EONIKO METTOBIO ITOAYTEXNEIO

Y XOAH HAEKTPOAOTON MHXANIKON KAI MHXANIKON YTTIOAOTIZTON
TOMEAY TEXNOAOTIAY [TAHPO®OPIKHE KAI YTIOAOTIETON
EPrastHPIO MIKPOYOAOIIESTON KAI WHIIAKON L YSTHMATON

Development and Evaluation with AI Tools &
Devices: Google Edge TPU for General-Purpose
Computing

AIIIAOMATIKH EPrAsIA

ToLv

Xeovn Xdxou

EnBArenwyv: Anurtpoc Xodvreng
Kodnyntic E.M.IL

EPrasTHPIO MIKPOYTIOAOTIETON KAI WHSIAKON L TSTHMATON
Adnva, Todviog 2022






Edvixé Metodfio Iloauteyvelo
Eyoh) Hihextpohdywv Mnyavixwy xou Mnyovixodv YTroloyiotoy
Touéag Teyvoroyiog [IAnpogpopurc xa Troloyiotdy

Epyaotfpio Muxpobnoloyiotadv xar Ungoxwmy LucTnudtey

Development and Evaluation with AI Tools &
Devices: Google Edge TPU for (General-Purpose
Computing

AIIAOMATIKH EPrAsIA

ToLV

Xpovn Xdxou

EnBArenwyv: Anuftpoc Xodvieng
Kodnyntic E.M.IL

Eyxpldnxe and v tpiueln eCetaotinn emtpony) tnv 30m Iouviou 2022.

(Ymoypagry) (Tmoypagry) (Tmoypagn)
Anurteloc Lolvteng Havaryidtng Toavdog Kwvotavtivog Xunllog
Kodnyntic E.M.IL Kodnyntic E.M.IL Av. Kodnyntic A.ILO.

Adnva, Todviog 2022






Edvixé Metodfio Iloauteyvelo
Eyoh) Hihextpohdywv Mnyavixwy xou Mnyovixodv YTroloyiotoy
Touéag Teyvoroyiog [IAnpogpopurc xa Troloyiotdy

Epyaotfpio Muxpobnoloyiotadv xar Ungoxwmy LucTnudtey

(Troypaerj)

XPONHE Y AKOX
Amhopotovyoc Hiextpohdyoc Mryovinde xow Mnyovinde Troroyotov E.M.IL

Copyright (©) —All rights reserved Xpévne Ldxoc, 2022.
Me empilaln TovTOC SLXoUMUATOS.

Arnoyopetetan 1 avttypagr, amodrixeuon xar diovour| Tne tapolcog epyaciog, €€ olo-
XAAEOL 1) TUNUUTOS AUTAS, Yio euTtopixd oxomo. Emtpéneton 1) avatdnwor), anodfxeuon
X0 BLAVOUY| YLl OXOTIO 1) XEEOOOXOTUNO, EXTIUOEUTIXAS 1) EPEUVNTIXTS PUOTE, UTO TNV
TEOUTOVEST] VoL AVOPERETOL 1) TINYT) TEOEAEUCTC XAl VoL OLUTNEELTOL TO POV UAVUUAL.
Epwthuata mou agopodv TN Yeron tne epyaciag yio XEpO0OXOTIXG OXOTO TEETEL Vo

amevivVOVTOL TEOG TOV GUYYQUPE.






ITepirndm

‘Evog and toug tayUtepa avantuccouevoug Touels €peuvag eivar 1 Teyvnt Nonuooivn
(TN), n omolo €yet pépel Ty enavdotoon oe uio TANdGea egapuoy®y. Ta abyypova texvnTd
veupwvixd dixtua (TNA) anatodv Yeydhn UTOAOYIOTIXA TOATAOXGTNTA Xal, (G UTOTENECHD,
ol oUyypoveg CPU yevixol oxomol duoxohebovtar vo emtiyouy emapxy| anodoor. Io to
AOYO ouTO, uTdpyel 1 emBiwEN Yo evowudtwon teplocdtepns TN oe gupltepes epapuoyeég
HE WxpdTERY, o amodoTXd, uxpotoin TN xou emitoyuVTES, 0TOYEVOVTAS EWOXE GE AYORES
EVOOUATWUEV®Y CUGTNUATWY TOU UTOCYOVTAL 0XOUT] HEYAAVTERES UTOAOYIGTIXES BUVATOTNTES
yioo eopuoyeg unyavixic wdinone. IlpoPrénovtag auth tnv tdon, n Google avéntuie TiC
Tensor Processing Units (TPUs) yio va emtoydver v extekeon egapuoywyv TN téoo oe
#€vTpa OedopPEVWY 660 xou at the edge.

Ye auth) TN SImAwPATIXY EpYaoia, YE OTOYO TNV EQURUOYT TEXVNTAC VONUOCUVNG OFE EV-
cwuatwpéva cuoThdata, Yo acyokniolue pe 1o Edge TPU. To Edge TPU eivan éva pixpd
ONOXANEOWUEVO XUXADUO TIOL TEOCPEREL LYNAT amdBOOoT) UE UiXEO PUOLXO XOL EVERYELOXO ATO-
TUTWUA, ETLTEENOVTOS TNV avdmTun epoppoy®y TN at the edge. Eivou évag enelepyaotic mou
ETMUTEETEL TNV TUEAUAANAOTIOINGCT] OPLOUEVGY UTOAOYLOUMY TEOXEWEVOL va emiteuy Vel ToyUTeET
extéheon. To Edge TPU elvan ixavo va extedel 4 tpioexatouuoio TedEelg avd 0eutepdAenTo,
xenowonowwvtag 2 Watt i1oyboc. (261600, 1) dpyITEXTOVIXT| XU TO GUVOAO EVIOAGDY TETOLWY E-
mroyuvTov TN, eugovilouy Bidgopec TEOXANOELS X0t TEPLOPLOUOUS OGOV APOEA LUTONOYIGUOVS
YeVixo) 6xomol. Xe auTH| T1) BITAWUITLIXY EpYUsid, GTOYEVOVUE GTNY ENLAUCT] TWV TEOXANOEWY
Tou ouvVodeLoLY Toug emtayLVTEG TN, oyeTnd Ye e@apuoYéc Yevixol oxomoU, mpotelvovTag
N O] pag pevodoloyia yior TNV xataoxewr| oixtOwy oupPBatoyv pe o Edge TPU. Erniong,
ToEEYOUUE AOOT AvVapPOELXd UE TOV TEPLOPLOKO YOl EXTEAECT] UTOAOYLOUWY HOVO GE optduong
8-bit ye to va omdue N-bit npdéeic oe 8-bit. Me autd t0 TEOTO, LNOoTNECOULNUE TOGO a-
TAEC ahyePBpinéc TEAZEC 600 Xal TOAATAACLUCOUOUE TVAX®Y UEYUAUTEPOL aprduol bit ywelg
oNUaVTIXY| PElwor TG anddooTg.

Apywd, mpoypoatonotjooue extevég benchmarking oto TPU pe otdyo va e&epeuviicou-
pe xat vor 0&loAoYHOOUUE TIg BUVITOTNTEC Tou, 1600 ot undpyovta dixtua Tne PiBAoypapiog
000 xou e Ouxég pog uhonooelg. [ To dixTud pog, Tou mpayuaToTolel avary VoELoT Tholwy
o edvec amd dopugopés Melc, emtdyoue 1000-2000 FPS 8lywe onuovtiny yeiwon oe
oxpifBeia. To anoteréoyato mou mpoéxudoy omd To TEWRSUATA TOU EXTEAECUUE ATOXUANDTTOUY
onuavtixny| emitdyuvor v To Google Edge TPU oce clyxplon pe v eVOWUATWUEVY XEVTEL-
x1| povdda enelepyacioc ARM AB3 xau dAAeC eEVOWUATWUEVES GUOKEVES. Xuvohixd, To Edge
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2 Iepidngm

TPU emtuyydvel onuavTin ETTEYLVOT Yol UTOAOYLO TIXA AAUTNTIXES EQPUPUOYES, OTWS UECU-
fou xou peydhou peyédoug ouvehxtind veupwvixd dixtuo (ENA) xou amhd teyvntd veupmvixd
dixtua (TNA) ¥ npocopuoouéva novtéha Tov anoTeholvTol XUplwe and TOAATAAGIAGUOUS
mwvxwy. H mpdén tou toAamlactoacpod mvixemy Behtidvetar xotd 4 gopéc oe alyxplor Ue
v xPBavtioyévn oc 8-bit extéheon otov ARM AB3 xou 7 gopéc o oyéon pe v extéleo
oe 32-bit xwnthc unodlactodrc. Emnlong, yia xhoowéc egapuoyéc dnplaxhc enelepyosiog
ofuatog (VEX), 6nwe o aviyveuthc axuodyv Sobel 4 yio Binning, 1o Edge TPU nopéyet éwe
xau 6 opéc xolUtepn anddoon and tov ARM A53.

AéCeic KAewdd

Teyvnth vonuooivr, evowuatwuéva cucthuata, Edge TPU, cuvehxtind veupwvixd dixtua,
emtoyuvtéc, GEMM



Abstract

One of the fastest growing ground-based areas of research is Artificial Intelligence
(AI), which has revolutionized a variety of application domains. Modern artificial neural
networks (ANNs) impose increased computational complexity, and as a result, general-
purpose CPUs struggle to provide sufficient performance. For this reason, developers are
forced to integrate Al into broader customer bases with smaller, more power efficient, Al
microchips and accelerators. Anticipating this trend, Google provides the Tensor Process-

ing Units (TPUs) to accelerate Al inference in data-centers and at the edge.

In this thesis, targeting embedded Al, we focus on the Edge TPU. The Edge TPU is
a small Application-Specific Integrated Circuit (ASIC) that delivers high performance in
a small physical and power footprint, enabling the deployment of high accuracy Al at the
edge. It is a dedicated hardware that enables the parallelization of certain computations in
order to achieve faster inference of them. The Edge TPU processor is capable of performing
4 Trillion Operations Per Second (TOPS), using 0.5 Watt for each TOPS (2 TOPS per
Watt). However, the architecture and the instructions of such an Al-specific accelerator
imposes hardware challenges and limitations for non-AI workloads for general-purpose
computing. In this thesis, our goal is to provide solutions to this challenge by proposing
a custom methodology for building Edge TPU compatible networks for general-purpose
calculations. Moreover, we propose a solution for overcoming the barrier of the 8-bit-
only operations on the TPU by breaking N-bit algrebraic computations in 8-bit parts. In
this way, we support both element-wise and matrix multiplications for larger bit-widths

without significant decrease in performance.

Initially, we perform benchmarking on the TPU to explore and evaluate its capabilities,
including both pre-trained and custom networks. For our Ship Detection network we
achieve 1000-2000 FPS with no significant accuracy loss. The experimental results reveal
significant acceleration in comparison to the ARM A53 co-processor and other embedded
devices. Overall, the Edge TPU provides remarkable speedup for medium- and large-sized
CNNs and MLPs, as well as for custom models dominated by matrix multiplications. The
matrix multiplication operations are improved up to 4x compared to the 8-bit quantized
ARM execution and up to 7x for 32-bit floating point. Moreover, for classic Digital Signal
Processing (DSP) operations, such as the Sobel Edge Detector and Image Binning, the
Edge TPU provides up to 6x better performance than ARM A53.
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Euyapiotieg

Apywd, Yo Hdeho vo exppdow Ty evyvopocivr wou otov emBrénovta xadnynth An-
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otmhwuatixy pou epyacio oto Epyaothiplo Muxpolnoloyiotomv xow Ungloxwmy Xuotnudtwy
(MicroLab) tou EMIL. Eniong, Yo fidelo vo euyaplo thHow toug 800 GTEVOUS GUVERYATES [ou,
Tov peTaddaxtopxo epeuvnth I'edpyio Aevtdpn xau Tov utodriglo Sddxtopa Basciieito Aéwv
yioe T mohdTn Bordeta xou T xadodhynor| Toug xod” OAT TN SLdEXELN TG DITAWUATIXNS LOU
epyootag. Téhog, Yo Aeha Vo eLYARIOTACL TNV OXOYEVEL XAl TOUS (GIAOUC HOU Ylal TNV

UTOG TNEIEN Toug xad” OAT TNV oxadNUoiXT LoL TopE(a.






Contents

IMepirndn 1
Abstract 3
Evyopiotieg 5
Contents 7
List of Figures 9
List of Tables 13
Extetopévn Ilepiindn 15
1 Introduction 41
1.1 Thesis Motivation & Contribution . . . . .. . ... ... ... ... .... 43

2 Google Edge Tensor Processing Unit 45
2.1 Introduction to Edge TPU . . . . . . . . . ... . . oo 45
2.1.1 Coral Devices . . . . . . . . . . . e 45

2.1.2 Edge TPU Architecture . . . . . . .. ... ... ... ... ..... 47

2.2 Tensorflow Tools and Frameworks . . . . ... ... ... ... ....... 47
2.2.1 TensorFlow Lite Framework . . . . . . . .. . ... ... ....... 49

2.2.2  TensorFlow Model Compatibility Overview . . . .. ... ... ... 50

2.2.3 Model Requirements . . . . . . .. ... L oo 51

2.2.4 Quantization . . . . . .. ... 52

2.2.5 Edge TPU Compiler . . . . . ... ... ... 53

2.3 Methodology for Edge TPU Assessment . . . . . ... ... ... ...... 56
2.4 Initial Benchmarking . . . . . . . .. ... o o L 57
2.4.1 Bibliography . . . . . . ... 58

2.4.2 In-house Testing . . . . . . . . .. . L 61



8 Contents
3 Development Methodology and Inference on TPU 65
3.1 Methodology for TPU Inferencing . . . ... ... ... ... ... ..... 65
3.1.1 Build Edge TPU Compatible Model . . . . ... ... ... ..... 65
3.1.2 Run Inferenceon TPU . . . . . . ... ... ... .. ... ...... 66
3.2 Test Case: Inference of CNN for Ship Detection . . . . . .. ... ... ... 69
3.2.1 CNN Architecture and Dataset . . . . . . . ... ... ... ..... 69
3.2.2 Implementation on Edge TPU . . . . .. ... ... ... ...... 71
3.3 Development of Custom General-Purpose Operations . . . . . . . ... ... 76
3.3.1 8-bit Add & Multiply operations . . . . . . . ... ... ... .... 77
3.3.2  Matrix Multiplications . . . . . . .. . ... o Lo 81
3.3.3 N-bit Custom Operations . . . . ... .. ... ... ... ...... 83
3.3.4 More designs for evaluation purposes . . . . . . . . .. ... 89
4 Experimental Evaluation 93
4.1 Experimental Setup . . . . ... .o 93
4.2 Evaluation of Custom Operations on Edge TPU . . . ... ... ... ... 93
4.2.1 Element-wise Operations . . . . . . .. .. ... ... .. ...... 93
4.2.2  Matrix Multiplication . . . . . .. ... o oL 97
4.2.3 Custom N-bit Operations . . . . . . . ... .. .. .. ... ... .. 99

4.3 General-Purpose Workloads on TPU: Acceleration of Image Processing Ker-
Nels . . . e e 115
4.3.1 Sobel Edge Detector . . . . . ... ... .. .. ... ... . ..., 115
4.3.2 Binning in Digital Image Processing . . . . .. .. .. .. ... ... 123
5 Conclusion and Future Work 129

Bibliography 133



List of Figures

© 0 N O Ot k= W N

NN DD NN DN DN NN~ P P P2 B 2 = =
W I DT AR W RO O 00O U RsW Ny RO

2.1
2.2
24

Mpwtétuna npoidvta tne Coral oto Microlab . . . . . .. . .. ... ... .. 17
TPU: yovddec MAC oe cuctohixy) cuatotyfor . . . . . . . . .. ... ... .. 18
Auadixasta dnuiovpyioc wovtéhou cuyfotoé pe to Edge TPU . . . . . . . . .. 19
Entdyuvon oto TPU oe oyéon ue dhhoug enelepyactée . . . . . . . . . . . . 21
Y0yxplon tou Dev Board pe to Dev Board Mini . . . . . . ... ... .. .. 22
Awdwcooto extéheonc oto TPU 0 00 000000000000 24
Kotnyoponoinon tou Dataset . . . . . ... ... ... ... .. ... 25
Apyelo xataypoagric tou Edge TPU Compiler . . . . . . ... ... ... ... 25
Long Beach bay area (284481828) . . . . . . . . .. .. .. ... ... .. 26
Anotéheopa eapuoyic Yo aviyveuon TAolwy . ..o 27
Awodwcooto yetotponic oe TF Lite . . . . . . 0000000000 27
Concrete function . . . . . . . . .. L 28
[Mpdewc N-bit oto TPU . . . . . . ..o o000 oo o 30
Hopdderypo: Xndowo 16-bit apriuwy oe 8-bit . . . .. .. ... ... 30
Fully connected vevpwvixd dixtuo . . . . . .. ..o o000 31
Aixtuo ue Todamhéc TpdEelc xou Elo6douc/eEA00UC . L L L L L L L L L 31
Nx1 vs NxN mohhamhactaoyol . . . . . . .. ... ... o 32
NxN moANAmAAGLIGUOG TUVAXWY . . . v o oo 33
N-bit moAomhacloouol mvdxwy . . . ..o 34
Edge TPU emtdyuvonvs ARM . . ... ... ... ... ... ....... 35
Edge TPU emtdyuvonvs ARM . . .. ... ... ... ... ........ 36
IMuprveg Sobel . . . . . . . .. .. o 36
Sobel TF Lite dixtvo . . . . . . .. o o 37
Entdyuvon tou Sobel Operator oto Edge TPU vs ARM A-53 . . . . . . .. 38
Xpovog extéheone Sobel operator . . . . ... ..o 38
Binning TF Lite dlxtuo . . . . . . . .. 39
Xpovog extéheone Binning . . . . ... o000 o000 39
Y0yxplon vhomojoewy Binning . . ... .00 0000 40
Coral products . . . . . . . . 46
Coral prototyping products at NTUA . . .. ... ... ... ... ..... 46
TFLite conversion workflow . . . . . ... ... ... ... ... ..., 50



10 List of Figures
2.5 Edge TPU model creation workflow . . . . ... .. .. ... .. ... ... 51
2.6 Edge TPU compiler supported and unsupported ops handling . . . . . . .. 54
2.7 Edge TPU RAM parameter data fitting . . . . . ... ... ... . ..... 55
2.8 Methodology for the assessment of the Edge TPU . . . . . . . .. ... ... 57
2.9 Acceleration of Edge TPU over other embedded devices . . . .. ... ... 61
3.1 Inferencing options . . . . . . . . . . . . . .. 67
3.2 Inferencing procedure . . . . . . . . ... 68
3.3 Ship Detection CNN Visualization . . . .. ... .. ... ... ....... 70
3.4 Dataset classes . . . . . .. L 71
3.5 Edge TPU Compiler output . . . . . . ... ... ... .. ... ....... 72
3.6 Ship Detection Network with Image input . . . . . ... ... ... .. ... 72
3.7 Ship detection test on 2000 images . . . . . . . .. ..o 73
3.8 Ship Detection Workflow . . . . . . . . . .. ... ... 74
3.9 Long Beach bay area (2844x1828) . . . . . . . . . . ... ... ... 75
3.10 80x80 cropped images . . . . . . . . ... 75
3.11 Ship Detection Demo output . . . . . . .. ... ... ... ... ...... 76
3.12 Adding 8-bit unsigned integers . . . . . . . ... ... ... .. 78
3.13 Multiplying 8-bit unsigned integers . . . . . . . . . . . ... ... ... ... 79
3.14 Element-wise operations Nx1 or NxN . . . . . .. .. ... ... ... ... 80
3.15 3x3 Matrix multiplication example . . . . . . . . ... ... 82
3.16 Example: Break 16-bit integers into 8-bit parts . . . . . . . .. .. ... .. 83
3.17 N-bit inference workflow . . . . . . . . . .. ... 85
3.18 Schematic of a fully connected neural network . . . . . . .. ... ... ... 90
4.1 Nx1 vs NxN multiplications . . . . . . . .. .. ... ... .. ... 96
4.2 Nx1 vs NxN additions . . . . . . . ... . 96
4.3 NxN matrix multiplications . . . . . . . . . . ... o 98
4.4 16-bit multiplications . . . . . . . . ... 99
4.5 Nx1 vs NxN multiplications . . . . . . . . . ... .. 0L 102
4.6 16-bit matrix multiplications . . . . . . . ... Lo oL 103
4.7 N-bit matrix multiplications . . . . . . . .. ..o oo 104
4.8 Effect of different parameters on inference time . . . . . . .. .. ... ... 108
4.9 Comparison of similar implementations with different no. of outputs . . . . 109
4.10 Parallel multiplications on Edge TPU . . . . . .. .. .. ... ... ... 111
4.11 Edge TPU Acceleration vs ARM . . . . . ... ... ... ... ...... 111
4.12 Schematic of connected operations with constant I/O . . . . .. .. ... .. 112
4.13 Connected multiplications . . . . . . . . . . ... oL 114
4.14 Edge TPU Acceleration ve ARM . . . . . . . .. ... ... ... ...... 114
4.15 Digital Image processing steps. . . . . . . . . ... L o o 115
4.16 3x3 kernel image convolution . . . . . . .. ... L L L L oL 117
4.17 Sobel convolution kernels . . . . . ... ..o Lo 117



List of Figures 11

4.18
4.19
4.20
4.21
4.22
4.23
4.24
4.25
4.26
4.27
4.28
4.29
4.30
4.31

3x3 convolution in the x-direction using Gz. . . . . . . . .. ... ... ... 118
Application of sobel operator on image . . . . . . . .. .. ... ... .. .. 119
Image gradient magnitude . . . . . . .. ..o L L Lo 119
Sobel operator process . . . . ... oL o 120
Sobel operator on test image . . . . ... ... L Lo 121
Sobel operator TFlite network . . . . . . . . . . . . .. ... .. ....... 121
Acceleration of Sobel Operator on Edge TPU vs ARM A-53 . . . . ... .. 123
Sobel operator inference time . . . . . .. ... L L oL 123
Binning kernel . . . . . ... 124
Example of 2x2 averaging binning on image . . . . . . . ... ... ... .. 124
Binning TFlite network . . . . . .. .. .. . o o L 125
Binning on test image . . . . . .. ... L oL 126
Binning inference time . . . . . . .. Lo oo 127
Binning comparisons . . . . . ... Lo Lo 128






List of Tables

1 Arnoteléopota benchmarking [1-4] . . . . . ... ..o Lo 21
2 Amdboon & Axpifewor ... 26
3 Méoo oyetind opdipa yioo N-bit moAdamAacaopods . . . . . . .. ... 33
4 Meéoo oyetind ogpdhua yio 8-bit moAamdacaoud mvdkwr . ... 34
2.1 Tech specifications of Coral development boards. . . . . . .. .. ... ... 46
2.2 Post-training quantization options . . . . . . . ... L. Lo oL 52
2.3 Bibliography benchmarking results (latency) [1] . . . . . .. ... ... ... 59
2.4 Bibliography benchmarking results (throughput) [1-4] . . .. ... ... .. 60
2.5 Acceleration factor between embedded devices and Edge TPU . . . . . . .. 60
2.6 In-house benchmarking Results (latency) . . . . . . ... .. ... ... ... 62
2.7 Acceleration factor between Edge TPU devices and ARM CPUs . . .. .. 63
3.1 TImage prediction . . . . . . . . . ... 72
3.2 Accuracy & Performance. . . . . . . . ... L 73
3.3 Addition . . . .. L 78
3.4 Multiplication . . . . . . . ... 79
3.5 Bitwidth & Scaling . . . . . . . . ... 81
3.6 Bitwidth & Operations . . . . . . . . . . . . . ... ... 85
3.7 Bitwidth & Operations . . . . . . . . . .. ... 87
4.1 Average inference time (ms) for Nx1 arrays . . .. ... .. ... ... ... 94
4.2 Average inference time (ms) for NxN arrays . . . . . . ... ... ... ... 95
4.3 Percentage Error of multiplications . . . . . . . . ... ... 96
4.4 Percentage Error of additions . . . . . . .. ..o oL 97
4.5 Average inference time (ms) . . . .. ... L L oL 97
4.6 Percentage Error of matriz multiplications . . . . . . . . . . ... ... ... 98
4.7 Average inference time (ms) for Nx1 arrays . . .. ... .. .. ... .... 100
4.8 Average inference time (ms) for NxN arrays . . . . . .. .. ... ... ... 101
4.9 Effect of number of operations in inference time . . . . . . . . .. ... ... 101
4.10 Percentage Error of N-bit multiplications . . . . . . . . . . ... ... ... 102
4.11 Average inference time (ms) for NxN arrays . . . . . .. .. ... ... ... 104
4.12 Percentage Error of 16-bit matriz multiplications . . . . . . . . .. .. ... 105

13



14 List of Tables
4.13 Comparison of Real-world MLPs . . . . .. ... ... .. ... .. .... 106
4.14 Comparison of Custom MLP Networks . . . . . . . ... .. ... .. .... 107
4.15 Average inference time (ms) for Nx1 arrays . . . . .. ... ... ... ... 110
4.16 Edge TPU acceleration vs ARM A-53 . . . . . .. ... ... ... ..... 110
4.17 Average inference time (ms) for Nx1 arrays . . . . . ... . ... ... ... 113
4.18 Edge TPU acceleration vs ARM A-53 . . . . ... ... ... ... ..... 113
4.19 Average inference time (ms) . . . . . . ... oo 122
4.20 Average inference time (ms) . . . . . . ... oL 127



Extetopevn Ilepiindmn

Teyvntn Nonuoolvn
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VOVOVTOL GE OTRWUATY, HE TIC e£600U¢ EVOC OTPMUATOS Vo YivovTal ol €lcoB0L TOU ETOUEVOU
otnv axoloudia. Ol 800 QACES TWV VEUPWVIXMDY BIXTUCY 0voudlovTon exTaldeuon xa TedBAe-
n xou avagépovton oty avdnTudn Evavtt TN tapaywyhc. O TpoypouuaTio TS ETAEYEL TOV
optdud TWV oTEWUATKY Xot Tov TUTo Tou NA xou 1 exnatdeuvon xadopilel o Bdpn. Tola eion

VELPWVIXWV OLXTOWY fval SNUOPIAY OTIC PEPES UOC:

1. Hohueninedor aucOInthpec (ITAL): xdde véo otpdua/eninedo eivor €va GUVORO un YpoyL-
*OV herToupYLV o Todouévou adpolopatoc Ohwy twv e£60wv (TApwe cUVBEBEUEVKV)

amd €va TEOMNYOUUEVO OTEOUA, To omolo emavayenotuonoel o Bden.

2. Yuvehutxd Nevpwvixd Aixtuo (ENA): Kdbe enduyevo otpdua eivar éva ahvoro un
YUY CUVIRTACEDY CTUIULOUEVOY AIPOLOUATOV YWEIXE XOVTIVOV UTOCUVORWY €-

£OBwY amd TO MEONYOUUEVO OTpWUA, To ontolo eniong emavayenoonotel To Bden.

3. Ieptodixd Nevpwvixd Aixtuo (IINA): Kdie enduevo otpdua etvat gL GUANOYY U Y-

HXOV AELTOLEYIOY O TadUOUEVGLY adpoloudTwy e£68MY XaL TNE TEONYOUUEVNS XATAO To-
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ong. To mo dnuogihéc TINA eivor 1 paxponpddeoun-feayunpddeoun uviun (LSTM).
H (8ea tiow amd to LSTM €yet va xdvet ye tny omd@aon Tou L va EEYAOEL XaL TL VoL TiE-

PACEL WC XATACTAUOT) OTO ENOPEVO oTpwUa. Ta Bdern enavaypnolonoodvion o yeovixd

BriorTa.

