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Introduction

Heterogeneous System on Chip (SoC)

N\

Heterogeneous SoC :

« System on Chip (SoC) with dedicated HW accelerators CPU < | Memory
What is Hardware Accelerator? i i

« Customized circuits to do complex task power efficiently [ On-chip Bus )
Problem: ! ! !

« Power efficient RTL design is time consuming HWacc, | | HWacc, |--+| Hwaccy

« RTL has limited re-usability
ASIC design overview with HLS

Solution:
- : . . / ANSI-C/C++ \
* Raise design abstraction level through High-Level . y
synthesis (HLS) §
» HLS : “Automatically converts of behavioral, untimed I
descriptions into hardware that implements that behavior” |, -y
» Objectives of this work: = B
Create Low-power HW Accelerators gives as behavioral g it
descriptions for HLS = | Ma, Place ;> " Hardware
oute |, Accelerator
N — ' A




Towards Low Power Design

Domain-1 ---------x-mmmmmmmmmmnneeeooos

dWhy Low Power?
« Use of battery run embedded
systems

dCommon Solution:
« Use of dynamic voltage and frequency

Domain-2 ------ -

Domain-3 ------1 1

scaling (DVFS)
« Use of Power Domain and clock gating

=>» Orthogonal approach is Approximate Computing

CPU Memory DVFS
] |
)n-chip Bus )
HWacc, HWacc, |---| Hwaccy




Approximate Computing

What is approximate computing?
« Trading quality with complexity of a
design
* [t Is a data dependent optimization

Sobel
Approx-1

Sobel
Approx-2

Where it is applicable?

 Error tolerant applications (e.g.,
Image Processing, DSP) where
allowing certain percentage of error
leads to large area/power saving

Challenge:

* Finding the optimal design that 1| (2 (]
leads to maximum power/energy | | »3
saving within the given error [ TG I ST | )
threshold N e swdesn )

PSNR=10.2dB
T®

Y
2508 /)

TN
P Error
[PSNR]

Y
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Approximate Computing: Where to Apply?

On-chip Bus

m ADC Approximation

B Bus Approximation

B CPU Approximation

“ HW Accelerator approximation
W System level approximation



Approximate Computing Literature Review

Single Component Approximation System Level Approximation
ADC Approximation [1],[2] System Level [12]-[14]
BUS Approximation [3]-[5] Approximation
CPU Approximation [6],[7]
HW Acc. Approximation [8]-[11]
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Hardware Accelerator Approximation

Interfaces

V2V and V2C Approximations in C and RTL i I i WATC'
designs

QdApproximating FU’s (e.g., adders, multipliers) to
reduce area/delay [8],[9]

YVvVYy

- - | HWaccy

dReduction of the bit-width of a variable (e.g., output) in C and RTL
design [10]

[8] Gupta et al , “Low-power digital signal processing using approximate adders,” IEEE TCAD, vol. 32, no. 1, pp. 124-137, 2013.
[9] Liu et al, “A low-power, high-performance approximate multiplier with configurable partial error recovery,” in 2014 Design, Automation Test in Europe Conference Exhibition (DATE), 2014.
[10] Xu et al Exposing Approximate Computing Optimizations at Different Levels: From Behavioral to Gate-Level, IEEE Transactions on Very Large-Scale Integration (TVLSI) Systems, 2017
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Single Component Approximation Challenges

* One of the powerful approximations are V2V
and V2C which lead to maximum energy | edaces ) |
saving oro | o) [l

* V2V and V2C have conditions that happens [ Gromps )
rarely in regular circuit - ]

« Other methods (FU approximation reduction)-
cannot unlock full potential of approximation

HWacc, | - - [ HWaccy

=>» Propose an artificial neural network (ANN) based hardware
accelerator approximation method given a behavioral description for
HLS



Why ANNSs ?

