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HeptAngm

O oyoprdpol unyovixic wdinone xow cuvenog ot pédodol eZ6puéng Sedouévmy, OTwS oL
oAy opriuol BEVBPLY andpaoTg, Yakipouy auENUEvne SNUopLAiag o€ EQUPUOYES OTIKC OL LUTEXES
OLLY VOOELS, OL EXTIUNCELS PIOXOL €XBOOTC TUOTWTIXWY XAPTWY, 1) CUUTERLPOPS HATUAVIAWTLV
x.o. 'Eva 1600 gupl @dopa mediny ota onolo ot akyopriuol twv dEVOpwY anogaong etval
EQUPUOCLUOL, GE GLUVOLAOUO e TNV Blopxr adinon tng diadéong TAnpogopiag oTtny enoyh
Twv Meydhwv Aedouévov, xadotd emduunty) v avalitnorn uedddwy Pertiotonoinong e
anoB0CNC TOUG GE €Val UTOAOYLOTIXG GUGTNUA TN OTIYUH TOU TEOXELTOL Yot UPNAAC UToAo-
YO TG AmouTNTIXOTNTOC ahyopiluoug, TOU YENOWOTOLOUY Tol BEBOUEVA QUTH XAl GUVIGTOOV
eVOLAUETES BLUBXACIEC TOAUTAOXOTEPWY OAYORIOUWY OTwS A.y. Ta Tuyala ddom. XTig Tepl-
TTWOOEIC QUTES Tot 0QEAN NS BEATIOTOTOMONG TOU UEAETOUEVOL oAyoplduou avadexviovTal
OXOUN TEQLOGOTERO XAVMG 1) EMLTAYUVOT] TOV YPOVWY EXTEAECY|C TOUG EVIOYVETOL TEQUTEQR®.

H eveh&la xou dnuogurio twv ahyopliuwy 8EvBpwy amdQacne, G CUVBUUCUO PE TNV EU-
%o Ypriong Toug, avadexviouy TNy avdyxn yia avalftnor Aoewy oTo TedBAnue TN Bei-
TIGTOTOINONE TNE AMOBOCTC TOUC OE [l GUYY ROV dEYLTEXTOVIXT) LALXOU. §2¢ €x TOUTOU, OTNV
TopoNoo BIMALUATIXT Epyacio emtyelpeiton N Tpoaéyyion Tou {NTAUATOC oUTOV PECL EQUPUO-
g uedodwy, Tou muEouUGLAlovTol AVORUTIXOTERX OTY CUVEYELX TNS EPYUOLNG, UE OXOTO TN
Behtiotonoinon ploc ouyxexpévne vhonoinone tou akyoplduou dévdpou andgouonc (éxdoon
C4.5) n onola Yo exteheiton o€ ETEPOYEVES UTONOYLOTIXG GUCTNUA TO 0T0l0 TepthaBdvel ou-
ototylo emToOMIo TEOYEAUUUATILOUEVDY TUADY GUVBLICTIXG UE XEVTEIXT| HoVADa encéepyasiog.

Apyind, emAéyeTon xou 0T cUVEYELL OYEQLULETOL O UTOAOYLO TIXOG TURHVAS TTOU TROXELTAL
Vo exTEAElTAL OE GuoTOLY(ol ETULTOTLO TEOYEUUUATICOUEVOY TUAWY ol oVORUBAVEL TNV LAO-
noinorn wépoug tou alyopiluou wg ouvdptnor VAxol. H oyedlaon tne cuvdptnong autrc
TpayUatonoleiton Ue yenorn epyolelwy civieong udmiol emmédou o GE YAOOCO TROYE-
patiopol C, yia Toug oxomole Tng omolog emiyelpeitan 1 xohlteen duvaty aflomoinom Twv
TOEWY TOU CUCTAUNTOC EVEM UEAETOVTOL TEWTOXOAAA ETXOWVWVIAS UAXOU-Aoyiouxol. Ta a-
TOTEAEGUOTA TTOL TOEOUCLELOVTOL apoeolY TNV LAOTOINCT, TOL akyoplduou oTny TAaTpdpua

ZedBoard tn¢ Digilent, tng Zyng-7000 All Programmable SoC owxoyévelog cuoxeumy.

AgCeic KAewod

Mrnyovixy Méinon, EZopuin Acdopévwyv, Aévopo Andgaong, C4.5, Xovieon YTdniold

Emnédou, Emtdyuvon Thwxoo.



Abstract

Machine learning algorithms and consequently data mining approaches such as Deci-
sion tree learning have been increasingly gaining popularity among fields such as medical
diagnoses, risk evaluation of credit card application approval, consumers’ behaviors, etc.
Such a broad spectrum of fields where decision tree learning and classification are appli-
cable along with the growth of available information to a massive extent in the era of big
data make it desired to seek ways of optimizing a computationally wise heavy algorithm
that can make use of this information and which alone is widely utilized and forms a
single fraction of ensemble learning methods such as the random forests, etc. There, the
benefits of an optimization in the former algorithm would be even further highlighted as
the speedup is expected to be boosted by a significant degree.

Decision Tree Classification variants are among the most popular machine learning
algorithms and have been applied in various fields with success. Their versatility and
popularity, along with the ease to use, make it imperative that solutions be found regarding
its performance optimization problem, hence in this project we tackle this issue by applying
methods to optimize a Decision Tree Learning implementation (version C4.5), that will be
executed in a heterogeneous computing system involving FPGA along with CPU, making
use of the high-level synthesis oriented tools.

Initially, a profiling of the code is done, after which the computationally intensive part
of the algorithm is determined, that is found to be the decision tree training part and
within that part specifically, the Information Gain computations. Then the kernel has
been developed as a hardware accelerated function that assumes the latter computations.
The presented performance of the kernel was evaluated on a Zed platform integrated with
Xilinx Zyng-7000 SoC in a FPGA-based heterogeneous system and it was shown that the
accelerator can yield a significant kernel speedup in a single decision tree’s training part,

compared to an embedded ARM processor based implementation.

Keywords

Machine Learning, Data Mining, Decision Tree, C4.5, High-Level Synthesis, Hardware

Acceleration.



Euyapiotieg

Oa Hdeha vo euyoptoThow Vepud tov emBAémovia xodnynt) x. Anurtelo Lolvien, Yo
TNV euxonpiol TOL oL EBWaE VoL Aoy OANIE UE plot TOAD EVOLUPEROLTA EPUPUOYY| XAk OE £VOL TOAD
OPYOUVWUEVO xal BONULOUREYLXO TepBdAloy, omwe elivon To Epyaotrpio Mixpolnohoylotdv xou
Uneproxay Yuotnudtwv (MicroLab) xadog xa yia tny euniotocbvn tou enédelle 6T0 Tedow-
76 you. Emnlong euyopiotd wiaitepa Tov Metadidaxtopixd Egeuvnth x. Xpiotdépopo Kdyen
Yot TNV UTOPOVY| TOU GTIC 000X0AEC QdoelC Tng epyaciag, TV xadodrynon xo UTocTHEIEN
TOL Yo ToRelye pE Tig voudeaieg Tou. Axodun, do fidela vo ameudive Tic euyaploTiec Lou
xaL o€ 6A0 10 TPocwTX6 Tou Epyactneol yia tny Bordeld Toug xatd T SLdpxeta EXTOVNONG
NS SIMAWUATIXAC HoU epyaciag, Tou UTHEEE TOADTIUN.

Téhog Yo fideha var EUYUEIGTACK TNV OXOYEVELL UOU, TIOU PE GTARIEE xord OAT) T1 G TadLo-

opouta pou oto Iavemothuto.
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Chapter 1
Extetopevn Ilepiindmn

1.1 Ewaywyn

O emotnuovixdg xAdB0g TNG UNYOVIXAC udinong eoTECEL OTN UEAETY UNYAVICUOY UECK
TWV OTOlWY EVPLY| CUCTAUATA BLIEXAE TelVOLY Vo BEATIOVOUY TNV anddoct] Toug. H €peuva
OTOV TOUEn aUTO TEPLAAUBAVEL avamTUETN EQopUOY®Y Tou oTny TAsodnglo Toug Baocilovto
oTny oLVTOET EVOC LOVTEAOU YVMOTNE O Yenowonoleltal Hon and xdmola avipenmvn topelo
OUANOYIGUO0U. Y€ OPIOUEVES TETOLEC TEQIMTWOELS, To {NToLuevo anoutel Tn dlepyacio xdmotag
TAEWVOUNONC: TNV XATNYORLOTOMOT AVTIXEWEVKDY avahoYo UE xdmoleg WLOTNTEG Toug. Tétowa
Topadelypota TeEpLhouBdvouy Yetadlh GAAWY TEQITTMOELS EYXPLONC TUOTWONS YENUAT®WY, Yid
TNV onola EPUPUOYT] TOl TEWTAEYIXE BEQOUEVA APOPOUV GTIC AETTOUEREIES TV UEAETWUEVWY
CUVAAAXY DY xAME X0 TO LOTOPLXO TUO TWTIXMY GUVIAAXYOV TOU XATAVIAWTY|, EVE 1) TEOS Ta-
Evounon amdéQacT apopd TNV €yxeion 1 un tne cuvaiiayrc. Mio dAAn egapuoy Yo uropoioe
VoL 0popdt €val UG TN TOU GUVETXOUREL GTNY EXBOOT) TROTACEMY GYETINE UE TIC XEPUNOUIXES
damdiveg piog etouplog, omou xde mpog eétaoT TEdTAoT dandvne Tavoueital we oUPwn 1
un we Tic mohTixéS Tng etanplag. Evahhoxtind UeAETN TeplmTwong apopd lTEXES DLy VICELS
xdmolog acVEVELNS, Ylol EPUPUOYT Yia TNV OTolo T0 GUG TN TPOPOOOTELTAL ATt TEONYOVUEVES
Sroryviroele poli pe tar oYeTXd oy oMo/ NETTOUERELES OVaL TEPITTWOT, EVE 1) TUEVOUNOT) oS
XAVOURYLOC TEQIMTWONS XEIVETOL XATAPIUTIXY 1 AEVNTIXT) AVUAOYWS UE TIC AETTOUERELES IOV T1)
Yopoxtneilouv.

[iveton avepd, Aowmdy, mwg éva 1660 eupl pdoua TEoBANUdT®wY oTo oTola 1) TEOGEYYLoN
TV 8EVBpwY andpacne/Tadvounong elvat EQapudoLUT, G GUVBUNOUS UE THY Toyéwe augoviue-
VI TocOTNTA TANEOQoplac TEog dlayelplon, xahoToly emuunth) Ty avalrtnon Yedodwy yio
NV BeATioTomoinoT EVOC UTOAOYLOTIXA amanTnTXol ahyoplduou. Ot niextpohdyol unyavixol
amb TNV TAEURE TOUG, ETUYELROUY TNV EVEECT] HEVOOWY Yia Vo EMTUYOUV ol ETITAYUVOT TNG
am6d00mE TOU oAY0oRlHoU aUTOL YECK XATIAANAA TEOGUEUOGHEVOLU UAX0) 610 ontofo Ja &-
ATEAOUVTAL OL OYETXES Blepyaoieg Tou LAOTOLWUY Tov ahyopliuo autd. Emduuntd etvon de, 1)
vloroinon Tou ahyopiduou, Tou oy Voel To UAMXO GTO 0Tolo TREYEL, VO UETATPENETOL UE OGO TO
dLVATOV o €0XOAO TEOTO Gt LAoTonaN ToL To Aopfdvel Loy Tpog aflomoinom Twv ELdL-

%WV BUVATOTATOY TOU aUTO €yel oyedlacTel Vo Tpoapépel. Me autdv tov Tpéno mpooeyyilel

11



12 Chapter 1. Extetouévn Ilepilngn

1 ToEo0o BITAWUATIXY epyacio TNV EMITAYUVOT UAXOU VO ahyopliluou BEVOpWY amdpaong
o€ €VOl ETEPOYEVEC UTONOYLOTIXO GUCTNUA TOU TEQLAAUPAVEL XEVTEXT Lovada enelepyooiog
(CPU: Central Processing Unit) oe cuvduooud pe cuototyio emitonior npoypopptott{Ouevmy
kv (FPGA: Field-Programmable Gate Array).

[Tpooeyyioeig cav xou aUTY TEAYUXTOTOLOOVTAL TROXEWEVOU VO AUEACOLY TNV EVERYELO-
%) amédoon TV UAOTONCEWY EUREMS Bladedouévwy olyopiduwy unyovixrig udinong.  Ou
oy ypeovol eNEEeEpYUoTEC TRONYHEVNC TEYVOLOYIAC TTOU Yol YENOWOTOLOUYTOY EVUAAAXTIXG VLol
T0 oxomd auUTo, TRl TNV VPN TayUTNTA TOU TPOGPEPOLY, AELTOURYOLUY GE TOAU LPNAéC
CLUYVOTNTEC PONOYLOU UE GUVETOYOUEVY] UEYAAT XUTAVIAWGT] EVEQYELS TOU XALUUXWDVETOL XL
VS TUpAAANAES VAOTIOIAOELS Yenolonololy emnAéoy enelepyactixols nuphves. Teleutala,
1 teyvoloyia twv FPGA yivetar 6ho xou o SNUOQIATC Ul TOU TROCQEREL TN SUVATOTNTA
ToEEANANG enelepyaoiog Yeyding xAipoxag xadde wotiBo x@oixa extehodvtal TauTtdy POV
0€ EVEMXTEC UTOAOYICTIXEG HOVABES YPNOWOTOWWMVTAS Wavixd uévo o amapaitnTo oTouyela,
OTWE hNOYES TUAES, TTIOU AMOUTOVVTOL OO GUYXEXPLIEVOUS UTOAOYLOUOUE, OE avTilesT) UE EVAA-
AU TIXEC TPOXAIOPLOUEVES PYLTEXTOVIXES TIOU OMAUTOVY TNV EVOTOMNOT OAWY TV ETUEPOUC

G TOLEIWY TOUC YLl VAL AELTOLEYCOLV.

1.1.1  Xvuvewocgpopd

H x0plo ouvelogopd tne epyociog autrc nepthauBdve:

1. Toapouciaoy plag XxavoTOPAS APYLITEXTOVIXNC UAXOU Yoo TNV ETdyuvoT] alyopliuwy

OEVOPWY ATOPACTG.
2. Thomoinon aryoplduou unyovixic pdinong 8évdpwy Tagvounong.

3. Amotiunom anoTeAEoUATOY Xl amdOdOCNEC TS VAOTIOMNGNC O GUYXELON UE avTIoTOLY T OF

XEVTEXTY Jovada enelepyaoiag.

1.2  Apywtextovixry FPGA

To FPGAs (Field-Programmable Gate Arrays) eivou nuiorydylee cuoxevéc mou Booilo-
vion yOpw amd pior witea douoppooidmy hoyixay tunudtev (CLBs: Configurable Logic
Blocks) ouvdedepévov péow npoypoppatilopevony daouvdéoewy. Ou cuoxevéc FPGA no-
EEYOUV TN BUVATOTNTA ENAVATOOYPUUUATIOUOV UETE TNV TORUOXEVY) TOUC OVIAOYO UE TNV ETIL-
YuuNTA EPapUoYY| 1 AelTovpywoTnTa TNV onolo Tpoopilovtal vo emttehoby. Me tnv ndpodo
Tou ypeovou, to FPGAs éyouv e€ehiylel and wixpéc ouotolyies mpoypouuatilouevng hoyixic
%o BLICLYOECEWY OE TERAOTIEG CLOTOLY (EC TEOYEUUUATICOUEVNE AOYIXTC X0l DLUCUVOEGEWY UE
EVOOUUTWUEVES UVAUES Ve oTnv {noida, mpocopuoloueve HovordTio 6edouévmy, LPNAES
ToyOTNTES EL0GB0L/EE6B0U xadNDC X PxpoETEEERYUO TIX0UC TUPYVES, Ao otny (Bt Pnepidor.