To teheutola yedvia, 1 TEYVNTH VONUOCUVT €YEL PECEL TNV ETNAVAC TAOT) O TANIWEOL EQOE-
HOYOV TG XoUMUERPLVOTNTAS, omd TNV tatpopapuaxeuTixt] tepldaidm, tTnv autdvourn odrynon
0¢ xou Tig dtaoTnuxég eqopuoyés. Ta veupwvind dixtuo topouctdlouy VPN uTohoyiIGTIXY
TONUTTAOXOTNTAL, ATl TOU BUGXOAEVEL TOUC ENEEERYUCTEG YEVIXOU GXOTOU VoL avTamoxptdoly
oTig anouthoelg. Eniong, xadog ol obyypoveg epapuoyéc anantolv AMdn aro@doewy ot mpay-
HoTixd yeovo, 1) emegepyaoio xou avaiuor Sedouévewy petoxuveiton at the edge, dniadr) 6Ao xou
O XOVTY GTOUG UOUNTAHPES CUALOYYC TWV BedoUEVLY. (¢ ex ToUTOL, dnuloveYEelTal 1) vy X
yior ovamTUEn To eEEBLXEUUEVMY XOL XAUVOTOUMY EMEEEQYUCTMY oL EMUTOYLVTWY TEYVNTAS
vonuoolvng omwg eivan oo GPUs, oo VPUs xou ta FPGAs. TlpofAémovtag auth tnv tdon, 1
Google avéntuZe tic Tensor Processing Units (TPUSs) yio va emitoyOver tny extéheon e@op-
woyv unyovixnig pdinong. H TPU elvon évag emitoyuvthAc mou mpocpépel UPmAY amddoon ue
UXEO PUOLXO XL EVERYELIXO ATOTUTWUL, ETULTEETOVTAS TNV avdnTuEn egapuoy®y TN 1600 oe

x€vTpa dedopévmwy 6co xou at the edge.

Google Edge TPU

To Edge TPU eivan €va pixpd ohoxhnpwuévo xixiwua oyedoouévo and tn Google yia
Vo TEEYEL Unyavixn) udinon LdmAAc anddoong O GUOGKEVES YUUNAAC XATAVIAWGOTNS 1o VoG,
Aertoupyel ouuminpouatixd ye to Cloud TPU nou nopéyet tic utodouéc yia cloud-to-edge
epapupoyég teyvntic vonuoouvne. To TPU npoogépeton uéow tng Coral, n onola elvan uia
TAATQOPUA OV TOREYEL TEoloVTa Yiot TeyvnTy vonuoolvn at the edge. H Coral mapéyet
TPUs eite o€ poppt| npwtotinwy, TToL development board eite étoa npoidvTa TapaywYHS.
‘Ocov agopd ta tpwtdTUTY, LTdEYoLY 600 development boards, To Dev Board xaw to Dev
Board Mini mou elvor autdvouol utoroyiotée xan nepthau3dvouy o System on Module. O
emtoyuvtic TPU elvon evowpoatwuévog oto SoM pall ye xevtpwég povddee enelepyooiog
womou ARM, GSienagéc e1060wv-e£60mv xou dlapopwy peyédwy block uviune. Ilpocgépeton
enione xou o USB accelerator mou nepiiopfdver to TPU xou unopel va cuvoedel o onotodrinote
host pc yéow USB3. Avagopixd ye tor mTpoiovTo TapaywY e, UTdEyEL HEYOAN TowaAia and
PClIe devices to omoia umopolv va cuvdedolv ot slots onolaodinoTe uUnTEnC TAAXETOC XL
dUvavTon Vo evowpatvouy teplocdtepes amd e TPU. Xty emdva tou axohouvdel (Eyrua
1), Prénovye to development boards mou undpyouv diadéoipo oto epyacTtiplo xou ta onoio

YENOWOTOWOUUE OTNV TOEOVCU OLTAWUATIXT).
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(o) Dev Boards (B") Dev Board Mini

Yxhue 1: Ipwtétuna npoidvta tng Coral oto Microlab

Edge TPU Architecture

H apyitextovixr} tou Edge TPU emitayOvel TNy exTéAEOT) VEUROVIXGY BIXTOWY Yiot GUY-
xeoves epopuoyéc TN, Baclouevn oe wia cucToAx cuctotyia mou extelel Aettoupylec ot
Hop@Y| TOVUGTWY, ot avtiveor ye Tig teptocdTepeg eupuoyes TN tou Aapfdvouy we elcddoug
TAVUO TEC X0 EVIUEQWVOLY EMAVUANTTIXG TIC TORUUETEOUS X ToL Bdpn amd TEONYOUUEV OTO-
TeréopaTa. OETOVTAC TAVUGTES WG TPOETIAEYUEVES EIGOBOUS xou E€600US, xaoTd TNV apyL-
textovixt) Tou TPU Jeyehiodng diapopetiny and Tic cupBatinég apyitextovixéc twv CPU xa
GPU nou xdvouv unoroylopole oe dtavuopatixd Lebyn dedouévmy.

To ASIC tou Edge TPU Booileton o por cuotohn| cuctouyia (systolic array) molho-
TAAGLUG TOV XU CUGCWEEVTOY, OL BLAC TACELS T6V OTOlwY BeV €)0uv amoxahu@iel axdua, aArd
olugova pe Ty Q-Engineering [5], extipdton we o oustotyio peyédoug 64x64 pe ouyvotnta
poroytol ToukdyloTov fur=480MHz. Mia yepovewpévn TPU elvon icavr vo extedéoel 4 Tploe-
xatoupbpla mpdielc avd deutepdrento (TOPS), yenowonowwvtog 0,5 Watt woyog yio xdde
TOPS (2 TOPS avd Watt). Teéyovtoc ota 480 MHz pnopel Yewpnuixd va exteléoet 64 x
64 x 480.000.000 = 2 TtpioexaTopuOELY TOANATAAGLICUOUE Xal TEOCVECELS 0VE BEUTEPOAETTO.
'H av xoutdZoupe oe pepovauéves mpdele, eivar 4 tpioexatouudpla (4 TOPS). H xatavélwmon
toyVog Tou chip gtavel ta 1,5 Watt, eved cuvolxa 6ho o SoM xotavahovel Tepl to 4,5 Watt
oy voc.

‘Ocov agopd tn puviun, To Edge TPU evowyatover Yeydhn uvAun eviog tou chip yuo va
Olotneel Tor EVOLIUESH AMOTEAEGUOTO TOU EMAVAYENOLUOTO0VTL 0pYoTepa. Autd emitpénel
HEYAAUTERN ToyUTNTA EXTEAECTC OE GUYXELON UE TN PORTWOT] TWV DEBOUEVHV TWV TUPUUETEWY
a6 e€wteper) WvhAun. Me dida Aoy, n SRAM tou TPU yenowonoteiton we " cache”, napoho
mou etvor pia scratchpad pvAun mou €yel exyweniel and tov yetayhwtiotd. Me aviideon ue
Toug oudPoatixolg enelepyaotég, To Edge TPU yenowonowet éva et eviodnmy tonou CISC
X0l OTOLBNTOTE AELTOVEYIa CUVTEAE(TL PECW TOL XEVTEXOV uTohoyloTh. Erniong, ol povddec
TPU urnootnpilouv uévo Aettoupyieg o neploplouévo eninedo axplBelac, 6co emapxel ylo va
IXOVOTIOLACEL TIC AMAUTHOELS TV olYYeovwy epapuoywy TN, uewwvovtag onuavtixd 10co 1o

%(OCTOC TOUG 000 X0 TIC EVEQYELUXES ATMOUTAOELC.

17



N * ° 0 0
v |
=L el == =h R

i :
- -tdi--ga.utﬂ}.- . . ..i;_..
= - - T

s i L ~t
Matrix Multiply Unit

| 1J |
(64x64x8b = 4K MAC) i - bt Ped By b Bl

per cycle

. .
. .
R il puaasy 1
- el o el focel oo 0 s s Cel
. s ] eand] et | -
k] * ) | b |
s(4) owe) cels *+

EyxApa 2: TPU: yovddec MAC oe cuotolxy) cuatolyio

Epyoieia & Frameworks

H avéntuin vevpwvixwy dixtbwyv ot TPU Baocileton oe éva mohd Sodedopévo frame-
work, to TensorFlow. To TensorFlow eivan wia ehediepn mhatgpdpua ovolytod xddxd, 1)
omola ypnowonoleltar xUplwe yiol TNV avanTUET, TNV EXTAUBEVCT| XAl TNV VAOTIOMNGCT] HOVTEAWY
unyavienc udinone. Ebvon iavd va Aettoupyel oe udmin xhipoxa xan o€ etepoyevi nepBdiio-
vta. To TensorFlow emitpénel oToug TEOYRAUUATIO TES VoL ONtovpy o0V BoPES P0G DEDOUEVLY
TIOL TEPLYEAPOLY TOV TRPOTO UE TOV OTOLO ToL BEBOUEVO UETOXLVOUVTOL UEGL EVOC YRAPOU 1| ULoC
oelpde xoufwv. Kdde xoufoc otov ypdpo aviimpoownelel pio pordnuotix Aettoupyio xou xdde
oOVBeaT 1 A LETAED xOuPBwY elvan €vag TOAUBLEG TaTog Tivoxag SE80UEVLV 1 EVag ToVUO THS.

H Suwdixaoio mou axohovdelton yior TNV €QEUOYT) EVOC LOVTEAOU Unyavixic Udinone oto
TPU etvon amh| xou mepthopBaver ta axdrovdo Priuato. Apyixd, ovamTtOCoETUL 0 XOOLXAS OE
TensorFlow, onioon ytileton xan exmoudedeton T0 VELPWVIXO BixTuO. TN CUVEYELL, TO UO-
viého petatpéncton oe format Tensorflow Lite, petoyhwtiCeton and tov Edge TPU Compiler
xan téhog extehetton ot TPU pe yenon tou TF Lite API. To TensorFlow Lite eivou éva
framework mou emitpénel TV ToryOTEEN AVATTUEN Yo EXTEAECT) EPUPUOYDY UNYOVIXNG Udn-
ONG OF EVOWUATWHEVES cuoxeués. 'Eva pyovtého TensorFlow Lite avtimpoocwneletan og uia
eldxn) popnth wopy| Yvwoth we FlatBuffers. Autéd mapéyel mohhd micovextrpoata oe oyéon
e ™ popey) buffer tpwtoxdihov touv TensorFlow, dénwe pewwpévo péyedoc (Uxpd anotinmua
%GOa) o ToyOTeERn eEay YT cuunepaoudtry (Tor Sedouéva €youv dueon tpdofaon ywels
emnAéov Bripo avdhuong) tou emtpénet oto TensorFlow Lite va exteheiton amoteleoyatixd

OE GUOXEUES UE TEQLOPLOUEVOUS UTOAOYLO TIXOUE TOPOUG XAl TEQLOPLOUEVT UVIUT).
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Yuvppatotnta pe to Edge TPU

[Tpoxewévou va unopel va extedeotel xon va emtoryuviel éva povtéro and to TPU npénel
VoL LXAVOTIOLOUVTAL xdmoleg tpolnovécels. Apyxd, ebvar onuovtixd va tovicouye 6Tt to TPU
urootneilel mpdlelc wovo yia 8-bit axéponoug apriuoie, x4t Tou onuaivel TS T YOoVTEAO
pog meémel va xBavtioTel xatd tnv yetotpont oc .tflite yéow tou TF Lite Converter. H
xBévtion ebvan pia popgy| Bektiotonoinong, yia ) pelworn tou peyédoug Tou yovtéAou xal Tou
YEOVOU exTEAEOTC UE EAGYLO TN anwheta axpifBetag. Me tn yerjon tou converter ta povtéla
amodnxedovton oe pop@y| SavedModel xau dnuovpyolvtan eite yenowonowdvrac APT udniod
emnédou tomou Keras eite younhol emnédou (and to omola Snulovpyolvtar concrete func-
tions). Qotéoo, yio va mporypatonotnlel n xBéviion npénel va oplooude eva representative
dataset, dnAady| Eval GOVORO BEBOPEVMV EVOELXTIXOY TV AVUUEVOUEVLY ELGOBMVY Xal EEO0WY
TOU EXACTOTE HoVTEAOU. AuTo YiveTon WoTe %xatd TNV xBAVTION %o AmoXBAVTIoT) OTOLOUDYTOTE

povtélou, 10 TPU va AdBet tnv ooty €lcodo aAld xou vo pog emoTeédet Tn owo T €£080.

Y10 6eltepo 0TddO emelepyaoiac evog HoVTENOU, woTe Vo elvon oupPBatd pe to TPU,
emiotpateleTon 0 Edge TPU Compiler. O Compiler avtiotoryilel ta operations evog duxtiou
oe exelvo tou unootneilel 1o TPU, av autd elvan egixtd, xodog utootneilovton udvo oplouéva
operations yia TN, onwe elvon 1 cuvEAEN, To max pooling, 0 TOAUTAAGLICUOS TVAXOY,
x.o. Ou un vnootneloueveg Aettovpyieg extehovvton and tov ARM enelepyaoty|, xdt mou
CUVETAYETOL ETUTPOGUETO YPOVO GTNY EXTEAEDT EVOG OixtOou. Emlong, o compiler eivon autog
Tou meo-anogacilel téon and v Swoéoiun SRAM tou TPU da avadéoel o xdide poviého
TOL UETUYAWTTICETAL VLol QUTO, EVE GTNV TERIMTWON TOU 1 YWENTIXOTNTA TNE dev Umopel va
eCumnpeThoel éva BixTuo, ToTE YiveTon yerion xou TN eEWTEPIXNAC UVAUNG, XATL TOU WGTOCO
onuatvel tpocdetn xaduotéono.

To Xyrfuo 3 anewxovilel tn Paowr| Swadixacio yio T dnuovpyio evog povtélou mou elvan
ouPaté ye to Edge TPU. To yeyahitepo pépog tng porc epyociag yenouonotel Tumxd
epyohelo TensorFlow. Mohic €youue éva yovtéro TensorFlow Lite, tote yenowonooue tov
Edge TPU Compiler yia vo onutovpyficouue éva apyeto .tilite mou elvon cupfotéd pe o Edge
TPU.

TRAIN EXPORT
— > | TensorFlow model | ——>
Quantization
aware training

TensorFlow model

Frozen graph
32-bit float numbers

ph file

o
: CONVERT

Post-training TensorFlow Lite Converter
quantization

TensorFlow Lite COMPILE " Edge TPU model DEPLOY

8-bit fixed numbers lite file Coral Hardware

Sxhua 3: Awdcasia dnutovpylos povtéhov cupPatd ye to Edge TPU
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Apywx6 benchmarking

[Mparypatonowioaue plo XTEV] GUYXEITIXY ACLOAOYTOT TOU TEPLAOBAVEL BLdPOEOUC TUTOUS
VELPWVIXWVY BIXTOWY Yol EPAUEUOYMY, XIS xou dixtua Tou Toxilouy ce toluthoxotnta. H
a&loAdynon pog mepthopfdvel anoteréopato Tou CUAMEYInxay eite and tn PiBAoypapia eite
amo Ouxég pag epapuoyéc. ‘Ooov apopd To EVOWUATWUEVO CUC TAUATO TOU aZLOAOYHOUUE, elvol

Ta e€ng:

TPU: 2 Coral TPU dev boards (regular and mini)

GPU: NVIDIA’s Jetson Nano (Cortex-A57 + 128-core Maxwell GPU) [6]

VPU: Intel’s NCS2 (host machine with i7 CPU + Myriad X VPU) [7]

FPGA: Xilinx’s Zynq FPGAs (Zyng-7020, ZCU104) [8]

CPU: ARM CPUs (evowpotouévee oto mpoavapeptévia boards, ye cuyvotnto poroytod
1.3-1.5 GHz)

Metpixég

H xaduotépmnon civaw o ypdvog mou amanteiton Yo Ty extéheon ulog emaveindng. Me-
TEdToL G UOVEBES YPOVOU YENOWOTOWVTOS TN ouvdptnon time() g python. O yetentic
umohoY(lel To YpOVO TOU TEEVAEL and TN GTIYUY Tou xahelte o interpreter €wg 6tou vo emi-
oteédel Ty €€odo g extéreang. Katd tn didpxeia e xhfong, 6To Tapaoxivio EXTEAODVTOL
ohol ol amopattnTol UToAOYIGUOL, evey xapia dAAT Aettoupyio Bev umopel vo dleTeAeoTEl oV BEV
ohoxhnpwiel n xAfon tou interpreter. H xaductéonomn uetpdton oe ythlootd Tou deutepo-

Aéntou (ms).

To throughput civaw 0 pududc ue tov onolo éva ol TN urtopet Vo encéepyactel Tig el
o680ug mou hapPdvet. Opiletar w¢ to TARlOC peTEoewy/UTohoYIoUWY 0vd SedoUévo Ypdvo.
Aev eivan éva p€Tpo Yl T0 TOCO cuy VA yiveTtan Ui Siepyoota, ohhd elvon piol UETENOY TOU
OYX0L TOUC. XTIV TEPINTWoT| pag, Yewpolue 6Tt o throughput elvon avtiotpdpwe avdho-
Yo Tou Ypbvou extéheons (xaduotépnon) wog enavéindne. Autd ogelheton 010 YEYOVOS
ot o interpreter xohelton yia pla €loodo xde @opd. To throughput yetpdrton oe xopé avd
deutepbrento (FPS).

throughput =
latency
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IMTivaxac 1: Anotehéopata benchmarking [1-4]

Neural Network ARM TPU TPU Nvidia Intel Zynq
A-53! DevB? DevB? Jetson NCS2¢ | ZCU104°
(ms) (ms) (FPS) Nano? + i7 (FPS)
(FPS) (FPS)
Inception V1 392 4.1 244 76 93 202
Inception V4 3157 102 10 11 10 30.5
MobileNet V1 164 24 417 80 119 344
MobileNet V2 122 2.6 385 60 75 284
SSD MobileNet V2 282 14 71 39 58 86
ResNet-50 V1 1763 56 18 21 29 93
SqueezeNet 232 2 500 104 287 305
Vggl6 4595 343 3 12 21.5
Vggl9 5538 357 3 10 18.5

! Embedded CPU: Quad-core Cortex-A53 @ 1.5GHz 1]

2 Dev Board: Quad-core Cortex-A53 @ 1.5GHz + Edge TPU @ 500 MHz @ 2 Watts [1]

3 Nvidia GPU: Quad-core ARM Cortex-A57 @ 1.5GHz @ 10 Watts, 4 GB LPDDR4 2]

4 Intel VPU: Intel Neural Compute Stick 2 + Movidius Myriad X VPU @ 700MHz [3]

5 FPGA: Quad-core Cortex-A53 @ 1.5GHz + Dual-core Cortex-R5 + 2 GB DDR4 + 504k LUTs + 1728 DSP [4]

7 \ \ \ _
I TPU vs GPU
I TPU vs VPU | |
IETPU vs FPGA
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Yo 4: Emutdyvvon oto TPU oe oyéon ue dhhoug enelepyactéc
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To Xyruo 4 anecixovilet To anotehéoyato oamd Ty apyixy| a€LOAOY 0T TOU TRy UUTOTOMGO-
UE OE VELPWWIXE dixTua xou eQapuoYEés Tne Bihoypaploc, To omolo emBeBudouUUE oUPOTEROL
oToL O o TEpdpato. Quotlao Tixd, To oy fua amewoVI(EL TNV EMTAYUVOT] TOU TAPOUGIACE TO
Edge TPU oe clyxplon e Toug eNEEERYUOTES TWV UTONOLTWY EVOWUATOUEVMDY GUC TNUATWY
Tou a€loroyfoope. To povtéha mou topoucidlovion oTo ayfuc €youy Tadvoundel avd yéye-
Yog, TpoxeWEvou va olohoyicouue TV enidpacy| Tou peyédous otny anddoor Twv EXAcTOTE

ENECEQYOUOTOV.

Avuté nou mapatneolue eivor, 6Tt Yoo ENA pixpol xou yecotov yeyédoug, o emToyUVTAS
Edge TPU emtuyydver 3-7 gopéc pixpodtepo ypovo extéreone and tn Nvidia GPU pe tnv
Wom), TOLAAYLOTOY, XATAVAAWOT EVEpYELaG. Ye oUyxpeton pe v Intel Myriad X VPU, ol ou-
VIEAEG TEC ETUTAYUVONG XUpotvovTon HeTo) 2-5 yiar Ta (Blor ENA uixpol xan yecatou peyédoug,
eved Yo o (B dixtua to Edge TPU anodidel e&icou xahd pe to Zyng ZCU104 FPGA. TINa
olxTua peyalbtepou peyédoug xar LPNAGTERNE ToAUThOXOTNTAS, OTwe To ResNet, to Incep-
tion V4 xou 1o Vgg, 1o Edge TPU eite 6ev anodidel 1600 xahd, €lte emTuyydveEL TopoUoLa

ATOTEAEGUOTA UE TIC GAREC EVOWUATWUEVES UOVEdES enelepyasiog.

A53 vs A35} | :

DevB vs Mini

TPU vs ARM | | |
2% H-20x 20-60x

Speed up

Ixhpa 5: Xoyxeiwon tou Dev Board pe to Dev Board Mini

Kotd ) dudpxeta tng mapoloag Simhwpatixhc, elyoue eniong tnv euxoupio var cuyxpivouue
70 Dev Board tn¢ Coral pe to Dev Board Mini, 1660 w¢ npoc toug emtayuvtéc TPU dco
xan w¢ mpog toug encéepyaotéc ARM. To Xyfua 5 mapouotdlel T ouYXELITIXG ATOTEAECUATA
vt toug eneéepyaotéc TPU xoaw ARM twwv 8o board. Iapého mou xou ot dVo cuoxeuée
gprhoZevoly to Blo Town Edge TPU, to Dev Board Mini qaiveton vo etvon 5-20 qopéc mo
opY6 and To peydro board. Autd umodnidver 6TL 1 amddoon enNEEGlETL ONUAVTIXG TOCO
a6 Tov eneepyacth ARM, mou cuvodelel to exdotote TPU, 600 xou tnv apyitextoviny| Tng
uvAunc. AouBdvovtag unodn 6t n CPU ARM A53 eivan 800 @opéc mo ypryopn and tny
ARM A35, uropolue vo utodécouue oti 1 uviun RAM LPDDR3 oto TPU Mini cupdiiet

otny npooTiléuevn xaduotépnaon.
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Medodoroyia yia extéAeor oto Edge TPU

H extéheon evée povtéhouv TN otov emtayuvts Edge TPU [9] Baociletar oto Tensor-
Flow Lite Interpreter API. O TensorFlow Lite Interpreter €yel oyediaotel yia vo lvon
Ye1YoeoS ot EUEAXTOC. XENOUOTOLEL Lol OELRA GTATIXMY YRAPWY Xl EVOV TEOGUQUOCUEVO,
AYOTERO DUV XUTAVEUNTY VAUNG Yia VoL EEACPUAICEL lxpOTERO POpTO Epyaciog, TayTeRN
apyxomolnom xan Atydtepr xaduo tépnor extéreong. (26TO00, Yio Vo YIVEL oxOUa o EUXOAT|
n avantugn xoda oto TPU, n Coral dnuodpynoe wa Bi3hodrxn wrapper, to Pycoral
API, yio va yelploTel TOAOUEC XWOXES TOU AMOUTOVVTOL XAUTE TNV EXTEAECT| ENUVOAPEWY UE
t0 TensorFlow Lite. To Pycoral API eivar ytiopévo névew oto TensorFlow Lite Python
APT yior vor amhoTOGEL TOV XWOWAL XoTd TNV exTEAEOT EVOC povtéhou oto Edge TPU o va
TEEYEL TEONYUEVES BUVATOTNTES, OTw 1) exTéreoT o tolhamaéc Edge TPU ue pipeline.

H extéleon xou emtdyuvorn yoviédwv TN oto Edge TPU ye to Pycoral API xou tov
TensorFlow Lite Interpreter mepulopfdver tor axdroudo Briuota, omwg gaiveton 6To Xyhua
6. Autd ta Prpata eivon otadepd Yol 0ToLOBATOTE LOVTERD VENOUUE VO EXTEAECOUYE OTOV

emtoyuvty) TPU. Awgoponoinor unopel va mpoxiel avdhoyo ue to dedouéva ELGOS0L.

1. ®optwon tou povtédou .tilite, mou mepiéyel Tov yedyo extéheong Tou poviéhou, ot

VT,

2. Metatponn twv dedouévewy elo06d0u. Ta axatépyacta Sed0uéva ELGOBOU YL TO LOVTEAO
oev tanptdlouv Ue TN Yoppt| dedouévwy elcddou tou avauévovtal and to TF Lite. Yu-
viidog, etvar anapaitnto vor ahhdZoupe To Y€yetog plag emovac N T Lop@y| TNg OOTE Vo

elvon oupPatr Ye To HOVTERO.

3. Enovainntixr extéheon tou yovtéhou uéow TensorFlow Lite API. Ilepilowfdver o

axoroudo Bridortas

Anuovpyta tou Interpreter yio to undpyov povtéio.

Kotavour| tov tavucetdy.

Oploudg TV TWOY TV €l660wY Tou Wovtélou Bdoel Tng xBdvTiong Tou TeoyUo-

TOTIOLAOOYE.

K\fon tou Interpreter.

Ann xou BidBacyo Twv TWOY Twv €680V TOU LOVTEAOU.

4. Epunvelo v 5edouévev €€600u Ue TETOLO TPOTO TOU VoL EfVOL XATOVONTE Yot TNV €-

AACTOTE EPAPUOYT.
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Load .tflite
model

Build Allocate
interpreter tensors

Transform input
data

A\

Run inference

Set input Invoke Read output
tensor values inference tensor values

Interpret output

IyApa 6: Awdixacio extéleone oto TPU

2XNA vy Avayvowpion ITAolwv

Ye authv TNV evOTNTA, Vot TUPOUCLIGOUNE TNV EQUOUOYT| EVOC HOVTEAOU aVIYVEUCTC AV TL-
xeWEveY ot exxoveg oto Edge TPU. O yenoulonoticouye €vor GUVEMXTIXG VEUROVIXO BIXTUO
(XNA) nou extehel aviyveuon mholwv o BopUPORIXES ELXGVES TROXEWWEVOU Vo 0ELOAOY HOOUUE
v an6doon tou emtoyuvt) TPU oe pio mporypotind epappoyn. Eniong, oto (8o mhaicio, Yo
TUPOUCLACOUUE ULl BOXIIACTIXT| EQUEUOYT aviyveuong Tholwy Ge EXOVES UEYAANG Xhipoxag
an6 mapadahhdoleg teployéc otny Kawpopvia.

To veupwvixd dixtuo Tou Vo YENCLLOTOIRCOLUE EYEL NON TUPOUCIACTEL GE TEONYOVUEVA
épya Tou Microlab [10-12] tou EMIIL. Eivar évo ENA Bdboug 6 emnédwy, mou anoteheiton
amd 4 Soddotato eninedo cuvENENG + 4 enineda max pooling xou 2 TAHEwE cuVBEdEUEVA

otpwpata (FC layers) axoloudolueva and éva otpodua softmax yio éZodo.
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To cuveEAXTIXG VELPWVIXO g BiXTUO EYElL eEXTTUOEUTEL O €va GUVOAO BEQOUEVWY TOU
mpogpyetar and 1o kaggle [13] xou amoteheiton and exdvec mou e&dyovion and B0PLPOPLHES
Meic oto didotnua, mou cURAEYINxay Tdve and Tic Tepoyée San Francisco Bay xou San
Pedro Bay tn¢ Kohipopvia. To clOvoho dedouévev nepthaufdver 4000 eixdvee 80x80 RGB

ME ETXETA YL xaTNYoploToinon we TAolo” eite wg oyt mholo’. Tlapadelyuoata exdvwy and Tig

dLo xatnyopleg Qatvovton oto Xyrua 7.