filtl coefl
// 2-stage // Approximated 2-stage // Approximated 2-stage v v
// Interpolation // Interpolation filter // Interpolation filter Inout laver
// filter // using standard techniques // using proposed ANN P Y i
--------------------------------------------------------------- | hidden layer — . .
// Filter 1 // Filter 1 // Filter 1 g fitl Coifl f"tf C°eI3
x1=filt1*coefl+ x1=approx_mul(filtl,coefl)+ x1=ann(filtl,coefl)+ —
filt2*coef2; filt2*coef2; filt2*coef2; output layer Q Q Q
_________________________________________________________ '
_________________________________________________________ x1
x2=filt3*coef3+ x2=filt3*coef3+ x2=filt3*coef3+ ¥ ¥
filt4*coef4; lut(filtd); ann(filt3, coefd); —
______________________________________ Input layer
// output // output // output hidden layer 3 3
odata=x1+x2*factor; odata=x1+x2*factor; odata=x1+x2*factor;
x1 X2
......................................................... output layer Q
--------------------------------------------------------- ;2 Simplified Combined ANN
(a) (b) (c) (d) (e)

Main benefit: The ability to approximate multiple portions of the design,

merge It and re-optimize the ANN to maximize savings

Note: ANN is trained and weights and biased fixed - Multipliers synthesized as shifts+additions v



Proposed Architecture

Heterogeneous System on Chip (SoC) Heterogeneous System on Chip (SoC)
C/f’f’f Interfaces Interfaces
CPU, Memory ¥ ADC
High-Level CPU, Memory ¥ ADC P | T
; | |SPI S UART & p N
Synthesis uarr 2 TT 7'y 'y
i yy A v v LA A
) y y yvy ( On-chip Bus )
Logic [ On-chip Bus ] t ¢
Synthesis t
A A
¢ HWremain HWremain '
: p i 2 HWacc, = Error
’ ;Zi:: HWacc, HWacc, HWacc, (no approx) max [PSNR/MAPE]
(exact) (exact) (no approx) L )
I I 1 HWapprox, HWapprox, Effect of approximations on SoC
(Approximated) (Approximated) area given a maximum error
. - threshold E
(a) Exact, error-free SoC (b) Approximated SoC. Individual HW accelerators @ max

« Partition hardware accelerator into exact version + approximated
« Accelerator specified as an untimed behavioral description for HLS
« Approximated through trained ANN
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Overview of Proposed Flow

Inputs
: i N Outputs
Chwaces Phase | : Data Generation Phase Il : ANN substitution
E T T > Cexact
e Stepl E Step2 . Step3 Step1 i _ Step2 i Step3
TV ! E ) || Build Abstract Build AST clusters ! Foreach cluster N c
_r Code —> Taps — &C°mp'lf Syntax Tree i, &sortbasedon _i,  Train ANN & g ANN
i | i i : execute i : | . .
techlibyc refactoring : insertion | (AST) | pot::\;lra]:g?rea i substitute until E,_ ‘
' : : " QoR
fus
Y
ANNtemplate filtl coefl  filt2 coef2 Enew>
x2.rpt Emax?
x.rpt » -

* Flow composed of two phases:
Phase 1: Training data generation
Phase 2: ANN substitution
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Phase 1: Data Generation

= Codes are refactored
(Function inlining, loop
unrolling, variable

Inputs Phase | : Data Generation Outputs . ]
g R ] R P o] | I ;enamlng, A,
e | [ rion [ ‘S 11 L ecomposition) to expose
e more variables
e | | we || = Taps are inserted in order
B B e to observe the values of
N e P all the internal signals
e = Modified code Is executed
with given test data and

record of all the internal
variables are obtained .-



Phase 2 : ANN Substitution

Inputs Phase Il : ANN substitution Outputs
N\
Crefact Build ild | C
ui Build AST clusters Foreach cluster: exact
TV Abstract & sort b.ased on Substitute, train
Emax Syn(tAa;T'l;ree potentllal area ANN & evaluate Cann
techliby,s >avings
A ) QoR
| T

fhs
ANN

template

filtl coefl filt2 coef2

of9)
?