Ta FPGAs anotehodvton and cuoTOoLyEC TUNUATWY AOYIXWDY TUADY Xl GTOLYEIWY UVAUNG
oLVOEBEUEVA UECW TIROYEUUUATICOUEVKY BLHoUVOECEWY. LUVATW®S, AUTE Tol TUNUATO AOYIXNG

vlomototvtan we Tivaxeg avalhtnone (LUTs: Look-up Tables), uviues dnhadi twv otolwy ta
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a) Lookup Table (LUT) b) c) Slice
Configuration Bit0 0 0 0 LUT MFmOW
Configuration Bit1 0 1 0
. . out 1 0 0 i
Configuration Bit2 1 1 1 3
Configuration Bit3 . out = in[1] &in[0] - FF
in Select out

Yyfua 1.1: Yto pépoc a) gaivetar éva LUT 2 ei06dwv ye tar 4-bits va Stopoppovouy
AeltoupYIXOTNTé Tou. Xto pépoc b) gaivetan o mivaxag aindelac noing AND we mdavrc
AeLtovpyiotnTog, Lo uépoc ¢) gaivetar éva anhd CLB (¥ slice) pe Suvatdtnta anodixevong
e e€6dou oe FF. (IInyh: [3])

100010 oot oy NaTiCouy Tic SlevdiVoELS xou Tor EEOBLAL TTOREYOVTAL ATO TLC XATAUY WELIOELS TNG
uviung. oty vhomoinom wag Aertovpyxdtntog pe LUT, o nivaxog odndelog tng cuvdpetnong
TOU TNV TEPLYEAQEL elval amoUNXEVUEVOS TN UVAUT XL Ol ETLOTEEPOUEVES TWES 001 YoDVTaL
om6 To UTOAOLTO xOXAWU. AuTol oL Tivoxeg anoTeAoUV amodoTIX ot EVEAXTY Yédodo Yo
OYETXA UXPEC NOYIXEC CUVUPTACELS: 1) AELTOURYIXOTNTA EVOAAICCETOL UE TEOCUQUOYT TOU
neptypapixol mivaxor odndetag. Ta nepiocdtepa FPGAs yenowonowiv LUT tecodpwy wg
¢€€1 bit el0660L evedy ta peyorbtepa FPGAs nepilopfdvouy exatopudpla tétolo ototyeia.

To Boaowxd otoyelo uvhune evéc FPGA eivar to ghin-glon (FF: Flip-Flop) xou cOvola
otV ouvidwe Beloxovton tonoVetnuéva pall pe LUTs (BA. Eyruo 1.1). ITohhomhé LUTs
unopolV va cuvduac oLy pe FFs xou dAha xuxAoduota Tou Teocpépouy emnpdcVeTEC AELTOUE-
YIXOTNTES OTWC A.). Evay alpOloTH VLol TO GYNUATIOUO EVOC GUVIETHOTEPOU TUAHATOS AOYIXNC
mou ovoudletar Stopoppotpo Aoyxd tufua (CLB). ‘Eva CLB eivar évag cuvduacude omd éva
o aptiud LUTSs, FES xot TOAUTAEXTOV Y10l TO OYNUATIOUO EVOC LOYUROTEQOU TTROYPOUUATL
Couevou hoyol aTotyelou, eV 0 apLiog TwY GToLYElWY auT®Y Tou dlauoppnvouy éva CLB
TOWXLAAEL OO OEYLTEXTOVIXY| GE APYLTEXTOVIXT.

‘Eva. CLB pnogel vo oftonotel xat TOAUTAOXOTERES AOYIXEC GUVORTNOELS, OTWS YLoL To-
EAdELYHA €VaY EVOWUATOUEVO adpoloTh w¢ cToyelo olvieong. Xtnv mepintwon auth o a-
YooloTrg Bev elvan TEoYpoppaTI{OUEVN hoYixY), ahhd umopel va yenoylomoindel poévo autodolog
xa xS 1) ASLTOLEYIXOTNTAL ToL eTUTEAEL elvo xadplar xon EVPEWS YPNOWLOTOOUUEVT), Elval TO
AmOBOTIXO VO YENOWOTOLE(TOL WS TETOLOG TAPA (S VAOTIOLNUEVOS GE TEOY ROUUATILOPEVT hOYLXT).

Kode 8e to mipdoc towv tpavlictop oe éva FPGA cuvey(let va auZdveton, oL apyltexto-
VIXEC TOU TEIVOLV VO YENOLUOTIOLOUY OAO XalL TEPLOCOTEPA GTOLYELN TOU ETUTEAOUV AUTOVOUES
Aertovpywotnree. Tapadelypatog ydow, 1 avdyxn TOAAGY EQUPUOYOY Yid TOAATAOUS UTO-
AoYioUoUC TeosVEcEmY xou TohamAaclaouwy, 0dYynoe oc FPGAs tou tepiéyouy toépoug mou
emteloly Ti¢ TpdEelc auTéc omwe elvan tor otovyeta DSPs: Digital Signal Processors nou cuv
TOIG GANOLE BVOLY TN BUVATOTNTO EXTEREOTC TPAEEWY CUCCMPEUTIXO) TOAATAACLICUO) TOAD
To amodoTixd and avtioTolyn uhonolnon mpoypaupatiloyevng hoywrg. Ou tunuatixéc RAM
(Random-Access Memory) (BRAM) (Bh. Xyfuo 1.2), omd v AAN peptd ebvan povddes Sio-

HOPPAOCLUGY UVNUGY TuYlAS TEOCTENAGNE oL LTOG TNEIlouV BLdPopeS BLUTAEELS, BuVATOHTNTA
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dlevduvoloddTnong BlapopeTol UHxoug AEENG, BIETAPES Yiol BLOAOUS 1) ETEEERYUOTES TAVE
otV meida xon €ToL amOTEETOUY TO XOGTOE YEOVOL ToU Vol GUVETOYOTAV [Uiol GUVAULA OTIATAAN
an6 dnolmn mépwy, avtioTtoryn vhonolnon puvnuey e FFs.

Télog, 1 mpoypappatiloyevn dlacivdeon etvar To dAlo onuelo xiewt evoc FPGA, agol
TapEYEL €val EVEAXTO BIXTUO *OAWOIWY Yia TN oOvdeon petaly twv CLBs. Ou eicodol xou
ol €€obotl tou CLB cuvbéovtar oe €va xavdAL dpopohdynong mou meptéyetl o bit dlaudppe-
oNg oL 0BNYOLY TNV ETXOWVWVIA UE TNV TEOYRoUUATICOUEVT BLGUVOEST) oL UE TOV TEOTO
T emTLYYAveTaL 1) emxowvwvia Tou FPGA e e€wtepinéc cuoxeuéc Omme Evay Uixpoene-
Cepyao Ty, ulo pvAun, évav aointripa xAm. AZilel va onueiwlel Twg oTIC TAATPOPUES TNG
etaplog Xilinx mou Baocilovtan oe etepoyevels apyitextovinéc ue FPGAs, n oyedioon obv-
UETWV AELTOLRYIXOTATWY Xl CUVAPTACEWY TpooeYY(leTon Ye uedodoroyleg obvieone udmiol
emnédou (HLS: High-Level Synthesis) oe avantuZiaxéc mhatgopues oplopod ouothuatoc Gn-
pidac péow hoyouxol (SDSoC: Software-Defined System on Chip) mou Sieuxohivouv otny
xahOtepn aglonoinon twv népwv tou FPGA.

: : L Microprocessor
BRAM \ DsP /

Yyfuor 1.2: To obyypova FPGAs elvon etepoyevr nepthaudvovtag oTolyelor mou emitelo-
OV TEOoXoOPIOUEVES AELTOURYIXOTNTES, EVEM GLYVE GUVOLALOVTOL Xl UE EEWTEPIXES UOVADES

eepyooiog péow denapmy tpwtoxdihou AXI (Advanced eXtensible Interface). (IIny%: [3])

1.3 Oewpntxd TroBadeo

1.3.1 Movtéro Tagvoéunong

Or aybpriuol unyavinhc wdinong 6meng autol Twy BEVipwy amdpacng 1 Ta&vOUnoTg pop-
uolovton wg HOVTENA OE TOIXIAEC TEQIMTAOELS EQPUPUOYMY TOL amontoVy TEOBAedN # Tagivoun-
on. o cuyxexpyéva, o TedToC Ue Tov omolo Ta BEVOpa amdpacng Aertoupyoly elvon o e&Xg:
ular Sevdpiny| dour| oynuatileTtat, ovaTUELOTOVTIC To OE00UEVO EXTABEUGTC TOU GUO TAUATOG
UE €VOL CUUTIOYES GUVOAO OV-TOTE XAVOVWY, TV AEYOUEVMY XOVOVKY TAEVOUNONS.

Axohodwe (Ph. Ilivoxo 1.1) mapouctdletar éva cOvolo dedopévmv (0.8.) exmaldeuong
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0évdpou andgaone (training data). Kdde nepintwon twv Sedouévewv nepthaufBdvel tTiuée yia
EVoL GUVONO Y ORoXTNRLO TIXWY Tou AoufdvovTal UTOdY Ylol TNV XoTNYoplonoinor Tne otnv
exdotote xAdor. H Swdixacio exnaldevong, mou avalbetar 0T cuvEyela, odnyel oTny doun-
or plog 6evopric DouNg TOL XAAELTAL VO AVTIOTOLY(OEL TEPITTWOELS TWV OEOOUEVLY BOXUNG

(testing data) oe x\doeic (classification).

’ Outlook ‘ Temp (°F) ‘ Humidity (%) ‘ Windy H Class

sunny 75 70 true Play
sunny 80 90 true Don’t Play
sunny 85 85 false Don’t Play
sunny 72 95 false Don’t Play
sunny 69 70 false Play
overcast 72 90 true Play
overcast 83 78 false Play
overcast 64 65 true Play
overcast 81 75 false Play
rain 71 80 true Don’t Play
rain 65 70 true Don’t Play
rain 75 80 false Play
rain 68 80 false Play
rain 70 96 false Play

[Tivaxag 1.1: Avamapdotaon cuVORoU BEBOUEVKY EXTIULOEUOTC BEVOPOL ATOPACTS WS GOVO-
MO TEQITTWOEWY TYWY YARUXTNRIOTIXWY, UE TeWwUUCTERT AVTIOTOLYIOT G XAJCELS YId TOUG

oxonolg tng exnofdevone. (IInyA: [1])

O xdde xoufoc Tou HEVEpoL 0pllel ula cLVITXTN EAEYYOL EVOC BOCUEVOL YUEAXTNELOTIXOU
TWV TEPITTOOEMY Xl TO xdUe xAadi Tou avoyweel and tov xoufo autdv avtiotolyel oe uia
OLUPOPETLNY| OLUXELTY) T EVOS CUYXEXPLIEVOU YoRuXTNEIoTIX0U. Xe xdie xouBo 1 Ty g
TEPIMTWONG Yol TO YUPAXTNELOTIXO TOU XOUBOU EAEYYETOL XU UE TOV TPOTO ouTO DlaAEyeTal
TO ovVoTdTt oL axoloudeiton. Mto Lyruo 1.3 mapovoidletar pla SevdpLxy| Bour| Tou avakleL
OL8popaL YUPAXTNELOTIXG AELOAOYNONG ERYUCIOXWY CUVITXWY, EVG 1 BUIXY, oTnv Teplntwon
ouTY, anoTlUnoT TG xAdoNg YiveTon avdAoYa UE TNV THLY| O XAUE YA TNELOTIXO.

H Swdwasta péow tne omolog xtileton éva 8€vEpo amdpaong Aéyeton exnaideuon Tou 6Ev-
opou. XUuguva ue tny éxdoor C4.5 tou ahyopiluou exmaldeucne BEVOPOU AmOPAUCTC KoL
TOPOUOIWS He TNV TpoyevEaTERY €éxdoon emavahouPBovouevne Suyotéunone (ID3: Iterative
Dichotomiser 3), to 8évdpo xtileton Bdoet tng anotiunong tne petpixric g evipomiog T
cogopioc. H Sodicacio etvar avadpouxr) xar o 8€vOpo Bouelton amd TEVL TEOS Ta XATw
exAéyovTog ot xdle BUc TO BLaYWEICTIXG YOPUXTNEICTIXG TIOU UEYICTOTOLEL TO X€P00C TAT-
pogoplag. Mia eméxtaon nou npoc@épel o C4.5 alyodpriuog elvon 1 duvatoTnTa dLoryelplong

YOEAUXTNELO TIXWY TWV OTOlwY oL TWES XupalvovTol 68 GUVEYES Do TNUa A.y. apuiuny, &-
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popuélovtag Suadxt| BlaxELITOTOINGT OE TWES UXPOTERES Yol HEYOAUTERES 1) (0E¢ amd xdmolo
xatdPAl. Emimpooiétne, nepthouBdver yio dradixaotior xhadéuoatog tou mapoyUévtog dEvBpou
AV TIXANO TOVTAS THEUXADLNL TOU UE PUAN TTOU OVTLOTOLYOUV GTNY ETUXEUTOVCA TWUT) TOU UTO-
0EVOPOU UE OTOYO TNV UEIWSCT) TNG UTERTROCUPUOYTC TOU BEVOPOU OT OEOOUEVA EXTIUUOEVOTC.
To mpoBinua autod elvor Yvwo o wg overfitting xou emuyetpeiton 1 Yepanelor Tou and uetddoug
CLVOAWVY BEVOPWY amogaone, To Aeyoueva Tuyala 8dor. Télog, avapopixd pe anoloeg TWES
oTot GUVORAL BEBOUEVWY, AUTEC AYVOOUYTOL GTO OTADIO TNG EXTAUOEUCNC EVK GTO CTABIO TNG
TaEWVOUNONE EMOTEEPETAL 1) CUYVOTERT AMOXELOT OTO GUVORO TwV amoxploewy, av 1 anoloo

T Aray vo avtixotao todel ye xde duvatr SLoxelTr TWH TNG METABANTAS o apogpd.

wage increase
first year

statutory
holidays

working
hours

wage increase
first year

bad good bad bad good

Eyfuo 1.3: Toopinty ovamopdotaot 8évdpou andpoaons alloAOYNONG ERYICIAXMDY CUVINXWY.
(Lpyr: [1])

1.3.2 Awaxpitonoinon Acdouévwv Exnaidevong

Avohoyng e To SEBOUEVOL EXTIUBEUOTE KO UE XELTTRLO OV TEQLEYOUV Y oRUXTNELO TIXG GUVE-
Y0UC EVPOVE TV, eQapuoleTon wla Swodixacio Tpoenedepyaaiog yia TNy dlaxpttonoinoy| Toug:
aXOAOVUOC T Y AU TNELO TIXA AV TIIETWTILOVTOL Gy SLoxELTd 800 XATNYOELDY, QUTWY TOU U-
repPBatvouv xon auTOY Tou uToBatvouy TNV Ty Tou xatw@hiov. To xotdeil autd Sloywetlel
T dedopéva ot BVo xotnyopiec we e€fc. ‘Eotw S = {a1,as, ..., a,} oL Tipéc exnaidevone tov
YAUEAXTNELO TIX00 06 EVal GUVEYES Xol DIATETAYUEVO GUVONO, TTOL Ywpelc BAABT TN yevxoTnTag
Vewpolvton mparypatixol apripol xau m to TAloc twv xhdoewy {C1, Ca, ..., Cp, } Tou cuvdhou
TV 0E00UEVLY exTaldeuoNE. Ex v n—1 Suvat®dv TV Loy WELoHoU TOU ATOTWMOVTOL, AUTH

TOU EAAYLOTOTIOLEL T1) UETEIXT TANEOPORIAG ETMAEYETAL WG XATWOPAL. XONOLLOTOLWVTG Lo OEL-
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pLooy) BLdTagn TV TV, To €Yo To x€pdog TAnpogopiag Beloxetar ot éva mépacua. H uetpur
TAnpogoplac Tou yenotdomnoieiton utohoyileton Yo xdde movd SloywEloUd TwV BEBOUEVKY,

a; »¢ eEng:
G(S) = —pn - E(Sp) —pi - E(S)

(opiéelV
|S>ai,<ai ’
Phi = T
efvat oL YAGOPATA TV TOY YeYahlTepwy (Seixtne h) xou wixpdtepwy 1 lowv (detxtne 1) tng

ENEYYOUEVNC THING Bl wELoRoy, avTicToLya XaL
E(S) == pi-loga(p:)
i=1

elvow 1 evtpotia Thnpogoplag evoc cuvolou, 6ToU
bi = freq(Cy, 5)
= T/

B

€lvol TO XAGOUOL TOV TGOV PEGAU GTO GUVOAO TOU OVTLOTOLYOLY GTNY Xhdon utt’ aptduoy i.

