 0.6 - 2\ - 20 B
© | — | 2
Q2 0.4 : L 10 =
S 0.2 &b
ot a o=
8 Q
0 T T T T 0 ;
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» Parallelism increases throughput and data reuse

- But also increases Memory Bandwidth demands

= 8-Way SIMD is efficient at reasonable memory BW
- 10x Activation reuse, with 128b AXI channel



DNN ENGINE micro-architecture
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DNN ENGINE micro-architecture

Host Processor

Data Read
4
D In
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- |
— XBUF
] Data Out
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Host Processor loads configuration and input data



DNN ENGINE micro-architecture

Host Processor

Data In

> CFG (>

Data Out

NBUF

Data Read ; §
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5 IR | I |
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DMA Weight Load MAC Datapath Activation

Accumulate products of Activation and Weights



DNN ENGINE micro-architecture

Host Processor

Data Read §

Data In H IPBUF : ol

| | o

> CFG [ 7 ﬂ ] ~
- XBUF r T | B
~ Data Out - [ ]
5 5 5 ]
]
W *DW"‘"E“" ||| *ﬂ‘ —

DMA Weight Load MAC Datapath Activation
Add bias, apply RelLU activation and writeback
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DNN ENGINE micro-architecture

Data Read
v B
§ Data In ugs B : A .r-g_r
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T Data Out : 1 B
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i i S | I )
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IRQ to host, which retrieves output data



Outline

= DNN ENGINE

- Sparse data and small data types
- Algorithmic resilience

" Measurement Results

=Summary



Exploiting sparse data
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Exploiting sparse data

sasse|D indinQ

A
= @

Z
g/
/
=
T

—

~
/=

S.E

RSN N\
SE

A
~

NS

\\
:Q
RN

N
2N
N \\

N

\

Y
{ S
% Y 707

Z;

v

<’/

WA

b

177

Z
.
’ l\

&
4
'4
4»': 2%
P oK .
RSeg ¢
<
- V‘v
N “
» ‘:
A )
S

L
R
R X
.
"'
NS4

A
NRXS
‘V
‘: ‘i f,’ >~
\ ) ’”

\ 3
\
AN
3
.
S

()
708
78
“

S0
N0

N

&%
.
=
S
N

¢/
8K
X
4
(&S
» \Q\
V%
XN
\ >

1)

QS
SS S

\J

\\‘v

)

0N //V.A\\ 7
ORRBEXEKS
XA

gé
AN

K6
&
&,

-5,
7

¢
&

X
2

»
SR
% ¢

\
NS

XN

A\
EX
N
0K
=3

W,
)
58

7
-
—

(U
M

1
m

5
0
ARA
9 :%Z

X
*,0.9

>
DL
/

POV

.;& "

QA

= '
SR

\\

\\
N\
<
N\
N
\\\
N\
\\\\~

\

8/
<
‘a7®,
AV,

N OO

S s‘
KOS
“

QO
AN
N

A

AN

< >

‘\
&
-_

»

L 4

’

l -
<o NI
VI

L3

X J

LJ

5 4

)5

4
Y5
74-%

Z/7

/ 7

5l

=
//

'A
X2
“

-
/

‘v
4
'(
7.
ol X
V4
/4
7/

—f
7

1%L
3 3

AR 2
7/

Al

&N
OGN

/,
20\ RN

\\11//, ~ |/

X
AN

>
¢

L/

{/
&/

(Y
&,

Y

N,

]
™~

Discard small activation data

30



Exploiting sparse data
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Exploiting sparse data
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Exploiting sparse data

sasse|D indinQ

W4

ORRBARK A
\

Ml
71X NN
7NN
o

WA vAvA‘Q
0

o

Q </

P
P
7 /)

=
Z
7= @
Z
LA
g =
S

B K,

\\ —
|\
-
N

N OON

4
4o
Y /2%

-
P.,77
4’1/ ,
Z4
¢

Pl 4
\Y

N

l
‘0
o :‘
_——

2 5
A : ' %
.
(X
e,
N/
A
€
\S
‘\
Y
N
\
A\
NN

st
-
N
RN N
-
.
NS
a
v,
A
>
-

v
-~
S
&
Z
N A

74
e,
e
AN N
4

I
>3
‘V
VAN
4
%
-
e
R 4
0>‘<0
¢ 7 A
- - L -
- 7 ,;‘,’\ S
s ¥
X3
-~ N
T Y
€S
(“
Ny N\

L)
¢
v‘
38
8 2R\ X
L S
Q\

N
A

53
%
’

\)
QD
N

A\
$
e

7@

XARIEE

OIQv
Z K

I
7 -
/

.
<
& »