fiI'El coefl filt2 coef2

C1

&

1. Takes the refactored code, test
vector and other constrains and an
ANN template

2. Builds tree based on the
dependency of variables

3. Builds clusters inside tree and sort
them based on potential area
saving starting with the highest
saving

4. Continuously adds cluster to ANN+
train until E,,, IS reached

5. Merge ANNSs of different HW
accelerators

Outputs:

1. Remaining exact accelerator
2. Trained ANN
3. Quality report file
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Error Metric for Approximation

* Peak Signal to Noise Ratio (PSNR) for image processing
PSNR = 20log

GO = Golden Output, AO = Actual Output

« Mean absolute percentage error (MAPE) for DSP

vark = 2|89 4% oo
~N| GO

 Target error is application dependent

 Research works use 10-20% MAPE and 10 to 20db PSNR for
approximation
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Experimental Setup (All experiments)

e ML Tool: Python scikit-learn, TensorFlow v2.6

e HLS Tools : NEC CyberWorkBench v.6.1

e Logic Synthesis tool: Synopsys Design Compiler v.0-2018.06-SP1
e Target technology: Nangate Opencell 45nm

e Target synthesis frequency: 100 MHz

e Power Simulator: Synopsys PrimePower v.P-2019.03-SP5

e RTL and GL Simulator: Synopsys VCS 0-2018.06 _
++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++

e Hardware Accelerator: S2CBench Benchmark suite
e Processor: 32-bit MIPS, Bus: AMBA-AHB

e Compare our work vs. state-of-the-art applying a variety of approximation primitives
to the hardware accelerator (i.e., bit width reduction, V2V, V2C)



Experimental Setup — SoC Configuration

System Benchmark Configuration Overview

Interfaces

| ‘s ADC
CPU SPI 4 |

UART 4 []

A 4 A 4

AHB Bus

I |

adpcm interp

U 3 cases considered and compared against the error free hw accelerators (exact)
* Previous: Apply library of well-known approximations (bw reduction, V2V, V2C, etc.)
 Proposed not shared: ANN method individually for each hw accelerator

 Proposed shared: Share ANN between different hw accelerators v



Experimental Result — Area/Power Reduction

Power savings

Area Savings 0

35

30
30 -
25 20
2 15
1 1
1 B
0

Proposed not shared Proposed shared Previous

o

€]
o

o
(€]

(]

Proposed not shared Proposed shared Previous
B Emax=10% M Emax=20%

M Emax=10% ™ Emax=20%

U Two error cases has been considered for experiment
E...= 10% MAPE/20db PSNR — Smaller error margin
E... 20% MAPE/10db PSNR) — Relaxed error margin

max

max

Observation 1: The higher the error margin the better the results (~22% vs. 31%)
Observation 2: Our approach is on average ~10% better that the state of the art for single accelerator
Observation 3: Further sharing the ANN across accelerators further increases the savings by~8%
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Experimental Result - Runtime

Runtime [min] - Emax=20%/10PSNR
Runtime [min] - Emax=10%/20

PSNR
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Due to training and retraining ANN, our proposed method Is
slower than previous based on runtime

dOur method 1.30x and 1.34x more time than previous work for
single ANNs approximations
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Conclusions

* Proposed an approximation

method for hardware accelerators cterogencousSseman chp 500
specified as untimed behavioral
descriptions for HLS S = v
« Method splits accelerator into exact ! { i
part and ANN — e —
 ANN can map different portions of the ; e e Wace,
accelerator \ topro) | | (oppron | | (rosperon
* Our proposed method saves more v
area and power with respect to Al el
orevious state of the art using a L Y "'3;{; LA -
variety of different approximation |t esoeseadopsn || 700" e
orimitives
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