(o) Katnyopia ‘mhoio’ (B") Kotnyopio oyt mhoio’

Yxhua 7: Koatnyoplonoinon tou Dataset

5811

5]

a

o

Edge TPU Compiler wersion 16.0.384
Input: ship tf gquant.tflite
Qutput: ship tf guant edgetpu.tflite

Jperator Count Status

SOFTMAX 1 Mapped to Edge TEU
RESHRPE 1 Mapped to Edge TEU
COowNv_2D 4 Mapped to Edge TEU
FULLY CONNECTED 2 Mapped toc Edge TEU
QUANTIZE 2 Mapped to Edge TEU
Ma¥ POOL_2D 4 Mapped toc Edge TEU

Sxhua 8: Apyceio xataypaprc tou Edge TPU Compiler

I var e€etdoouye v oxpifBetar Tou wovtéhou pog, Yo teé€ouue 2000 enavariec oto
TPU yio eixdveg Tou GUVOROL BESOUEVMY. DUYXEXPWEVA, popTwvoude 1000 eixdvee xau and
Tic 800 xatnyopleg xou avapévoupe TedBAedn yia xde pio amd autéc. H oxplfBeio xon n amddoon
Tou povtélou pag, ette exteeltan ot CPU eite oto TPU, xBavticyévo 1) oy, nopouvcidleton
otov Ilivaxa 2. Eyetnée epyaociec yio o (B0 cOvoho 8eBoUévev Tou avamTOyUnxay GTov
emtayuvth Xilinx Virtex 7 XC7VX485T FPGA éyouv Seilet napduoto anddoorn (ypedvoc
extéheonc {ooc pe 0.687 ms) yio umhotepn xatavdhwon evépyetog (5 Watts) [14], eved to
8o ENA yio aviyvevon mholwv €yer emtvyer 725 FPS oe Xilink Zyng Z-7020 FPGA [15]
ota 4 Watts toyboc [12].
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ITivaxag 2: Anoddoon & AxpifBeia

Movtého Eldoc Inference AxpiBela Koduotépnon | Throughput
xBavtione (ms) (FPS)
TFLite xoio CPU 87.8 % 36 28
TFLite uint8 CPU 99.4 % 22 45.5
TFLite
. uint8 Edge TPU 99.4 % 0.5-1 1000-2000
Compiled

Xenowonowvrog To (Blo poviého, Yo TUPOUCIACOUUE ol DOXUUUC TIXT EQUOUOYT| Yiol O-
viyveuorn mholwv. X1oyog pag etvat va evToTicouye TeployEg EVOLAPEPOVTOG GE EXOVES UEYAANS
xhipaxog and nopododldotes teployéc. I'a 1o oxond autd, SnuLoLEYHOUUE ULt CUVEETNOT| TTOU
YwplCEL Ui EOVOL OE UXPOTEPES ELXOVES, ETMAEYUEVOL TAdTOUC xou Uhoug Ue Tpoxadoplouévn
emdhur, 1600 0pWlovTia 660 xaL xGIETA, ETOL HOTE VoL UNY YAVOUUE xaiot oNuavTixy TN
pogoplo xatd TN Sudpxeto auThE NG dlodwactag. o Topddelyua, HEYSIAES EXOVES OTWS OTO
Eyfuo 9, e avdhuon 2844x1828, unopolv vo ywelotolv oe 12460 80x80 ewxdveg ye emi-
xaAudm lon pe 60 pixel, 6mwe oto Lyrua 10.

YyApa 9: Long Beach bay area (284421828)
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SxAua 10: Anotéheopa eQoppoyhc yio aviyveuon tholwy

To pwovtéro poag emtayOvinxe we to Edge TPU xouw pnopel va napdiet
neoPBAedn yia onoladrnote ewxdva elc6douv 80x80 oes 0,5-1 yLAwootd Tou
dsuteporéntou (ms). 'Etot, we throughput 1000 FPS, uropsi va eniotpédet
axpBelc mpoBAEdeic yia euxoveg mholwy vy 12460 sicddoug o AydTepo

ané 12,5 dsutepdOienTa.

Y roloyiopol I'evixod Xxomol

High Level APIs Low Level APIs
tf.keras.* (i
Keras Model SavedModel Concrete
Functions
TFLite Converter
TFLite FlatBuffer
File format Data type Infrastructure

EyApe 11: Awdixaota petatponrc oe TE Lite

Ye auth) TV evotNnTa, Yo TOPOUCIACOUUE TNV VAOTOINGT UAC YId UTOAOYLOMOUS YEVLXOU

oxonol oto Edge TPU. 'Eyouue #o1 oulntioel 6Tt 1 xataoxeur] evog cupfatol uoviéhou
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yioe o TPU pmnopet va yiver ye 80o tponoug, eite ye APIs uhnhol emmédou elte pe youniol
emnédou (Lyfua 11). Ltnyv mpdtn TepintmoT), UTopoUlUE Vol XATAOXEVACOUUE OTOLOONTOTE O~
viého oto TensorFlow yenowonowwvtac ™ BBhodrxn Keras, 1 onola mpoopépet mpdofaon
o€ TOMEC LAOTIOLACELS BOULXMY GTOLYEIWY VEUPWVIXDY OIXTOWY TOU YENOHIOTOLOUVTAL GU-
vidwe. Ao tnv dAAn micupd, o TF Lite Converter unopel va puetatpélet xar onolodhnote
function 7 operation mou €yel tn popyy, TensorFlow ypdgpou. O ypdpoc npoxintel ye
xerion Tou tf.function, evég epyaieiou, dnAadT, TOL PUETATEETEL OTOLOOHTOTE GOVORO TEAEEWY
o€ Wla cUVEETNOTY), TNV OTolo UTORPOVUE Vo XaAOUUE UE BlapopeTixd opiopata xdde @opd. I
x&de dploua, 1 cLVIETNOT ATOUNXEVEL EVaY YRAPO XoL UE TN YPHOT EVOS Wrapper, Omeg etval

7o Concretefunction, yetatpénetan oc popyy, .tilite.

Listing 3.4: Concrete function

@tf. function
def add(x1, x2):
return tf.add(x1,x2)

tensor = add. get_concrete_function(tf.ones([4, 1]), tf.omnes([4,

1]))

Eyfpna 12: Concrete function

ITpb6cVeor & IMoahanhaoiaouwodg

Y16 autd to mploya, Ya 6elouye Twe UTOPOUUE Vol EXTEAEGOUUE TEOGUEDT) X0 TOANUTAG-
otoaopd oto TPU. ‘Onwe yvwetlouye, to TPU emituyydvel péyiotn anddoaom yio LOVTENS TTOL
elvor mAHpwe xPavtiopéva o 8-bit oxépatoug apripols. Autéd ornuolver 6Tl T6G0 oL elGodol
660 %o oL €€odoL Toug, Teémel va ebvan 8-bit axépatol apriuot, dnhadd vo avixouy 6To £0pog
ant6 0 éwc 255.

Yy plo neplntwon, and tn npécieon dLo 8-bit axepalwv mpoxintel ndvta évoc 9-bit a-
x€patog aprluog, o omolog, OIS avapépaue, TEETEL va avamnapac tadel wg 8-bit. Autd onuaivet
OTL, EVG Ol ToL BLVATA amoTEAéopaTa plag Tpdcieong eivan 511, auTd TEENEL Vo AvVTIGTOLYL-
otoly oe 256 Véoelg, Onhadr 0T ouyxexplévn tepintwon xde anotéheoya avtioTolyleton
ue 2 miovd. AvtioTolya, 6TOV TOAATAACLACUO, TO ATOTEAECUA TTOU TEoXUTTEL elvan évag 16-
bit axépooc apriude, pe 65026 miovd amoteAécuaTa TOU TEETEL VO AVTIOTOYIoTOOY GE 256
Véoec. ‘Apa oe xdde nepintwon, to anotelecpa and Ty extéreon oto TPU Ya elvan petagld 0
xan 256 xon mpeTeL uE To xaTdAAnho scale va pog d0aoet To emuunTtd anotéhecua, N E0Tw uia
TROGEYYLoN aLToV. LTNY NMERINTWOT TNE TPOc¥eong, 0 TUEdYOVTIC AUTOS EVAL TO 2, EVE GTOV
Tolamhaclacud to 255. Edxola avaroyiloyacte tnyv pelworn tne axpifeiog twv tedewy oto
TPU axdpa xou yio 8-bit oprdpolc. Xtnv mepintwon apuducy teplocdtepwy bit, 1 peiwon

ot Yo efvor oxdua To GNUAYTIXY.
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IToaanAaoiaowodg ITvdxwy

H npd&n tou ToAAAmAACLoUo) TvexwyY cLVBUALEL Xt TOAATAAGIAOUS UAAY Xt TedcVe-
on. Duyxexeiéva, o molomiactoaopos NxN mvdxwy 8-bit axéponwv aprducv amantel va
exterec oy N ntolhamiactaopol xou N-1 npoc¥écelc. Enoyévwe, obugpova pe 6co avaiboa-
UE TPOTYOUUEVWS, TO AMOTEAECUA TOU TOANATAACIACHOU TUVAXMY TEETEL VO TOAATAACLOC TEL
HE TOo xuTdhANnAo TapdyovTa scale yia vo AdBoupe o emduunTtéd anoTtéAeoua. ME qUTH TN TE-
elntwon, oL tohhamhaclaouol TV oTolyeiwy yivovto Tautdypeova, dea o tapdyovtag Yo etvon
255, eved oL TpooUéoelg Yivovtal oelpLoxd, ondTe o TapdyovTag scale yio Ty tpdcoveon Yo elvon
N. Apa yioa NxN nivaxeg, n é€odog tou TPU npénel vo molamhactactel pe tov mopdyovia
255 eni N.

ail a2 -+ Ay bi1 b2 - by €11 Cl2 o Clp
a1 @ -+ Q2 bor baa -+ bop Co1 €2 -+ Cyp
X =
aml Gm2 - Gmn bpi bpa - bnp Cml Cm2 *°° Cmp
n
Cij = i1y + Qigboj + -+ + Qin + bpj = > aipbij (2)
k=1

ITpdgerg pe N-bit aprdpoig

Kot o1ic 800 £@opuoyéc Tou TapOUCLACOUE TRONYOUUEVWS, TORATNEHOUUE OTL 1) EXTEAEDT
olyelexdy medlewy ue péyedog bit (oo ue 8 N yeyaldtepo, mpocBétel oNUAVTING QAU
oToug uTohoylouolg. o autd T0 Adyo, Vélouue va tpoteivouue uio B pag ADoT €T0L WOTE
VO TPAYHATOTIOCOUUE TG0 element-wise Tedelc 660 xal TOAATAACLICUS TUVIXWY Y welc
vo Yuotdlouue onpoavtixd Ty axpifeia. ‘Etol, n mpdéTtach pag Ja €yel vou xAVEL (e
To ondoipno axepailwyv N-bit ce moAAanholc axépatovg aprdpmoie pweyédoug
8-bit.

It awté 10 oxoMd avamTUEAUE ULl CUVEETNOT oL GTdeL aptdpolg oe 2 pépn xde Qopd,
uéyplc 6tou Ol Tar Yépm va €xouv péyedog 8-bit. I vo avayvepicoupe xdde uépog tou
aprdpol Tou OTdUE, TEAYUATOTOLUUE 0e€Ld oAloUNnoT Yo To TeKTo pépog xar modulo diadpeo
ytoe to dedtepo. H Sadixaoion mou avagpépape mopouotdletor 0to axdhovdo mopdderypor (Xy o
13 & 14).
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N/8

A
ey e, ey
input 1 N-bit 8-bit 8-bit 8-bit
integers "ee integers

8-bit 8-bit 8-bit
—= mteger] |ntegeri coo mteger]
input 2 N-bit

Output 1 j Output 2 T @@ Output N/g

L

Conversion
function

r
h 4
P
Y
Output

YxApo 13: Ilpdéec N-bit oto TPU

"most significant” 8-bit "least significant” 8-bit
| |
| (- |
356 0 0 0 0 0 0 0 1 0 1 1 0 0 1 0 0
| )
1 100
356 = 1 ® 28 + 100 > 270
"most significant” 8-bit "least significant” 8-bit
1044 0 0 0 0 0 1 0 0 0 0 0 1 0 1 0 0
‘ | |
4 20
1044 . 4 * 28 i 20 * 280
356 * 1044 = 14 » 4 + 1 * 20 + 100 - 4 + 100 & 20
Edge TPU
4 20 400 2000
® * * *
248 * 218 248 * 280 200 * 2%8 240* 280
262144 + 5120 + 102400 + 2000 = 371664

ExApa 14: Topdderypo: Xndowo 16-bit apriudy oe 8-bit

Evallaxtixéc vAomoloelg

Q¢ pépog g adlohdynong tou TPU xou ye otodyo va AdBoupe ouunepdopata yia Thv
OEYLTEXTOVIXY) TOU EMEEEQYATTY, UAOTOLACUUE XAmoLor eVaAhaxTixd dixtua. Agevog, Yo ofio-

Aoyfooupe v éxteleon Multi Layer perceptron Suxtbwyv (Xyfue 15) oto TPU, to onola
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XENOWOTOLYTAUL TOAD GuY VY ot BixTua Yo classification xou avamaploT@VTAL ¢ TOANATAGL-
OLOUOC TVEXWY. AQETEROL, ONUIOLEYCOUE BIXE UaC LOVTEN TTOU TERLAOUPBAVOLY BLUPORETIXG
oprdud medEewy xat elo6dnmv/eE6dwv (LyAua 16), mou av xou Sev €youv xdmota pEao TIXY
epapuoyr Yo yag Bondricouy va xatavoNCOUUE TNV ETBRUCT, AUTOV TWV TUQUUETEMY GTOV
xeovo extéleong oto TPU.

Y/ Y/ \Y
AN/ \NVAA\ -
R\

T~
£S5 ~

Inputs
Outputs

YxHue 15: Fully connected veupwmwixd dixtuo

Listing 3.12: Multiple muls in parallel Listing 3.13: Multiple muls in single output
@tf. function @tf. function
def parallel (x1,x2,x3,x4,...) def single_output(xl,x2,x3, x4

3 VE
yl = tf.mul(x1,x2) yl = tf.mul(x1,x2)
y2 = tf .mul(x3,x4) ¥2 = tf .mul(x3,x4)
¥3 = tf . add(y1,y2)
return [yl,;y2;...] return y3

Listing 3.14: Multiple connected muls

@tf. function

def connected muls(x1, x2):
yl = tf.mul(x1,x2)
y2 = tf . mul(yl,x1)
y3 = tf . mul(y2,x1)

yN = tf.mul(y(N-1),x1)
return yN

ExAuer 16: Alxtuo ue modhamhée mpdels xou el6bdoug/eE680ug

ITetpopatind anoteAécuoTa

Ye auth TV evoTnTa, Yo THEOUGIACOUUE TOL TIELQOHATIXG ATOTEAEGUATA YOl TIC TPOTEVOUE-

ve¢ vhornofoelc oto Edge TPU.
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ITpbcVeom & IMoAhanhaociaounodg

To Eyfua 17 cuyxplvel Tov péoo ypdvo extéreonc avd thdog aprduny uetald e CPU
ARM A53 xou tou Edge TPU yuo v npdén tou torhaniactaouol. Ta anoteréouota odnyody
oe mévte nopatnenoelc Yo to Edge TPU.

1. Hextéheon oto TPU anoutel xat’ eAdyioto 0,25-0,3 ms wg ypdvo extéAeoTg, Tou apopd.

T METAUPOEA BEBOUEVOV XL TNV ETUXOWVOVINL UE T UVAUT).

2. Ou vnoloyiopol yeauuxnc GAYEBPoC Tou xupLaEYOoLVTOL amd TEUEEL; oTolyelou TPog
oTotyelo dev amodidouv xoAd ot TPU, encidr 0ev exeTahAeLOVTOL TO TAEOVEXTHUATA

NS OUGTOMXAC GuaToLylog Tou enelepyaoTH.

3. Oumpdeic ye Tavuotég dlaotdoewy NxN elvor o anodoTixég Xt o Y YOpES OE OyEan
ue tig Nx1.

4. To ASIC 7ou Edge TPU Bocileton o€ pior UG ToAxXT] GELRd TOAATAACIAC TGV XAl GUC-
CWEEUTWY, TOU UTOPOLUY VoL EXTEAECOLY [Lal OELRE AELTOLRYLMY TtopdAAnia. H extiunoy
Hag vl cuctolyla Sluctdoewy 64x64 @aiveton va emBefoucyveton ye Bdon ta amote-
Aopatd pog, xadie o ypdvog extéheonc yia cuototyiec NxN avgdveton exdetind yia

Olaotdoelc ueyahiTepeg amd 64x64.

5. To Edge TPU 06ev pnopel vo e€unneetiioet TEAEELS TVAXWY BlAoTACEWY UEYAUNITERES

ard 28x28.
2.5 % 3.

-m— ARM A-53 —a— ARM A-53
= 9/ —#— Edge TPU —~ 25 —s— Edge TPU
£ E
w w 24
B 15 5
2 =
E 1.5
Bl 8
2 g 1)

\8_ *8‘
< 0.5 5 0.5 |

P 3 B ‘L® ‘L{B ‘L@
IIdog aprdumy IIhidoc apriucy

SxAwa 17: Nx1 vs NxN morhanioociaopol

‘Onwc €youue \on avagépet, extehwvtag olyelpixéc npdéelc oto TPU npobnotétel xdmoloug
ouuPBoacuoie 6oov apopd TNV oxplBela, oxdun xou av ot elcodot eivon 8-bit axépatot apripol.
Emouévee, otov Iivaxa 3 noapouctdlouye 10 UECO OYETIXO GPAAUL YIaL TNV TEAET TOU TOAAI-
Thaolaopoy xal Tng tpdcieong yia elo6doug 8, 16 xau 32-bit. To yéyedoc tng derypotohndlog

mou odnyel o autd Tar amotehéopata ebvon 170000 delyparta.
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ITivaxag 3: Méoo oyetind o@dhua yia N-bit moAAarAaoiaopods

ITA8o¢ bit | 8-bit ax€paror | 16-bit axépator | 32-bit axponot

IToManAaciaouoe
MRE 2.9 % 4.6 % 4.6 %

ITpbodeon
MRE 0.28 % 1.1 % 1.1 %

IToaanAaoiaowog ITvdxwy

To ocuunépacua 6T0 OO0 XATUAYOUUE OYETIXE UE TOV TOMAATAAGLAOUO TUVIXWY OTO
TPU, eivan 6Tt yiar Sla0TdOEC TAVUOTY E0OB0U UxpdTeERES amd 64x64, 0 ypdvog extéheong
oto Edge TPU eivan pio (1) t6&n peyédoug yeyahitepn and auth tou enelepyooth ARM, eved
Yio HEYAAVTERES BLUCTAGELS, 1) CUGTOALXY| GUGTOLY (o ETITUY Y AVEL UEYIAT TopaAAnhoToineT Tou
odnyel oe emtdyuvorn oe oyéon e tov ARM, 4 gopéc tayltepa and 1o xBavTiouévo yoviého
8-bit xan €w¢ xan 7 popéc mo yeryopa and To LovTéEAO xivnThig UTodloToAAC 32 bit oTov (Blo

enegepyooty ARM.

10! %
—a— ARM A-53 no quant

— —-— ARM A-53
& Edge TPU
w t t t t t ~— { t
SR A R .
2
W
'_J
5
VS
S 107t
5
o
>

1072

[I\hdog apriumy

YyxMo 18: NxN nollamhaclaouds mvexey

Avtiytoiyo e Tic element-wise mpdlelc, 1 eXTEAECT TOMATAACIAGHOU TUVAXWY GTOV ETL-
tayuvth) TPU Yucidler v axplBelo 6o Bwud tne anddoong. O Iivaxoc 4 epgaviet to yéco
OYETIXO GPIAIA TWV TOAMIATAACIUCUOY TVIXWY CUYXELTIXG UE T DO TACELS TOU TAYUOTH
€l0600v. ‘Oco peyoritepo etvon To ueyedog Tou mivoxa, T600 TEPLOCOTERES TPOCUETELS EXTE-
Aovvton, ETOUEVKC PEYaAUTERT anwAcla oxplBelac. otdc0, 600 Yeyolltepo elval To Yéyedog
Tou Tivaxa, TOO0 ULXPOTERT) CUVELGPORA EYEL XAUE TEOGVECT, OTO ATOTEAECUAL, dPOL KOl UIXPOTE-
en anwheta oxpBelac. Ilepittd va molue 6TL 1) uelwon tng axplBelag oTov ToAaTAACLICUSO

elvor uYnAoTEEN Amd TNV MEdcdeaT, ondTe 0O TENOG TEOTIUdTHL UEYAADTERO Uéyedog mivaxa.
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ITivaxag 4: Méco oyetixd o@dhua yio 8-bit moAdamdaoiaoud mvdkwy

Meéyedog nivaxa | Méoo ocpdipa | Méyioto c@aipa

1x1 2.27 % 100.0 %
2x2 0.95 % 100.0 %

4x4 0.52 % 211 %

8x8 0.45 % 3.5 %

16x16 0.41 % 1.6 %

32x32 0.41 % 1.4 %

64x64 0.40 % 1.14 %
128x128 0.39 % 0.99 %
256x256 0.40 % 0.95 %

ITpd&eig pe N-bit aprduoic

‘Ocov agopd tnv mpdTaoT pog yia UAonolnon urohoylouwy N-bit ye ondowo oe 8-bit,
apeVOS, Yiol AmA00C TOMAATAAGIACUOUE Xl TEOGVECELS BEV TUPAUTAROUUE XATOLN ETMLTAYUVOT)
a6 1o TPU, agetépou, duwe, 6Tov TOMATAAGIAOUS TVAXGY BAETOVUE ONUVITIXY ETLTAYUVOT)

YL UEYSAES OLACTAOELS TVAXWY, OTKS Qaiveton oTo My Aua 19.

12 T T T

—m— ARM 16-bit
—m— TPU 16-bit
10| | —a— ARM 32-bit h
—m— TPU 32-bit

“heone (ms)

&voc exTé

Xp

II\ydog aprduy

YxAua 19: N-bit noAlomhactacyol mvéxewy
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Avopopnd Ue Tor amoTEAECUATA IOl TO UECO GYETIXO GPAAUOL TCV UNOTIOLNCEWY TOU TROTE-
tvoupe, otV TEAEN TOU TOAMATAAGIACUOU TORATAPOVKE UElOT TN amwhetag oxplBelag xatd
45% vy 16-bit aprduoie, and 4,6% oe 2,5%, e pxpr adZnomn otov yeévo extéleons. 3Toug
nolomAactacpols mvéxwy N-bit, and tnv dhhn, mopatneolue to Blo péoo opdhua (0.4%)

YL TVOXES UEYIAWY BLACTACEWY GUOoLa U TNV LAoTolnon yia 8-bit.

Evoalhoxtixég vAomowoELlg

Yuveylovrog, Yo alloAoyHoOUUE Ta amoTEAEGUATO TOU TRoéxuay amd To custom Yovtéla
mou vAonotfooue. Apyixd, o cuyxplvoupe 600 TopoUOL LOVTEAN UE T1) OLopopd OTL TO vl
armd To 800 Sivel pio €€080 povo. Autd mou mapatneolUE elvar 6Tl ToedAo Tou xaL oL Vo
vhorotfoelg €xouy Tov (Blo apriud and operations, av cupreptAdBoupe xa Tig xBavtioelg, auTh
pe N Wwa €00, Oyl uovo exteAelton ToyUTEPA OO TNV ALY, ARG ETULTUYYAVEL ETLTAYUVOT
an6 to Edge TPU, énwe gatvetan oto Xyrua 20. To 6e0tepo HoVTERO TOU UAOTOW|CAUE, LIS
Bondder va cuunepdvoupe Twe To TAYoC TwV TEdEewy oL exTEAOUVTOL OAEG UAlL, Ywelg Vo
uecohaf3el mpdofBaon oty uvAun, emTuyYdvel onuavTix emtdyuvon oto TPU, éwg xan 6 gopég
TayOtepa oe oyéon pe 1ov ARM (Eyfua 21). Ooco yeyahltepo 10 TARY0C Twv Tediewy xou

000 UEYUADTEPES OL BIUOTACELS TWV TOAVUCTOYV, TOCO UEYAAVTERT) 1) ETULTAYLVOT).

2 | | |
0n 4 inputs
00 8 inputs
0016 inputs ol B

Emtdyuvon
—
T
|
|
|
|

II\dog apriuwy

YxApna 20: Edge TPU emtdyuvon vs ARM
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EyAue 21: Edge TPU emtdyuvon vs ARM

Egappoyés Ungraxnie Enelepyacioag Euxxdveyv

Aviyveutrg axpwy Sobel

Oloxinpwvovtag tny mapodoa dimhwuatixy epyacio, Yo mapovcidcouue v vAomoinon
0Vo eqopuoy®y Pnplaxhc enclepyaciog emdvwy oto TPU. Ilpdhta, Yo avagpepdolue otov
aviy VeuTr| ooy Sobel.  Avrxel otn xatnyopla TwV YRUUUIXOY GIATOOV XL TEOYUATOTOLEL
aviy VEUGT AUV OE aoTEOUoUEES Etxdvee. H Sadixacio ye tnyv omola npayuatonotel aviyveuon
XUV EYEL VAL XAVEL PE TNV CUVEMEN NG emdvag Ye BV0 TUEYVES BlaoTdoewy 3x3, €vag Yia
Tov 0pLloVTIo dZova xau Evag Yl Tov xataxépugo (Eyrua 22). Ot tupriveg eivon €tol oplopévol
OOTE VoL EMOTUAVOUY TEPLOYES TNE EXOVAC Tou Tor Yettwidlovta pixel nopouctdlouvy ueydin

OLPOPd GTIC TES TOUG.

¥
-1 0 +1 -1 -2 -1
-2 0 +2 0 0 0
-1 0 +1 +1 +2 +1

ExAua 22: Iuprveg Sobel
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G=,/G2+G? (3)

H vhomoinon oto TPU nepiopfaver 600 cuvelxtind emtineda, €va Yo xdie xateduvon
xa TEAEeLC Ypopuxng dhyeBpag yio v mapay Vel 1 tehxn exxdva. O mpdlelg autég elvon o
TohamAactacuoe, 1 tedcieon xou 1 tetpaywvixt] piCo. To mpdAnua authc Tne vhomolnong
elvo OTL 1 TEAEN TNg TeTpaywvxrg pilag dev unootneileton and to TPU, xdtt nou onuaivel 6Tt

Yo extereotel ot CPU, dnhadn o tpociéoet onuovtind xaductéenon otov yedvo exTéreong.