1.3.3 Exnoaidcsvorn Aévdpou Andgpaong

‘Eyovtag avtipetonioet 1o {ATHO TOV YOURIXTEIOTIXOY GUVEXOY TWOY, 0 alYoptduog
dounoNe Tou BEVBPOL amdYAUoTC TEOPULVEL GTN UETUYEIPLOY) TOUC TAEOV Ue xodoAMxd TEOTO.
ECacpolopévou evog TeocuprooUévou GUVOROU BEBOUEVKY exTtaideuoTg, érovton Tela oTdL

vt Toe omola amogaiveTon 0 akydpriuog.

e Av ol TopeyOUEVES aNO TO GUVOAO BEGOUEVWV TEQLTTWOELC AVXOLY OE Wla XAdoT, To

0€vOpo elvar PUALO oL avTIoTOLYEL OTNV HAJCT AUTH.

e Av 10 cUvolo Bedouévwy Bev mepléyel xapio mepintwon, to 8€vBpo eivon @OANO TOUL

avtiotolyel ot pla tpoxadopiopévn (default) xhdom.

e Av 10 6OVOLO BEBOUEVOY TIEPLEYEL TIEQLTTWOELC TOU AVAXOUY GE BLAPOPEC XNATELS, TOTE
10 yopaxtneloxd A pe tuéc mou meptypdpovial and o cbvoro {ai,ag,...,an} TOL

peylotonotel N peTpn x€pdouc TANpogopiog uToloyiletar Yior xdUe YapaXTNELOTIXG

¢ eENg:
G(S, A) = E(S) = > _pi- E(S:) (1.1)
i=1
omou E(S) elvon 1 evrpotnia mTAnpogopiag Tou UTd €EETAUOT YOPUXTNELOTIXOY Xa
|5l
DPi = 1.2
5] (1.2)

omou S; elvo 10 VEo VOO BEBOPEVLY TOU Yol TPOEXUTITE OV O BLOYWELOUOS YLVOTAY
otnv urt’ aprdudy @ Ty yopoxtnelotixol. O akyodprduog cuveyilel vo dnuovpyel ue
TOV TEOTO aUTO XdUe xOuBo Tou BEVOPOL AVAdEOUIXE EVOCW LTOAE(TOVTOL UTOGUVORX

0E00UEVWY exTaldEVOTC.
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1.4 Xyediaocudc Emtayuvty TAuxod ce FPGA

H cvoxeun timov FPGA npocgépel tn Suvatdtnta ev TapaAAAAG amoTiunong cuvopTyoe-
OV TOU EVUNNOXTIXG YPNOLWOTOLOUY TouG TOpouc Xevipxhc ovddos enelepyaoioc (CPU),
WPENBVTAG OE AmOB0GT YdEn OTNV TUpdAANAT LAoToinoT oto xOxiwua. To mepdihov o-
VATTUENG TOU TEOGQEREL T BUVATOTNTO OPIOUOU CUCTAUATOC Téve ot Yneida péow Aoyi-
ool Bivel TN BuVATOTNTO LVAOTOINCTNE TOU UEAETOUEVOLU ahyopiluou oe YAWooeg upnhol
emnédou 6mug ebvor or C/CH+ YADOOES TPOYPAUUUATIOUOD, TOEAYOVTAS QUTOUATWS TNV TERL-
YEoUpT| TOU AVTIGTOLY 0L XUXAOUOTOS GTNY avTio Totyn YAwooo teptypaphc UAixow (HDL: Har-
dware Description Language). Ytnv nopotoo epyaocia, e0TLdlOUUE OTOV EVIOTIOUS TUAUATOS
1) TUNUATEOY ToL oAYoplduou ToL XElvovTol LPNAGY UTOAOYLOTIXMY ATATHCENY, aXOAOLVWS
EexwpllovTde To 1 To amd TO UTOAOLTO TEOYPUUUOL XOl ETUCNUAVOVTOC TNV 00NYla UETUYADTTI-
ong aneudelag o xOxAwua 6N cuoxeur) Tou FPGA. Autd o potifio xdoixa mou axohouvdeiton
Y10l TOUG GXOTIOUE TOU DAY WELOUOL TNE ETAEYUEVNC GUVAETNONG, CUVETAYETAL Uiot OELRd amd
TEPLOPLOROUE O ETUBHAAOVTOL QUTOUATWS TOGO GTOV XWOLXA TOU VAOTIOLEITOL OE UAXO OGO
X0l TOV UTIOAOLTO X@OWXaL TNG UBELOAC auTrG LVAOTOINCNE Tou exTEAE(TOL GTNY XUplol HOVAda
ene€epyooiog, xodog 1 por EXTENEONC TOU TEOYPUUUNTOS EMITACOEL TNV ovVapopd OTIS (Bleg
Oopéc Bedouévwy mou TEpLypdpouy Ta dedopéva exnaideuone. Ilpdto BrAuc hoimdy, elvan 7
XY PAPNOT) TN HATAVOUNC TOU UTOAOYIGTIXOU (PORTOU ovE ETLUEEOUC CUVORTHOELS TOU GU-

VIEAOUY 0TV LAoToinon Tou akyopliuou ue Bdon T UTOAOYICTIXEC TOUG AMOUTHOELS.

1.4.1 Avdivorn Katavoprg Yroloyiwotixold $odptou

H petpuer mou yenowonoteitar yio Ty anot{unot Tou UToAoYLoTIX0U POETOL elvol O YPOVOS
X0 TOL AMOTEAEOUATAL YioL TNV LAOTIOMGT Tou alYopldiuou oL TEOoYEUUUATICTIXE EWBXE Yio TOUG

oxomolc e gpyaotac axohovdoiv (Bh. Lyfuo 1.4 xar avahutind tocootd otov Ilivaxa 1.2).

Testing Data  Misc
Parsing Intermediate

DT Pruning

DT Training
DT Testing

Eyfuo 1.4: Sxorypdgnon touv vnohoylotixol gdptou (epoapuoyt) vl 0.8. Adult [14]) avd
Sradixaoio tou alyopiduou dévbpou andgaone (DT: Decision Tree). (IIny#A: [21])
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o o TuApa SoXyAc Tou BEVOPOL AmOPACTS, TO UTOAOYLOTIXO XOOTOC EYXELTOL OTNV
TEOCTENAGT) EVOC HOVABIXO) HOVOTIUTION Yol EXACTY EX TWV TEQLTTWOEWY doxtunc. To de tunua
EXTIUOEVOTC TOU oAYOoRlOOL XEIVETAL HoXEAY TO TIO UTOAOYIOTIXA AMOUTATIXG CUYXELTIXG UE
TO TUAMA BOXING Xal TTaed T duvaToTNTA TopaAnhomoinong avdaipeta ueydiou Baduold tou
TPOG(EREL TO DEVTEPO, YIa TOUG OXOTOUE TNG epyaciog auThAg emAéyeTon 1) BeATioToNOMOT LTO
TOUC TEPLOPLOUOUE TOU GUOTAPNTOC TN Thatpoppac ZedBoard/Zyng-7000 All Programmable

SoC Tou TUAUATOC EXTIAUBEVOTC TOL BEVOPOU AMOPACTG.

Metric Time (%)
Procedure
Decision Tree Training 62.5
Decision Tree Testing 8.3
Decision Tree Pruning 6.2
Training Data Parsing 12.5
Testing Data Parsing 8.8
Miscellaneous Intermediate 1.7

ivaxag 1.2: Tleprypogt| xotavoufic UTOAOYIOTIXO) PORTOL avE ETWUEPOUS DLadtxasiaL.

H Swduaocta d6unong tou dévdpou mepthaufdvel pio oelpd and dladixacleg Tou xatova-
AOVOLY GELOCTUEIWTA TOGOGTY YEOVOU, UE EVOL TUAMA EE AUTHOY VoL apopd ot dLadixacies Ln-
AV ATUTACEWY UVAUNG TV OTOWY 1) TEOCEYYLOT TNG Tapouctalduevne uedod0ou EMLTdyLVONG
LuAo0 xplveton U anodotixr. Anéd Ty GAAN Uepd OUws, EVOLdUECES dladxacieg OTwe o -
TOAOYLOUOC TNG UETEIXAC TOU XEPOOUC TANEOPORINC XATUVIADVOUV 0PXETO YEOVO (OOTE Vo
o&tlouy TNV EMPEPOUC EMTAYUVOT| TOUG, EVE Ol ANMAUTHCELS UVAUNG TUNUATWY Oov Xl oUTO
elvor SUVOTOV VoL XoAOTTOVTaL amtd Toug TOEOLE Tou cuc Thuatog ue To FPGA, oe avtideon pe
Tar uTOAOLTL TUAUATA TN OLadtxaciog ExTaldeuong TOU BEVOROL ATOPIUCTC, TTOU ATUUTOUY TNV
oUyypeovn eneepyacio BESOUEVLY X0l TOAATAWY UTOGUVOADY AUTGYV, XodOS 0 aAyoptduog

TEOY WEA OVIBPOULXA.

ITio cuyxexpyéva, and TN oxYEAPNCT TS XATAYOUNS TOU UTOAOYLIGTIXO0) PORTOU vl
Sroduxacior xou yLor TNV UEAETOUEVT LhoToinom tou akyoplduou oe C++, 10 62.5% Tou GUVOAL-
%00 Yp6VoL (GUUTEPLAAUBAVOUEVOU TOU YPOVOU OVAYVWOTNS XAl Bl WELOUOU TwY BESOUEVEYV)
HATOVOADVETAL o TO TUAUA TNE exntaidevong tou 8évdpou amdgacng. To turua doxiurc Tou
0évdpoL eEXTUUBELOTC XATAVARGVEL LOALS TO 8.3% TOU GUVORXOU YpOVOL EVE) O YEOVOS TTIOL X0
TOVOAGVETOL LGVO YLt TNV avBAUGT TeV Sedouévwy avépyeta 6o 8.8% tou cuvolixoL ypbvou,
EVG T OEDOUEVA AUTE 0 POEOVY GUVOAX BEDOUEVLY EXTIUDBEUCTC Xal DoXING e avohoyio Te-
pintoewy xat avtiotoryio 2:1. Kadng 6 n xhipdxwon tov dedouévwy doxiung odnyel o
xat” avahoyio adEnomn yedvou, AMoyw tne O(1) nohunhoxdtnrag enelepyaciog plag nepintwong
otodepol apLiol YOPUXTNPIOTIXMY, oV 1) AVOhOYIal TV BEBOUEVKY YTav Vo loooTaduo el oe

1:1, ye SimAaclaoud TOU GUVOAOU TEQITTOOEMY DOXIUNS, To TOCOG T oV Vol TEPLEY PPV TNV
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VEA XATAVOUT] Elvor

Ptrain = 62.5% x 1171 =53.4%
Nl
100
=2 . =14.2
Dtest X 8 3% X 1171 %

X0l UE TOV TEOTO AUTO EVICYUETAL TO EMLYElpua Yiot TN HEAETT Xou BEATIOTOTOINGT) TOU TUAUATOS
EXTIAUOELONC TOL GEVOPOU AMOPACTC: TO TOCOCTO TOU YEOVOU TOL damaVAToL Yiol THY OOUNCT
EVOC OEVTPOU amOQUCTNS UE €val oLYXEXPWEVO TTAlog Tepimtoewy eivon {oaue 3.76 @opég
TEPLOOOTERO A AUTO oL damovdToL Yial TO (810 TAHDOC TEPLTTWOEWY TOU TUNUATOS BOXNC,
70 onolo, haBdvovtag UTOdLY Pl ECWTERXT O TWVY UAOTIOINCE®Y TV TUNUATOY QUTWY, OIS
aVPERUNXE TEONYOUUEVKC XEIVETAL OTL BEV ElVol UTOAOYLOTIXG AMOUTNTLIXG, ToES AMOUTNTIXG
ond dnodn uvHung.

Y11 ouVEYEL, XPIVETOL OXOTIO VoL ETUXEVTEWUEL TO EVOLUPEROY OTNY ECWTERIXT| DOUY| TWV
CLVUETHOEWY TOL amaETiloUV TO TUAUN EXTUUBEVCTIC TOU BEVEROU AMOPIUOTG UE GTOYO VO ETI-
Aey Vel to peyahdtepo xatdhhnho Tuhpo xou va vhoroniel ooy cuvdptnorn viixol (hardware
function) mou Ya tpéyer oe FPGA. And 10 62.5% Ttou Ypdvou TOU XATUVOAGDVETIL VLol TN
0OuNo” TOL 6EVOEOL, OL BLO TOGOTNTES TWV 37.5% o 25% amawtodvton and Tic depyaoieg
Tou efvon UTEDDUVES YLoL o) TN BLUOPPMGCT] TOU UTOGUVOROU TwV SEBOUEVKY EXTIUBEUCTC ETL-
AEYOVTOC TUTHUA TOV TEQITTOOEMY EXTAUBEVCTC Yol TO ETOUEVO Briua TN avadpouixfic Tpoddou
Tou ahyoplduou xau B) TNV AmOTUNON TOU YAPUXTNELO TXOY SLayWEOUOD TWY BEBOUEVKV OE

xade avadpouxd Priua, avtiotouya.

1.4.2 Enhoyy Xuvdpeinong via YAoroinon os YTAuxod

To mpwTo PEPOC TOU TUNUUTOS EXTIAUOELONC EiVOL UEXETY AMOUTNTIXG O AmOdT Avary X WY
UVAUNG, OTOTE AV X0l ETOEYETAU TUEAUAANAOTIOINGT), AUTH €YXELITOL GTY) BUVITOTNTA TEOCBACTC
e wviung tuyadoc tpoonéhaone (RAM) ue mopdhhnho yopoxtiipo ot TauToYeOVLS TOGHTN-
Tog dedouévmv mou evxoha umepPatvouy to tocd e duvauixic RAM (DRAM: Dynamic
RAM) nou pmopel va napdoyer éva etepoyevée olotnua FPGA, wuntépne ) otiypr mou
Ol TEPLTTAOOELS TOU GLVOAOU BEBOUEVKV EXTIAUBELGTE oL TpooTeAdlovTaL, elvor AmaEA(TNTO Vo
CLYLTIAEYOUY GTNV (Bl UVrun XM To 6EVEEO X TICETon oVUBEOUIXE UTd VW TEOS TA XAT.
Ao TNV dAAT PEELE OUMC, TO XOUUATL TTOL 0POEd TNV ATOTUNGCT TOU YoPUXTNELO TIXOU Loy t-
ptopol ot xde Priua TNg avadpouc amatTel TNV eNEEEQYACIN TOU GUVOAOU TWV BEDOUEVHY TTOU
nepthoSdvovton o€ xdde UTOGUVORO TWV TEPLTTWOEWY TOU YPNOWOTOLOUYTOL YL TNV EXTO-
{devom tou Bévdpou. Katd tn didpxeio Tou xoppatiod autol tng eneepyaoiag Twv dedouévwy,
10 %€pdo¢ MANEopoplac LToAoYIlEToL UECK ATOTIUNONE TV CUYVOTHTWY EUPAVIONG TWV TULOV
TWV YOEAXTNELO TIXWDY X0 XATOTY TNG EQUOUOYHC TN UETEWXNS TOU xE€pBoug TANRopOopiag xdie
(O3 WOTE 1) CUVARTNOTN VO ETUC TEEPEL TO YURUXTNELOTIXO TOU TO UEYLOTOTOLEL.

To LTO-TUAUL TTOL APOREA GTNY ATOTIUNOT) TO YALAXTNELOTIXOV BLUY WELOUOY BLUAEYETAL VLol

uloTolnomn we GLYAETNOT LAXOU X0l AUTO ETUTUYYAVETAL UECK XA oTUelor UERIXOD ol XATd



1.5 Xyedaoudc YXuvdptnons o Yo 21

dAho onueiar OAMx0) ETAVACYEDIAOUOY TNG UAOTOINOTE %o avorde®enoT) Twy BOU®Y OEBOUEVLY
Tou TEpLypdpouy ta und enelepyocia and to FPGA 8edoyéva ennpedlovtoc ye tov Tpomo
oUTO o BladLxaoleg ToL TEEYOLY TNV XEVTELXY Jovdda eneepyaciog, oA avapépovton oTo

{SLor dedouéva.