(s 34
<&
'(
/ R
() X
1”7
725
7/

« . DG

N
A\ \
A\

\\
" &\
-
N\ §}
~

NS
XS

|\

-

z&

=

1/
7/

4
7 S
Z
054
Z

—
~
-
—
—
~
-
= s
—
—
~

AN
O ¢

N

=N

PLZ =
/

10129/ 1ndu|

Discard small activation data

35



36

sasse|D indinQ

(U @ (U (U
N7
AR
20NN
./A., @.@.@.V.
AN
N\

\//
N
KRN
,/,u,,,z JUX

Dynamically prune graph connectivity

10129/ 1ndu|

Exploiting sparse data



sasse|D indinQ

o o ) o
N/ \N/I\NA/,
boecssed
XX '

f

PRy
70 ,,W/
() (]
/

oy
.A/. QAQ/ \\
\\\\.

OHES
</ M
X 32

\

S0

S
SS0EXE
NS

R 2>
S
e

A

RS
S
SO S

N
\/

2L >

-—
nlZ S

Z.

&

.,,..,o,/
N\\ 117/ \\\\[/
o o
/)
\/ L/

(XX

S
.

SO€
(e
\

NS

\

O O
10129/ 1ndu|

Exploiting sparse data

37



sasse|D indinQ

N
%
WA

10129/ 1ndu|

Exploiting sparse data

38



sasse|D indinQ

Vi
S

\

N\ 47

'0»6)4

W\ %/,A‘
8
DA

10129/ 1ndu|

Exploiting sparse data



s9sse|) 1hdinQ

Y
PR

10129/ 1ndu|

Exploiting sparse data



DNN ENGINE micro-architecture
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DNN ENGINE micro-architecture
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W-MEM supports 8b or 16b data types



Outline

= DNN ENGINE

- Algorithmic resilience
" Measurement Results
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DNN ENGINE micro-architecture

Host Processor

Data In

Data Read

> CFG (>

> H IPBUF [

<

—
—| XBUF

Data Out

——»| NBUF

-

-

' II -

Index

o I

DMA | Weight Load

»{}

N
o

ARG

. MAC Datapath

-
R EIN

Activation

dDIS
>

[Whatmough et al., ISSCC’17]



Timing error tolerance

MNIST @ 98.36% Accuracy

Memor Datapath Combined 7
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[Whatmough et al., ISSCC’17]
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Outline

" Background and motivation

=" DNN ENGINE

- Parallelism and data reuse
- Sparse data and small data types
- Algorithmic resilience

=" Measurement Results

= Summary
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16nm SoC for always-on applications
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16nm SoC for always-on applications
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Measured energy for always-on applications

* Nominal Vdd / signoff Fmax

" Energy varies with application
= Exponential with accuracy

" On-chip memory critical
= A few KBs from DRAM >1ul
= Constrains model size

Energy / Prediction ()

3.0

25 |

2.0 |

1.5 |

1.0 |

05 |

0.0

2.5x energy
0.3% accuracy

DIGIT1 DIGIT2 FACE KWS HAR1 HAR2

667MHz / 0.8V

Illll
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Measured energy improvement

-
N

® Joint architecture and circuit 667MHz / 0.8V 667MHz / 0.67V
optimizations i

[

)
S
= 0.8
. e e E
" Typical silicon at room temp S e 10x
£
>
&0 0.4
" Measurements demonstrate @
L
= 10x energy reduction 0.2 F
= 4x throughput increase 0
16bit  8bit 8bit  8bit

Dense Dense Dense Sparse




State of the art classifiers

QO - A
» Dedicated NN accelerators | x | 4o0m
DNN -+ e ' DRAM
= Different performance points i 16””‘*; | .
= Different technologies T * SNN
2 - ! ! 28nm
2> | * i * ¢
" Accuracy critical metric E e |
= Linear classifier 88% Lo TV i — T
= Exponential cost s o B Kim et al,, VLS 15
8ot i @ Esser et al, NIPS 15
. i A Moons et al, VLS| 15
" The next 10x improvement 70} ; J DNN ENGINE
= Algorithm innovations? N T E— "'(')‘1 e T

Energy/Pred (uJ)



Summary

" Inference moving from cloud to the device: always-on sensing

" DNN ENGINE architecture optimizations
- Parallelism and data reuse
- Sparse data and small data types
- Algorithmic resilience

" 16nm test chip measurements
- Critical to store the model in on-chip memory
- 10x energy and 4x throughput improvement
- 1ul per prediction for always-on applications

We are grateful for support from DARPA CRAFT and PERFECT projects
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