1x480x640x1

Quantize

x480x640x1 1x480x640x1

Conv2D Conv2D

Filter {1x3x3x1) Filter {1x3x3x1)
bias (1) bias (1)

Relu Relu

1x480x640x1 1x480x640x1

1x480x640x1

1x480x640x1
Dequantize

1x480x640x1

1x480x640x1

1x480x640x1

Identity 14

Yyhuo 23: Sobel TF Lite 8ixtuo

Ané to mewpopatind anoteréoyata, cuunepaivouue, 6Tt o Sobel operator exteheiton €m¢
xar 4 gopéc mo yeryopa oto TPU oe oyéon pe tov ARM vy 2K ewxdvec. H extéheon
noporypatonoteiton oe 450 ms. Ye autd To onueio, va tovicouue otL av dev hopfBdvope ut’ 6y
VY TedEn e Tetpaywvixig pllag, mou exteieitan ot CPU, o ypdvog extéheone Vo Aoy o
wooc.
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SxAua 24: Emtdyuvorn tou Sobel Operator oto Edge TPU vs ARM A-53
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Sy 25: Xpdvoe extéheone Sobel operator

Binning

To Binning eivou dAAN pla eup€ng dladedouévn eqapuoyn eneepyaotag Pngioxic exovoc.
Yuvoudlel yertvidlovta pixel oe uior exdva xou Tor avTixorhotd pe éva uévo pixel wg T
uéon i touc. To amotéheoyo elvon var UEWOVEL TNV avdAuom xou To PEYEVOC TV EXOVLYV.
Tétow piktpa e@apuélovion Ge UAOTONCELC TOU AmatToOV QUENUEVY OmOB00T) Xl UELWUEVT
xaTavaAwon oy vog. Beloxel egapuoyy| oe Touels 6Twe 1 autdvoun 0dRYNoT), 0TOUC XAAB0US
vyetag xow oTo SidoTnua. Xe TéToleg eupuoYEe, N axpifelo dev mailel mdvTo TGG0 oNUAVTIXG
eONo, 660 1 TayOTNTA HETABOOTE XL ENEEERYATIOC TV BESOUEVMV.

H vlornoinon nou mpaypatonoioaue anoteleiton and €va eninedo cuvéléne. ‘Ouwe, to
binning agopd tnv enclepyoacio RGB exdvmv, dnhady exdvey 3 xavokwy. 'V autd to Aoyo,

a&lohoyfoope dvo dlapopeTnd oevdpta. To mpoto meolnodétel TRy mopdhinin eneepyaoia
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X0 TV 3 xavahdy o€ pio extéheon, dpa Tpla (3) ouVEMXTIXG oTpOUNTY, EVE TO delTERO EXEL

VoL XQVEL UE OELPLXG PUATEEELOUA TwV Xavatody, dnhadn éva (1) convolutional layer xou 3

enavalielc.

[ser\.ring_default_input_S:O 0 ]

T1=480=640x=1

T1=480=640x=1

Comv2D

filter {1x2x2x1)
bias {1}

Relu
1% 240=320%1
Quantize

1%240x=320=1

[ StatefulPartitionedCall:0 5 ]

YxHua 26: Binning TF Lite dixtuo

4 4 4 7 ’ 7 4 Z 7
Ta melpopatind amoteAéouaTal OELYVOLY OTL Xou 0L 500 UAOTIOLACELS, TEALXY, £YOUY TUPOUOLO

YEOVO EXTENEONC YOl TEAYHATXG UEYEDT EXOVOLY xan eWOxOTERA Yior PEYEDT peyahbTepa and

512x512. lotb600, Yo uxpdtepa UeYED, Tapatneolue OTL 1) TaEdAANAT VAOTOINCT XL TWV

3 emmédwy cuVEMENC elvon onuovTixd tayOtepn. O Adyog elvan, 6T yia Uixpodtepa UeYEDN 1|

extéleon oto TPU éyel overhead, to onolo tpimhactdleton 6toy exTENOVUE 3 OLOPORETIHES

emavoldelc. Kdti tétoto Sev toyler oty nopdhhnin vAomoinon.

Xpdvog extéheone (ms)

500 #

400

300

200 +

100 +

-a— ARM A-58
—m— Fdge TPU

Méyedog ewxdvoc

o) Suvohxd amoteléouota
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o]
w
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©
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S
w
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>
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~

Méyetoc exdvog

(B") Muxpdrepo yeyédn

YyxAua 27: Xpbdvog extéleone Binning
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EyApo 28: Yiyxpion vhonotioewy Binning

2 VUUTEPAC AT

S UVOTTIXG, TOL TIELROUOTLIXG AmOTEAECUOTOL amoxdAupory onuavTixy| Behtiwon Tne anddoong
v To Google Edge TPU oe olyxplon e tov enelepyacthi ARM A53 xau dhhoug evowya-
TwUEVOUg eeepyYaoTES. Apynd, Ta TELRGUATA Yog ERAAAUEUCOY TNV EXTWACELS OTL 1) OOYLTE-
xtovixn) Tou TPU Booiletan oe systolic array Swotdoswy 64x64. Luvolxd, to Edge TPU
ETUTUYYAVEL CNUAVTIXT| ETUTAYUVOT] YLl UTOAOYLOTIXG ANATNTIXOUS PORTOUS EQYACig, OTWS
ueoaiou xat peydhou peyédoug XNA xou MLPs A} npocapuocuéva povtéha mou xuploeyolvToL
am6 ToANATAACLCUO0E TVaXwY. Luyxpltxd ye T GPU Jetson Nano xou tnv Intel Myriad X
VPU, 1o Edge TPU emituyydiver €wg xon 5 Qopéc xahbTERT amddoacT), EVE UTOREL VoL ATOBMOEL
e&loou xohd pe to Zynq ZCU104 FPGA. H npd&n tou morhamhaclacuol mvixwy BeATidveTo
€wg xou 4 popéc oe olyxplor e TNV extéheon xPavTiouévou yoviéhou 8-bit otov ARM xou
€we 7 Qopég amd To YovTéNo xivnTrhg unodlaoTohrc 32-bit. To anoteréopatd pog detyvouv
eniong 0T, mépa amd T Uixpd YeYED T povTEhwy, o emtayuvtrc Edge TPU etvon mévto avedte-
coc an6 tov ARM Ab53 emtuyydvovtog éwe xar 100 @opéc ueyolbtepn anddoon yio yecola
ENA xa éwg 30 gopéc yio yeydro ENA. Emmiéoy, yio xhaowés e@apuoyéc enelepyooiog
Imeraxol ofuatog (DSP), 6nwe o aviyveuthc axuodv Sobel xat to Binning emxdévwv, to Edge
TPU nopéyet €ng xon 6 popéc xolbtepn anddoon ané tov ARM A53. Hopotnerooue, nepa-
Tépw, 0Tl To Theovéxtnua tou Edge TPU évavt tou enelepyacth ARM yewdveton polg to
uéyedog Tou povtéhou @tdoel oto péyedog TN UvhAung on-chip tne mhatgodpuac Edge TPU.
To tehind elpNUA TWV TELWRUUATWY YOG, OYETIXE UE TOV UTOAOYLOUOUS YEVIXOU GXOToU, elvol
6t o TPU Bev amodidet xohd ot mpdEelg 1) HovTEA ToU anoutoly cUY VA TedcBacn oTn uvhun.

H perhovtinn pog epyaoio Yo emxevipwdel otn dnuovpyio tov avayxolwy framework ye
oToy0 TNV evowudtwot| Tou Edge TPU ot etepoyev cusTAuata yior JEAAOVTIXES DIUCTNUXES
eQapROYES. Xe auTd 1o Thadolo, epyaldpacte e cuvepyaoio pe Tov Evpwnoixd Opyavioud

Ao thuatog (ESA) yw v avantun tou Edge TPU yiot pehhovunéc SloaotTnuixéc anocToléq.
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Chapter 1

Introduction

Artificial intelligence (Al) is a wide-ranging branch of computer science concerned with
building smart machines capable of performing tasks that typically require human intelli-
gence. The major application of Al is machine learning (ML). The aim of ML is to allow
machines to learn from experiences with large amounts of data without being programmed
to do so. It synthesizes and interprets information for human understanding, according to
pre-established parameters, helping to save time, reduce errors, create preventive actions
and automate processes in large operations and companies. Workhorses to achieve the
goal of automation are Neural Networks (NN). Neural networks reflect the behavior of
the human brain, allowing computer programs to recognize patterns and solve common
problems in the fields of AI, machine learning, and deep learning.

Neural networks target brain-like functionality and are based on a simple artificial
neuron: a nonlinear function (such as max(0, value)) of a weighted sum of the inputs.
These artificial neurons are collected into layers, with the outputs of one layer becoming
the inputs of the next one in the sequence. The two phases of neural networks are called
training (or learning) and inference (or prediction), and they refer to development versus
production. The developer chooses the number of layers and the type of NN, and training

determines the weights. Three kinds of neural networks [16,17] are popular today:

1. Multi-Layer Perceptrons (MLP): Each new layer is a set of nonlinear functions of
weighted sum of all outputs (fully connected) from a prior one, which reuses the

weights.

2. Convolutional Neural Networks (CNN): Each ensuing layer is a set of of nonlinear
functions of weighted sums of spatially nearby subsets of outputs from the prior

layer, which also reuses the weights.

3. Recurrent Neural Networks (RNN): Each subsequent layer is a collection of nonlinear
functions of weighted sums of outputs and the previous state. The most popular
RNN is Long Short-Term Memory (LSTM). The art of the LSTM is in deciding
what to forget and what to pass on as state to the next layer. The weights are

reused across time steps.
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In the recent years, artificial intelligence and machine learning applications have be-
come increasingly popular and are being implemented to almost every aspect of our life.
The neural networks pose great computational complexity and modern general-purpose
CPUs struggle to deal with the demands. Also, as applications came online requiring
real-time data processing and analysis, machine learning inference analysis is moved to
the edge. Therefore, the increase in AI/ML workloads, along with breakdowns of several
trends including Moore’s Law, has prompted an explosion of embedded AI [18]. With em-
bedded Al, devices have the ability to run Al models at the device level and then directly
use the results to perform an appropriate task or action. These edge devices feature multi-
ple processing units and specialized accelerators that promise even greater computational
and machine learning capabilities. The hardware used for ML ranges from a single core
chip to multi-core neural processing systems. All specialized processors are different from
each other on the basis of hardware architecture and on-chip parallel processing.

Nowadays, four different processors are used for Machine Learning; starting from
Graphics Processing Units (GPUs) [19] and Vision Processing Units (VPUs) [20,21] we
move to Field Programmable Gate Arrays (FPGAs) [22,23] and Tensor Processing Units
(TPUS) [24,25]. Our work will focus on evaluating novel Al accelerators, like the Google’s
Edge Tensor Processing Unit (Edge TPU) in comparison to the processors mentioned be-
fore, like Nvidia Jetson Nano GPU, Intel Myriad X VPU and Zynq ZCU104 MPSoc from
related works presented in [26,27], [10,11,28-32], [33] and [34].

The theory and the technology of AT accelerators [26,35] have been around for decades,
but it has only been within the last years that the technology has been commercialized.
The migration of processing from the cloud to the edge to embedded devices, which trans-
lates to a higher demand for heavy compute power at the local level, is also driving market
growth.

Neural network accelerators, like the Edge TPU, offer power efficiency orders of mag-
nitude better than that of conventional vector processors (e.g., Graphics Processing Units)
for the same workloads. Despite the differences among micro-architectures, most accel-
erators are essentially matrix processors that take tensors-matrices as inputs, generate
tensors-matrices as outputs, and provide operators that facilitate neural network com-
putations. Graphics processing units are used to be just domain-specific accelerators.
However, after intensive research into high-performance algorithms, architectures, and the
availability of frameworks like CUDA and OpenCL, GPUs have been transformed into
high-performance, general-purpose vector processors. Therefore, a similar revolution is
expected to take place with Al accelerators, thus leading to a broader spectrum of appli-
cations.

However, democratizing these accelerators for non-AI/ML workloads will require tack-

ling some issues:

1. The micro-architectures and instructions of NN accelerators are optimized for NN
workloads, instead of general tensor algebra. These auxiliary NN accelerators focus

on latency per inference, but not yet on delivering computation throughput compara-
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ble to GPUs. Naively mapping conventional tensor algorithms to AI/ML operations

will lead to sub-optimal performance.

2. Because many AI/ML applications are error tolerant, NN accelerators typically trade
accuracy for area/energy-efficiency; when such a trade-off produces undesirable re-

sults, additional mechanisms are needed to make adjustments.

3. The programming interfaces of existing NN accelerators are specialized for devel-
oping AI/ML applications. Existing frameworks expose very few details about the
hardware/software interfaces of NN accelerators, so programmers are unable to cus-
tomize computation and the application can suffer from significant performance over-

head due to adjusting the parameters/data bound to the supported ML models.

4. Tensor algorithms are traditionally time-consuming, so programmers have tailored
compute kernels in favor of scalar/vector processing. Such tailoring makes applica-

tions unable to take advantage of tensor operators without revisiting algorithms.

1.1 Thesis Motivation & Contribution

The motivation of this diploma thesis is to explore and evaluate Edge TPU’s capa-
bilities for general-purpose computing and to provide solutions to imposed challenges.
Our contribution to this thesis includes, at first, an extensive benchmarking on the TPU,
including both pre-trained and custom networks, like our CNN for Ship Detection. More-
over, we provide solutions to the imposed challenges by proposing a custom methodology
for building Edge TPU compatible networks for general-purpose calculations. We also
propose a solution for overcoming the barrier of the 8-bit-only operations on the TPU by
breaking N-bit algrebraic computations in 8-bit parts. Finally, we examine and implement
applications for digital signal processing (DSP) on the Edge TPU and provide an overall

evaluation for Al and general-purpose computing.
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Chapter 2

Google Edge Tensor Processing
Unit

2.1 Introduction to Edge TPU

The Edge TPU [36] is a small Application-Specific Integrated Circuit (ASIC) designed
by Google that provides high performance machine learning inferencing for low-power
devices. It delivers high performance in a small physical and power footprint, enabling
the deployment of high accuracy Al at the edge. Edge TPU complements Cloud TPU
and Google Cloud services [37-39] to provide an end-to-end, cloud-to-edge, hardware and
software infrastructure for facilitating the deployment of customers’ Al-based solutions.
Edge TPU can be used for a growing number of industrial use-cases such as predictive
maintenance, anomaly detection, machine vision, robotics, voice recognition, and many
more. It can be used in manufacturing, on-premises, healthcare, retail, smart spaces and
transportation

The Edge TPU allows developers to deploy high-quality machine learning inferencing
[40] at the edge, using various prototyping and production products from Coral. Coral
is a platform of hardware components, software tools, and pre-compiled machine learning

models, allowing you to create local Al in any form-factor.

2.1.1 Coral Devices

Coral [41] is offering TPUs in the form of either prototyping or production products.
Regarding the prototyping products, there are two development boards, i.e., Dev Board
and Dev Board Mini [42] (Figure 2.2), which are single-board computers featuring: ARM
processors, the edge TPU ASIC, I/O interfaces and various types of memory. There is
also a USB accelerator, which integrates the edge TPU and can be attached to a host
machine with Linux, Windows, or MAC OS and x86-64, Armv7-32, or Armv8-64 system
architecture. Regarding the production products, there is a great variety of PCIl-based

TPU accelerators that can be integrated into any existing systems. Table 2.1 reveals the
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tech specifications of the coral development boards we examined in this thesis.

Figure 2.1: Coral products

(a) Dev Boards at NTUA

(b) Dev Board Mini at NTUA

Figure 2.2: Coral prototyping products at NTUA

Table 2.1: Tech specifications of Coral development boards

Specs Dev Board Dev Board Mini
CPU NXP SoC (quad-core ARM MediaTek SoC (quad-core ARM
Cortex-A53, Cortex-M4F) Cortex-A35)
ML Google Edge TPU Google Edge TPU
accelerator oogle Edge COPTOCessor oogle Edge COProcessor
RAM 1/4 GB LPDDR4 2 GB LPDDRS3
CPU
1500 Mhz 1300 Mhz
frequency

46




2.1.2 Edge TPU Architecture

The Edge TPU microarchitecture accelerates Neural Network tasks for modern ML
applications by creating a systolic array that performs operations on the units of tensors,
in contrast to most NN applications that take tensor inputs and iteratively update pa-
rameters and weights from previous outcomes. Taking tensors as the default inputs and
outputs makes the TPU architecture and its corresponding execution model fundamen-
tally different from conventional CPU/GPU architectures that compute on scalar-vector
data pairs.

The ASIC of Edge TPU is based on a systolic array of multipliers and accumulators,
the dimensions of which have not been revealed yet, but according to Q-Engineering [5], it
is estimated as an 64x64 array with f.,;;=480MHz. An individual Edge TPU is capable of
performing 4 trillion operations (tera-operations) per second (TOPS), using 0.5 watts for
each TOPS (2 TOPS per watt). Running at 480 MHz it can theoretically perform 64 x
64 x 480.000.000 = 2 trillion mul-adds per second. Or if we look to individual operations,
it is 4 trillion (4 TOPS).

In terms of memory, the Edge TPU incorporates large on-chip memory to hold the
intermediate results that later iterations reuse. This enables faster inferencing speed com-
pared to fetching the parameter data from an external memory. In other words, the TPU
SRAM is used as “cache”, even though it is a compiler-allocated scratchpad memory. Un-
like conventional processors, the Edge TPU use a CISC-style instruction-set architecture
and rely on the host program to issue instructions through the system interconnect. Also,
TPU tensor units only support operations on a limited level of precision that is sufficient
to satisfy the demands of modern ML applications while significantly reducing both TPU

costs and energy requirements.

Bl - -
e L Bt
St M e o - SOC: 2W Edge TPU: 1.5W
et eyede : :
. Lk PMIC: 0.2W
i HEH L DDR: 0.7W

b) SoM: power draw of components
(a) TPU’s Matrix Multiply Unit implemented by sys- (b)

tolic array

2.2 Tensorflow Tools and Frameworks

The Edge TPU is based on the well-known TensorFlow framework [43] for the de-
velopment of the neural networks. TensorFlow is a free, open-source platform, that is
primarily used to develop, train and deploy Machine Learning models. TensorFlow is ca-

pable of operating at high scale and in heterogeneous environments. TensorFlow allows
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developers to create dataflow graphs—structures that describe how data moves through a
graph, or a series of processing nodes. Each node in the graph represents a mathematical
operation, and each connection or edge between nodes is a multidimensional data array,

or tensor.

Building a model in TensorFlow is quite simple, you just inherit the Model class from
the Keras library. Keras [44] is an open source library, built on top of TensorFlow.
Its main purpose is to act as an interface for TensorFlow by providing a consistent and
user-friendly API. This API offers access to numerous implementations of commonly used
neural-network building blocks such as layers, objectives, activation functions, optimizers,
as well as a host of tools to make working with image and text data easier and to simplify

the coding necessary for writing deep neural network code.

When it comes to saving a trained model, TensorFlow is capable of keeping check-
points of models during the training procedure or save models in a SavedModel format.
Checkpoints capture the exact value of all parameters used by a model, allowing users to
stop the training and resume it later on, on the same or on a different platform. Check-
points do not contain any description of the computation defined by the model and thus
are typically only useful when source code that will use the saved parameter values is
available. The SavedModel format, on the other hand, contains both data describing the
structure of the network as well as the weights of the different layers, ie. the parame-
ter values (checkpoint). Therefore, trained models can be loaded on any platform that

supports TensorFlow and be used for inference.

TensorFlow operations are run eagerly; they are executed by Python, operation by
operation, and return results back to Python. While eager execution has several unique
advantages, it comes at the expense of performance and deployability. Graph execution
[45], on the other hand, enables portability outside Python and tends to offer better
performance. In short, graphs and functions are extremely useful and allow TensorFlow
run fast, run in parallel, and run efficiently on multiple devices. Graphs are data structures
that contain a set of tf.Operation objects, which represent units of computation; and
tf. Tensor objects, which represent the units of data that flow between operations. You
create and run a graph in TensorFlow by using tf.function, either as a direct call or as
a decorator. tf.function is a transformation tool that takes a regular function as input
and returns a Function. A Function is a Python callable that builds TensorFlow graphs
from the Python function. Each time a Function is invoked with a set of arguments
that can’t be handled by any of its existing graphs, Function creates a new tf.Graph
specialized to those new arguments. If you call the TF Function with an input signature
it has already seen before, it will reuse the concrete function it generated earlier. The type
specification of a tf.Graph’s inputs is known as its input signature. The Function stores the
tf.Graph corresponding to that signature in a ConcreteFunction. A ConcreteFunction

is a wrapper around a tf.Graph.
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2.2.1 TensorFlow Lite Framework

All inferencing with the Edge TPU is based on the TensorFlow Lite APIs (Python or
C/C++). TensorFlow Lite [46] is a production ready, cross-platform framework that
enables on-device machine learning by helping developers run their models on embedded
and edge devices. TensorFlow Lite can convert a pre-trained model in TensorFlow to a
TFLite format that can be optimized for speed or storage and later be deployed on mobile
devices & embedded systems to make the inference at the Edge.

A TensorFlow Lite model is represented in a special efficient portable format known
as FlatBuffers. This provides several advantages over TensorFlow’s protocol buffer model
format such as reduced size (small code footprint) and faster inference (data is directly ac-
cessed without an extra parsing/unpacking step) that enables TensorFlow Lite to execute
efficiently on devices with limited compute and memory resources.

A TensorFlow Lite model can optionally include metadata that has human-readable
model description and machine-readable data for automatic generation of pre- and post-
processing pipelines during on-device inference. Generating a TensorFlow Lite model can

occur in the following ways:

e Use an existing TensorFlow Lite model.

e Create a TensorFlow Lite model, using the TensorFlow Lite Model Maker to create

a model with custom dataset.

e Convert a TensorFlow model into a TensorFlow Lite model.

TensorFlow Lite Converter

The TensorFlow Lite converter takes a TensorFlow model and generates a TensorFlow
Lite model (an optimized FlatBuffer format identified by the .tflite file extension). During
conversion, optimizations such as quantization can be applied to reduce model size and
latency with minimal or no loss in accuracy. In TensorFlow 2, models are stored using the
SavedModel format and are generated either using the high-level tf keras.* APIs (Keras
model) or the low-level tf.* APIs (from which you generate concrete functions). As a result,
there are three options to convert a TensorFlow 2 model using tf.lite. TFLiteConverter, as

follows:

tf.lite. TFLiteConverter.from_saved_model(): Converts a
SavedModel .

tf.lite. TFLiteConverter.from _keras_ model (): Converts a Keras
model.

tf.lite. TFLiteConverter.from_concrete_functions(): Converts

concrete functions.
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Figure 2.4: TFLite conversion workflow

2.2.2 TensorFlow Model Compatibility Overview

In order for the Edge TPU to provide high-speed neural network performance with a
low-power cost, the Edge TPU supports a specific set of neural network operations and
architectures. We will describe what types of models are compatible with the Edge TPU
and how to create them, either by compiling custom TensorFlow models or retraining an

existing model with transfer-learning.

The Edge TPU supports only TensorFlow Lite models that are fully 8-bit quantized
and then compiled specifically for the Edge TPU. Models cannot be trained directly with
TensorFlow Lite; instead must be converted from a TensorFlow file (such as a .pb file) to

a TensorFlow Lite file (a .tflite file), using the TensorFlow Lite converter.

Figure 2.5 illustrates the basic process to create a model that’s compatible with the
Edge TPU. Most of the workflow uses standard TensorFlow tools. Once we have a Ten-
sorFlow Lite model, then we use our Edge TPU compiler to create a .tflite file that’s
compatible with the Edge TPU.
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Figure 2.5: Edge TPU model creation workflow

However, it is not always necessary to create a model from scratch. Instead, there are
existing TensorFlow models that are compatible with the Edge TPU that can be retrained
with any dataset, using a technique called transfer learning (or ”fine tuning”).

Transfer learning allow developers to start with a model that’s already trained for a
related task and then perform further training to teach the model new classifications using
a smaller training dataset. This can be achieved by removing the final layer that performs
classification and training a new layer on top that recognize your new classes. Also, the
Python and C++ APIs offer techniques for on-device accelerated transfer learning on

image classification models.

2.2.3 Model Requirements

TensorFlow models build in order to take full advantage of the Edge TPU for acceler-

ated inferencing, must meet the following basic requirements:

Tensor parameters are quantized (8-bit fixed-point numbers; int8 or uint8).

e Tensor sizes are constant at compile-time, no dynamic sizes.

Model parameters are constant at compile-time.

e Tensors are either 1-, 2-, or 3-dimensional. If a tensor has more than 3 dimensions,

then only the 3 innermost dimensions may have a size greater than 1.

The model uses only the operations supported by the Edge TPU (see 2.2.2.2 below).

Failure to meet these requirements could mean the model cannot compile for the Edge
TPU at all, or only a portion of it will be accelerated. Also, passing a model to the Edge
TPU Compiler that uses float inputs means that the compiler will leave a quantize op
at the beginning of the graph, which will run on the ARM CPU and result in additional
latency due to the data format conversion. Likewise, the output is dequantized at the end.
However, as long as the tensor parameters are quantized, it’s okay if the input and output

tensors are float because they’ll be converted on the CPU.
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2.2.3.1 Supported Operations

When building any model architecture, it is necessary to know that only the operations
in the linked table are supported by the Edge TPU. Supported Operations

Operations that are not listed in that table, usually work either an unsupported data
type or the tensors have unsupported rank or cannot be supported due to their dynamic

size and format. In this case, only a portion of the model will execute on the Edge TPU.

2.2.4 Quantization

Executing a model compatible with the Edge TPU, requires that all the 32-bit floating-
point numbers (such as weights and activation outputs) are converted to the nearest 8-bit
fixed-point numbers. This makes the model smaller and faster. And although these 8-bit
representations can be less precise, the inference accuracy of the neural network is not
significantly affected. For compatibility with the Edge TPU, there are two types of quan-

tization:

1. Quantization-aware training (for TensorFlow 1) uses ”"fake” quantization nodes
in the neural network graph to simulate the effect of 8-bit values during training. Thus,
this technique requires modification to the network before initial training. This generally
results in a higher accuracy model (compared to post-training quantization) because it
makes the model more tolerant of lower precision values, due to the fact that the 8-bit
weights are learned through training rather than being converted later. Also, it is currently
compatible with more operations than post-training quantization.

2. Post-training quantization [47] is a conversion technique that can reduce model
size while also improving CPU and hardware accelerator latency, with little degradation
in model accuracy. We can quantize an already-trained float TensorFlow model when we
convert it to TensorFlow Lite format using the TensorFlow Lite Converter. There are
several post-training quantization options to choose from. Here is a summary table of the

choices and the benefits they provide:

Table 2.2: Post-training quantization options

Technique Benefits Hardware
Dynamic range quantization 4x smaller, 2x-3x speedup CPU
Full integer quantization 4x smaller, 3x+ speedup CPU, Edge TPU, Microcontrollers
Float16 quantization 2x smaller, GPU acceleration CPU, GPU

Full integer quantization [48] does not require any modifications to the network, so
this technique can be used to convert a previously-trained network into a quantized model
and get further latency improvements, reductions in peak memory usage, and compatibility

with integer only hardware devices or accelerators.
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However, for full integer quantization, we need to calibrate or estimate the range
of all floating-point tensors in the model. This conversion process requires supplying a
representative dataset; a dataset that is formatted the same as the original training
dataset, using the same data range, and is of a similar style. This representative dataset
allows the quantization process to measure the dynamic range of activations and inputs,
which is critical to finding an accurate 8-bit representation of each weight and activation
value. This dataset can be a small subset (around 100-500 samples) of the training or
validation data. So, the 8-bit quantization approximates floating point values using the

following equation:

r=(q—-2)-5 (2.1)

Equation 2.1 is our quantization formula and the constants Z and S are our quantiza-
tion parameters. For 8-bit quantization, q is quantized as an 8-bit integer. The constant
S (for “scale”) is an arbitrary positive real number, typically represented in software as a
floating point quantity, like the real values r. The constant Z (for “zero-point”) is of the
same type as quantized values g, and is in fact the quantized value q corresponding to the
real value 0. This allows us to automatically meet the requirement that the real value r =
0 be exactly represented by a quantized value. Quantization ranges are treated differently
for weight quantization and activation quantization:

Per-axis or per-tensor weights are represented by int8 two’s complement values in the
range [-127, 127] with zero-point equal to 0. Per-tensor activations/inputs are represented
by int8 two’s complement values in the range [-128, 127], with a zero-point in range [-128,
127].