1.5 Xyediaocudc Yuvdetnong oe YTAxo

To emduevo Priua tne epyactag authc lvon avadewpenon tne uhonolnong tou ahyopliduou
0€v0pou ambaong and €& OAOXAHPOU TEOGEYYIGT AOYLOULXOU OE YADGOO TROYEUUUATIONO
C++ oc tétol0, WOTE 1) EMAEYUEVT GUVEETNOT TOU EMEAEYT) UE TA TROAVAPEQUEVTA XOLTHpLAL
vor vhomoinlel ancudelog oTo LA, XT0 onueio autod, yiveTow pior cOVTOUT TEQLYPUPT| TWV
otoyelwv g odvieone udniol emmédou Tou 0dNYoVV TN OYEdNCT TNS CUVEETNONE UALXOU.

H oOvieon uhnrol emnédouv (HLS: High-Level Synthesis) npoogépet éva axdun otddio
QUPUUPETIXOTNTAC OTNV TEOCEYYLON TN OYESoNC TOU LUAXOU xai Olvel, UE ToV TEOTO ouTo,
TN BUVATOTNTO OTO OYEBLNOTY Vo emxevTpwlel oTa YeyahbTepa oyedlaoTixd {NTAUTo TG
vhomolnomg TuEd GTOUG EMUEPOUS XATAYWENTES Xl TG AELTOVEY(ES avd xUxAo TOu POAOYLOD.
Ta epyoheio ovieong udnhol emimédou avahaBavouy TNV TEQLYEAUPY) TNS UXEOULYLTEXTOVIXNC
emnédou petagopds xatoywentwyv (RTL: Register-Transfer Level) oe yhdooo neptypaprc
LAV,

Yuvontid, to epyareia odvieong uPnhol emnédou avalaufdvouy TNy eTTEAECT) DLadLXa-

oLV TOU EVAAAoXTXE Vot €xave EVag OYeBLICTAC EMTEDOU UETAPORAS XATAY WRNTWY, OTKC
e 7 avaAuom xat aEloTolincT TNE BUVATOTNTAS TUPdAANANC eneéepyaciog oe Evay olydpriuo.

® 1) ELCUAYOYT XATAYWENTWY XATAAANAWG, WOTE Vo TeploploTel To uéyedog tng xploywng
dladpounc Tne oyedioong xan va emtteuy Vel 1) Aettovpyla Tou cUCTAUATOS TNV ETHuUNTY

CLUYVOTNTA POAOYLOU.
e 1 Onuovpyla TS AoyixhAc eEAEYyou Tou xadodnyel TO LOVOTATL BEGOUEVMY.

e 1 vAomolnon TV BlETaP®yY U€ow Twv onolwv to FPGA emxowwvel pye to undroimo

cLOTNUOL.

® 1) ATELXOVIOT] BeBOPEVWY OE GTOLYElDl UVAUNG Yot TNV XaAUTERN aloToINoT] TWV TOPWY

xat Tou €0poug LOVNE EMXOVWVIOC.

® 1) ATEOVIOT] UTOAOYLO TIXWY TURTVODY O GTOLYEld AOYIXAS OYEdlaoNE EMTEAMVTAS oU-

TOUOTA BEATIOTOTOACELS TOU LTOBELXVVOVTAL ATd TOV YENOT.

Y1oy0¢ g yenong ovvideone udmiol emmédou elvar 1 xoTd SUVOULY AUTOUUTOTONGT TWV
TOEATAVE BLERYACLOY BACEL UTOBEXVUOUEVWY OIt6 TOV YENOTN XUToAAA®Y unvuudtwy. To
epyarelo obvieone udmiol eminédou mou oflomoteiton oty napoloa epyasia ivor To Vivado
HLS tn¢ Xilinx, mou udAioto TpocpEépeTtol ot OAOXANEWUEVO TERUSEANOY TROYREAUUUATICUOV XAl
vhoTmolnomng xwotxa, o onolo Eyel emonuaviel tponyouusveg kg SDSoC. Xe yevixés yoouuéc,



22

Chapter 1. Extetouévn Ilepilngn

ATUTOVVTOL TEOGUPUOYES TOU XMOLXA XL AVAGYEOLAOUOS TUNUATLY TOU OOTE Vol GEBETOL TOUG

AT TEPLOPLOUOUG.

[Teproploudc avapopY GE AVAPORES XAl AOLTOV XAUUXOUUEVWY AVAUPOLMY.
Xprion otatinfc Topd duvouLx|c Loy elplong UVAUNG omd TN CUVEETNOT UAXOU.
Fevix®dtepog MEPLOPLOUOE GYETIXA UE XAOELS CUGTHUTOC.

[Tepropiopévos aptiude Tuxdy BiBAodnxoOY.

[Teproploude oToryelwy avTxelevooTeéetag g YAwooag C++, omwg evar o delxTeg

OE CUVOPTHOELS X0 Ol ELXOVIXEC CUVUPTHOELS.

ABuvayio utooTHEENE AvVaBEOUXDY GUVIPTACEWY (UETAE) GAAWY TEPLOPLOUWY, aPOopd.
v epyaocio auth oe xplowo Padud oyeTnd PE TNV ETAOYT HOVO TUNUUTOS TNE OLadL-
xaciog exnaideuong mou dev elvan avadpouxd Tapd efval €var UEYIAO XOUPSTL TOU ovo-
OpOULX00 BAUITOC Xl XAUTA CUVETELN €YOUUE XANCELC TNC CUVAETNONS UAXOD OCEC Xal

o Brpota autd).

H Bientopr emxowvemviog twv Bedouévewy amd Ty extdg Ineldag uviun TeEnet vo UTodEL-

yOel pntd and Tov oyedlac .

To epyareio abvieone uPnhod we chotnua anoutel elcodo Tou tepthouBdvel

TNV EMCHUAVOT| TNE CLVAPETNOTNE TOU TANEOL TI TUPATAVEL TEOBLAYRAPES Yia UAoTolno

O€ UALXO.

ploe Boxuy| oyedloone mou yia Toug oxomolg enoAfleuong Tng op¥oTNTAC TG TEOG

vhomolnon cuvdpetnong.
v mhatpopua FPGA otoyo.
TNV TEOTUTY GUYVOTNTA POAOYLOU.

EMONUAVOELS OONYLOVY YLl TN dladxacia AoTolnong.

xau 1 €€006¢ g ouvdeong elvan pla oyedlaor eMTEBOU PETAPORAS XATUYWENTOV pall Ue

EXTWAOELC amodoong xou o&lomoinong TOpwy. MUYXEXPWEVL TEQLhUBAvEL

TEPLYPPT| TOU LAXOU e xatdAANAn YAdooa (A.y. VHDL).
TPOCOUOLOCELS BOXUNG OYEDIUOTE ETUTEDOU UETAUPORAS HATOY WP TEV.
OTATIXT AVEAUGT) ATOB0OTE oL YPNONG TOPWY TOLU CUCTALITOC

GUVOAO BEBOUEVMY TIOU TEELYEAPOLY TaL OpLL TNG OYEDLAGNS VLo EUXOA{o GUVDOESTC UE TO

unéhotno cloTNUA

‘Eyovtoc anocagnvicel Toug 6poug xat tpolnovécel utd Tic onoleg yivetal 1 yehor Tou

epyoheiou oOvieong udhniod emmédou tne Vivado, pével va yivel 1 meprypa@y| Twv ovoden-

PHOEWY X0 AVACYEDLAOUWY TNG UAoTolnong Tou alyopiuou, ote va emtteuyvel To emduuntéd

ATOTEAEGUAL.
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1.5.1 AvoanopdoTtacy] 0eSoUEVRY OTN VAT

Apyd, onueidveTal Tw Tar SEBOPEVA ELGOBOU TTOU EYOLY TN LORYT] YWPLOUEVKY OO XOU-
portor ahpoprduntixay (Hivaxag 1.1), xatd to tpApe e avdhuons twv Bedogévmy ugioTavto
wla emegepyaota yiol T UETATEOTY Toug oe byte-xwdxomoinuéveg Tée. Autod yivetan Ue Tnv
vhonolnomn Aeixol yio xdde YopoxTNEOTING, WOTE XAde SLPORETIXY TIY VO VTLO TOLY IO TEL
oe évay adZovta aptiud avd yapaxtnelotixd. Me tov tpémo autd yiveton e owxovounct oe
bits oe oyéon e v vlomnoinom xadohxol he€ixol, agol xdide yopoxTNELoTIXG EYEL TO Bixd
ToU Ae€ix6 xou €T0L oL apLIUN\OELC BLPORETIXMY YUPUXTNELO TIXWY UTOREL VoL ETUXOAUTTOVTAL,
OAAG PE TN YVOON e othAne otny omola Beioxoviar (TNY TaTEHTATA TOU YopoXTNELo TIXOV)
eCaopollletan 1 xwdxonolnon Toug ywelc anMAEld TANEOPORiaC UE 6CO MO CUUTHYY| TEOTO
vivetou oe €va byte.

H avanoapdotoon evog axépatou aprduol oe éva byte elvan 1 puixpdtepn duvaty| eviaio o-
VTOTNTO TOU GUVLO TA TUTO OEBOUEVWY GE YAWOGES TROYRUUUATIONOU 6Tiwe 1) C, eved Tautdypo-
Vo TpOG@EReEL TNV amopaltntn eveh&io Thg e Tov (Blo tpémo avagopds and CPU xou FPGA.
H eveli&io Tou €yxertan oto 6Tt av xou oto FPGA unopolv va yenowonomdoly Ayodtepa
a6 8-bits yio TNV xwOLXOTOINGT YUEUXTNEOTIXOL UE AYOTERES amtd 256 BlaxEITES TUIES, OEV
empepeL TNV emBpdduver mou Yo cuveERAYOTAY 1) TEOCUEUOYY| Tou peYEDOUC TNG UETABANTHS
xatd Ty emxowvewvie FPGA-CPU. TNt T 88 y0ipax TNelo Txd GUVEY MY TGV, 1) Xwdixorolnom

TOUC 0POEd TNV PETA TO 0Tddo TNne mpoeneiepyaoiog (§1.3.2) duixr avarapdo taoch Touc.

1.5.2 Aopeég xou Metagopd AcdopeEvwY

Ta Sedopéva exnaldevone apyixd avomaploTavial o dlodldctoto Tivoxa Ye tnv byte-
AWOWOTONUEVT] TOUG LORPY| OTKS avaALUnxe Topandvw. O avacyediaouos tng Slodldota-
™Ne dopng autrg TEOBAETEL TNV evHUYEAUULEY| TOUC TOCO GE TROYEAUUUATICTIXO €NINEDO UE T
METATEOTN TN OLTANG avapopdc e amhy| avapopd. Pe xdie yoouur tou mivaxo vor cuvdéeTan
oetptoxd e Ty nponyoluevh e (BA. mivaxeg 1.3 xou 1.4) 600 xou o€ Quoxd eninedo, apold
elvo amopafTNTO CUUPWVOL UE TO TEOTOXOANO UETAPORAS TIOL XEIVETOL TO TILO ATOBOTIXG YId TNV
neploTooT Ta dedouéva va etvan amodnxevyéva o QUOIXE GUVEYY UVAUTN. AUTO ETLTUYYAVETOL
HE TNV xAfom TN ouvdptnone sds_alloc() oe avtideon e tic und TN cuvdpTtnon malloc ()

XAAOELC GUCTAUATOS ToL EEACPAUAILOUY EXOVIXE GUVEYT] UVAUT.

(1,1) | (1,2) | (1,3)

(3,1) | (3,2) | (3,3)

Iivaxog 1.3: Mntpwr) Souny 3X3 Ye EMOAUAVOT BEXTOV TwV OTOLYEIWY.

anje|as) ey e @3] 616263 |

ITivaxag 1.4: O mponyoluevog mivaxog €yovtag unocTel euduypduuLlo.
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H petopopd v Tpocupuocuévey oTIC anauthoelg tne ouvideong udmiol emnédou dedo-
LEvVwY yivetan amo elte Ty xOplar ) Ty xeupt| uviun oto FPGA péow tne Sienaghic tponyuévng
enextdone draovvdeone (AXI: Advanced eXtensible Interface), mou cuviotd diowho emxor-
voviog petagld tou uixpoenelepyaoth xou FPGA otny nepintwon auth. Xtny vlomoinon g
CLVHETNONG ATOTIUNONG YUEUXTNELOTLXOU BLUYWELOUOY OTO TUAUN OOUNONS TOU BEVOPOU o-
TOPaoNS, 1 oY) TwV dedouévwy elvar and tov enelepyacTh xou TNV eni-gneido uviun tpog
10 FPGA, pévo ye v emotpeqpoyevn Ty uixoug byte va axohovdel tnv avtictpopn no-
celo. Ta dedoyéva exmaldeuong mou Beioxovton anodnxevuéva ot UVAUT AVOPEQOVTAL UE T1
oievuvon tou TpKTou oTotyelou Toug xan xatevdivovtow Teog to FPGA v enelepyaoia
HEC TOL EVEAXTOU TEWTOXOMOL TéTapTne Yevide AXI4 (BA. Lyfua 1.5), eved ot petafBhntéc
UE oVOpopd OF TIUY) UETOPEQOVTAL PUEGEL TOU AVTIOTOLYOU TEMTOXOANOU YLo UETAPORA AEENG

onuelov-tpoc-onuelo AXI4-Lite.

Write address channel

Address
and
control
—_—
Write data channel
Master Write Write Write Write Slave
interface data data data data interface

- = - =

Write response channel

Write
response

-———

Yyfuor 1.5: Audrypoppo opyttextovixic tpwtoxdilou AXI4 yio Ty eyypagy| dedopévwy and
wio Stemoupy| apévn oe pla Semapr| oxhdBo. (IInyA: [5])

‘Eyovtoc 7%on avagepdel 010 TpwToX0oAh0 emxOVLVIae PECW TOU OToloU PETOPEPOVTIL
Ta Oedouéva, axohodwe mapouctdlovial ol viipextiBeg #pragma tOnou SDS mou dntovion
QUECT TN UEAETOUEVNS EPUPUOYHC Xl UECEK TWY OTOlY 0 OYEBLAoTHS unopel va xadopioel Tig
UTOAOLTEG AETTOUERELES TNG UAOTOINOMG TNG Exovmwviag Ty dedouévwy and CPU oe FPGA,
Ta omolor dedopéva eupaviCovtor ooy 0plopaTo TNE CUVEETNONS OE YAWOGO TEOYRUUUATIONOD

C/C++, xon BAoeL TV OVOUSTWY TV UETUBANTOV-0pLOUSTOV CUYXEXPLIEVOTOLOUVTAL.

e access_pattern: péow tng odnylog authc xadopiletar To potiBo mpooméhaong TwV
OEDOUEVLY AMOUNHEVPEVLY GE BLOUVUCUOTIXY DOUT) X0 AVAPEQOUEVWY UEGHK TNG DEVTUV-
OMG TOU TEWTOL oTolyelou Touc. AuTh umopel va elvon celplaxy|, ondTe yenoylomoLleito

OlETapt| TUTOL OURAC 1| TLY Y, OTOTE dNUtoVEYElTOL BLETUPT| TUTOL UVAUNG TUYLAS TTEO-
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oTENAOTG.

e copy: p€ow NS odnylag auThC BteuxpIleTon PNTE OTL ToL BEBOUEVOL AYTLYEAPOVTAL Ao

N UVAUN Tou eMeEQYAOTH OTNV GUVEETNGCT] UAXOU.

e data_mover: ye tnv odnyla auth dieuxpwileton 1 voudeola Tou oyedlICTH TEOS TOV
epyaheio cOvieong yia Tn dour| UEow TN omolag UAOTOLELTAL O UETAPORENS DEQOUEVLV:

HE Yerion ovpdg, AMotag TOToU BLcToEdG-CUANOY TS 1) ATATC HETAPORLS.

e mem_attribute: yéow tng odnylag mou yapuxtneileton and autr T AEEN xhewdl, Sieu-
xpwileta 1 Quoh 1) un cLVEYELRL TNG UVRUNS TNV omola efvan amotdnxevuévn n Teocdlo-
etlouevr dour| Bedouévwy. e TepInTwo U dieuxpivions Tng odnylog autrc To epyaheio

SDSoC emyetpel va avoryvwploet and govo Tou Tov TOTO GUVEYELNS TNG UVANS.

e sys_port: pe tnv odnylo autr dieuxpwviletan o tinog g Yopag and tnv onola diex-

TepotdveToL 1 emixovewvior (h.y. V0pec uPNAAc anddoong, YL Un CUVEXTIXES oVaPOPES

otV XUt uviun).

e zero_copy: Ue Tnv odnylo auth emonuaiveton OTL 1) oLUVAETNOT UAXOL €yel Gueon
Tp6oPaon oto dedouéva Tou BeloxovTtal 68 XOWOTONUEVT) UVAUT, UECHL BIETapTC TUTOU
AXI.

[ Ty peetoduevn eQopuoy Aoltdy, Loy lel 6Tt Ta dedouéva Bev TEOoTEAGLOVTOL GELOLAXS.
o€ oy€a UE TOV EVHUYPOUULOUEVO TivVoXd, XATL ToL 001YEl OE TpoTomoinoT Tng oyedlaong ava-
popixd Ue T dedouéva mou petadidovton uéow tou AXI Swdiou dietogpric. Iho ocuyxexpyéva,
xdde OTANN YoEaxTNEIo O UTOXELTOL Ot epdmal enelepyaoia e OXOTO TNV XATUUETENOT)
TWV CUYVOTATOVY EUPAVIONS TWV THIMY TWV YULUXTNELO TIXWY, Ol OTOlEC amoUnNXevoVTIL 0XO-
hovwe oe BRAM yua toug enaxdrovdoug unohoylouols, eved tny (Bl oTiypn, 1 oTHAN Tou
avTloToLy el OTIC XAAOES TV UEAETOUEVODV TEQITTOOEWY TEOCTEAJLETOL TOCEC POPES, OGO €-
tvo xou to MAYog TV yapaxtneloTixwy. o Tov Adyo autd, xplvetar xatdAAnAn 1 Yebpenon
Lo VEAS ovapopdic TNV TEAEUTALO GTHAT TOU 0popd TIC XAJOELS TOU GUVOAOUL TwV BEBOUEVLY,
OOTE VoL PETAPERETAL EEYWPLOTA A6 TIC THES TWV UTOAOITWY YUEAXTNEIO TIXWY, olpovToG UE
TOV TEOTO aUTH TNV ToEPBlaoT TNG CEPLIXC TEOOTIEANOTS TWV EMIEPOUC DOUMY: ETLOLXE-
ToL GELPLOTIOMNGY TWY ovapop®y WoTe Vo a&tontotniel o BEATIOTOC YeTapopéag SEBOUEVWY TOU
EYXELTAL OTNV GELPLOXT| TPOCTIENACT] TWV EMCTUOUVOUEVKDY DOUWY.

H Zeywploth adAd Tautod)povn HETOPORE TKVY BEBOUEVKLY BEATUOVEL TNV TOL UTG UAoTolNoT,
CUCTAUATOS BLEXTIEQUUWTIXOTNTA Xa ETPEREL XahDTeRT a&loTtoinoT Tou ebpoug LOVNG HETOPO-
E4C TwV BEBOUEVKDY XoME 1) ETUXOVWVIA TV EVATOUEVAVTOY BEBOUEVKDY Efval TaXTIXY X0 1)

Behtiotomoinot| g xaiplag onuactog.

1.5.3 IIapdAAniol Yrohoyiopol

270 U€pog auTO UEAETWVTAL BEATICTOTONCELS GAAES OO TNG OYETIXES UE TNV EMLXOVLDVIN

enelepyaotrhi-npoypoupotiloyevne hoync. Ilo cuyxexpiuéva yehetdton To GWUA TOU XWOX
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NG CLVAETNONG TOU OBEVEL TIPOG UAOTOMGY OE UAXO %ot BLEpELVMVTAL 0ONYIEC TPOG TO Ep-
yohelo oOvieong vdmiod emmédou Yoo TNV xohlTeRn a&lonolnon TwV TOEKY TOU GUCTHUUTOS
xa PEYLO T BLVATY| TOEUAANAOTIOMNOT YLl TOUC GXOTOUC TNE AMOTIUNOTS TOL YAeax TNl TIX00
Loy welopol aTo TUiUa TG exnaideucne Tou BEvopou andgaong. Axololtng Tapouctdlovto
ol vtipext(Bec #pragma tOnou HLS mou mapoustdlouv evbiagépov yia Tny mapoloo epogouo-
Y %ot PEow TwV oTolwv 0 oYedLHoTAS UTOPEl Vo xordoploel TIC UTOAOLTEC AETTOUERELES TNG
ulomolnong Ye oxomod Tov BEATIOTO TEOTO BLEXTERPAUMONS TWV UTOAOYLIOUMY TNS CUVIOTNONG
LAX0U. AETTOUERED TEROG TEOTOC EPUOUOYTS TWV OBMYLOY AUTWY OVAUPERETOL TUPUXATE, UE TIG

TPOCUPUOYES TOUS YIA TOUG OXOTIOUE TNG EPUQUOY NS,

e array_partition: ye tnv odnyla autH TeoxaAelton TUNUUTOTONCT Ml SLUVUCUOTIXAS
OopnNG OF EMPEPOUC UIXPOTERA DLVOCUATA 1) OTOLYElD TPOCPEROVTUC TEPLOCOTERES XAl
uxpoTepeS wviuee, audvovtog Tic YUpee avdyvemone/eyypaghc, avolyovtag tny topTo
Yl TapdhAnhn enelepyacion Tw TEPLEYOUEVWY BEBOUEVLY.

e loop_tripcount: ot emavoknmTixol Bedyol Tou UAOTOLOUYTOL GE UAXG amoutolv oG
éva Bodud 0 Yvoon tou aprduod Twv emavokfpewy- ue Ty odnyla auTr utopoly va

7 e e 7 / 7.
emonuavioly dve xar x4te dpta TARYOUE AUTOY.

e pipeline: pe v odnylo aUTYH EMITEETETOL OE AELTOVPYIEC HECA GTO GOU EVOS ETOVO-
AnmToU Pedyou vor eXTEAOUVTOL TAUTOYEOVY UE T HEV000 TNG COARVKONS Xal YeNoNg

TOPWYV UE TOV XUAUTEQO BUVATO TEOTO.

e resource: 1 odnylo Uty Sivel cwpeia BUVATOTATWY GCOV aPoEd TNV LAOTOINCT YETO-
BNtV 610 eninedo petapopds xataywentdv (A.y. BRAM plag ¥ 800 Yupdv eyypo-
phc/ovdry vewong).

e unroll: 1 odnyio auth emonuaivel évay emavoknmtixd Pedyo yio Eedimhwpo oe Eeywpl-
oTég ovioTnTeg emedepyaotac avtl oe ula cuUALOYY Aettoupyldy. Me tov Tpémo autd Ta

Eeywplotd UTOGUVOL TWV ETUVAAAPEDY EXTENOUVTOL TOUEEAANAOL.

Emotpégovtag tiow otny epopuoyy) twv uedodwy cbvieong uhniod emnédou atny emAey-
UEVn cLVBETNON Ylot LAOTONGT 6 UAXO, houBdvovToag uTtody Tng SUVITOTNTEC TOL ToEE)O-
vt amd To gpyoaeio auTd, mopouctdleTol 6T CUVEYELX €Vol GUVORO OO TETOLEC ETUOTUAVOELS
(viipextifec). e mpito otddio buwe, mopouotdletar éva otiypdtuno (BA. mivoxa 1.5) tng
ATOTUNONG TWV CUYVOTATWY TOV TV TWV YOQUXTNRIC TIXMY XAT oAVTIoTolylal UE TS XAJCELS

OTIC OTOLEC AVAXOUV Ol TIEPLTTWOELS OV TEPLYEAPOLV.
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working class | Income Classes
attributes <50K | >50K
federal-gov 449 276
local-gov 1108 445
never-worked 5 0
private 12947 3569
self-emp-inc 363 454
self-emp-not-inc | 1348 528
state-gov 683 256
without-pay 8 0

Tivoxag 1.5: Mtov mivaxo autév anexovilovTon oL GUYVOTNTES TWV THOY EVOS YUpUXTNELIO Ti-
%00 (tUmog epyooiog) avd uodohoy xhdon (0.5. Adult [14]) otnv onoio avtioToyel 7
nepintwon mou avixouv. (IInyA: [21])

‘Evog mivoxag cuyvothtwyY ooy Tov Topamdve oynuatiCetar and plo uévo oTAAN Tuoy
evog yapaxtnelo ol yall, Quoixd, Ue Tn GTHAT TV XAACEWY xat €va TETOL0C GOoUEiToL Yo
xdde emovdAndr Tou e€DTEEOL EMAVOANTTIXOU BpGYOU TOU GUVIGTA TO GOUO TNE CLUVARTNONG
UTIOAOYIOUOU TOU YapoxTNEIo TiXol Slayweioldol. Mio uévo enavdindn o¢ mpog Ti¢ TYég Tou
HEAETOUEVOL YOROXTNEIG TXOV, oL oTtoleg ueTadidovton uéow tng AXI Siemagprhc, xaL UTOXELVTAL
oe oelptaxnt| enelepyooio, apxel Yoo TNV anoTUNoT xat ATOVAXELCT] TWV CUYVOTATOV AUTMV
oe uviun vhonoinuévn g BRAM ue tnv emoruoavon 6Vo Yupdv. H allomoinon e 8iduene
BRAM vyiveton yior Tov Adyo OTL Bivel T SuvatoTnTa PETENoNS CUYVOTATLY 800 TYWY Tou-
6y POV, EE 0L xou 1) 0€lomoinoT 800 dlapopeTixdY oplopdtny (BA. Lyfua 1.6) mou cuvioTody
AVOPORES OF DLAPORETING CTUELN TOU BLtVOCUATOC TTIOU QEREL TIC THIES EVOS YARAXTNELO TIXOU,
METEHOELC Ol OTOlEG BIEXTIEQOUMVOVTOL EEYWELOTA X3PV TWY BLUPORETIXWY oVIPORWY, BladbaE-
WY XL CUVEHA TG BuvaToTNTaC ToedAANANG eneepyaciog and o FPGA. Auty n a€onoinon
ETMUTLUYYAVETAL UE TNV ETLOTLOVOT TNG VTLeexT(Bog TOTou unroll xou pe mopdyovta 8V0, onua-
TOBOTHVTAS TOV BLoyweloud Tou Bedyou ot dVo aveZdptntoug Bedyoug.

Emnpdoteta, emyeipeiton pla axdun BeAtiotonoinon yia tov Bedyo mou agopd tny mpo-
OTENACT) TOV TYWOV TOV YORUXTNPIOTIXWY UE OXOTO TNV ANOTUNCT TWV GUYVOTATWLY. AuTH
ETUTUYYAVETAL UE TNV EMOHUAVOT TNS VTIeeXTBag TOmou pipeline mou emépel 0 oYy POV
Aertoupyio xou eEXTENETT) UTOAOYIOU®Y amd TO GO ToL Bpdy0ou Xt TOUTO PECK TUEATAUENG TLWV
enavaliPewy Tou Bedyou GE YEOVIXA ETUXVAUTTOUEVA SLOC TAHUATO, OBNYWVTIS TO OLAC TNUA EV-
CWUITWONS TOU Bpoy 0L GTO EAIYLOTO SuVATO, BLAC TNUA oL TPocdLopileTon and To epyaAelo
SDSoC xatd tn dudpxeia Tng odvieorng.

To enduevo Brua elepyaciog Twv dedopévmwy Aoufdvel Yoo oTov ENEEERYUCTIXO TURTVL
Tou FPGA agopd otny a&lonolnon 1wy Ye 1oV TpOT0 Tou TERLYRAPTXE VWITERX ATOTIUNUEVLY
CUYVOTATWY Yl TOUC OXOTOUC TOU UTOAOYLOMOU TN TOL XE€pOoUg TANpogoplag amd To uTd

eZétaomn dedopéva. O umoloyloude Tou x€pdoug TAnpoopiag amatel UTOAOYIOUOUC CUCGW-
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Processing System (PS)
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Programmable Logic (PL)
Evaluating Splitting Feature Kernel

Stream data, store classes in BRAM

[]
Evaluate attribute frequencies with
respect to corresponding classes
]

Calculate Information Gain based on

frequencies
]

Update feature with maximum gain

Yyfua 1.6: Iopandve mapouotdletal To ATAOTONUEVO SLEYEAUUUN TUNUATWY TNS ETEROYEVOUS
apyLtextovixic mou mepthouPdver cuvduaoud FPGA xa CPU, npofBdiiovtag 6e Ty petold
Toug emxowvwvia. (IInyh: [21])

PELTIXWV AJPOLOUATOY GYETIXA UE TOV UTOAOYIOUO NG evipoTiac mAnpogopiog. To tuhua
auT6 TOL aAyoplduou VAOTOLELTAL WG OELEd AT EUPWAEUPEVOUS ETUVOANTTIXOUS Bpoy0US, TWV
OTolWY 0L ECOTEROL, TOL APOEOVY GTNV TPOCTENACT] TWV XAJCEWMY TOU GUVOAOL BEBOUEVWLY,
UPIOTOVTAL TIC TEOCUPUOYES TNG EMCHUAVONS TNG CWANVWOTNS, EVEK Ol EEMTEROL TIC UGIC TOVTOL
OTI¢ EMAVUAAPELC TOU aPOPOVY GTNY TEOCTEAUCT] TWV TWAOV TWV UTO EEETACT YoURUXTNELOTI-
xwv. O dedtepog emonuatveton emmAéov pe Eedimhwpa Boduod tétotou, wote va oéleton Toug
TEPLOPLOUOUE TTOPWY TOU GUCTAUNTOS, OAAS TOUTOYEOVA X0k VO ETUTEETEL TOV CTATIOTIXG. [E-
YOAUTERO OELIUG OVOYVWCEWY TV OToLYElY Tou Tivoxa xat TV xoAUTepn adlomoinoy Tou
duyNTXOY ebpoug LHOYNG TS UVAUNG, oL LAOTOLEL TOV Ttivaxa aUTO GE TUAUTA Ydprn oE O)e-
) vieextifo TOmou resource, xoog aveldoTnTEC TTUYES TOU BRoYOU avVOpECOVTOL GTO
(Bl 6edopéva. Tavtoypdveg, 1 Teheutola OTAAN TwWV BedOPEVLY EXTUBEVCTC TIOU CUVIGTY TN
OTHAN XAACEWY TWV EXTOUOEUTIXWY TEPITTOOEMY, UETASIDETAL Xt anoUnXedETUL GTNY CUGKELT
tou FPGA oe oroiyela uviung tonou diduene BRAM, nou 6idel 0 Suvatétnta otov xatd
600 Poduoie Eedimiwuévo Bpdyo Vo TEOCTEAACEL UE T GWUATA Bpdyou ToU TEOXVUTTOLY TO
(Blo Bdvuoua TwV xAdoEWY EEATPUNTOVTAC TAUTOYPOVIL UE TOV TREOTO QUTO, TNV UETAE) TOUg
aveZoptnoio.

‘Ocov e apopd 10 cLUGOWEELTXXS ddpoloua, 1 epapuoyh Tne oxéone (1.1) olupnva pe
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v ool utoloy{leton To xépdoc TAnpogopiac e exdotote oTHANG (0UVOAO TWOVY Yupo-
XTNELOTXOV) XL Yol ToV oTolo uToloylopd o oelpd and emnpdodetec TPOCUPUOYES Xou
vTpexT(Beg emonuatvovTon, HoTe vor SlatidevTton oL XaTIAANAOL TOEOL Yial TS AOLTEC AELTOUE-
yiec TN ouVdETNOMNE oL TEPLAAUBAVOLY TEOGVEGELS, TOMATAACIAOUOUE XOMS Xl OLULEECELS
oELIUOY XIVNTAC UTOBLUO TOATC. AVapopixd Ue Toug UTOAOYIoUOUE Tou X€pdoug TAneogopiag,
OAAGL xoU TV EVOLOHECWY UETUBANTWY TOU GUVELGPELOUY GTOV UTOAOYLOUO TOU, TO UNXOS NG
HETOBANTAC xvNTHC UTOBLG TOATC SlokéyeTon oTarlepd o (0o ye 32-bit, pe acrjuovteg Tehxéc
anAeteg axpifeloc TedBAednc.