2.2.5 Edge TPU Compiler

The Edge TPU Compiler (edgetpu compiler) [49] is a command line tool that compiles
a TensorFlow Lite model (.tflite file) into a file that’s compatible with the Edge TPU. The
compiler accepts the file path to one or more TensorFlow Lite models, known as the model
argument. If we pass multiple models, they are co-compiled such that they can share the
Edge TPU’s RAM for parameter data caching.

After the TensorFlow model is trained and converted your to TensorFlow Lite with
quantization, the final step is to compile it with the Edge TPU Compiler. Unless the model
meets all the requirements listed at section 2.2.2.1, it can still compile, but only a portion
of the model will execute on the Edge TPU. In the case where an unsupported operation
occurs, the compiler partitions the graph into two parts. The first part of the graph that
contains only supported operations is compiled into a custom operation that executes
on the Edge TPU, and everything else executes on the ARM processor, as illustrated in
Figure 2.6.
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Figure 2.6: Edge TPU compiler supported and unsupported ops handling

By inspecting a compiled model, with a tool such as netron.app, we can see that it’s
still a TensorFlow Lite model except it now has a custom operation at the beginning of
the graph. This custom operation is the only part of the model that is actually compiled
and contains all the operations that run on the Edge TPU. The rest of the graph, that
contains the unsupported operations, remains the same and runs on the CPU.

If part of a model executes on the CPU, we should expect a significantly degraded
inference speed compared to a model that executes entirely on the Edge TPU. We cannot
predict how much slower the model will perform in this situation. However, the percentage
of operations that execute on the Edge TPU versus the CPU does not correspond to the
overall performance impact; if even a small fraction of the model executes on the CPU, it
can potentially slow the inference speed by an order of magnitude compared to a version
of the model that runs entirely on the Edge TPU.

2.2.5.1 Data Caching

The Edge TPU has roughly 8 MB of SRAM that can cache the model’s parameter data.
However, a small amount of the RAM is first reserved for the model’s inference executable,
so the parameter data uses whatever space remains after that. Naturally, saving the
parameter data on the Edge TPU RAM enables faster inferencing speed compared to
fetching the parameter data from external memory. This Edge TPU ”cache” is not actually
traditional cache—it’s compiler-allocated scratchpad memory. The Edge TPU Compiler
adds a small executable inside the model that writes a specific amount of the model’s
parameter data to the Edge TPU RAM, if available, before running an inference.

When compiling models individually, the compiler gives each model a unique ”caching
token” (a 64-bit number). Then, at the execution stage, the Edge TPU runtime compares
that caching token to the token of the data that is currently cached. If the tokens match,

the runtime uses that cached data. If they don’t match, it wipes the cache and writes
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the new model’s data instead. When models are compiled individually, only one model
at a time can cache its data. When the system clears the cache and writes new model’s
data to cache, it delays the inference. So the first time a model runs is always slower.
Any later inferences are faster because they use the cache that’s already written. But
if an application constantly switches between multiple models, this cache swapping adds
significant overhead to the application’s overall performance. The solution to this matter

comes from co-compilation.

2.2.5.2 Co-compilation

To speed up performance when continuously running multiple models on the same Edge
TPU, the compiler supports co-compilation. Essentially, co-compiling allows multiple
models to share the Edge TPU RAM to cache their parameter data together, eliminating
the need to clear the cache each time we run a different model.

When we pass multiple models to the compiler, each compiled model is assigned the
same caching token. So when we run any co-compiled model for the first time, it can write
its data to the cache without clearing it first.

The amount of RAM allocated to each model is fixed at compile-time, and it is prior-
itized based on the order the models appear in the compiler command. The cache space
is first allocated to the first model’s data, as much as can fit. If space remains after that,
cache is given to second model’s data. If some of the model data cannot fit into the Edge
TPU RAM, then it must instead be fetched from the external memory at run time. If
we co-compile several models, it is possible some models don’t get any cache, so they
must load all data from external memory. That is slower than using the cache, but when
running the models in quick succession, this could still be faster than swapping the cache

every time you run a different model.

2.2.5.3 Performance

The Edge TPU Compiler assigns a fixed amount of cache space for every model’s
parameter data at compile-time. If we co-compile two models that use less than the
available on-chip caching memory, then the external memory usage will be zero. However,
if there is not enough space for both models’ parameter data, then the rest must be fetched
from the external memory, as we see in Figure 2.7. So to achieve maximum performance
gains it is vital to never read from external memory and never rewrite the Edge TPU
RAM.

Edge TPU SRAM External memory

[ )

Executable Model A Model B
space parameter data parameter data

Model B
parameter data
(the rest)

Figure 2.7: Edge TPU RAM parameter data fitting
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When deciding whether to use co-compilation, you should run the compiler with all
your models to see whether they can fit all parameter data into the Edge TPU RAM, by
reading the compiler output. If they cannot all fit, then the most-frequently-used model
should be passed to the compiler first, so it can cache all its parameter data. On the
other hand, if they cannot all fit and they switch rarely, then perhaps co-compilation is
not beneficial because the time spent reading from external memory is more costly than
periodically rewriting the Edge TPU RAM.

2.2.5.4 Segmentation

One other available option offered by the edgetpu compiler is model segmentation. If a
model is unable to fit into the Edge TPU cache or the overall throughput for the model is
a bottleneck in the program, we can improve your performance by segmenting your model
into separate subgraphs that run in a pipeline on separate Edge TPUs. During segmen-
tation, the compiler outputs each segment as a separate .tflite file with an enumerated
filename, so the model can be executed in a pipeline using multiple Edge TPUs.

However, we should consider what number of segments will achieve our performance
goals, based on the size of the model and whether we are trying to fit a large model entirely
into the Edge TPU cache, to reduce latency, or we are trying to increase your model’s

throughput.

2.3 Methodology for Edge TPU Assessment

The evaluation of the Edge TPU as an Al accelerator, the comparison to other em-
bedded devices, as well as the trade-off analysis are performed according to NTUA’s

assessment methodology. The proposed methodology we followed in this work included:

1. Study the literature to create an initial pool of AI/ML benchmarks and datasets

and a pool of bibliography results from the competitive embedded devices.

2. Perform initial TPU benchmarking and experimentation with the TPU with “black
box” testing to derive first results and experience by assuming new users on purpose.
We will also perform some preliminary comparisons and define the details for the

next steps of the methodology.

3. Apply extended benchmarking and testing on Edge TPU, comparisons and trade-offs
analysis with custom designs and experiments. The block diagram of the methodol-

ogy is presented in Figure 2.8.
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Figure 2.8: Methodology for the assessment of the Edge TPU

2.4 Initial Benchmarking

We performed an in-depth benchmarking involving several types of neural networks
and applications, as well as varying network complexity. Our benchmarking assessment
involves results collected from the bibliography and in-house inference runs. Regarding

the embedded devices, we employ the following:

TPU: 2 Coral TPU dev boards (regular and mini)

GPU: NVIDIA’s Jetson Nano (Cortex-A57 + 128-core Maxwell GPU) [6]

VPU: Intel’s NCS2 (host machine with i7 CPU + Myriad X VPU) [7]

FPGA: Xilinx’s Zynq FPGAs (Zyng-7020, ZCU104) [8]

CPU: ARM CPUs (embedded in the aforementioned boards, with frequency around 1.3-
1.5 GHz)
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2.4.1 Bibliography

Table 2.3 below compares the time spent to perform a single inference on the Edge
TPU for several popular models with varying applications, such as image classification,
object detection, pose estimation and image segmentation. All models running on both
CPU and Edge TPU are the TensorFlow Lite versions of pre-trained models offered by
Coral, representing a small selection of model architectures that are compatible with the
Edge TPU. Om the other hand, table 2.4 compares the average throughput between the
Edge TPU and other embedded devices mentioned before.

Metrics

Latency is the amount of time it takes to perform one inference. It is measured in
units of time using the time() function of python. The timer counts the time it takes the
TensorFlow Lite to invoke the interpreter. During invoking, heavy computation is done
in the background and no other function on this object can be called while the invoke()

call has not finished. Latency is measured in milliseconds (ms).

Throughput is the rate at which a system can process inputs. It is an amount of
measurements per a given time. It is not a measure of how recent they are, rather just
a measurement of their volume. In our case, we consider that throughput is inversely
proportional to latency. This is due to the fact that the interpreter is invoked with one

input at a time. Throughput is measured in frames per second (FPS).

throughput = (2.2)

latency

On the right hand side of Table 2.3 we can see the acceleration factors between the
Edge TPU and the ARM A-53 CPU on varying neural network architectures.
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Table 2.3: Bibliography benchmarking results (latency) [1]

Neural Network Input ARM TPU TPU Accel
size A-531 DevB? USB? factor
(ms) (ms) (ms)
Unet Mv2 128x128 190.7 5.7 3.3 33
DeepLab V3 513x513 1139 241 52 5
DenseNet 224x224 1032 25 20 41
Inception V1 224x224 392 4.1 3.4 96
Inception V2 224x224 20.8 13.4
Inception V3 299x299 59 42.8
Inception V4 299x299 3157 102 85 31
Inception-Resnet V2 299x299 2852 69 57 41
MobileNet V1 224x224 164 24 2.4 68
MobileNet V2 224x224 122 2.6 2.6 47
SSD MobileNet V1 224x224 353 11 6.5 32
SSD MobileNet V2 300x300 282 14 7.6 20
ResNet-50 V1 224x224 1763 56 49 31
ResNet-50 V2 299x299 1875 59 50 32
ResNet-152 V2 299x299 5499 151 128 36
SqueezeNet 224x224 232 2 2 116
Vggl6 224x224 4595 343 296 13
Veggl9 224x224 5538 357 308 16
EfficientNet-S 224x224 705 5.5 5 128
EfficientNet-M 240x240 1081 10.6 9 102
EfficientNet-L 300x300 2717 30.5 25 89

I Embedded CPU: Quad-core ARM Cortex-A53 @ 1.5GHz

2 Dev Board: Quad-core ARM Cortex-A53 @ 1.5GHz + Edge TPU @ 500MHz @ 2 Watts

3 Desktop CPU + USB TPU: Single 64-bit Intel(R) Xeon(R) Gold 6154 CPU @ 3.00GHz + Edge
TPU @ 500MHz
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Table 2.4: Bibliography benchmarking results (throughput) [1-4]

Neural Network TPU ARM TPU Nvidia Intel Zynq
USB! A-53° DevB?® Jetson | NCS2° | ZCU104°
(FPS) (FPS) (FPS) Nano* + i7 (FPS)
(FPS) (FPS)
Inception V1 294 2.55 244 76 93 202
Inception V4 12 0.32 10 11 10 30.5
MobileNet V1 417 6.1 417 80 119 344
MobileNet V2 385 8.2 385 60 75 284
SSD MobileNet V2 132 3.6 71 39 o8 86
ResNet-50 V1 20 0.57 18 21 29 93
SqueezeNet 476 24.3 500 104 287 305
Vggl6 3 0.22 3 12 21.5
Vggl9 3 0.18 3 10 18.5
Tiny Yolo V3 25 46 123

L CPU + USB TPU: Single 64-bit Intel Xeon Gold 6154 @ 3.00GHz + Edge TPU @ 500MHz [1]

2 Embedded CPU: Quad-core Cortex-A53 @ 1.5GHz [1]

3 Dev Board: Quad-core Cortex-A53 @ 1.5GHz + Edge TPU @ 500 MHz @ 2 Watts [1]
4 Nvidia GPU: Quad-core ARM Cortex-A57 @ 1.5GHz @ 10 Watts, 4 GB LPDDR4 2]

5 Intel VPU: Intel Neural Compute Stick 2 + Movidius Myriad X VPU @ 700MHz [3]

5 FPGA: Quad-core Cortex-A53 @ 1.5GHz + Dual-core Cortex-R5 + mali-400 GPU + 2 GB DDR4 + 504k LUTs

+ 1728 DSP [4]

Table 2.5: Acceleration factor between embedded devices and Edge TPU

Neural Network Model TPU DevB/ TPU DevB/ TPU DevB/
size Jetson Nano Intel NCS2 Zynq ZCU104
(MB)
MobileNet V2 4.1 6.4 5.1 1.4
MobileNet V1 4.5 5.2 3.5 1.2
SqueezeNet 5 4.8 1.7 1.6
SSD MobileNet V2 6.7 1.8 1.2 0.83
Inception V1 7 3.2 2.6 1.2
ResNet-50 V1 25 0.86 0.6 0.2
Inception V4 43 0.91 1 0.33
Vggl6 138 0.25 0.14
Vggl9 143 0.33 0.16
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Figure 2.9: Acceleration of Edge TPU over other embedded devices

Figure 2.9 visualizes the results from the initial benchmarking we performed on bibli-
ography neural networks and applications. Essentialy, it depicts the acceleration factors
between the embedded deviced we benchmarked. We have sorted the table by model size
in order to evaluate its effect on performance among embedded devices.

For low- and mid-sized CNNs, the Edge TPU accelerator achieves 3-7x lower inference
time than the Nvidia GPU, for half the power consumption. In comparison to the Intel
Myriad X VPU, the acceleration factors are ranging between 2-5x for the same low and
mid sized CNNs, while for the same networks performs equally to the Zynq ZCU 104.

For bigger size and higher complexity networks, such as ResNet, Inception V4 and
Vgg, the Edge TPU either under-performs or achieves equal results to the other embedded

devices.

2.4.2 In-house Testing

Table 2.6 reports the results that were obtained from the in-house benchmarking we
performed. The aim of that procedure was to verify the validity of the results presented by
bibliography, get hands-on experience with both development boards and build our own

methodology for upcoming benchmarking with custom network architectures. During in-
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house testing we also had the opportunity to compare the ’large’ development board with

the 'mini’, for both the accelerators and the ARM processors.

Table 2.6: In-house benchmarking Results (latency)

Neural Network Input Model ARM TPU ARM TPU

size size A-53 DevB A-35 DevB

(MB) (ms) (ms) (ms) Mini

(ms)
Unet Mv2 128x128 7.2 192 26 389 275
DeepLab V3 513x513 2.9 1107 206 2170 472
MobileNet V1 224x224 4.5 167 3.6 350 17.7
MobileNet V2 224x224 4.1 134 3.1 261 14.3
Inception V1 224x224 7.0 377 5.8 813 34.3
Inception V2 224x224 12.0 601 18 1214 221
Inception V3 299x299 23.9 1433 54 3045 721

Inception V4 299x299 42.9 2951 103 6200 1400
EfficientNet-S 224x224 6.8 691 6.2 1424 21
EfficientNet-M 240x240 8.7 1069 9.9 2212 57
EfficientNet-L 300x300 12.8 2696 27 5641 233
PoseNet ResNet-50 288x416 24.4 3747 93 7764 929
PoseNet ResNet-50 480x640 26.4 9244 387 19144 6009
SSD MobileNet V1 224x224 7.0 352 12 710 53
SSD MobileNet V2 300x300 6.7 284 15 570 58
SSD MobileNet V2 320x320 6.7 286 7 568 33
SSD Lite MobileDet 320x320 5.1 492 16 1000 62
EfficientDet Lite 0 320x320 5.7 517 141 958 490
EfficientDet Lite 1 384x384 7.6 988 206 1859 650
EfficientDet Lite 2 448x448 10.2 1565 297 2960 1142
EfficientDet Lite 3 512x512 14.4 2920 282 5673 1168

EfficientDet Lite 3x 640x640 20.6 5476 716 10618 crash
Tiny Yolo V3 416x416 9.0 737 24 1490 300
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Table 2.7: Acceleration factor between Edge TPU devices and ARM CPUs

Neural Network Model TPU DevB/ TPU DevB/ ARM A-53/
size ARM A-53 TPU Mini ARM A-35
(MB)
Unet Mv2 7.2 7 11 2
DeepLab V3 2.9 5 2 2
MobileNet V1 4.5 46 5 2.1
MobileNet V2 4.1 32 5 1.9
Inception V1 7.0 65 6 2.2
Inception V2 12.0 33 12 2
Inception V3 23.9 27 13 2.1
Inception V4 42.9 29 14 2.1
EfficientNet-S 6.8 112 3 2.1
EfficientNet-M 8.7 108 6 2.1
EfficientNet-L 12.8 100 9 2.1
PoseNet ResNet-50 24.4 40 10 2.1
PoseNet ResNet-50 26.4 24 16 2.1
SSD MobileNet V1 7.0 29 4 2
SSD MobileNet V2 6.7 19 4 2
SSD MobileNet V2 6.7 39 5 2
SSD Lite MobileDet 5.1 30 4 2
EfficientDet Lite 0 5.7 4 4 1.9
EfficientDet Lite 1 7.6 5 3 1.9
EfficientDet Lite 2 10.2 5 4 1.9
EfficientDet Lite 3 14.4 10 4 1.9
EfficientDet Lite 3x 20.6 8 1.9
Tiny Yolo V3 9.0 31 13 2

Table 2.7 reports the acceleration factors between the Edge TPUs and the ARM CPUs.
At first, we notice that the in-house testing comparative results between the Edge TPU and

the ARM A-53 processor are similar or closely related to those obtained by bibliography.

Furthermore, we can draw conclusions about the 'mini’ development board. Although,

both devices accommodate the same TPU chip, the TPU Mini seems to be 5-20x slower

than the large TPU. This suggests that performance is hugely affected by selected ARM

processor and memory architecture of the development board. Taking into account that
the ARM A-53 CPU is twice as fast as the ARM A-35, we can assume that the LPDDR3

RAM on the TPU Mini contributes to the added latency.
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Chapter 3

Development Methodology and
Inference on TPU

3.1 Methodology for TPU Inferencing

In this chapter we will discuss the stages of building an Edge TPU compatible model
and running an inference on the Edge TPU. These are two different processes executed
on different machines. At first, we will follow the basic process presented in Figure 2.5 to
create our TensorFlow Lite model on our host machine. The next step will involves using
the TensorFlow Lite API to execute the model on the Edge TPU development board.

3.1.1 Build Edge TPU Compatible Model

Building a TensorFlow model compatible with the Edge TPU accelerator available in

Coral devices, requires only two additional steps beyond normal procedures:
e Conversion to TensorFlow Lite using full integer post-training quantization

e Compiling with the Edge TPU Compiler.

The following code snippet presents the conversion to TensorFlow Lite model by defin-
ing the appropriate representative dataset in order to calibrate the range of all floating-
point tensors in the model. This dataset is formatted the same as the original training
dataset, using the same data range, and is of a similar style. It usually contains a small
subset (around 100-500 samples) of the training data. Additionally, to ensure compat-
ibility with the Coral Edge TPU, you we enforce full integer quantization for all ops
including the inputs and outputs. The TensorFlow Lite Converter allows both int8/uint8
and float32 type inputs and outputs; however, full integer quantization results in further

latency improvements and reductions in peak memory usage.
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Listing 3.1: TFLite Conversion using full integer quantization for all ops and I/Os

def representative_data_gen ():
dataset_list = tf.data.Dataset.list_files (flowers_dir + ' /*/%’

)

for i in range(100):

image = next(iter(dataset_list))
image = tf.io.read_file (image)
image = tf.io.decode_jpeg(image, channels=3)

image

tf.image.resize (image, [IMAGESIZE, IMAGESIZE])
image = tf.cast(image / 255., tf.float32)
image = tf.expand_dims (image, 0)

yield [image]

converter = tf.lite.TFLiteConverter.from_keras_model (model)
converter.optimizations = [tf.lite.Optimize . DEFAULT]
converter.representative_dataset = representative_data_gen
converter.target_spec.supported_ops = [tf.lite.OpsSet.

TFLITE_BUILTINS_INTS]
converter.target_spec.supported_types = [tf.intS]
converter.inference_input_type = tf.uint8 # or tf.int8
converter.inference_output_type = tf.uint8 # or tf.uint8
tflite_model = converter.convert ()

3.1.2 Run Inference on TPU

Running an inference on the Edge TPU accelerator [9] is based on the TensorFlow
Lite Interpreter API. The TensorFlow Lite interpreter is designed to be lean and fast.
The interpreter uses a static graph ordering and a custom, less-dynamic memory allocator
to ensure minimal load, initialization, and execution latency. However, to make develop-
ment even easier, Coral created a wrapper library, the PyCoral API, to handle a lot
of boilerplate code that’s required when running an inference with TensorFlow Lite. The
PyCoral API is built atop the TensorFlow Lite Python API to simplify the code when
running an inference on the Edge TPU, and to provide advanced features for the Edge

TPU such as model pipelining across multiple Edge TPUs, and on-device transfer learning.
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Figure 3.1: Inferencing options

Edge TPU inferencing with Pycoral API and TensorFlow Lite Interpreter includes the
following steps, as shown on Figure 3.2. These steps are constant whichever model we
want to execute on the TPU accelerator. Only differentiation would occur depending on

the input data.

1. Load the .tflite model, which contains the model’s execution graph, into memory

2. Transform input data. Raw input data for the model does not match the input data
format expected by the model. Usually, it is necessary to resize an image or change

the image format to be compatible with the model.

3. Run inference, using the TensorFlow Lite API to execute the model. It involves a

few steps such as:

Build an Interpreter based on the existing model.

Allocate tensors.

Set input tensor values based on quantized model’s format.

Invoke inference.

Read output tensor values.

4. Interpret output. When we receive results from the model inference, we need to

interpret the tensors in a meaningful way that’s useful in our application.
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Figure 3.2: Inferencing procedure

The following code snippet presents all the steps mentioned previously about running

an inferece on the Edge TPU using the TensorFlow Lite Interpreter and the Pycoral API.

Listing 3.2: Run inference on TPU
## Step 1: Build interpreter on .tflite model

interpreter = make_interpreter (model_quant_edgetpu. tflite)
## Step 2: Allocate tensors

interpreter.allocate_tensors ()

## Step 3: Transform input data using Pycoral API

size = common.input_size (interpreter)
image = Image.open(input).convert(’'RGB’).resize (size , Image.
ANTIALIAS)

## Step 4: Set input tensor values
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def set_input_tensor (interpreter , input):
input_details = interpreter.get_input_details () [0]
tensor_index = input_details|’index’]
input_tensor = interpreter.tensor(tensor_index) () [0]
# Quantize input data, if necessary:
scale , zero_point = input_details|[’quantization ]

input_tensor[:, :] = np.uint8(input / scale + zero_point)

set_input_tensor (interpreter , input)

## Step 5: Invoke inference

interpreter .invoke ()

## Step 6: Read output tensor wvalues

def run_inference (interpreter , input):
output_details = interpreter.get_output_details()[0]
output = interpreter.get_tensor (output_details[’index’])
# Dequantize output results, if necessary:
scale , zero_point = output_details|[’quantization ]
output = scale x (output — zero_point)

return output

prediction = run_inference (interpreter , input)
## Step 7: Interpret output
out = np.uint64 (np.round(prediction ,0)) # example

3.2 Test Case: Inference of CNN for Ship Detection

3.2.1 CNN Architecture and Dataset

In this section, we will present the implementation of an image detection model on the
Edge TPU. We will use a convolutional neural network (CNN) that performs ship detection

on satellite imagery in order to evaluate the performance of the TPU accelerator on a real-

world application. Also, in the same context, we will present a demo application of ship

detection in large scale images of bay areas in California.

The neural network we will use is built in-house and is already presented in previous
projects of NTUA’s Microlab [10-12]. It is a 6 layers deep CNN, consisting of 4 2-D

convolutional + 4 pooling layers and 2 fully connected layers followed by a softmax layer

for output, as shown in Figure 3.3.
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conv2d_1_input | input:

[(None, 128, 128, 3)] | [(None, 128, 128, 3)]

I

(None, 128, 128, 3) | (None, 128, 128, 32)

!

(None, 128, 128, 32) | (None, 64, 64, 32)

!

(None, 64, 64, 32) | (None, 64, 64, 32)

I

(None, 64, 64, 32) | (None, 64, 64, 16)

!

(None, 64, 64, 16) | (None, 32, 32, 16)

!

(None, 32, 32, 16) | (None, 32, 32, 16)

I

(None, 32, 32, 16) | (None, 32, 32, 64)

!

(None, 32, 32, 64) | (None, 16, 16, 64)

!

(None, 16, 16, 64) | (None, 16, 16, 64)

I

(None, 16, 16, 64) | (None, 16, 16, 32)

!

(None, 16, 16, 32) | (None, 8, 8, 32)

!

(None, 8, 8, 32) | (None, 8, 8, 32)

I

(None, 8, 8, 32) | (None, 2048)

!

(None, 2048) | (None, 24)

!

(None, 24) | (None, 24)

I

(None, 24) | (None, 2)

InputLayer output:

conv2d_1 | input:

Conv2D | output:

max_pooling2d_1 | input:
MaxPooling2D output:

dropout | input:

Dropout | output:

conv2d_2 | input:

Conv2D | output:

max_pooling2d_2 | input:
MaxPooling2D output:

dropout_1 | input:

Dropout | output:

conv2d_3 | input:

Conv2D | output:

max_pooling2d_3 | input:
MaxPooling2D output:

dropout_2 | input:

Dropout | output:

conv2d_4 | input:

Conv2D | output:

max_pooling2d_4 | input:
MaxPooling2D output:

dropout_3 | input:

Dropout | output:

flatten | input:

Flatten | output:

dense_1 | input:

Dense | output:

dropout_4 | input:

Dropout | output:

dense_2 | input:

Dense | output:

Figure 3.3: Ship Detection CNN Visualization

Our convolutional neural network will be trained on a kaggle-derived dataset [13] that
consists of image chips extracted from Planet satellite imagery collected over the San
Francisco Bay and San Pedro Bay areas of California. The dataset includes 4000 80x80

RGB images labeled with either a ”ship” or "no-ship” classification.
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The ”ship” class includes 1000 images. Images in this class are near-centered on the
body of a single ship. Ships of different sizes, orientations, and atmospheric collection

conditions are included. Example images from this class are shown in Figure 3.4a.

The ”"no-ship” class includes 3000 images. A third of these are a random sampling of
different landcover features - water, vegetation, bare earth, buildings, etc. - that do not
include any portion of an ship. The next third are ”partial ships” that contain only a
portion of an ship, but not enough to meet the full definition of the ”ship” class. The
last third are images that have previously been mislabeled by machine learning models,
typically caused by bright pixels or strong linear features. Example images from this class

are shown in Figure 3.4b.

(a) 7Ship” class (b) ”No-ship” class

Figure 3.4: Dataset classes

3.2.2 Implementation on Edge TPU

First, we begin by pre-processing the image data; we rescale the images into float
values so the tensor values are between 0 and 1 and then we split the dataset into training
and validation. Then, we continue by creating the base keras model on our host machine
and fitting it on the pre-processed training dataset. We save the trained model’s weights
in .hdf5 format. From now, our model can be loaded straight from the weights file at any

moment.