Yuyxexpyéva, ol TedEelc TedcUeEoNS Yol AOYORLIOUO TOU GUCCKEELTIXO) opOoloUATOg
vhomoloUvTo o adeoloTEC XN THC uTodlao Tohrc TOtou DSP48, evd yia Toug moAhamhaoia-
ouolg TV xhaoudtov e oyéon (1.2) pe tic avtioToyes hoyoprduxés tocdtntes allonoto-
OvTaL ToEopoiou TwV adpoloTWY TUTOU TOAAATAACLIGTES XIVNTAG UTODLAOTOANG, EVEK TENOG
Ol SLUPECELS VLol TOV UTOAOYLOMO TwV xhaopdtwy (1.2), autée Aopfdvouv yoea ot dlatpéTteg
XUWVNTAC UTOOLOO TOATC.

To amhomonuévo oyedidypouuo TUNUATOY Tou anetxoviletar oto Xyfua 1.6 avadeixviel
TNV AEYITEXTOVIXY] TOU GUCTAUATOC: TEPLAAUPBAVEL évar GG TN UXPOETEEEQYUC TY) TTOU atva-
AofBdver Tov LUTOAOYIOUO TV LTIOAOITWY X TwV avatedéviwy oto FPGA unoloylouomy xa
OLEPYUOUWY, UE TO BEVTEPO Vo AVORUBAVEL TNV ATMOTIUNOT) TOU YoEOXTNRLOTIXOU OLoY WELOUOU
Bdoel Tou utoloyiopol Tou xEpdoug Thnpogopiag Tou. To dedouéva mou Peloxovial ot Sovu-
OUATIXT) LOPPT| UETAPEPOVTAL UECH duEaTg TpooTéAaoNS uvAUNS Tumou AXI, eve ol undroineg
peTofBANTEC PeTagpépovTon uéow tne Oenagrc Tonou AXI4.

1.6 Amnotiunon Anotelecpdtwy

O PEAETEG TEQITTWOEWY YIa TNV ATOTIUNOT TNG AMOBOCNS TOU GUCTARATOS TOCO Yol TO
TUAUO EXTIUOEUGTC 6CO XoL YLl TO TN BOXAC Tou TovounTr 6€vBpou andpoong, apopo-
Ov ota oOvoha dedouévev ‘Adult’ xou ‘Census-Income’, mohuyetaSAntd cOvoha Sedopévwy
avTAndévta amd Ty anodrixn unyoavixrc udinong tov UCI Ta yapaxtneiotixd xou twv 600
CUVOAWY BEQOUEVWY, TEPLAUUBAVOLY TOCO XUTNYOELXd OEBOUEVA OGO o UXEPALOUS, UE TO
0c Teleutado vo TEPLEYEL Xat TWWES XWNTASC UTodLacToArc. Mia mocotiny) avdhuon twv Oe-
OOPEVWV ATV BElYVEL OTL TO TENOTO cUVOAO Tepthaufdvel 48842 mepintwoelc cuvohixd, 14
YOEAXTNELO TIXWY, 8 €X TWV OTOIWY XATNYORPIXA Xt 6 GUVEYMY TGV, 0TI 0Toleg EQupUOlE-
Tan 1 u€dodog dlaxpltonolnong, Ommg yiveTal xaL oTa 7 YUpaXTNELO TIXA CUVEY WY TWOV AT
T ouvohxd 40 yopoxTnEloTiXd 6To deUTEPO GUVOAO Bedouévwy Tou mepthauBdvel 199523
EXTIOUOEUTIXES TEQINTOOELS xat 99762 B0oXACTIXES TEQPITTWOELS, UE To LTOAOLTAL 33 Vol elvon
HATNYORXSL Y ARUXTNELO TIXAL.

‘Evag and 10U¢ onuavTIXOTEROUS TORAYOVIES TOU GUVIOTE TEOYOTEDN Yo TNV eniteuln
IXOVOTIOLTIXAC ETULTEYUVOTS TNG AmOB00NC TOU GUG TAUATOS Xl TO X€pB0¢ amd TNV ulomoln-
ONC TNE CUVEETNONG OE LAIXO, EVOL TO XOOTOC TNE ETXOWVGVING UETAL) Tou ENEEEQYACTIXOU
ovothpoatog (PS: Processing System) xou mpoypopuotilouevne Aoywhc (PL: Programma-

ble Logic). Tné autéc tic ouvifixes, otny mopolon epyacia YEEdoTNXE Vo cLYXpLdoly
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uédodol emxowvmviog xar va e€ayVel we oupmépaoua 1 BEATIOTH UTO TOUS TEPLOPLOUOUS TOU
ouo thpatog Yévodog emxovwviog PS-PL. ‘Onwe avagépoinxe vwpltepa, ol TwéS Twv xAdoewy
TEOOTEAALOVTAL TEQLOBIXGL, OVOXOAOLVL UE TT) GELOLOXT| TROOTEAUCT] TWYV THIWY TWV UTOAOLTWY
yopoxtneotxwy. To yeyovée autd odiynoe otnv e€étoom NG YETAPORUS TWV BEBOUEVLY
ue tn pédodo zero_copy elte UOVO Yiol TIC XAJOELS 1) oL GUVOAXE Ylol OAL ToL BEQOUEVA,
ulor VAomolnoT mou amodelyUnxe Vo EVIEIVEL TO XOOTOC ETUXOWVOVING ETL TEPUUTERPL EVOVTL TNG
ulormolnong mou odhynoe otny TeEAxr Bertiwon tng anddoorg.

Emnpéocieta, afiler va onueiwdel mwe ol teptoplopol mou emPBdilovton yotpata €€ outlag
e andQaonS Yo VAOTOINGT ToL ahyopllou GTNnY UBELOIXY AUTY) AEYITEXTOVIXT| TOU CUC THUI-
T0¢, MOV TEQLAAUPBAVOUY TEQIOCOTEPEC OTATIXES XL €X TWY TEOTEPWY OlaTEVEWEVES DOES
OEDOUEVMV, DEOLY EVIGYUTIXA OF WLl GUVOMXT| UELWGCT) TOU YEOVOU EXTEAECTC TOU TUAUATOS
exnaideuong Tou ahyopiluou, axdud xou o LVUETHOELC oL TEEYoLY €€w amd To FPGA, ahhd
uotpdlovton TN @rhocogio Tng vhomoinong, (owe Yo éva uxed x6aTog gveMElog.

O petproeig mou napovatdlovtar axohovdwe atov mivaxa 1.6, apopoly TNy extérean Tou
akyoplduou yio ta 500 Tpoavapep¥EVTO GUVOANL BEDOUEVWY, GE CUYVOTNTA AELTOVEYIUG XAl UE-
Tapopdic dedoUEVeS (Bleg xou loeg ye 142.86 MHz, ye Ty yerion Twv opwY Tou UG THUNTOS VLo
TIC CUYYOTNTES AUTES Vo @aivovton oTov Tivoxa 1.7. TTpoxewévou va emiteuydoly To Tapouota-
Copeva anotehéopato, pla oElpd and TORUUETEOUE NTOY OVTIXEUEVO TELQUUOTIONOY, OTWS A.).
Ol TOPAYOVTEC TUNUATOTONONG TVAXWY, Ol TUEAYOVTES EEDMAMUATOSC ETOUVOANTTIXWY Bedywy
xa THEoL GTouC onoloug AauPdvouy Ywea ot didpopes aptiunTixéc TedEeLC.

O x®duxac e peletwpevne egopuoyfic o C/C++ yhdooo npoypappatiogol yall ue e
vTeextifBeg tomouv SDS xou HLS, mou odYynooav otnv TeAxr dpyIlTEXTOVIXT] TOU GUCTAHUNTOS,
petay AwttioTnxay ot évo exteréoipo apyelo yia tov pixpoeneiepyaoth (ARM) xou éva apyeio
wetddoone bit (bit-stream), mou amouteiton yio tov npoypoppatioud tou FPGA, yéow tne
avantuélaxhc Thatgopuas SDSoC xar emétuye ta axdhovda amoteléopata 6To GUGTAUN TNG
mhoxétag ZedBoard (Zyng-7000 All Programmable SoCs) ue yprion tov népwy 6nee Qotvetor

otov Tivoxa 1.6.

Resource | Hardware Function Resources

Name Used | Total | % Utilization
DSP 48 220 21.82
BRAM 75 140 53.57
LUT 35807 | 53200 67.31
FF 47608 | 106400 44.74

ITivaxog 1.6: Xprjon nopwv cuvotipatog ZedBoard yio tnv anotiunon tou yopoxtneiotixol

Sty wetopov. (IInyr: [21])

Eve avagopixd ye toug ypdvoug xan Tic axpifeiec todivounong yio ta 800 avapepiévta

oUvoha 6EBOUEVKY avTioTolya T amoTehéouata Tapouctdlovtol 6Tov Tivoxa 1.7.
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Data set Implementation
Name Software | Hybrid | Speed-up | Accuracy
Adult 2.33s 0.94s 2.48 82.54%
Census-Income 34.27s 15.5s 2.21 94.26%

Mivaxag 1.7: Lhyxpton anoteleoudtwy ypévou xon axpiBelac. (IIny#: [21])

1.7 vunepdopota

Yy epyaocta auTy, TopouctdleTon Ui EQUEUOYY) TOU TEOBIAAEL TNV ETLTAYLVCT) TNE ATOd0-
one plag ouvdptnong, v Yével o YAWooa TEoYeaUaTiopol C, Tou XaTtdmy oxLoyedenong
NS XATOVOUNG TOU UTOAOYLOTIX0U (pOETOU Tou ahyopliuou udinong dévopou amdpaong, EmL-
Ay Onxe va efvan yior TV TapoLoa EQUPUOYT, AUTY| TOL APOEd TNV ETULAOYY| TOU YOQUXTNEIC TI-
%00 Blaywetopol. Katd 1o otddio emAoyic cuvdetnong yio VAOTOINGT 68 LALXO, CUVAPTACELS
Tou Yot TPOXAAOVGAY ETUXOVOVLOXY| CUUPOENON OTIC AVTICTOLYES BIETAPES X GUVETOXOAOLTO
A00TOG YPOVOU, APEVTXOY VoL EXTEAOUVTOL OTNV XVpLal LoVAda ETEEERYATIAC, EVE TO TUAUA AT
70 onolo 1 vAomolnon xplinxe 6Tt Yo wpeAnlel, oyedLdcTNXE oy GLUVAETNGCT LALXOU.

Evé plo mpooéyyion yio emitdyuvon tou tunfpatog tagvounons/Soxiunc eveyouéves vo
Topouctale EVIUTWOLXY ATOTEAECHATY, U0 X0PLoL AOYOL EMXEVTPWOAY TO EVOLUPEPOV AUTHC
NG EQPUPUOYTC OTO TUAUA TNG EXTAUBEUOTC TOL BEVBpoL andgaone. H ecwtepiny| amhdtnta Tng
vhomolnong mou agopd oty TaEvouncT Pdoet evoc Lovadxol BEVBEoL, OE GUVBUUCUO UE TOV
Oyxo g épeuvag mou dLeldyeTon yior T BeATioTonoinong tne dladixactiog tagvéunong Bdoet
OUYVOAOL Ao BEVOPA AMOPUCNC, CUVELCEPEROY GTNY EMAOYT Yia ETyelpnon BeATioTonomong
TOU TUAUATOS exTaidevong.

H emitdyuvorn epopuoymy Yenoyonolwvtas oOYYEoVES TEYVOAOYIEC LAXOU amoxTd 6Ao
XL EQLOCOTERO EVOLPEPOV X0 ToROLGIALETaoL cay guxanplor YLol ETULTEYUVOT TNES Am6B0GTG
A doug and olyoplduous unyavixnc wainone, HETHE) Twv onolwy Ta SEVOR ATOPICTC XAl

oUVOAQL AUTOV, TAEOVCLALOUV UEYAAT BUVOLXT.






Chapter 2

Introduction

2.1 Introduction

The field of machine learning focuses on the study of mechanisms through which,
intelligent systems improve their performance over time. Research on this field of computer
science includes the development of applications, the majority of which involve some kind
of method of knowledge modeling, as alternatively a human expert would attempt to tackle
a similar issue. In some cases, the task requires classification of objects or instances in
general; assigning them to categories based on certain features of those. Examples include
cases of applications such as transaction approval, where features like the subject’s credit
history as well as other details related to the under examination transaction are taken
into account. Another application would regard a system assisting in capital expenditure
decisions, just as numerous other decision-regarding issues. In this case, every under
examination proposal of expenditure is classified as accordant or not with a corporation’s
policies. Finally, a common set of interrelated case studies regard medical diagnoses; a
machine learning system (such as a decision tree) is trained based on previous experience
and patient history about features possibly leading to a disease and classifies new (testing)
instances based on the very same features.

Machine learning algorithms and consequently data mining approaches such as Deci-
sion tree learning have been increasingly gaining popularity among fields such as medical
diagnoses, risk evaluation of credit card application approval, consumers’ behaviors, etc.
Such a broad spectrum of fields where decision tree learning and classification are appli-
cable along with the growth of available information to a massive extent in the era of big
data make it desired to seek ways of optimizing a computationally wise heavy algorithm
that can make use of this information and which alone is widely utilized and forms a
single fraction of ensemble learning methods such as the random forests, etc. There, the
benefits of an optimization in the former algorithm would be highlighted even further as
the speedup is expected to be boosted by a significant degree.

Hardware engineers, from their perspective, make an effort to seek ways of making

hardware acceleration methods accessible for a software designs of the algorithm that are

33
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abstracted from the hardware they are going to run on, only to the highest degree it is still
possible. This software approach of hardware acceleration involving Field Programmable
Gate Arrays (FPGA)-based heterogeneous system is addressed in the presented work.
Such approaches are intended in order to improve the energy efficiency of broadly
used machine learning algorithms’ implementations. Modern day sophisticated processors
that would be alternatively used for that purpose, though fast in high clock frequencies
yield high energy consumption, escalating while more and more cores are utilized in par-
allel implementations. Recently, FPGAs are increasingly getting popular since they offer
the option of highly parallelized implementations, where operations and code patterns
are executed simultaneously in versatile computational units suiting only the necessary
functions utilizing only as many elements such as logic gates required by the specific com-
putations, in contrast to all alternative hardware, that have a fixed architecture requiring

the integration of all of its components to operate.

2.2 Contributions

The main contributions of the project include:

e the presentation of a novel hardware architecture for acceleration of decision tree

learning algorithms.

e a performance evaluation and comparison with Central Processing Unit (CPU) im-

plementations.

e the possibility for up to approximately 2.5x speedup and lower energy consumption

compared to typical CPU implementations.



Chapter 3

Related work

3.1 Approaches on Decision Tree Optimization

A lot of research has been carried out on how either decision tree classifiers or their
ensembles such as random forests, other ensemble methods such as the so-called Bagging
(Bootstrap Aggregation) or Boosting are to be implemented in some sort of computing
system involving FPGAs. The fact that a decision tree constitutes a unit of the structures
built by any of these methods indicates the importance of studying the optimization of a
decision tree classifier. Any possible benefit obtained is transferable to an implementation
involving multiple trees possibly over a cluster of FPGA computing nodes, where scaling
the amount of nodes utilized causes increased performance gain; such an approach is made
by [15], where software driven FPGA implementation of a decision tree ensemble classifier
was proposed and the scalability over tree structures requiring more than the FPGA
provided memory was examined. The classification part’s performance was optimized in
an implementation that offered the capability to deal with any size or number of decision
trees determining whether FPGA alone execution or in combination with CPU is required
to handle the size of the structure.

In [16] a different approach on performance optimization was presented, where decision
tree ensembles of a determined amount of nodes were stored in an appropriate amount
of FPGASs required for them to fit in the on-chip memory and communication protocols
regrading their optimal inference were examined. Ensembles of shallow decision trees up
to depth of 9 fit into a single FPGA, but trees of increased depth would require doubling
of FPGA nodes utilized per depth increase of 1. Such are the trade-offs when attempting
to optimize the decision tree ensemble classifier that requires the storage of the classifying
structure into FPGA. In our work instead, FPGA is used to perform the computationally
intensive training part without the need for the whole data set or decision tree to even fit
into the usually restricted on-chip memory.

Another work as shown in [17], proposed an acceleration method of a decision tree
classifier by means of exploiting the comparative ease with which FPGA performs calcu-

lations with integers over floating-point values. In their proposal the feature label should
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require the minimum amount of bits to enumerate all labels and the threshold regarding
the continuous values shall be stored in 32 bit floating-point variable as any less bits would
compromise predictive accuracy. In our work, on the other hand, the optimal way to treat
floating-point features would be to evaluate the threshold of every continuous attribute
as a C/C++ floating point type at parse time by the CPU and store the testing data
as byte-encoded values. This way, having the FPGA to processes any such floating-point
types is circumvented, saving data streaming time along with floating-point comparison
time, as a common processor might do this very job faster; byte is deemed the best data
type that is the most flexible for both CPU and FPGA to deal with at the same time,
avoiding redundant type conversions.

Among the several aspects as to how studies have sought to tackle the challenge of
optimizing decision tree learning in hardware, comes the work of [18]. In it, the Hoeffding
tree algorithm is studied and its hardware implementation is optimized through the fine
tuning of parameters such as the number of quantiles required for the attribute learning,
which despite having an impact on the resulting accuracy, helps achieve a significant
speedup.

An additional proposal could be found at [19], where four different architectures were
designed as an answer to the demand for decision tree classifying performance optimiza-
tion, all of which were shown to out-speed equivalent software-only implementations. Each
unit of the ensemble was implemented in different module in two possible ways; pipelined
and sequential decision tree evaluation, for which modules speedups varied from 9.56 to
5188.74 times.

The approach that was closer to the current one was the one at [20]. Similarly a
hybrid architecture was proposed, where the Gini Score computational weight was let
for the FPGA to process, whereas the rest of the decision tree classifying algorithm was
running on CPU, yielding again a speedup compared to a software-only implementation.
The main differences between it and our work are on a theoretical level the metrics used
for the decision tree building where we used the information gain instead and on a more
technical level, the implementation and architecture design. The results were presented
for an implementation that treated only binary classes, while indicating the extension to
support more. Additionally, the binary nature of the classes was exploited to expand the
Gini Score formula into a predetermined amount of sums and divisions, whereas in this
work a more flexible approach is made. This by allowing the evaluation of the formula to
be carried out as a for loop, making use of the high-level synthesis capability to transform
C-style loops, as well as the rest of the hardware function code, into hardware seamlessly,

without loss in accuracy compared to when the implementation runs on CPU only.
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Background

4.1 Decision Trees

Machine learning algorithms such as decision tree learning are applied as models to
numerous cases that require classification and prediction. Specifically a tree structure is
formed in order to represent the input data in a more compact way of if-then rules, the so

called classification rules.

Below, (see Table 4.1) a data-set for the training of a decision tree is presented. Each
training instance includes a set of features that take part in its classification into a target
class. The training procedure that is further explained later, leads to the building of a tree

structure which then matches each instance of the testing data to a class (classification).

Outlook ‘ Temp (°F) ‘ Humidity (%) ‘ Windy H Class ‘

sunny 75 70 true Play
sunny 80 90 true Don’t Play
sunny 85 85 false Don’t Play
sunny 72 95 false Don’t Play
sunny 69 70 false Play
overcast 72 90 true Play
overcast 83 78 false Play
overcast 64 65 true Play
overcast 81 75 false Play
rain 71 80 true Don’t Play
rain 65 70 true Don’t Play
rain 75 80 false Play
rain 68 80 false Play
rain 70 96 false Play

Table 4.1: Representation of data as set of training instances. (Source: [1])
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Every node in the tree defines a control condition of a given attribute of the instances
and every branch that departs from that node corresponds to a different discrete value of
the specific attribute. In every node, the case’s value for the node’s attribute is examined
and the branch to follow is hence determined. The scheme following is an interpretation
of the decision tree following it in Fig. 4.1, in the form of if-then rules.

The procedure during which the tree is build is called decision tree training. According
to the C4.5 decision tree learning algorithm and similarly with the Iterative Dichotomiser
3 (ID3) [2] algorithm, a tree is built using the metric of information entropy. It works
in a top-down manner recursively building the tree by finding the feature of the input
data that will be used as splitting criteria at each point. An extension provided by the
C4.5 algorithm is the capability to deal with continuous features, discretizing them in two

categories below or equal and greater than a threshold.

Algorithm 1 Decision Tree 4.1 as if-then classifying rules

if wage increase first year <2.5 then

if working hours <36 then
class good

else if working hours >36 then

if contribution to health plan is none then
class bad

else if contribution to health plan is half then
class good

else if contribution to health plan is full then
class bad

end if

end if

else if wage increase first year >2.5 then

if statutory holidays >10 then
class good

else if statutory holidays <10 then

if wage increase first year <4 then
class bad
else if wage increase first year >4 then
class good
end if
end if
end if
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Figure 4.1: A structure representing a tree which analyzes the various features that char-
acterize the evaluation of labor conditions, is presented, where the binary class represents

that evaluation. (Source: [1])

wage increase
first year

statutory
holidays

working
hours

wage increase
first year

bad good bad bad good

Additionally the C4.5 version of the algorithm, includes a procedure called pruning of
decision tree as either post- or pre-pruning (the presented implementation applies post-
pruning), replacing sub-trees with leaves corresponding to their most frequent values, in
order to limit the over-fitting, an attribute known to characterize single decision trees.
In addition, this version of the algorithm has a method for handling missing values by
returning the most frequent class if the missing value were to be replaced with each

possible value of the respective feature, but disregarding them in the training part.

4.2 Training Data Discretization

Depending on the training data set and whether it contains continuous features, a
prepossessing for the binary discretization of the latter is applied; subsequently, the fea-
ture is treated as categorical with each instance evaluated as exceeding or subceeding an
appropriately elected value. The threshold that divides the continuous feature (assuming
it to be a real number) into two classes of the lower and higher values is calculated as
follows. Let S = {a1, ag, ..., an} be the training values of a continuous attribute in a sorted
order and m the number of classes {C1,Cy,...,Cy,} of the data set. Out of the n — 1
possible splits evaluated, the one that minimizes the information metric is selected. Using

the sorted order of the values, the maximum information conveyed is found in a single
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pass. The information metric is calculated for each split a; as:

G(S) = —pn - E(Sh) —pi - E(S)

where

‘S>ai7<ai’
Phl = ——a——
5|

are the fractions of the values greater and lower than or equal to the split, respectively

and
E(S) = - Zpi ~loga(pi)
i=1

is the information entropy of a set, where

i = freq(Ci, S)
l |5

is the fraction of the values within the set that correspond to the class i.

4.3 Decision Tree Training

Having dealt with with continuous features, the decision tree building part treats
attributes in a universal way for both continuous and categorical values. For a given set

of training data there are the three following cases evaluated by the algorithm [1].

e If the instances provided by the data set belong to a single class, the tree is a leaf

corresponding to that class.

e If the data set contains no instances, the tree is a leaf corresponding to a default

class.

e If the data set contains instances belonging to various classes, then the feature A
with attribute values {a1, ag, ..., a, } that maximizes the information gain calculated

for each feature as

G(S,4) = B(S) = Y pi- E(S) (4.1)
i=1
where E(S) is the entropy of the examined feature and
|Sil
bi = 4.2
5] (4.2)

where S; is the new data set that would be yielded if the split were to occur in the
i-th attribute value. The algorithm proceeds to create every tree node recursively

using subsets of the data.
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To sum the training part up in simpler words and paraphrase the evaluation of the

information gain [2]:

e Find the independent variable, which if used as splitting criteria, would yield to

nodes as unrelated as possible to the dependent variable.
e Apply the splitting criteria.

e Repeat this procedure for every yielded node, while no further splitting is possible.

4.4 Field Programmable Gate Arrays

Field Programmable Gate Arrays (FPGAs) are semiconductor devices that are based
around a matrix of configurable logic blocks connected via programmable interconnects.
FPGASs can be reprogrammed to satisfy the demands of an application or any functionality
requirements after manufacturing [11]. Over time, FPGAs have evolved from small arrays
of programmable logic to massive arrays of programmable logic and interconnect with
on-chip memories, custom data paths high speed Input/Output, and microprocessor cores
all co-located on the same chip.

An FPGA is an array of programmable logic blocks and memory elements that are
connected together using programmable interconnect. Typically these logic blocks are
implemented as a look-up table (LUT) a memory where the address signal are the inputs
and the outputs are stored in the memory entries [3]. For the implementation of a function
using a LUT, its truth table shall be stored in memory and the returned values will
be driven by the rest of the circuit. These truth tables provide with an efficient and
flexible method for relatively small functions’ implementation; the functionality is altered
by appropriate adjustments made to the descriptive truth table. Most FPGAs use LUT
of four to six bits of input and modern FPGAs include millions of LUTs.

Ta basic memory element in an FPGA is the flip-flop and ensembles involving multiple
of those are usually combined with LUTs (Fig. 4.2). Multiple LUTs can, in turn, be
combined with FFs and other circuits as well that offer alternative functionalities, such
as a full-adder, for the formation of a more complex logic block, which is called a config-
urable logic block (CLB). A CLB is a combination of a small number of LUTs, FFs and
multiplexers in order to form a more powerful element of programmable logic, while the
number of such elements that form a CLB varies depending on the FPGA architecture.

A CLB can utilize more complex logic functions as elements, for example a full-adder
as an element of synthesis. In this case, the full-adder is not programmable logic, but can
only used as is and while its functionality is crucial and popular, it is more efficient to use
it this way, rather than implemented in programmable logic; this is a typical example of
flexibility-performance trade-off, in favor of performance.

As the number of transistors on a FPGA continues to grow, FPGA architectures

lean towards using more and more elements that operate as autonomous entities. For
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a) Lookup Table (LUT) b) c) Slice
in[1] in[0]

Configuration Bit0 0o 0 0 LUT Memory
Configuration Bit1 0 1 0

L out 1 0 0 in
Configuration Bit2 1 1 1

ion Bi FF
Configuration Bit3 ) out = in[1] &in[0] FE

in Select out

Figure 4.2: In part a) a dual-input LUT is presented with the 4-bits driving its functional-
ity. In part b) the truth table of a possible implemented function is presented (AND-gate).
In part ¢) a simple CLB (alternatively referred to as slice) with the possibility of storing
the output in FF is shown. (Source: [3])

example, the tendency of many applications to an excessive utilization of addition and
multiplication units, led to FGPAs including more autonomous resources carrying out such
operations, along with the capability of yielding the better performing of programmable
logic units designed to offer e.g. cumulative sum functionality in what are called digital
signal processors (DSPs). Block Random-Access Memories (BRAMs) (Fig. 4.3) on the
other hand, are elements of Random-Access Memories (RAMs) with the ability of offering
variable length addressing, supporting various interfaces or microprocessor buses in a
way that performs much better as compared to equivalent FF-based implementations on
programmable logic.

Last but not least, programmable interconnect is another essential for the FPGA, for it

offers the flexible wire network for the interconnection of the CLBs (or slices). The inputs

|

= ! Microprocessor
BRAM \ Dsp /

Figure 4.3: Modern FPGAs are heterogeneous including more complex elements perform-
ing predefined operations, while often combined with other on-chip resources through in-

terconnections using interfaces such as the Advanced eXtensible Interfaces (AXI). (Source:

3)
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and the outputs of the CLB are connected through a routing channel that includes the
configuration bits which can enable the communication of the CLB with the interconnect
in a programmable manner (Fig. 4.4). This is the method by which the communication of
the FPGA with other peripherals is accomplished. At this point, it should be mentioned,
that regarding the Xilinx platforms deploying heterogeneous architectures involving FP-
GAs, the design process of a functionality in hardware is approached by the more abstract
method of High-Level Synthesis (HLS) in Software-Defined System on Chip (SDSoC) de-
velopment platforms that along with the high-level design luxury, result in better resource
utilization of the FPGA.

Routing Channel Switchbox

Figure 4.4: The structure of FPGA: Programmable Logic and memory resources are
interconnected, while I/O Blocks offer FPGA interconnection with other on-chip resources.
(Source: [3])

4.5 Zynqg-7000 SoC Architecture

The Xilinx Zyng-7000 architecture enables implementation of custom logic in the Pro-
grammable Logic (PL) and custom software in the Processing System (PS). It allows for the
realization of unique and differentiated system functions. The integration of the PS with
the PL allows levels of performance that two-chip solutions, e.g. an application-specific in-
tegrated circuit with an FPGA, cannot match due to their limited I/O bandwidth, latency,
and power budgets.

The inclusion of an application processor enables high-level operating system support,
e.g., Linux. Other standard operating systems used with the Cortex-A9 processor are
also available for the Zyng-7000 family. Regarding the programmable logic, the available
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resources of Zedboard Zyng-7000 SoC are briefly described in Table 4.2.

Resource Name
DSP | BRAM | LUT FF

220 140 53200 | 106400

Table 4.2: Available resources for Zedboard Zyng-7000 SoC.

The PS and the PL are on separate power domains, enabling the user of these devices
to power down the PL for power management if required. The processors in the PS al-
ways boot first, allowing a software-wise approach for PL configuration. PL configuration
is managed by software running on the CPU, so it boots similar to an application-specific
integrated circuit [10]. The architecture of the Zynq-7000 System-on-Chip design is pre-
sented in Fig 4.5.

Zynq-7000 SoC
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Geﬁ'eorca't‘ion | | Reset | SWDT PP === —————— q
/ usB FPU and NEON Engine |I| FPU and NEON Engine ||
TTC
use | | 2xUsB vy | ARM Cortex-A9 : VL | ARM Cortex-Ag :
Gige | | 2x GigE System- CPU | CPU I
GigE 2x SD Level 32 KB 322KB |I| 32KB 32KB |l
SD Control I-Cache D-Cache |I| I-Cache D-Cache ||
SDIO Regs e d]
IRQ ‘ |
SD = GIC || Snoop Controller, AWDT, Timer b’
SDIO 'Yy \
GPIO | |- | ey DMAS | A 512 KB L2 Cache & Controller ‘
Ol UART : Channel
= UART | | Jy /
o OoCM | 256K
= __ | Interconnect | SRAM i
12C A Memory
SPI Central Interfaces
SPI Interconnect -
DDR2/3,
v CoreSight DDFL'SL:
|m:rTa(chays Components LPDDR2
\ SRAM 4 Controller
NOR " y—L‘
- DAP
ONFI 1.0 L ‘ ‘
NAND - DevC Programmable Logic to
Q-5PI — Memory Interconnect
CTRL
v 1v t 4 v —F I 11
EMIO General-Purpose DMA IRQ | Config High-Performance Ports ACP
XADC Ports Syne AES/
12:Bit ADC Y SHA Programmable Logic
N - SelectlO
otes: o Resources)
1) Arrow direction shows control (master to slave)
2) Data flows in both directions: AX| 32-Bit/64-Bit, AX| 64-Bit, AX| 32-Bit, AHB 32-Bit, APE 32-Bit, Custom
3) Dashed line box indicates 2nd processor in dual-core devices

Figure 4.5: Zyng-7000 Architecture Overview. (Source: [10])
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4.6 SDSoC Development Platform

The Software-Defined System-on-Chip (SDSoC) environment provides a framework
for developing and delivering hardware accelerated embedded processor applications using
standard programming languages. It includes a familiar embedded processor develop-
ment flow with an Eclipse-based integrated development environment (IDE), compilers
for the embedded processor application and for hardware functions implemented on the
programmable logic resources of the Xilinx device [7]. The sds++ system compiler analyzes
a program to determine the data flow between software and hardware functions, generat-
ing an application-specific system on-chip supporting bare metal, Linux, and FreeRTOS as
the target operating system. The sds++ system compiler generates hardware intellectual
property (IP) and software control code that automatically implements data transfers and
synchronizes hardware accelerators and application software, pipelining communication
and computation.