At this point, we need to make our trained model compatible for the Edge TPU.
Following the steps we presented as methodology in chapter 3, we will convert our float
TensorFlow model into TensorFlow using full integer post-training quantization as men-
tioned on Listing 3.1. To fully quantize the model with the TFLiteConverter, we define
a representative dataset that contains 100 samples of the training image data. The only
step left, is to compile the model for the Edge TPU. Figure 3.5a notes that our quantized
model has been compiled successfully and is totally mapped on the Edge TPU accelerator,
resulting in maximum performance and lowest latency. The log file in Figure 3.5b displays
all 14 operations to be executed on the Edge TPU.
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(a) Compiler output message (b) Operation log file

Figure 3.5: Edge TPU Compiler output

Following the workflow presented in Figure 3.2 and the script in Listing 3.2, we will
run inferences of ship detection on the Edge TPU. The model takes 80x80 images as inputs

and returns a prediction of their classes, as shown in Figure 3.6 and table 3.1.

SHIPSHET

Figure 3.6: Ship Detection Network with Image input

Table 3.1: Image prediction

Label No ship Ship
Prediction 0.006 0.994

In order to examine the accuracy of the model, we will inference half of the given
dataset on the TPU. In particular, we load 1000 ’ships’ and 1000 'no-ships’ images and
expect prediction for each one of them. The output log files we receive after inferencing,
are presented in Figure 3.7. On the left side, we print the average inference time and the
prediction for each specific input image, while on the right hand side we save the input

labels that where predicted incorrectly.
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—————————————————————————————— Image —> 430 of Class —> no ships
, Class -> ships —— INCORRECT PREDICTION ——
______________________________ Image —> 745 of Class —> no ships
—— INCORRECT PREDICTION ——
InputShape: (128, 128)
Avg Inference Latency: 0.54 ms Image —> 42 of Class —> ships
—— INCORRECT PREDICTION ——
Prediction —> ships: 0.2%96092 Image —-> 83 of Cclass —> ships
—— INCORRECT PREDICTION ——
Image —> 101 of Class —> ships
—— INCORRECT PREDICTION ——

Image —> 109 of Class —> ships
InputShape: (128, 128) —— INCORRECT PREDICTION ——
Avg Inference Latency: 0.56 ms ~ i
ITmages —> 322 of class —> ships

. . o ~ —— INCORRECT PREDICTION ——
Prediction —> ships: 0.99219

Image —> 611 of Class —> ships
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, —— INCORRECT PREDICTION ——

" Image —> 714 of Class —> ships
—————————————————————————————— —— INCORRECT PREDICTION ——
InputShape: (128, 128) Image —> B826 of Class —> ships

P, —— INCORRECT PREDICTION ——
Avg Inference Latency: 0.59 ms = = S

Image —> B72 of Class —> ships
Prediction —-> ships: 0.99609 —— INCOREECT PREDICTION ——
(a) Outputs file (b) Incorrect predictions log file

Figure 3.7: Ship detection test on 2000 images

The accuracy and the performance of our model, either executed on CPU or on the
TPU, quantized or not, are presented on Table 3.2. Related work on the same dataset
developed on a Xilinx Virtex 7 XC7TVX485T FPGA accelerator has shown similar perfor-
mance (inference time @ 0.687 ms) for higher power consumption (5 watts) [14], while the
same CNN for ship detection has achieved 725 FPS on a Xilinx Zynq Z-7020 FPGA [15]
at 4 watts [12].

Table 3.2: Accuracy & Performance

Model quant type inference Accuracy Latency Throughput
(ms) (FPS)
TFLite no CPU 87.8 % 36 28
TFLite uint8 CPU 99.4 % 22 45.5
TFLite
. uint8 Edge TPU 99.4 % 0.5-1 1000-2000
Compiled

The directory of the implementation for the complete ship detection model we have
discussed so far can be found it the following github repository: Applications on Google
Edge TPU.

73


https://github.com/ChronisSakos/Applications-of-Google-Edge-TPU
https://github.com/ChronisSakos/Applications-of-Google-Edge-TPU

Ship Detection

Using the same model, we will present a demo application for ship detection. Our
target is to identify regions of interest in large scale images of bay areas. The workflow we
will follow is presented below in figure 3.8. We have built a custom function that splits an
image both horizontally and vertically in selected width and height boxes with pre-defined
overlap, so that we do not lose any vital information during this procedure. For example,
large images like Figure 3.9, with input resolution of 2844x1828, can be split into 12460
80x80 images with overlap equal to 60 pixels, like Figure 3.10.

( Input image ’

Split in 80%80 images
with overlap

Load classification
model on interpreter

—— >  Pass next image e—————

Run inference

Ship
detected?

YES

Display image with
label "Ship Detected"

Figure 3.8: Ship Detection Workflow
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Figure 3.9: Long Beach bay area (2844x1828)

Figure 3.10: 80x80 cropped images
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Ship Detected

e

]
| o

Figure 3.11: Ship Detection Demo output

Our model accelerated with Edge TPU can run inference for any 80x80
input image at 0.5-1 milliseconds (ms). So with throughput of 1000 FPS, it

can return accurate ship predictions for 12460 inputs in less than 12.5 seconds.

3.3 Development of Custom General-Purpose Operations

In this section, we will experiment with the Edge TPU developing custom designs.
We need to examine whether this neural network accelerator, optimized specifically to
handle neural network workloads, can perform low-level operations. So, our target is to
understand more about TPU’s architecture and also propose some solutions for accelerated

general-purpose computing.

We have already discussed that building a TPU compatible model can be done in two
ways, either with high-level or with low-level APIs. In the first case, we can build any model
in TensorFlow using the Keras library, which offers access to numerous implementations
of commonly used neural-network building blocks such as layers, objectives, activation
functions and optimizers. On the other hand, we can use tf.function in order to compile
any given function or operation into a callable TensorFlow graph. TF Functions are
polymorphic, thus supporting inputs of different types ans shapes. Every time we call a
TF Function with a new combination of input types or shapes, it generates a new concrete
function, with its own graph specialized for this particular combination. Listings 3.3 and

3.4 illustrate the implementation of the same operation with both options we mentioned:
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Listing 3.3: Keras model

input_shape = (4, 1)

input_1 = tf.keras.layers.Input(shape=(input_shape))

input_2 = tf.keras.layers.Input(shape=(input_shape))

add = tf.keras.layers.Add() ([input_-1, input_-2])

model = tf.keras.models.Model(inputs=[input_1,input_2], outputs
~[add])

Listing 3.4: Concrete function

@tf. function
def add(x1, x2):
return tf.add(x1,x2)

tensor = add.get_concrete_function (tf.ones([4, 1]), tf.ones([4,

1))

In the following sections, we will explore thoroughly both implementations and will

propose any necessary modification in order to perform inference on general-purpose op-

erations.

3.3.1 8-bit Add & Multiply operations

First, we will propose an implementation for general algebraic operations, like element-

wise additions and multiplications. As we have already discussed, the TPU accelerator

achieves maximum performance for fully quantized uint8 models. Consequently, all input

and output tensors are in the range of 0 and 255. This requires that the representative

dataset is defined properly so that inputs and outputs are quantized with the correct scale

factor.

e Addition: adding two 8-bit integers, results in one 9-bit integer. The output result
needs to be stored in a 8-bit register. The minimum possible addition is 0+0, which
returns 0, while the maximum possible addition is 2554255 and returns 510. So we
have 510 possible results, that need to be stored only in 256 positions inside the
Edge TPU.
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Figure 3.12: Adding 8-bit unsigned integers

In Table 3.3 we can see the mapping of every possible algebraic result, to the 256
memory locations. After de-quantization from the Edge TPU, every value will be
scaled by 2, in order to return the expected output, hence the maximum error will be
1. In terms of representative dataset, we create a sample list of 1000 numbers that
contains each and every integer number in the range of 0-255. During post-training
quantization, input tensors will be scaled by 1, while output tensors will be scaled

by 2, based on the function format.

Table 3.3: Addition

Possible result Output
0 0
1-2 1
3-4 2
2N + 1-2-(N+1) N+1
509-510 255

e Multiplication: multiplying two 8-bit integers, results in one 16-bit integer. The
minimum possible multiplication is 0-0, which returns 0, while the maximum possible
multiplication is 255-255 and returns 65025. So we have 65025 possible results, that
need to be stored only in 256 positions inside the Edge TPU.
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Figure 3.13: Multiplying 8-bit unsigned integers

In Table 3.4 we can see the mapping of every possible algebraic result, to the 8-bit
output. After de-quantization from the Edge TPU, every value will be scaled by
255, in order to return the expected output; maximum error will be 128. In terms of
representative dataset, we create a sample list of 1000 numbers that contains each
and every integer number in the range of 0-255. During post-training quantization,
input tensors will be scaled by 1, while output tensors will be scaled by 255, based

on the function format.

Table 3.4: Multiplication

Possible result Output
0-126 0
127 - 381 1
382 - 636 2
255-N+127 - 255-(N+1)+126 N+1
255-254+127 - 255-255 255
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|a1|a2|a3|a4|a5|a6|a7|a8|a9|

*

[ b1 | b2 | b3 | b4 | b5 | b6 | b7 | b8 | b9 |

[ a1*b1 | a2*b2 | a3*b3 | a4*b4 | a5*b5 | a6*b6 | a7*b7 | ag*bs | a9*b9 |

al a2 a3 bl b2 b3 al+bl | a2+b2 | a3+b3
ad a5 ab + ba b5 b6 — ad+b4 | a5+b5 | a6+b6
a7 a8 ad b7 b8 b9 a7+b7 | a8+b8 | a%+h9

Figure 3.14: Element-wise operations Nx1 or NxN

Listing 3.5: Add & Multiply Examples
Example —> Add

TPU Input 1 [[[198 190 231 82 15 99 36 711]
TPU Input 2 : [[[ 72 115 28 124 176 16 44 221]]]
Scale: 2.0

Result: 135 152 130 103 96 58 40 114]

Expected Result: 270. 305. 259. 206. 191. 115. 80. 228.]

[
Scaled Output : [270 304 260 206 192 116 80 228]
[
Error: [ 0. 1. —1. 0. —1. —1. 0. 0.]

Example — Multiply

TPU Input 1 : [[[126 127 127 127 127 255]]]
TPU Input 2 : [[[ 1 1 3 4 5 255]]]
Scale: 255.0

Result :
Scaled Output
Expected Result:

Error:

01122 255]

[0 255 255 510 510 65025]

[126. 127. 381. 508. 635. 65025.]
[126. —128. 126. —2. 125. 0.]

N-bit Operations

We have already seen that performing algebraic operations on the TPU requires com-
promises in terms of accuracy even if the inputs are 8-bit numbers. In the case of larger

bitwidth numbers, we expect that the compromise will be even bigger, so we need to
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examine whether this accuracy loss is admissible or we need find other solutions.

The only modification we will make to our model is the representative dataset, which

will designate the scale factors for the input and output tensors. In particular, we will

study 16 and 32 bit operations. 16bits unsigned integers are ranging between 0 and 65535,
while 32-bit integers between 0 and 4294967295. This makes it even more difficult to

represent in the range of 8-bit numbers.

e Adding 16-bit unsigned integers results in 17-bit integers, while 32-bit integers lead

to 33-bit integers. In the first case, input tensors need to be scaled down 255:1, so

that they are mapped into 8-bit numbers, while output sensors will be scaled up

2-255 times, in order to represent 17-bit integers. Accordingly, 32-bit input tensors
will need to be scaled down 65535:1 for 16-bit mapping and 255:1 more for 8-bit
mapping, while 8-bit output tensors will be scaled 2-255-65535 times to represent

33-bit integers.

e In multiplication, the expected output is 32-bit and 64-bit integers respectively.

Input and output tensor scaling will follow the same procedure as above. Table 3.5

summarizes the cases presented above, concerning bitwidth and tensor scaling.

Table 3.5: Bitwidth & Scaling

8-bits 16-bits 32-bits
Addition
Input scale 1 255 255-65535
Output scale 2 2-255 2-255-65535
Multiplication
Input scale 1 255 255-65535
Output scale 255 255-65535 255-65535-4294967295

3.3.2 Matrix Multiplications

Matrix multiplication is a binary operation that produces a matrix from two matrices.

It is an algebraic operation that combines multiplication and addition. It works as follows:

ail ai2
a1 a2
Aml  Am2

ain bir bz - by cl2 - cCip

asnp bar baa -+ by Co2 - Cyp
>< . . . =

Qmn, bnl an to bnp Cml Cm2 Cmp

n
Cij = ai1b1j + ajoboj + - - - + aip + by = Z aikby;
k=1
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Our reasoning is that matrix multiplication requires two operation to be executed in
series before giving a result. This indicates that the systolic array of our accelerator can
inference these operations faster than a common ARM processor. Therefore, our target is
to evaluate whether the Edge TPU can provide satisfactory acceleration on a small and
low-level operation like matrix multiplication.

Matrix multiplication function is similar to single multiplications with the distinction
that the outputs of multiplication stage are added together. For example, for 3x3 matrices,

equation 3.1 for cell (1,1) gives:
c11 = a11b11 + a12ba1 + a13bsy (3.2)

In general, multiplication of NxN matrices require N parallel element-wise multipli-
cations and N-1 element-wise additions in series. The representative dataset we define
consists only of 8-bit number ranging from 0 to 255; input tensors scale is equal to 1, while
output tensor scale depends on the matrices size. So for the multiplication we scale by
255, and then for (N-1) additions we scale up by (N-1)+1=N.

Example
1 3 0 2
* 0o }1 =
2 \ 7 2 1
\'i&
3 0 2 0 12 4 4 2
12 0 8 + 0 2 8 + 10 10 5 =
6 0 0 0 0
7 7 16
22 12 21
6 1 8

Figure 3.15: 3x3 Matrix multiplication example

Listing 3.6: MatMul Example
Example —> MatMul

TPU Input 1: [[[[156 100]
[ 88 133]]]]

TPU Input 2: [[[[15 190]
(1656 22]]]]

Scale: 510.0
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Result : [37 62 46 39]

Scaled Output: [18870. 31620. 23460. 19890.]
Expected Result: [18840 31840. 23265. 19646.]
Error: [ — 220. —195. —244.]

3.3.3 N-bit Custom Operations

In both implementation we presented before, we noticed that performing algebraic
operations with bitwidth larger than 8, adds intolerable error into the calculations. Ex-
tensive results about the mean-error of any operation we have already discussed or we
will mention in this section, are presented in Chapter 4. Our goal, in this section, is to
experiment with custom designs of element-wise or matrix multiplications in order to solve
the problem of limited bitwidth operations. So, our proposal will have to do with

breaking N-bit integers into multiple 8-bit integers.

3.3.3.1 N-bit element-wise operations

356 0 0 0 0 0 0 0 1 0 1 1 0 0 1 0 0
1 100
356 = 1 L 218 + 100 " 20
8 nificant” 8-bl
|
1044 0 0 0 0 0 1 0 0 0 0 0 1 0 1 0 0
| |
4 20
1044 = 4 * 218 + 20 £ 240

Figure 3.16: Example: Break 16-bit integers into 8-bit parts

In general, any N-bit number (16,32,64,... bits) can be broken into N/2 8-bit parts
following the same procedure. Implementing this procedure on the Edge TPU, required
building a function that converts any given input of defined bitwidth, into 8-bit numbers.
In particular, this function takes two integers as inputs and brakes each one of them into
two parts, until width is equal to 8. For example, 32-bit inputs are firstly broken into 16
numbers; first 16 bits are distinguished by right shifting and the last 16 bits by modulus
division with 2'6. Then, each part is again broken into 2 8-bit numbers. So, at the end,
both 32-bit inputs are broken into 4 8-bit numbers. This procedure is presented in the

following code snippet.
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Listing 3.7: Conversion function

def convert(inputl ,input2 ,value):
x = [None] * 4
a = inputl
b = input2
= (a>>int (value /4)>>int (value /4)>>int (value /4)>>int (value

]
/
| = (a%2xx(value))

] = (b>>int (value/4)>>int (value /4)>>int (value /4)>>int (value
/

]

= (b%2xx(value))

if value >8:
yl = convert(x[0], x[1], int(value/2))
y2 = convert(x[2], x[3], int(value/2))
return [yl,y2]

else:

return x[:4]

## inputl =
## input2 =
## bit =

value = int (bits/2)

x = convert (inputl ,input2 ,value)

Listing 3.8: Concrete function

@tf. function
def anybit (xarg):
diml = int (bits/8)

print ("1st input num of 8bits: ”,diml)

dim2 = int (bits/8)

print ("2nd input num of 8bits: 7 ,dim2)

return [[tf.multiply (arg[i], arg[diml+k]) for k in range(dim2)

i
| for i in range(diml)]

tensor = anybit.get_concrete_function (inputl ,input2)
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Figure 3.17: N-bit inference workflow

Implementing this concept on the Edge TPU, requires building TF Function and set-
ting input and output tensors with variable values. For any desired bitwidth, we consider
each input’s broken parts as a list and perform the calculation on each specific part, either
addition or multiplication. The workflow we follow is presented in Figure 3.17. Also, on
Table 3.6 we display the number of operations and 1/Os for the implementation of any

bitwidth calculation.

Table 3.6: Bitwidth & Operations

Bitwidth operations inputs outputs
16-bits 2 4 2
32-bits 4 8 4
64-bits 8 16 8
N-bits N/8 N/4 N/8

Listing 3.9: 16-bit Multiply Example

Example — Multiply
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Input 1: (16771 9409]
Input 2: (6730 32248]
TPU Input 1: [[[65 36]]]
TPU Input 2: [[[131 193]]]
TPU Input 3: [[[26 125]]]
TPU Input 4: [[[74 248]]]
Scale: 255.0
RESULTS
Result 1: [7 18]
Scaled Output 1: [1785 4590]
Factor 1: 16
Total 1: [[[[116981760 300810240]]]]
Result 2: [19 35]
Scaled Output 2: [4845 8925]
Factor 2: 8
Total 2: [[[[1240320 2284800]]]]
Result 3: [13 95]
Scaled Output 3: [3315 24225]
Factor 3: 8
Total 3: [[[[848640 6201600]]]]
Result 4: [38 188]
Scaled Output 4: [9690 47940]
Factor 4: 0
Total 4: [[[[9690 47940]]]]
Sum : (119080410 309344580]

Expected Result:

Error:

[112868830 303421432]
[-6211580 —5923148]
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3.3.3.2 N-bit Matrix Multiplications

Except for element-wise operations, we will also explore an approach for more complex
operations, like matrix multiplication. We will follow the same workflow we have already
discussed, however it will need to be adapted to NxN matrices. Each N-bit element of the
matrices will be broken into 8-bit parts, like we presented in Figure 3.16 and Listing 3.7.

Let’s say we have two KxK matrices, A and B, that contain N-bit numbers.

@ 4] = [4] 525+ [a] 0t ]

(2) [B] = {Bl} x 2N8 4 [BQ} x oN=16 L .. [BN} % 90

Then, sub-matrices A;, that now contain only 8-bit numbers, will be multiplied in-
dividually with every one of the B; sub-matrices. This indicates that (N/8)? matrix

multiplications will be performed.

{A} : [B] = {Al} X {Bl] x 2N =8 N =8 {Al} X {BQ] W ON-8, oN=16 4 . [AQ} % [31} (ON—16 oN—8

- |:A2} X [BQ} x QN=16 5 oN=16 4y [AN} X [BN] x 20 % 20

In terms of implementing this concept on the Edge TPU, we will mostly follow the
approach we discussed for N-bit element-wise operations. The only distinction between two
approaches will have to do with the number of operations based on the model’s bitwidth.

On Table 3.7 we display the number of operations and I/Os for the implementation.

Table 3.7: Bitwidth & Operations

Bitwidth operations inputs outputs
16-bits 4 4 4
32-bits 16 8 16
N-bits (N/4)? N/4 (N/4)?

Listing 3.10: 16-bit Matrix Multiplication Example

Example —> MatMul

Input 1 [[10246 11498]
(34470 47539]]
Input 2 [[17979 40390]
[ ]

62514 25629]
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TPU Input 1 [[[ 40 44]
[134 185]H
TPU Input 2 : [[] 234]
[166 179]]]
TPU Input 3 :  [[[ 70 157]
[244 100]]]
TPU Input 4 : [[[ 59 198]
[ 50 29]]]
Scale: 510.0
RESULTS
Result 1: [27 21]
107 78]]

Scaled Output 1

Factor 1

Total 1

Result 2:

Scaled Output 2

Factor 2

Total 2

Result 3:

Scaled Output 3

Factor 3

Total 3

Result 4:

Scaled Output 4

[

[

[[13770 10710]

(54570 39780]]

16

[[902430720 701890560]
(3576299520 2607022080]]

[[57 77]

[12 15]]
[[29070 39270]
[ 6120 7650]]
8
[
[

[7441920 10053120]
1566720 1958400]]

[[24 16]

(37 75]]

[[12240 8160]
(18870 38250]]
8
[
[

(3133440 2088960]
4830720 9792000]]

[[52 87]
(35 147]]
[[26520 44370]
[17850 74970]]
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Factor 4 : 0
Total 4 : [[26520 44370]
[17850 74970]]

Sum [[913032600 714077010]
[3582714810 2618847450]]

Expected output: [[902998806 708518182
[3591589176 2610620331]]
[[[[-10033794 —5558828]
[

8874366 —8227119]]]]

Error:

3.3.4 More designs for evaluation purposes

In this section, we will present some additional model designs we made, that can be

enlightening about the evaluation of the TPU architecture.

3.3.4.1 MultiLayer Perceptron

A multilayer perceptron (MLP) is a fully connected class of feedforward artificial neural
network (ANN). An MLP is composed of one input layer, one or more hidden layers and
one final layer called the output layer (Figure 3.18 [50]). Every layer except the output
layer includes a bias neuron and is fully connected to the next layer. Fully Connected layers
in neural networks are those layers where all the inputs from one layer are connected to
every activation unit of the next layer. In most popular machine learning models, the last
few layers are full connected layers which compiles the data extracted by previous layers
to form the final output. Fully Connected layers are very commonly used on Classification
model; after feature extraction we need to classify the data into various classes and this
can be done using a fully connected (FC) neural network to make the model end-to-end
trainable. As we notice in Figure 3.18, the neurons of a fully connected layer represent
a matrix-vector multiplication between weights and the input/output vectors, known as

activation values.
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Hidden Layers

Inputs

Figure 3.18: Schematic of a fully connected neural network

The implementation of a fully connected layer in TensorFlow is similar to matrix
multiplication, however we will create keras model instead of TF Function, as shown

below:

Listing 3.11: Concrete function

model = Sequential ()

model . add (Dense (2000, input_dim=100, activation='relu’))
model.add (Dense (1000, activation='relu’))

model . add (Dense (500, activation="relu’))

model . add (Dense (200, activation='relu’))

model . add ( (

model . add ( (

Dense (5, activation="relu’))
1

Dense (1, activation=’softmax’))

3.3.4.2 Custom designs with multiple Operations and I/Os

In this section, we will experiment with multiple operation and input/output models,
that may not have any real application, however will help us to identify patterns that will
reveal information about the architecture of the systolic array of the TPU accelerator.

Specifically, we will examine three key aspects of inferencing on TPU:
1. How different amount of inputs and outputs affect inference time.
2. How many operations can be executed in parallel.

3. How quantization type affects inference time. Float32 models are quantized on ARM

processor, uint8 models on Edge TPU and int8 are not quantized at all.
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Listing 3.12: Multiple muls in parallel

Listing 3.13: Multiple muls in single output

@tf. function
def parallel (x1,x2,x3,x4,...)

yl = tf.mul(x1,x2)
y2 = tf.mul(x3,x4)

return [yl,y2,...]

@tf. function
def single_output (x1,x2,x3,x4
)
yl = tf.mul(x1,x2)
y2 = tf.mul(x3,x4)
y3 = tf.add(yl,y2)

return y3

Listing 3.14: Multiple connected muls

@tf. function

return yN

def connected_muls(x1, x2):
yl = tf.mul(x1,x2)
y2 = tf.mul(yl,x1)
y3 = tf.mul(y2,x1)

yN = tf . mul(y(N-1),x1)
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Chapter 4

Experimental Evaluation

4.1 Experimental Setup

Following the implementations we presented in chapter 3 about the development of
custom general-purpose operations, we will now display all the results we received from
experimenting with the Edge TPU, based on the designs mentioned in section 3.3. The
experimental evaluation includes building the TensorFlow models, as presented before,
exporting the quantized TensorFlow Lite model mapped for both the ARM processor
and the TPU, and inferencing both models on the development board. We ran multiple
inferences and took into account any possible scenario in order to ensure the validity of
our research regarding accuracy and performance. For the experimental evaluation, we
connected with development board remotely using the ssh protocol, while the mini board
was connected to the host machine by USB. (Figure 2.2). All the models were built in
TensorFlow 2.1, converted to TFLite and compiled for the Edge TPU on the host machine
using Ubuntu 20.04.

4.2 Evaluation of Custom Operations on Edge TPU

4.2.1 Element-wise Operations

First, we will display the results of the proposed implementation for general algebraic
operations, like element-wise additions and multiplications. We evaluated both Nx1 and

NxN input sizes; results are presented in Tables 4.1 and 4.2 for each case.
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Table 4.1: Average inference time (ms) for Nx1 arrays

Multiplication Addition
inference ARM A-53 Edge TPU | ARM A-53 Edge TPU
quant type uint8 uint8 uint8 uint8

inputs 2 2 2 2
outputs 1 1 1 1
operations 1 1 1 1
quantizations 3 3 3 3
Array size
1 0.012 0.342 0.012 0.348
2 0.012 0.278 0.016 0.333
4 0.012 0.344 0.012 0.327
8 0.013 0.394 0.013 0.454
16 0.012 0.363 0.014 0.357
32 0.013 0.389 0.012 0.38
64 0.013 0.396 0.014 0.399
128 0.013 0.37 0.014 0.523
256 0.015 0.606 0.015 0.685
512 0.018 0.584 0.02 0.684
1024 0.024 0.585 0.028 0.513
2048 0.036 0.583 0.043 0.763
4096 0.06 0.762 0.068 0.751
8192 0.112 0.765 0.124 0.576
16384 0.209 0.805 0.235 0.82
32768 0.406 0.859 0.463 1.003
65536 0.801 1.217 0.909 1.07
82944 0.998 1.49 1.134 1.534
131072 1.601 1.909 1.829 2.043
147456 1.813 2.313 2.065 2.383
163840 2.024 2.435 2.302 2.613
172032 2.124 2.618 2.423 2.574
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Table 4.2: Average inference time (ms) for NxN arrays

Multiplication Addition
inference ARM A-53 Edge TPU | ARM A-53 Edge TPU

quant type uint8 uint8 uint8 uint8
inputs 2 2 2 2
outputs 1 1 1 1
operations 1 1 1 1
quantizations 3 3 3 3

Array size

1x1 0,012 0,273 0,012 0,296
2x2 0,012 0,281 0,013 0,292
4x4 0,012 0,651 0,012 0,295
8x8 0,013 0,273 0,013 0,301
16x16 0,015 0,445 0,015 0,274
32x32 0,024 0,302 0,026 0,258
64x64 0,06 0,299 0,067 0,693
128x128 0,207 0,965 0,245 0,952
256x256 0,799 2,22 0,915 1,108

Figures 4.1 and 4.2 compare the average inference time per array size between ARM
A-53 CPU and the Edge TPU for both multiplications and additions. The results lead to
five observations on the Edge TPU.

1. Inferencing on TPU has an overhead of 0.25-0.3 ms, that involves data transportation

and communication with the memory.

2. Linear algebra implementations that frequent branching or are dominated element-
wise by algebra do not perform well on TPUs, because they do not exploit the
advantages of TPU’s systolic array.

3. Performing operations with NxN input tensor dimensions is far more efficient and

faster than Nx1 dimensions.

4. The ASIC of Edge TPU is based on a systolic array of multipliers and accumulators,
that can perform a series of operations in parallel. Our estimation of a 64x64 array
seems to be confirmed based on our results, as the inference time for NxN arrays

rises exponentially for arrays larger than 64x64.

5. The Edge TPU cannot serve matrix operations of dimensions larger than 28x28.
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Figure 4.2: Nx1 vs NxN additions

As we have already mentioned in previous chapters, performing algebraic operations on
the TPU requires compromises in terms of accuracy even if the inputs are 8-bit numbers.
In the case of larger bitwidth numbers, the compromise is even bigger. Therefore, we have
examined and present you (Tables 4.3 and 4.4) the percentage error of both element-wise
operations for 8, 16 and 32-bit inputs. The size of the sampling pool that lead to these
results is 170000 samples.

Table 4.3: Percentage Error of multiplications

8-bit integers

16-bit integers

32-bit integers

Mean
Max
Min

29 %
100.0 %
0.0 %

4.6 %
100.0 %
0.0 %

4.6 %
100.0 %
0.0 %
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Table 4.4: Percentage Error of additions

8-bit integers

16-bit integers

32-bit integers

Mean
Max
Min

0.28 %
100.0 %
0.0 %

1.1%
100.0%
0.0%

1.1 %
100.0 %
0.0 %

4.2.2 Matrix Multiplication

Tensor Processing Units are very fast at performing dense vector and matrix com-
putations. So, in this section we evaluate the performance of the Edge TPU on matrix
multiplications. Results are presented on Table 4.5 and visualized in Figure 4.3. In this
case, we decided to include measurements on the ARM processor with the original Ten-
sorFlow Lite before it was quantized to the 8-bit equivalent, so that we can have an

understanding of the performance gains of the smaller quantized models.

Table 4.5: Average inference time (ms)

NxN N2x1
inference ARM A-53 ARM A-53 Edge TPU || ARM A-53 Edge TPU
quant type no uint8 uint8 uint8 uint8

inputs 2 2 2 2 2
outputs 1 1 1 1 1
operations 3 3 3 2 2
quantizations 0 3 3 3 3
Array size
N=1 0,014 0,015 0,27 0,015 0,283
N=2 0,015 0,016 0,277 0,015 0,321
N=4 0,015 0,016 0,287 0,015 0,288
N=8 0,015 0,017 0,296 0,016 0,389
N=16 0,018 0,022 0,297 0,018 0,441
N=32 0,033 0,043 0,322 0,027 0,462
N=64 0,162 0,146 0,322 0,056 0,843
N=128 0,833 0,769 0,488 0,187 0,938
N=256 6,807 4,806 1,288 - -
N=288 9,729 6,646 1,55 - -

The conclusion we reach concerning matrix multiplication on the TPU development
board, is that for input tensor dimensions smaller than 64x64, the inference time on the

Edge TPU is one (1) order of magnitude larger than the one on the ARM processor,
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while for bigger dimensions, the systolic array achieves great parallelization leading to
acceleration over the ARM A-53; 4x times faster than the 8-bit quantized model executed
and up to 7x times faster than the 32-bit floating point model on the same ARM processor.

10! 4

- ARM A-53 no quant
- ARM A-53

’g Edge TPU
: [T ¥ T T T fF
g
g
5 1071
E
1072

Array size

Figure 4.3: NxN matrix multiplications

Similar to the element-wise operation, execution on the TPU accelerator trades off
performance against accuracy. Table 4.6 displays the percentage error of matrix multi-
plications comparatively to the input tensor dimensions. In matrix multiplications, the
bigger the array size, the more additions are executed, hence bigger accuracy loss. How-
ever, the bigger the array size, the lesser contribution has each addition factor in the
output, hence smaller accuracy loss. Needless to say, multiplication’s accuracy loss is

higher than addition’s, so in the end, bigger array size is preferred.

Table 4.6: Percentage Error of matriz multiplications

Array size | Mean error | Max error
1x1 227 % 100.0 %
2x2 0.95 % 100.0 %
4x4 0.52 % 211 %
8x8 0.45 % 3.5 %

16x16 0.41 % 1.6 %
32x32 0.41 % 1.4 %
64x64 0.40 % 1.14 %
128x128 0.39 % 0.99 %
256x256 0.40 % 0.95 %
288x288 0.40 % 0.93 %
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4.2.3 Custom N-bit Operations

In this section, we will present the results of experimenting with custom designs of
element-wise or matrix multiplications in order to solve the problem of limited bitwidth

operations, by breaking N-bit integers into multiple 8-bit integers.

4.2.3.1 N-bit Element-wise Operations

As we have already discussed, in chapter 3, any N-bit number (16,32,64,... bits) can
be broken into N/2 8-bit parts and then multiplied or added to any other number of the
same bitwidth. Figure 4.4 illustrates the operations and I/Os interconnections of a 16-bit
multiplication model on the Edge TPU.

arg_33

Tx1x1x64

Tx1x1x64

Tx1x1x64 1x1x1x64 Tx1x1x64

Quantize Quantize Quantize

Tx1x1x64 Tx1x1x64

Tx1x1x64 Tx1x1x64 1x1x1x64 Tx1x1x64
Tx1x1x64 Tx1x1x64 Tx1x1x64 Tx1x1x64

{Identityj 15 ] [\dentityj 13 ] Identity 2 14 Identity 12

Figure 4.4: 16-bit multiplications

Then, we will display the results of the proposed implementation for N-bit element-
wise operations for both Nx1 and NxN input sizes; results are presented in Tables 4.7 and

4.8 for each case.
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Table 4.7: Average inference time (ms) for Nx1 arrays

16-bit 32-bit
inference ARM A-53 Edge TPU | ARM A-53 Edge TPU
quant type uint8 uint8 uint8 uint8
inputs 4 4 8 8
outputs 4 4 16 16
operations 4 4 16 16
quantizations 8 8 24 24
Array size
1 0.016 0.5 0.027 1.49
2 0.016 0.531 0.028 1.39
4 0.016 0.597 0.03 1.41
8 0.017 0.573 0.033 1.39
16 0.016 0.577 0.029 1.49
32 0.016 0.589 0.03 1.49
64 0.018 0.712 0.034 1.35
128 0.02 0.547 0.042 1.48
256 0.025 0.755 0.06 1.50
512 0.034 0.754 0.093 1.72
1024 0.055 0.909 0.155 1.64
2048 0.9 0.733 0.284 1.77
4096 0.165 0.952 0.55 1.83
8192 0.32 1.05 1.08 2.3
16384 0.622 1.29 2.1 3.4
32768 1.24 2 4.3 5.6
65536 2.5 3.6 8.9 10.2
82944 3.2 4.2 11 12.5
131072 5.1 6.3 18.1 20.3
147456 5.8 7 20.4 21.8
163840 6.4 7.7 22.6
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Table 4.8: Average inference time (ms) for NxN arrays

16-bit 32-bit
inference ARM A-53 Edge TPU | ARM A-53 Edge TPU
quant type uint8 uint8 uint8 uint8
inputs 4 4 8 8
outputs 4 4 16 16
operations 4 4 16 16
quantizations 8 8 24 24
Array size
1x1 0.015 0.584 0.027 1.3
2x2 0.018 0.470 0.029 1.6
x4 0.016 0.700 0.028 1.2
8x8 0.017 0.709 0.034 1.5
16x16 0.025 0.680 0.058 1.7
32x32 0.056 0.678 0.155 1.5
64x64 0.165 0.929 0.549 1.8
128x128 0.629 1.31 2.2 3.9
256x256 2.5 3.9 8.9 33.5

The results lead to some worth-mentioning observations on the Edge TPU. Specifically,
the most import observation is that, the increase in inference time is linear to the number
of operations executed on the accelerator.
input dimensions, and cannot be noticed in our tables because of the added overhead by
the TPU. Moreover, our results confirm the estimation of a 64x64 systolic array as the

inference time for NxN arrays rises exponentially for arrays larger than 64x64, as shown

in Figure 4.5.

However, this is not applicable for smaller

Table 4.9: Effect of number of operations in inference time

8-bit integers

16-bit integers

32-bit integers

Operations No.

Latency Nx1

Latency NxN

4
2.3
0.965

12
7
1.31

40
21.8
3.9
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Figure 4.5: Nx1 vs NxN multiplications

In terms of accuracy improvement, our proposed design reaches its goal in the case
of 16-bit inputs integers, decreasing the calculations’ accuracy from 4.6 % to 2.5 % with

a small trade-off in latency; the custom design is up to 100 % slower than the 8-bit

implementation.
Table 4.10: Percentage Error of N-bit multiplications
16-bit integers | 32-bit integers | 64-bit integers
Mean 2.5 % 7.3 % 33.2 %
Max 100.0 % 99.7 % 99.7 %
Min 0.0 % 0.0 % 0.0 %

4.2.3.2 N-bit Matrix Multiplication

Following the custom design for element-wise operations, we will present the results
of our approach for more complex operations, like matrix multiplication. Figure 4.6 illus-
trates the operations and I/Os interconnections of a 16-bit matrix multiplication model
on the Edge TPU. We notice that, matrix multiplications are mapped by the compiler as
Fully Connected operations, one input of which is transposed in order to be eligible for the
calculation. For this reason, it is important to always reconsider how to build an algebraic

model with multiple operations, so that the compiler can map correctly every operation.
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Figure 4.6: 16-bit matrix multiplications

The results displayed on Table 4.11 help us confirm some previously discussed conclu-

sions. Similar to element-wise operations, the increase in inference time is linear to the

number of operations executed on the accelerator. Also, Figure 4.7 makes it clear that

in matrix multiplication of large dimension input tensors offer significant acceleration. In
terms of accuracy (Table 4.12), our proposed design reaches its goal in the case of 16-bit

inputs integers, managing the same percentage error for 128x128 input tensors as the 8-bit

implementation.
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Table 4.11: Average inference time (ms) for NxN arrays

16-bit 32-bit
inference ARM A-53 Edge TPU | ARM A-53 Edge TPU
quant type uint8 uint8 uint8 uint8
inputs 4 4 8 8
outputs 4 4 16 16
operations 12 12 32 32
quantizations 8 8 24 24
Array size
2x2 0.029 0.630 0.056 1.53
4x4 0.026 0.465 0.055 1.70
8x8 0.03 0.600 0.076 1.73
16x16 0.046 0.982 0.133 1.91
32x32 0.121 0.912 0.392 1.82
64x64 0.506 1.03 1.84 24
128x128 2.8 1.41 10.7 4.7
12 T T T
—a— ARM 16-bit
—a— TPU 16-bit
101 | ARM 32-bit i
—u— TPU 32-bit

oo
T

Inference time (ms)
(@)
T

oA 9 9
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Figure 4.7: N-bit matrix multiplications
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Table 4.12: Percentage Error of 16-bit matrix multiplications

Array size | Mean error | Max error

128x128 0.39 % 1.04 %

4.2.3.3 MultiLayer Perceptron

Fully connected neural networks are another form of interconnected matrix multipli-

cations. However, in this section we will evaluate different designs, either applicable to
real-world applications or testing designs, in terms of number of neurons, number of layers
and input size.
In the first part, we will explore real-world applications, that we divide in three categories
based on their size and the number of neurons they consist of. The distinction is made
based on the average inference time on the ARM A-53 processor; small MLPs are con-
sidered those with inference time lower than 1 ms, medium MLPs those between 1 and
10 ms and large MLPs for higher than 10 ms. The results displayed on Table 4.13 lead to
some observations on the Edge TPU:

e Single Fully Connected Layer

1. Small and very big workloads-MLPs cannot be accelerated on the TPU. Min-
imum latency is already around 0.3 ms, due to TPU overhead, so small MLPs
are faster when executed on the CPU. On the other hand, large or very large
MLPs (model size > 7.6 MB use off-chip memory, something that leads to

extensive latency.

2. Medium sized networks can be sufficiently accelerated, with up to 20 times

faster inference time over the CPU.

e Multiple Fully Connected Layers

1. Smaller MLPs with multiple hidden layers have the same-minimum inference
time on the TPU, but their complexity increases the latency on the ARM

processor.

2. Medium sized MLPs with multiple hidden layers can be sufficiently acceler-

ated, with up to 20 times faster inference time over the CPU.

105



Table 4.13: Comparison of Real-world MLPs

MLP Layer

Network

Model size
(MB)

ARM-A53
(ms)

Edge TPU
(ms)

Accel factor

MLP Small

Dense(1000,10)
Dense(1)

72.6

0.053

0.3

0.18

MLP Small

Dense(1000,100)
Dense(1)

160.6

0.13

0.3

0.43

MLP Mid

Dense(1000,1000)
Dense(1)

1040

14

0.3

4.7

MLP Mid

Dense(1000,2000)
Dense(1)

2020

2.6

0.3

8.7

MLP Mid

Dense(1000,5000)
Dense(1)

4950

6.0

0.3

20

MLP Large

Dense(10000,2000)
Dense(1)

19390

26

51

0.5

MLP Small

Dense(800,100)
Dense(400)
Dense(200)

Dense(1)

589

0.53

0.3

1.77

MLP Mid

Dense(800,1000)
Dense(400)
Dense(200)

Dense(1)

1290

1.7

0.3

9.7

MLP Mid

Dense(2000,100)
Dense(1000)
Dense(500)
Dense(200)
Dense(5)
Dense(1)

283

3.6

0.3

12

MLP Mid

Dense(2000,100)
Dense(1000)
Dense(500)
Dense(200)
Dense(5)
Dense(1)

4600

6.2

0.33

18.8
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In the second part, we will custom-built networks with fully connected layers, that
serve no real application. Our target is to draw conclusions concerning the effect of model

size, number of neurons and number of hidden layers on the Edge TPU.

Table 4.14: Comparison of Custom MLP Networks

Network Model Off-chip ARM- Edge ARM- TPU
size (MB) used A53 (ms) TPU A35 (ms) Mini
(Kb) (ms) (1ms)
Dense(1000,8)
68.6 0 0.04 0.3 0.1 1.1
Dense(1)
Dense(7924,8)
256.6 0 0.22 0.3 0.42 1.2
Dense(1)
Dense(7925,8)
256.6 124 0.22 0.62 0.42 5.9
Dense(1)

Dense(7925,8)
Dense(500) 4020 3870 5.5 10.9 7.8 151
Dense(1)
Dense(500,8)
Dense(10000) 5030 156 6.9 0.7 11 7.3
Dense(1)
Dense(500,8)
Dense(16000) 7980 7930 10.9 22 17.6 308
Dense(1)

Dense(1000,8)
Dense(1000)x5 5010 0 7.3 0.38 11 2.4
Dense(1)
Dense(500,8)
Dense(500)x20 | 5060 0 6.7 0.61 11 42
Dense(1)
Dense(250,8)
Dense(250)x80 | 5240 0 6.5 1.14 10.9 8.8

Dense(1)
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The results displayed on Table 4.14, including inference on the Mini development kit,

lead to some important findings about the TPU accelerator:

1. Maximum amount of neurons per FC layer is 7924 neurons. For any number of

neurons larger than that, the compiler assigns the model to off-chip memory.

2. The size of off-chip memory used affects linearly the added TPU inference time, as

shown in Figure 4.8. Every KB used in the model adds 2.6-2.7 psec of latency.

3. For the majority of MLPs compiled without the use of off-chip memory, the model
size hardly affects the inference time on the TPU. However, for equal model sizes,

larger number of layers for less neurons increase the average latency.
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Figure 4.8: Effect of different parameters on inference time

4.2.3.4 Custom Designs with multiple Operations and I/Os

In this final section of evaluating custom designs on the Edge TPU, we will explore
designs and models with multiple operations and inputs/outputs, that may not have any
real application, however will help us to identify patterns that will reveal information
about the architecture of the systolic array of the TPU accelerator. In the first part, we
will present comparative results of two similar designs about executing multiplications in

parallel. Both designs are displayed side by side in Figure 4.9.
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Figure 4.9: Comparison of similar implementations with different no. of outputs

The results of the two different models are presented on Table 4.15. On the left side
we display the inference time of parallel multiplications both on ARM A-53 and the Edge
TPU, while on the right side we can see the results of parallel multiplications that end up in
single output through addition. At first, we can notice that for the same number of inputs
(either 4 or 8), the second implementation with one output results in 50 % less inference
time that the first approach. Moreover, it is worth mentioning that the execution of parallel
multiplications with additions in order to get one output, can be offer acceleration on the
Edge TPU over the ARM processor. Even though, our second design require the same
amount of total operations (including quantizations) to be executed, inference on ARM
A-53 for larger arrays is noticeably slower. Extensive results on the acceleration factors
are included on Table 4.16. Figures 4.10 and 4.11 clearly illustrate the observations and

the conclusions we drew for both of our approaches.
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Table 4.15: Average inference time (ms) for Nx1 arrays

Parallel Parallel w/ single output
inference ARM A-53 | Edge TPU ARM A-53 Edge TPU
quant type uint8  uint8 | uint8 uint8 || uint8 wint8 uint8 | uint8 wint8 uint8

inputs 4 8 4 8 4 8 16 4 8 16
outputs 2 4 2 4 1 1 1 1 1 1
operations 2 4 2 4 3 7 15 3 7 15
quantizations 6 12 6 12 5 9 17 ) 9 17
Array size
256 0.022 0.031 | 0.369 0.546 || 0.023 0.033 0.053 | 0.394 0.427 0.550
512 0.026 0.043 | 0.382 0.646 || 0.028 0.048 0.097 | 0.360 0.405 0.606
1024 0.041 0.067 | 0.406 0.606 || 0.042 0.081 0.146 | 0.396 0.468 0.600
4096 0.114 0.217 | 0.432 0.765 || 0.129 0.255 0.506 | 0.391 0.510 0.783
8192 0.212 0.415 | 0.543 0.972 || 0.263 0.484 0.995 | 0.482 0.637 1.04
16384 0.414 0.815 | 0.804 1.43 || 0.459 0.957 1.95 | 0.570 0.930 1.56
32768 0815 1.64 | 1.26 2.5 0.900 1.90 4 0.927 1.52 2.7
65536 1.6 3.3 2.3 4.6 1.81 3.9 8.2 1.5 2.8 4.8
131072 3.4 6.8 4.5 7.2 3.7 8 16.6 3 5 8.9
147456 3.8 7.7 5 7.9 4.2 9 18.6 3.4 5.6 9.9

Table 4.16: Edge TPU acceleration vs ARM A-53

inputs 4 8 16
outputs 1 1 1
operations 3 7 15
Array size
256 0.06 0.08 0.1
512 0.08 0.12 0.16
1024 0.11 0.17 0.24
4096 0.33 0.50 0.65
8192 049 0.76 0.96
16384 0.80 1.03 1.25
32768 0.97 1.25 1.47
65536 1.20 1.39 1.69
131072 1.26 1.9 1.86
147456 1.25 1.60 1.88
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Figure 4.10: Parallel multiplications on Edge TPU
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Figure 4.11: Edge TPU Acceleration vs ARM
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In the second part of our custom designs’ evaluation and as a logical consequence of the
first part’s findings, we will discuss more extensively the influence of executing connected

operations in series all in one inference. Our implementation is displayed in Figure 4.12.

1x1x1x64

1x1x1x64

Quantize Quantize

w64 1x1x1x64

Tx1x1x64

Tx1x1x64

Tx1x1x64

1x1x1x64

Tx1x1x64

Identity 8

Figure 4.12: Schematic of connected operations with constant 1/0

The results of our implementation on the development board are presented on Table
4.17. First of all, we need to take into consideration that the only variable parameter
in our evaluation is the number of operations executed in series; number of inputs and

outputs is constant.

The conclusion we reach after examining the results is that the Edge TPU accelerator
performs better on huge workloads that require extensive computations to be made before
accessing the memory to return the results. So in our case, the bigger the number oper-
ations and the larger the input dimensions, the bigger the acceleration achieved by the
Edge TPU over the ARM A-53 processor. Extensive results on the acceleration factors
are included on Table 4.18. Figures 4.13 and 4.14 clearly illustrate the observations and

the conclusions we drew for our approach.
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Table 4.17: Average inference time (ms) for Nx1 arrays

inference ARM A-53 Edge TPU
quant type uint8 uint8
inputs
outputs
quant.
operations 1 2 4 8 16 64 1 2 4 8 16 64
Array size
512 0.018 0.020 0.026 0.035 0.056 0.173 || 0.382 0.388 0.340 0.339 0.367 0.484
1024 0.027 0.028 0.037 0.056 0.090 0.304 || 0.346 0.326 0.299 0.363 0.357 0.466
4096 0.061 0.076 0.111 0.172 0.307 1.08 || 0.319 0.327 0.321 0.358 0.421 0.604
8192 0.116 0.142 0.207 0.340 0.590 2.12 || 0.348 0.419 0.397 0.434 0.463 0.738
16384 0.217 0.279 0.409 0.661 1.178 4.24 || 0.459 0.522 0.594 0.533 0.627 1.09
32768 0.414 0.543 0.804 1.32 2.35 8.7 0.676 0.703 0.730 0.813 0.928 1.78
65536 0.812 1.1 158 2.61 4.65 16.9 1.25 1.26  1.28 147 165 3.23
131072 1.64 214 316  5.22 9.3 33.9 232 232 247 273 324 6.20
147456 1.83 242 358 588 105 381 252 269 273 302 377 7.09

Table 4.18: Edge TPU acceleration vs ARM A-53

operations 1 2 4 8 16 64
Array size
512 0.05 005 0.08 01 015 0.36
1024 0.08 0.09 0.12 0.15 0.25 0.65
4096 0.19 023 035 048 0.73 1.78
8192 033 034 052 078 1.28 2.87
16384 047 053 069 124 188 3.9
32768 0.61 077 1.1 162 253 4.9
65536 065 087 124 177 283 5.25
131072 0.71 093 1.28 191 2.87 546
147456 072 09 131 195 278 5.38
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4.3 General-Purpose Workloads on TPU: Acceleration of

Image Processing Kernels

Image processing [51,52] is a method to perform some operations on an image, in order
to get an enhanced image or to extract some useful information from it. It is a type of signal
processing in which input is an image and output may be image or characteristics/features

associated with that image. Image processing basically includes the following three steps:

e Importing the image via image acquisition tools
e Pre-processing and feature extraction

e Output in which result can be an altered image or a report that is based on image

analysis

Feature
Extraction

Input —>| Image Acquisition Pre-Processing Knowledge Base ——> Output

Figure 4.15: Digital Image processing steps

Image processing algorithms, nowadays, pose the need for increasing computation ca-
pabilities at a limited power budget. Modern applications, involving machine learning and
AT models, require image acquisition, analysis and information extraction to be executed
on embedded low-power, low-latency, portable and autonomous devices, requiring novel
architecture solutions to be studied and implemented. In this work we present two design

cases targeting edge-cutting applications, exploiting Edge TPU development board.

4.3.1 Sobel Edge Detector

4.3.1.1 Edge Detection

Edge Detection [53] is a case of trying to find the regions in an image where we have a
sharp change in intensity or a sharp change in color; a high value indicates a steep change
and a low value indicates a minor change.

The purpose of detecting sharp changes in image brightness is to capture important
events and changes in properties of the world. It can be shown that under rather general
assumptions about the image formation process, a discontinuity in image brightness can
be assumed to correspond to a discontinuity in either depth, surface orientation, reflection,
or illumination.

The result of applying an edge detector to an image may lead to a set of connected
curves that indicate the boundaries of objects, the boundaries of surface markings as well
as curves that correspond to discontinuities in surface orientation. Thus, applying an

edge detection algorithm to an image may significantly reduce the amount of data to be
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processed and may therefore filter out information that may be regarded as less relevant,

while preserving the important structural properties of an image.

Edge detection is one of the fundamental steps in image processing, image analysis,

image pattern recognition, and computer vision techniques.

A very common operator for edge detection is Sobel Operator, which is an approxima-

tion to a derivative of an image. It is separate in the y and x directions.

4.3.1.2 Theoretical background

The most usual digital image processing operations are implemented with filtering.
Digital filters are used for smoothing, sharpening, and edge enhancement in digital images.

Filtering can be performed by:

e convolution with specifically designed kernels (filter array) in the spatial domain

e masking specific frequency regions in the frequency (Fourier) domain

In this work, we will deal with convolution kernels. Convolution is an operation that
accomplishes linear filtering of an image; it is a neighborhood operation in which each
output pixel is the weighted sum of neighboring input pixels. The matrix of weights is

called the convolution kernel, also known as the filter.

In an image processing context, one of the input arrays is normally just a grayscale
image. The second array is usually two-dimensional and is known as the kernel. Figure 4.16

shows an example image and a kernel that we will use to illustrate convolution.

The convolution is performed by sliding the kernel over the image, generally starting at
the top left corner, so as to move the kernel through all the positions (stride=1) where the
kernel fits entirely within the boundaries of the image. Each kernel position corresponds
to a single output pixel, the value of which is calculated by multiplying together the kernel
value and the underlying image pixel value for each of the cells in the kernel, and then

adding all these numbers together.

The stride controls how the filter convolves around the input volume. The amount
by which the filter shifts is the stride. Stride is normally set in a way so that the output
volume is an integer and not a fraction. In the example below we have a 5x5 input image,
a 3x3 kernel filter and a stride of 1.

So, the value of the top left pixel in the output image will be given by:

01,1=3-1+1-0+2-1+2-0+4-14+5-14+0-0+3-14+3-0=17
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Figure 4.16: 3x3 kernel image convolution

Convolution can be used to implement many different operators, particularly spatial

filters and feature detectors. Examples include the Sobel edge detector.

4.3.1.3 Sobel Operator

The Sobel Operator [54] performs a 2-dimensional spatial gradient measurement on
an image and so emphasizes regions of high spatial frequency that correspond to edges.
Typically it is used to find the approximate absolute gradient magnitude at each point in
a grayscale image.

The operator uses two 3x3 kernels which are convolved with the original image to
calculate approximations of the derivatives — one for horizontal changes, and one for ver-
tical. The gradient for x-direction has negative numbers on the left hand side and positive
numbers on the right hand side and we are preserving a little of the center pixels. Sim-
ilarly, the gradient for y-direction has negative numbers on top and positive numbers on

the bottom and here we are preserving the middle row pixels.

Gy Gy
-1 0 +1 -1 -2 -1
-2 0 +2 0 0 0
-1 0 +1 +1 +2 +1

Figure 4.17: Sobel convolution kernels

These kernels (Figure 4.17) are designed to respond maximally to edges running ver-
tically and horizontally relative to the pixel grid. The kernels can be applied separately
to the input image, to produce separate measurements of the gradient component in each
orientation. These can then be combined together to find the absolute magnitude of the
gradient at each point and the orientation of that gradient. The gradient magnitude is

given by:
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G=,/G2+@2 (4.1)

The angle of orientation of the edge (relative to the pixel grid) giving rise to the spatial
gradient is given by:

6 = arctan gy (4.2)

In this case, orientation equal 0 means that the direction of maximum contrast from
black to white runs from left to right on the image, and other angles are measured anti-

clockwise from this.

Example

We are given a small (custom) grayscale image 6x5 consisting of 30 pixels. For grayscale
images, the pixel value is a single number stored as an 8-bit integer giving a range of
possible values from 0 to 255. Typically zero is taken to be black, and 255 is taken to be
white.

Essentially what we are trying to do here with the Sobel Operator is trying to find
out the amount of the difference by placing the gradient matrix over each pixel of our
image.

Figure 4.18 shows the result of doing convolution by placing the gradient matrix X
over the yellow region of the input image. The calculation is shown on the right which
sums up to 200, which is non-zero, hence there is an edge. If all the pixels of images
were of the same value, then the convolution would result in a resultant sum of zero. So
the gradient matrix will provide a big response when finding a significant divergence in

brightness between neighboring pixels.

1 0 +1
2 0 +2
1 0 +1

200
Figure 4.18: 3x3 convolution in the x-direction using G, .

After repeating the same procedure for the whole image, we get two images as output,
one for x-direction and another one for y-direction. So, by using kernel convolution, we
can see that, in the example image below, there is an edge both in the horizontal and the

vertical direction.
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Figure 4.19: Application of sobel operator on image

Figure 4.20: Image gradient magnitude

4.3.1.4 Implementation on Edge TPU board

According to the methodology we have already developed, in relation to running in-
ference on the Edge TPU development board, we will present the implementation of the
sobel operator, using Python libraries and TensorFlow framework. We will assess the
performance of the operator running on the TPU, comparatively to running exclusively
on the ARM processor. At the end, we will present a demo application of the Sobel edge
detector on the Edge TPU development board, by loading an input image and receiving

the output one on the host machine.

The main stages of the implementation can be found in Figure 4.21. The directory of
the Python implementation for the complete sobel operator we have discussed so far can

be found it the following github repository: Applications on Google Edge TPU.
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https://github.com/ChronisSakos/Applications-of-Google-Edge-TPU

Convert Image to Build Sobel Representative 5
Grayscale Operator Dataset —> Convert to TFlite ﬁ

-

&» EdgeTPU Load model and o e

Compiler Image on TPU

Figure 4.21: Sobel operator process

Figure 4.22 illustrates all the stages of processing that a test image undergoes in
order to export the edge map, a new image that describes each original pixel’s edge
classification. Specifically, we start by converting the input image to grayscale using the
python’s PIL imaging library. Then, we build the sobel operator as keras model, which
consists of a 2-D convolutional layer for each gradient, x and y and 3 additional operations
in order to produce the gradient magnitude of the output image. Based on equation 4.1
we use 2x multiplications, 1x addition and a final operation for the square root. We
continue by creating the TF Lite model using the TFLiteConverter. However, this TFlite
file uses floating-point values for the parameter data, and we need to fully quantize the
model to int8 format. To do so, we need to perform post-training quantization with a
representative dataset, indicative of single-channel images. So now that we have a fully
quantized TensorFlow Lite model, we compile the model for the Edge TPU. At this point,
we notice our model was successfully compiled but not all operations are supported by the
Edge TPU, as a result a percentage of the model will instead run on the CPU. This happens
because the Edge TPU Compiler does not still support operations like square root.

After completing this procedure on the host machine, we load the image and the TFlite
models to the Coral device and proceed with inferencing. Following the methodology we

discussed on Chapter 3, we receive the final image.
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Figure 4.22: Sobel operator on test image
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Figure 4.23: Sobel operator TFlite network
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The structure of the Sobel operator as TFlite model is depicted in Figure 4.23. As
we can notice, the network consists of two 2-dimensional convolutional layers, both of
which take the same image as input and give two distinct output, one for each direction,
x and y, and 4 algebraic operations. Therefore, it is obvious that the sobel operator is a
1 input & 1 output model consisting of 6 operations and 3 quantizations. Out of all these
9 operations, 3 are executed on the ARM processor; the de-quantization, the calculation
of the square root and the final quantization.

After having presented the implementation of the Sobel Edge Detector on the Coral
development board, we proceed on assessing whether the on-board Edge TPU co-processor
is able to achieve adequate and satisfactory acceleration comparatively to the ARM pro-
cessor, even though part of the model is executed on the CPU. Table 4.19 presents all the
necessary data we collected while conducting measurements on the development board.
Our goal is to examine whether and how the input tensor size affects the overall infer-
ence time. Our test includes array sizes both small and large, other theoretical and other

indicative of real image sizes.

Table 4.19: Average inference time (ms)

inference ARM A-53 Edge TPU

quant type uint8 uint8
inputs 1 1
outputs 1 1
operations 2 2
quantizations 3 3

Array size

4x4 0.028 0.295
8x8 0.046 0.292
16x16 0.118 0.633
32x32 0.399 0.748
64x64 1.55 0.612
128x128 6.03 2.26
256x256 25.3 8.99
512x512 101.2 31.5
1024x1204 405.9 107.8
2048x2048 1616 404.5

The results displayed on Table 4.19 help us confirm some previously discussed conclu-
sions from the custom general purpose operations we evaluated. First of all, the visualiza-
tion of the results in Figure 4.24 makes it clear that inferencing the Sobel Edge Detector, a

classic Convolutional Neural Network, on the Edge TPU achieves significant acceleration
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in comparison to the ARM A-53 processor. For larger input dimensions, indicative of high
resolution images, the TPU can be up to 4x times faster than the CPU. Moreover, Fig-
ures 4.25 are in support of our estimation that the Edge TPU’s systolic array is a 64x64
array, because we can notice the exponential increase in latency for arrays larger than
64x64. However, we also need to take into consideration that part of the Sobel operator is
executed on the ARM processor, adding significant latency to execution because of data
transportation and communication between the TPU and the CPU, something that gets

worse the bigger the input tensor dimensions.
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Figure 4.24: Acceleration of Sobel Operator on Edge TPU vs ARM A-53
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Figure 4.25: Sobel operator inference time

4.3.2 Binning in Digital Image Processing

Binning is another operation that accomplishes linear filtering of an image. It is a type

of image pre-processing, which combines blocks of adjacent pixels throughout an image,
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by summing or averaging their values. In our work, we will examine image binning by
averaging the values of 2x2 configurations in which 4 pixels are combined to produce 1
single pixel at a time.

The biggest downside of this technique is your resolution is effectively divided by four
when binning an image. That means a binned shot from a 48MP camera is actually 12MP.
However, this downside can be turned into an advantage for many real-world applications
that prioritize performance and power efficiency over accuracy. For instance, applications
related to autonomous driving and space exploration, that require ultra low-latency pro-
cessing and big-data managing and transferring for artificial intelligence algorithms on the
edge, usually sacrifice high image resolution from advanced image sensors, for real-time
performance.

In order to apply averaging binning into images, we will use 2x2 kernels, consist-
ing of ones, which are convolved with the original input and stride equal to 2 and then

divided by 4. Therefore, for any given image with dimensions NxN, the output will be

CRE] and have pixel ratio 4:1.

Figure 4.26: Binning kernel

In Figure 4.27 we can see an example of image binning, in which we convolve the
binning kernel over each 2x2 region of the input image and then dividing by 4. The

calculation is presented on the right hand side, as a 3x3 array.

Figure 4.27: Example of 2x2 averaging binning on image
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4.3.2.1 Implementation on Edge TPU board

We will follow the same steps as we did with the sobel operator, making only minor

modifications, as follows:

1. Maintain input image as RGB instead of grayscale.
2. Binning kernel is a 2x2 array of ones.

3. RGB images have 3 channels so we need to convolve each one of them with the

kernel. There are two alternatives:

e Build a model with 3 convolutional layers and process the 3 inputs at once.

e Build a model with 1 convolutional layer, like the sobel operator, and run 3

inferences, one for every input.

4. In any case, all 3 outputs combined will form the binned image.

The structure of the Binning network as TFlite model is depicted in Figure 4.28. As
we can notice, in the first case the network consists of three 2-dimensional convolutional
layers, executed on parallel, taking one input and giving one output. On the other hand, we
have a single 2-dimensional convolutional layer, which however is inferenced three times,

one for each channel of the image.

[serviﬂg_defau It_input_2:0 2 J [ser\r'lng_default_]nput_3:0 1 } [serving_defauh_inputj:ﬂ 0 } [sewing_default_input_S:O 0 ]
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filter {1x2x221) filter {1x2:221} filter {1x222x1) filter {1=222x1)
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(a) 3 Conv2d layers - 1 inference (b) 1 Conv2d layer - 3 inferences

Figure 4.28: Binning TFlite network
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Figure 4.29 illustrates all the stages of processing that an input image undergoes in
order to be binned. At first, the test image is split into its respective Red, Green, and Blue
channels and each one of the channels is convolved with the 2x2 binning kernel. So at the
end we get 3 channels at 4:1 pixel ratio over the input image. All 3 channels combined,

form the final binned image.

Input Image:

Figure 4.29: Binning on test image

After having presented two implementation of Image Binning on the Coral development
board, we proceed on evaluate both alternatives in terms of performance acceleration.Table
4.20 presents all the necessary data we collected while conducting measurements on the
development board for both cases. Our goal here is to examine how the input tensor
size affects the overall inference time and whether executing 3 operations on parallel is
beneficial in comparison to inferencing single operations three times. Our test includes

array sizes both small and large, other theoretical and other indicative of real image sizes.

Table 4.20 displays side by side the experimental results of both approaches on the
development board. At first, we can reach similar conclusions with those mentioned pre-
viously on the Sobel operator implementation, concerning the 64x64 systolic array and
the significant acceleration achieved by the Edge TPU (Figure 4.30). Besides this, in this
case we can also draw some conclusions about the influence of parallelizing multiple layers
in one only inference. More specifically, Figure 4.31 help us realize that, even though for
input dimensions larger than 128x128, the inference time is similar for both cases, for
smaller arrays, parallelization inside the TPU results in up to 2 times faster inferencing.
This is a logical consequence of the fact that running separate inferences for each one the
3 inputs requires 3 times more data transportation and communication between cores and
memory. However, it is safe to argue that both approaches are satisfactory for accelerating

high resolution image binning.
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Table 4.20: Average inference time (ms)

1 layer - 3 inferences

3 layers - 1 inference

inference ARM A-53 Edge TPU | ARM A-53 Edge TPU
quant type uint8 uint8 uint8 uint8
inputs 1 1 3 3
outputs 1 1 3 3
operations 1 1 3 3
quantizations 2 2 6 6
Array size
4x4 0.046 0.976 0.023 0.557
8x8 0.051 1.47 0.028 0.461
16x16 0.073 1.51 0.05 0.685
32x32 0.167 1.14 0.141 0.574
64x64 0.526 0.8 0.481 0.597
128x128 1.84 1.38 1.83 0.939
256x256 7.25 2.75 7.3 2.82
512x512 30.8 9.61 30.5 9.4
1024x1204 122.7 44.4 122.4 42.5
2048x2048 490.3 167.6 488.1 156.8
e T
—m— FEdge TPU — g
&
Q
E
E
<
o
&
=

Array size

(a) Total results

Array size

(b) Zoom in smaller arrays

Figure 4.30: Binning inference time
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Figure 4.31: Binning comparisons
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Chapter 5

Conclusion and Future Work

The purpose of this thesis was to explore the ability of neural network accelerators,
like the Google Edge TPU, in order to perform general-purpose computing and to develop
methodologies for this purpose. Neural network accelerators offer power efficiency orders-
of-magnitude better than that of conventional vector processors, however they are not
optimised for general tensor algebra. Therefore, with reverse engineering we developed
a methodology that allows implementation of general purpose computing on the TPU
accelerator. Using that methodology, we managed to both reveal important architectural
characteristics of the Edge TPU and develop demo applications for novel image processing.

The experimental results revealed significant performance acceleration for the Google
Edge TPU in comparison to the ARM A53 processor and other embedded devices. Overall,
the Edge TPU achieves significant acceleration for computationally demanding workloads,
like medium and large sized CNNs and MLPs or custom models dominated by matrix
multiplications. Comparatively to the Jetson Nano GPU and the Intel Myriad X VPU,
the Edge TPU achieves up to 5x better performance, while it can perform just as well as
the Zynq ZCU104 FPGA. The matrix multiplication operations are improved up to 4x
compared to the 8-bit quantized ARM execution and up to 7x for 32-bit floating point. Our
results also show that, beyond small model sizes, the Edge TPU platform is always superior
to the ARM A-53 achieving up to 100x for medium and up to 30x better performance for
large CNNs. Moreover, for classic Digital Signal Processing (DSP) operations, such as
the Sobel Edge Detector and Image Binning, the Edge TPU provides up to 6x better
performance than ARM A-53. We further observed that the advantage of Edge TPU over
ARM processor declines once the model size reaches the size of the on-chip memory of
the Edge TPU platform. The final finding of our experiments, concerning general-purpose
computing, is that the TPU does not perform well on element-wise operations or models
that require accessing memory in a sparse manner.

Our future work will focus on creating frameworks for accelerating the software de-
velopment of computationally intensive applications on Tensor Processing Units (TPUs)
with the aim of integrating them to heterogeneous systems for future space and avionics

applications. In this context, we are working in collaboration with the European Space
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Agency (ESA) for deploying the Edge TPU accelerator for future space missions. We will
also explore and verify the implementation of demanding applications on multiple Edge

TPUs with pipelining.

130









Bibliography

[1] Coral, “Edge TPU performance benchmarks.” [Online|. Available:  https:
//coral.ai/docs/edgetpu/benchmarks/

[2] Nvidia, “Deep Learning Inference Benchmarks.” [Online]. Available: https:

//developer.nvidia.com/blog/jetson-nano-ai-computing/

[3] Intel, “Performance for Deep Learning Inference.” [Online]. Available: https:

//docs.openvino.ai/2020.2/_docs_performance_benchmarks.html#intel-ncs2

[4] Xilinx, “Model Zoo deployed on Xilinx hardware with Vitis AI.” [Online]. Available:
https://github.com/Xilinx /Vitis- Al /tree /master /model_zoo

[5] Qengineering, “Google coral edge tpu explained in depth.” [Online]. Available:
https://qengineering.eu/google-corals-tpu-explained.html

[6] Nvidia, “Jetson nano developer kit technical specifications.” [Online]. Available:

https://developer.nvidia.com/embedded /jetson-nano-developer-kit

[7] Intel, “Intel Neural Compute Stick 2 with Movidius Myriad X VPU.” [Online].
Available: https://www.intel.com/content /dam/develop/public/us/en/documents/
ncs2-data-sheet.pdf

[8] Xilinx, “Zynq UltraScale+ MPSoC ZCU104 Evaluation Kit.” [Online]. Available:
https://www.xilinx.com/products/boards-and-kits /zcul04.html

9] “Run inference on the Edge TPU with Python.” [Online]. Available: https:
//coral.ai/docs/edgetpu/inference/

[10] V. Leon, C. Bezaitis, G. Lentaris, D. Soudris, D. Reisis, E.-A. Papatheofanous,
A. Kyriakos, A. Dunne, A. Samuelsson, and D. Steenari, “FPGA & VPU Co-
Processing in Space Applications: Development and Testing with DSP/AI Bench-
marks,” in 2021 28th IEEE International Conference on Electronics, Circuits, and
Systems (ICECS), 2021, pp. 1-5.

[11] E. Petrongonas, V. Leon, G. Lentaris, and D. Soudris, “ParalOS: A Scheduling &
Memory Management Framework for Heterogeneous VPUs,” in 2021 24th Euromicro
Conference on Digital System Design (DSD), 2021, pp. 221-228.

133


https://coral.ai/docs/edgetpu/benchmarks/
https://coral.ai/docs/edgetpu/benchmarks/
https://developer.nvidia.com/blog/jetson-nano-ai-computing/
https://developer.nvidia.com/blog/jetson-nano-ai-computing/
https://docs.openvino.ai/2020.2/_docs_performance_benchmarks.html#intel-ncs2
https://docs.openvino.ai/2020.2/_docs_performance_benchmarks.html#intel-ncs2
https://github.com/Xilinx/Vitis-AI/tree/master/model_zoo
https://qengineering.eu/google-corals-tpu-explained.html
https://developer.nvidia.com/embedded/jetson-nano-developer-kit
https://www.intel.com/content/dam/develop/public/us/en/documents/ncs2-data-sheet.pdf
https://www.intel.com/content/dam/develop/public/us/en/documents/ncs2-data-sheet.pdf
https://www.xilinx.com/products/boards-and-kits/zcu104.html
https://coral.ai/docs/edgetpu/inference/
https://coral.ai/docs/edgetpu/inference/

[12]

[13]

[14]

21]

[22]

[23]

G. Lentaris, G. Chatzitsompanis, V. Leon, K. Pekmestzi, and D. Soudris, “Combining
Arithmetic Approximation Techniques for Improved CNN Circuit Design,” in 2020
27th IEEFE International Conference on Electronics, Circuits and Systems (ICECS),
2020, pp. 1-4.

Kaggle, “Ships in satellite imagery,” 2018 (acces. Sep 2021. [Online]. Available:
https://www.kaggle.com/datasets/rhammell /ships-in-satellite-imagery

A. Kyriakos, E.-A. Papatheofanous, C. Bezaitis, and D. Reisis, “Resources and power

b

efficient fpga accelerators for real-time image classification,” Journal of Imaging,

vol. 8, no. 4, 2022.

Xilinx, “Zyng-7000 SoC Data Sheet.” [Online]. Available: https://www.mouser.
com/datasheet /2/903/ds190-Zyng-7000-Overview-1595492.pdf

Y. Bengio, “Learning deep architectures for ai,” Foundations and Trends in Machine
Learning, vol. 2, no. 1, pp. 1-127, 2009.

S.S.Haykin, in Neural networks and learning machines. Pearson, 2016.

W. J. Song, “Chapter two - hardware accelerator systems for embedded systems,” in
Hardware Accelerator Systems for Artificial Intelligence and Machine Learning, ser.
Advances in Computers, S. Kim and G. C. Deka, Eds. Elsevier, 2021, vol. 122, pp.
23-49.

M. Lofqvist and J. Cano, “Accelerating deep learning applications in space,” in
AIAA/USU Conference on Small Satellites, 2020, pp. 1-19.

B. Barry, C. Brick, F. Connor, D. Donohoe, D. Moloney, R. Richmond, M. O’Riordan,
and V. Toma, “Always-on vision processing unit for mobile applications,” IEEE Mi-
cro, vol. 35, no. 2, pp. 56—66, 2015.

C. Marantos, N. Karavalakis, V. Leon, V. Tsoutsouras, K. Pekmestzi, and D. Soudris,
“Efficient support vector machines implementation on Intel/Movidius Myriad 2,”

in 2018 7th International Conference on Modern Circuits and Systems Technologies
(MOCAST), 2018, pp. 1-4.

S. Mouselinos, V. Leon, S. Xydis, D. Soudris, and K. Pekmestzi, “Tf2fpga: A frame-
work for projecting and accelerating tensorflow cnns on fpga platforms,” in 2019 8th
International Conference on Modern Circuits and Systems Technologies (MOCAST),
2019, pp. 1-4.

V. Leon, I. Stamoulias, G. Lentaris, D. Soudris, R. Domingo, M. Verdugo,
D. Gonzalez-Arjona, D. Merodio Codinachs, and I. Conway, “Systematic Evalua-
tion of the European NG-LARGE FPGA & EDA Tools for On-Board Processing,”
06 2021.

134


https://www.kaggle.com/datasets/rhammell/ships-in-satellite-imagery
https://www.mouser.com/datasheet/2/903/ds190-Zynq-7000-Overview-1595492.pdf
https://www.mouser.com/datasheet/2/903/ds190-Zynq-7000-Overview-1595492.pdf

[24]

[27]

[32]

[33]

J. Goodwill et al., “NASA SpaceCube Edge TPU SmallSat Card for Autonomous Op-
erations and Onboard Science-Data Analysis,” in ATAA/USU Conf. on Small Satel-
lites, 2021, pp. 1-13.

S. Hosseininoorbin, S. Layeghy, M. Sarhan, R. Jurdak, and M. Portmann, “Exploring
Edge TPU for network intrusion detection in iot,” CoRR, vol. abs/2103.16295, 2021.

Y. Hui, J. Lien, and X. Lu, “Early experience in benchmarking edge ai processors with
object detection workloads,” in Benchmarking, Measuring, and Optimizing, W. Gao,
J. Zhan, G. Fox, X. Lu, and D. Stanzione, Eds. Springer International Publishing,
2020, pp. 32-48.

M. Qasaimeh, K. Denolf, J. Lo, K. Vissers, J. Zambreno, and P. H. Jones, “Comparing
energy efficiency of cpu, gpu and fpga implementations for vision kernels,” in 2019

IEEE International Conference on Embedded Software and Systems (ICESS), 2019,
pp. 1-8.

V. Leon, G. Lentaris, E. Petrongonas, D. Soudris, G. Furano, A. Tavoularis, and
D. Moloney, “Improving performance-power-programmability in space avionics with
edge devices: VBN on Myriad2 SoC,” ACM Transactions on Embedded Computing
Systems, vol. 20, no. 3, pp. 1-23, 2021.

G. Giuffrida, L. Fanucci, G. Meoni, M. Bati¢, L. Buckley, A. Dunne, C. Van Dijk,
M. Esposito, J. Hefele, N. Vercruyssen, G. Furano, M. Pastena, and J. Aschbacher,
“The ®-Sat-1 mission: the first on-board deep neural network demonstrator for

satellite earth observation,” IEEE Transactions on Geoscience and Remote Sensing,
vol. 60, pp. 1-14, 2022.

V. Leon, K. Pekmestzi, and D. Soudris, “Systematic Embedded Development and
Implementation Techniques on Intel Myriad VPUs,” in 80th IFIP/IEEE International
Conference on Very Large Scale Integration (VLSI-SoC), 2022, pp. 1-2.

J. Hochstetler, R. Padidela, Q. Chen, Q. Yang, and S. Fu, “Embedded deep learning
for vehicular edge computing,” in IEEE/ACM Symposium on Edge Computing (SEC),
2018, pp. 341-343.

V. Leon, G. Lentaris, D. Soudris, S. Vellas, and M. Bernou, “Towards Employing
FPGA and ASIP Acceleration to Enable Onboard AI/ML in Space Applications,” in
IFIP/IEEE International Conference on Very Large Scale Integration (VLSI-SoC),
2022, pp. 1-4.

G. Lentaris, I. Stratakos, I. Stamoulias, D. Soudris, M. Lourakis, and X. Zabulis,
“High-performance vision-based navigation on soc fpga for spacecraft proximity op-
erations,” IEEE Transactions on Circuits and Systems for Video Technology, vol. 30,
no. 4, pp. 1188-1202, 2020.

135



[34]

[39]

[40]

[41]

[42]

[49]

A. Yazdanbakhsh, K. Seshadri, B. Akin, J. Laudon, and R. Narayanaswami, “An

evaluation of edge tpu accelerators for convolutional neural networks,” 2021.

A. Reuther, P. Michaleas, M. Jones, V. Gadepally, S. Samsi, and J. Kepner, “Survey of
machine learning accelerators,” in 2020 IEEE High Performance Extreme Computing
Conference (HPEC). IEEE, sep 2020.

Google, “Coral dev board datasheet,” 2020. [Online]. Available:  https:
//coral.ai/static/files/Coral-Dev-Board-datasheet.pdf

“In-datacenter performance analysis of a tensor processing unit,” vol. 45, no. 2. As-

sociation for Computing Machinery, jun 2017, p. 1-12.

A. Shahid and M. Mushtaq, “A survey comparing specialized hardware and evolution
in tpus for neural networks,” in 2020 IEEFE 23rd International Multitopic Conference
(INMIC), 2020, pp. 1-6.

Z. Pan and P. Mishra, “Hardware acceleration of explainable machine learning using

tensor processing units,” 2021.

D. Friedman, “Sc: Hardware approaches to machine learning and inference,” in 2018
IEEE International Solid - State Circuits Conference - (ISSCC), 2018, pp. 533-534.

“Google coral.” [Online]. Available: https://coral.ai/products

Google, “Coral dev board mini datasheet,” 2020. [Online]. Available: https:
/ /coral.ai/static/files/Coral-Dev-Board-Mini-datasheet.pdf

G. Aurelien, in Hands-on machine learning with Scikit-Learn, Keras and TensorFlow:

concepts, tools, and techniques to build intelligent systems. OReilly, 2019.
“About keras.” [Online]. Available: https://keras.io/about/

“Tensorflow graph execution.” [Online]. Available: https://www.tensorflow.org/
api_docs/python/tf/Graph

“TensorFlow Lite.” [Online]. Available: https://www.tensorflow.org/lite/guide

“Post-training quantization.” [Online]. Available: https://www.tensorflow.org/lite/

performance/post_training_quantization

B. Jacob, S. Kligys, B. Chen, M. Zhu, M. Tang, A. Howard, H. Adam, and
D. Kalenichenko, “Quantization and training of neural networks for efficient integer-

arithmetic-only inference,” 2017.
“Edge TPU Compiler.” [Online]. Available: https://coral.ai/docs/edgetpu/compiler/

136


https://coral.ai/static/files/Coral-Dev-Board-datasheet.pdf
https://coral.ai/static/files/Coral-Dev-Board-datasheet.pdf
https://coral.ai/products
https://coral.ai/static/files/Coral-Dev-Board-Mini-datasheet.pdf
https://coral.ai/static/files/Coral-Dev-Board-Mini-datasheet.pdf
https://keras.io/about/
https://www.tensorflow.org/api_docs/python/tf/Graph
https://www.tensorflow.org/api_docs/python/tf/Graph
https://www.tensorflow.org/lite/guide
https://www.tensorflow.org/lite/performance/post_training_quantization
https://www.tensorflow.org/lite/performance/post_training_quantization
https://coral.ai/docs/edgetpu/compiler/

[50]

[51]

[53]

[54]

T. Habite, O. Abdeljaber, and A. Olsson, “Automatic detection of annual rings and
pith location along norway spruce timber boards using conditional adversarial net-
works,” Wood Science and Technology, vol. 55, pp. 1-28, 03 2021.

A. HajiRassouliha, A. J. Taberner, M. P. Nash, and P. M. Nielsen, “Suitability of
recent hardware accelerators (dsps, fpgas, and gpus) for computer vision and image
processing algorithms,” Signal Processing: Image Communication, vol. 68, pp. 101—
119, 2018.

D. Demirovié¢, E. Skeji¢, and A. Serifovié-Trbali¢, “Performance of some image pro-
)

cessing algorithms in tensorflow,” in 2018 25th International Conference on Systems,
Signals and Image Processing (IWSSIP), 2018, pp. 1-4.

M. Ansari, D. Kurchaniya, and M. Dixit, “A comprehensive analysis of image edge
detection techniques,” International Journal of Multimedia and Ubiquitous Engineer-
ing, vol. 12, pp. 1-12, 11 2017.

W. Gao, X. Zhang, L. Yang, and H. Liu, “An improved sobel edge detection,” in
2010 3rd International Conference on Computer Science and Information Technology,
vol. 5, 2010, pp. 67-71.

137



138



	Περίληψη
	Abstract
	Ευχαριστίες
	englishenglishContents
	englishenglishList of Figures
	englishenglishList of Tables
	Εκτεταμένη Περίληψη
	Introduction
	Thesis Motivation & Contribution

	Google Edge Tensor Processing Unit
	Introduction to Edge TPU
	Coral Devices
	Edge TPU Architecture

	Tensorflow Tools and Frameworks
	TensorFlow Lite Framework
	TensorFlow Model Compatibility Overview
	Model Requirements
	Quantization
	Edge TPU Compiler

	Methodology for Edge TPU Assessment
	Initial Benchmarking
	Bibliography
	In-house Testing


	Development Methodology and Inference on TPU
	Methodology for TPU Inferencing
	Build Edge TPU Compatible Model
	Run Inference on TPU

	Test Case: Inference of CNN for Ship Detection
	CNN Architecture and Dataset
	Implementation on Edge TPU

	Development of Custom General-Purpose Operations
	8-bit Add & Multiply operations
	Matrix Multiplications
	N-bit Custom Operations
	More designs for evaluation purposes


	Experimental Evaluation
	Experimental Setup 
	Evaluation of Custom Operations on Edge TPU
	Element-wise Operations
	Matrix Multiplication
	Custom N-bit Operations

	General-Purpose Workloads on TPU: Acceleration of Image Processing Kernels
	Sobel Edge Detector
	Binning in Digital Image Processing


	Conclusion and Future Work
	Bibliography