The concept of a platform is integral to the SDSoC environment, as it defines the
hardware and software components as well as the meta-data on which SDSoC applications
are built [8]. Figure 4.6 illustrates the platform and its components. An SDSoC plat-
form defines a base hardware/software architecture and an application context including
the processing system, external memory interfaces, custom input/output, a software run-
time with an operating system, boot-loaders, drivers for platform peripherals and a root
file system. Every project created with the SDx IDE targets a specific platform and is

customized with application-specific hardware accelerators and data motion networks.

< SDSoC Application )

A
Y

Software Component
0S: - Standalone

SW: fsbl.elf, pmufw.elf*, Iscript.ld
standalone.bif, meta-data, samples (optional)

- Linux
SW: fsbl.elf, pmufw.elf*, bl31.elf*, u-boot.elf
linux.bif, meta-data, samples (optional)
- FreeRTOS
SW: fsbl.elf, pmufw.elf*, Iscript.ld
freertos.bif, meta-data, samples (optional)

Hardware Component SDSoC
DSA: - IP integrator block design PL Platform
- Declared Interfaces Accelerator +
for HW Accelerator
- Meta-data Platform IP
Prebuilt (optional) PS

- bitstream.bit, platform.hdf

- apsys_0.xml, partitions.xml M Arm
- portinfo.c, portinfo.h I| COFeS<§§>
Xilinx Device 0
- Zynq UltraScale+ MPSoC DDR
- or Zyng-7000 SoC CTRL !

*For Zynqa UitraScale+ MPSoC only

Figure 4.6: The SDSoC Development Platform. (Source: [8])
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In conclusion the FPGA offers the capability of in-parallel executing functions that
could be run by the CPU, resulting in the benefits obtained by the parallel implementation
as a circuit. The SDSoC development environment, on the other hand, is the tool that
provides the opportunity to design code in higher level languages such as C/C++ and
automatically produce the VHDL description that implements the indicated function in

hardware.

4.7 Target Platform Description

For the purposes of the presented work and the implementation of hardware acceler-
ation of a decision tree learning algorithm, the ZedBoard system was made use of. Zed-
Board is a low-cost development board for the Xilinx Zyng-7000 All Programmable SoC
(AP SoC). While it contains everything necessary to create a Linux, Android, Windows,
or other OS/RTOS based design, the SDSoC development platform is, in the present work,
specified to create a Linux based design. Additionally, several expansion connectors expose
the processing system and programmable logic I/Os for easy user access. The Zyng-7000
SoCs feature a tightly coupled ARM processing system and 7 series programmable logic
that allow powerful designs with ZedBoard. Target applications include video process-
ing, motor control, software acceleration, Linux/Android/RTOS development, embedded
ARM processing, and general Zyng-7000 SoC prototyping. Key features and elements of
the presented platform include [12]:

e PS & PL I/0 expansion (FMC, Pmod, XADC)

e Analog Devices ADV7511 High Performance 225 MHz HDMI Transmitter (1080p
HDMI, 8-bit VGA, 128x32 OLED)

e Analog Devices ADAU1761 SigmaDSP Stereo, Low Power, 96 kHz, 24-Bit Audio
Codec

e USB OTG 2.0 and USB-UART

e 10/100/1000 Ethernet

e Onboard USB-JTAG Programming

e 4 GB SD card

e 256 MB Quad-SPI Flash

e 512 MB DDR3

e Dual-core ARM Cortex-A9

e Xilinx Zyng-7000 AP SoC XC7Z020-CLG484

e General Zyng-7000 AP SoC prototyping
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e Embedded ARM processing

Linux/Android/RTOS development

Software acceleration

Motor control

Video processing
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Software Acceleration

5.1 Introduction

In this project, we focus on identifying a function that is highly computationally in-
tensive, separating it from the rest of the code and let it be compiled as a circuit. This
code pattern yields a number of restrictions for both the code selected to be hardware
accelerated as well as the rest of the code sharing structures and other variables with the
target function. The profiling of the algorithm execution is needed in advance to help us

identify that function.

5.2 Algorithm Profiling

A custom implementation of the C4.5 decision tree algorithm in C++ is designed,
developed and then profiled as to what percentage of the time is consumed by each sub-
procedure in order to help us identify the most highly computationally intensive one. The
results are presented in the diagram below.

In the testing part, a single path along the decision tree is traversed for each of the

testing instances. The training part of the algorithm is by far the most time consuming

Testing Data  Misc
Parsing Intermediate

DT Pruning

DT Training
DT Testing

Figure 5.1: Profiling of Decision Tree (DT) Classifier for Adult [14] data set.
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compared to with the testing part and although the classification part has the ability
to be parallelizable by any desired factor regarding the independent testing of the input
instances, in this work we focus on accelerating the most time consuming part which is the
training one. The building of the decision tree involves a series of highly time consuming
procedures some of them being mainly memory intensive requiring high memory usage and
the hardware acceleration of such functions is deemed inefficient. On the other hand, the
part regarding the information gain computation is time consuming enough to be worth
being accelerated separately, requiring memory utilization capable of being provided by
the FPGA resources, unlike the rest of the training part that requires processing the data

set and its subsets simultaneously and in a recursive manner.

Metric Time (%)
Procedure
Decision Tree Training 62.5
Decision Tree Testing 8.3
Decision Tree Pruning 6.2
Training Data Parsing 12.5
Testing Data Parsing 8.8
Miscellaneous Intermediate 1.7

Table 5.1: Detailed percentage description of load distribution per function.

Specifically, from the profiling carried out for a C++ implementation of the C4.5
algorithm and according to the detailed percentage description in Table 5.1 (obtained
through the GNU gprof performance profiling tool), 62.5% of the total time consumed
for the whole procedure, including the time required to load and process the raw data from
the input files, and the whole training and testing parts of the algorithm, was required
by the training part. The testing part consumed only the 8.3% of the total time while
the time required to parse these data consumed 8.8% of the total time and when the
ratio of the instances for the two parts of the algorithm (training and testing) respectively
was 2:1. Since the scaling of the testing data yields commensurate time increase to the
respective procedure, due to the O(1) complexity of a single instance processing for a
constant number of features, the new percentages of the time consumed for each part, if
the ratio training to testing data were to become 1:1, by increasing the amount of the

testing data to match that of the training data, would be

100
DPtrain = 62.5% x 1171 = 53.4%
and
100
Dtest = 2 x 83% X = 142%

117.1
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and these percentages justify our decision to attempt an optimization on the decision tree
training part, since the amount of time spent on building a decision tree with a specific
amount of instances takes up to 3.76 times more than it would for the same amount of
instances of the testing part, which, including an inner sight of the implementations of
these parts as mentioned earlier, is deemed computationally not intensive.

Having said that, we might now want to focus on what nested functions of the training
part would be time-wise worth of being implemented as hardware functions that would run
on FPGA. Of the 62.5% of the time that is consumed for the building of the tree, its two
portions of 37.5% and 25%, are required by the processes of a) forming the reduced data
set that provides the subset of instances that the next step on the recursive building of
the tree will use, and b) the evaluation of the splitting feature at each step of the building,

respectively.

5.3 Hardware Function Selection

The first sub-part of the training is highly memory intensive, and though parallelizable,
this characteristic lies upon accessing random-access memory (RAM) in parallel manner,
of data that very easily exceed the amount of dynamic-RAM (DRAM) provided by an
FPGA-based heterogeneous system, especially when these instances of data-subsets are
required to co-exist in the RAM while the tree is built recursively, in a top-down manner.
On the other hand, the part regarding the evaluation of the splitting feature at each step of
the recursion, requires the processing of the whole data included in each subset of training
instances. During this part, the information gain is calculated for each feature by means
of evaluating the frequencies of the attributes and applying of the metric each time, and
the feature maximizing the information gain is its output.

The sub-part of the splitting feature evaluation is implemented as hardware function
through special re-design of the code with adjustments regarding the structures used to
describe the data processed by the FPGA as well as the rest of the algorithm that refers

to the very same data.
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Acceleration Design

6.1 High-Level Synthesis

The High-Level Synthesis approach in the design of the hardware accelerator adds yet
another layer of abstraction to the design of the hardware accelerator and this way allows
for the designer’s concentration on the main issues of the algorithm and its implementation.
The high-level synthesis tools are assigned the task of describing the architecture of the
hardware function in a Register-Transfer Level hardware description language.

Briefly, the high-level synthesis tools assume the following tasks, that alternatively

would be up to a human to design in register-transfer level:

e the analysis and exploitation of the concurrent possibility of processing observed in

an algorithm.

e the appropriate deployment of registers in order to reduce the design’s volume of the

critical path and to achieve the system operation at the desired clock frequency.
e the creation of the control logic that yields the data path design.

e the implementation of the interfaces through which FPGA communicates with the

rest of the system.

e the mapping of data into memory elements for the better utilization of the resources
and bandwidth.

e the mapping of computational kernels into logic-gate components design by auto-

matically performing optimizations that are indicated by the user.

The main objective of making use of the high-level synthesis is the automatization
to the higher extent possible, of the aforementioned procedures based on user directive
messages. The high-level synthesis tool that is used for the purposes of this project is
the Vivado HLS (Xilinx) which is offered integrated with the SDSoC IDE. In general, the
necessary adjustments to a C/C++ language implementation are subject to the following

restrictions.
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Restrictions in reference of references and other nested references.

Use of static rather than dynamic memory allocation by hardware function.
General restriction on system calls.

Limited number of standard libraries offered.

Restriction of some object-oriented elements of the language C/C++, such as func-

tion pointers and virtual functions.

Inability to support recursive functions (among other restrictions, this one affects
the presented application with its restriction in only optimizing parts of the training
process that are not recursive and while the training procedure is mostly recursive,

the hardware accelerator calls are as many as the steps of the recursion).

The communication interface of the data between the PS-PL memories must be

explicitly indicated by the designer.

The high-level synthesis tool seen as a system requires input that includes:

the indication of the function that meets the aforementioned criteria for a hardware

implementation.

a test bench for the verification purposes of the function to be implemented.
the FPGA target platform.

the desired clock frequency.

directives for the implementation process.

and the output of the synthesis tool is a register-transfer level design accompanied by

estimates of performance and utilization of resources. Specifically it includes:

description of the hardware in a specialized language (e.g. VHDL).
register-transfer level design testing simulations.
static analysis of system performance and use of resources.

meta-data regarding the design boundaries for making the function’s integration

with the rest of the system easier.

Having clarified the restrictions under which the Vivado high-level synthesis tool is

subjected, we proceed to describe the revisions and redesign of the algorithm’s implemen-

tation in order to achieve the desired outcome.
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6.2 Data Representation in Memory

First, it should be mentioned that the input data are represented in the CSV (Comma-
Separated Values) format as strings (Table 4.1) and undergo a parsing processing during
which they are compressed into byte-encoded values. This is achieved through the imple-
mentation of a dictionary per each feature do as to have every attribute value mapped
into an identifying sequential number. In this way, the data are represented in much more
compact form as compared to with what they would have alternatively required in terms
of bits to be represented if a single dictionary was used. With each feature having its
own dictionary, enumeration of attributes belonging to different features may overlap, but
the combined knowledge of the column (feature) which they belong to, assures that the
compression is loss-less.

The representation of an integer in a byte-long word is the lightest way of possibly
representing it, that accounts for a standardized C/C++ data type, providing this way
the necessary flexibility of being referred to in the same way by both PS and PL. The
flexibility lies upon its being able to offer the lightest common data type that doesn’t yield
any communication overhead per se, when there are possible representations of integers
requiring less than 8-bits in an FPGA (when the attributes’ values are less than or equal
to 256), a case in which the casting overhead would be detrimental to the overall system
performance. Regarding the continuous valued attributes, their encoding is achieved after

the pre-processing resulting in their binary representation (§4.2).

6.3 Structure and Streaming of Data

The training data set is initially represented in a two-dimensional matrix, in a byte-
encoded manner, as analyzed earlier. The redesign of this 2D structure leads to a linearized
array of data (Tables 6.1 and 6.2) in a from a programming approach dereference by one
level, as well as in a hardware mapped linearization, a necessary condition of making use
of the more advantageous, from a performance point-of-view, streaming protocol that will
be analyzed later.

The contiguity of the memory on a physical level is achieved through the use of the

(1,1) | (1,2) | (1,3)
(2,1) | (2,2) | (2,3)
(3,1) | (3,2) | (3,3)

Table 6.1: Exemplary 3x3 matrix with indices specified.

anje|as) ey e @3] 616263 |

Table 6.2: Table above, having undergone linearization.
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sds_alloc() function call, declared in library sds_1ib.h, which guarantees physically
contiguous memory, unlike the C standard malloc () function call, whose underlying sys-
tem calls provide for contiguity only regarding the virtual memory.

The streaming of the data, which have undergone the aforementioned adjustments to
meet the high-level synthesis method’s criteria, takes place between either the main or
the cache memory of the processing system and the FPGA and through the advanced
extensible interface, the communication bus between the processing system and the pro-
grammable logic. In the implementation of the function that is assigned to carry out the
splitting feature evaluation for the purposes of building the decision tree, the flow of data
is from the processing system and towards the programmable logic, while only the return-
ing function byte-sized value, follows the other way round. The training data stored in
memory are referred to by their first element’s address and are directed to the FPGA for
further processing, through the flexible fourth generation protocol AXI4 (Fig. 6.1), while
the remaining variables referred to by their values are transferred through the equivalent

point-to-point word streaming protocol.

Write address channel

Address
and
control
—_—
Write data channel
Master Write Write Write Write Slave
interface data data data data interface

Write response channel

Write
response

-———

Figure 6.1: A diagram illustrating how the AXI4 protocol for writing data from a master

to a slave interface, works. (Source: [5])

Having already referred to the protocol followed by the system to implement the
streaming of the data, we proceed to present the #pragma [13] style directives with which
the designed can specify the details surrounding the PS-PL communication in a C-style
code. These variables are specified above the function declaration and refer to the func-
tion’s arguments. The ones that are pertinent to the application studied presently, are
briefly defined below.

e access_pattern: it specifies the data access pattern in the hardware function. The
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SDSoC tool checks the value of this directive to determine the hardware interface to
synthesize. If the access pattern is sequential, a streaming interface will be generated.

Otherwise, with random access pattern, a RAM interface will be generated.

e copy: the copy directive implies that data is explicitly copied between the host

processor memory and the hardware function.

e data_mover: it can be used to override the compiler choice of the type of the data
mover made automatically by analysis of the code. It specifies the hardware IP type

used to transfer an array argument.

e mem_attribute: the directive which includes this key word, informs the sds++ com-
piler about the physical contiguity or not of the data refereed to by the specified

argument. In its absence, SDSoC ascribes a default value based on code analysis.

e sys_port: through this directive the designer indicates about the desired memory
port type; overrides default, e.g. Accelerator Coherency Port (ACP), High Perfor-
mance Port (HPC).

e zero_copy: usage of this directive means that the hardware function accesses the

data directly from shared memory through an AXI master bus interface.

For the present application, the fact that the data are not accessed in a sequential
manner with regards to the serialized array, leads us to design a different way with which
the data will be streamed through the Advanced Extensible Interface (AXI) interconnect
core. Every attribute column is processed once in order to have the attributes’ frequencies
counted and stored in block-RAM (BRAM) for the proceeding calculations, while at the
same time the class column of the data which corresponds to the class that each instance
targets is traversed as many times as the number of features is. For this purpose an extra
reference on the last column of the training data streamed along with each column of
attributes. This way sequential access of each column is achieved with the kernel accessing
different features’ values as different references that are streamed simultaneously. This
optimizes the throughput of the communication required each time the hardware function

is utilized and the data selected by the host are streamed for further processing.

6.4 Hardware Function Body Design

Before we proceed to the next step of our work, we shall analyze optimizations other
than those related to the communication between PS and PL. Namely, there is only a
number of directives germane to the optimization of the code in the body of the function
elected to be implemented in hardware, that are offered by the high-level synthesis tool
and yield the better resource utilization possible, while giving the opportunity for a high
degree of concurrency in the operations carried out for the purposes of the splitting feature

evaluation, of the decision tree building part. Below, a subset of the #pragma [13] style
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related directives parameters provided by the high-level synthesis tool is presented, that

provide interesting ways to optimize the specific function’s body as far as the betterment

of how mostly arithmetic and BRAM operations are carried out is concerned.

Control step c1 c2 Cc3 c4

Clock cycle 1 2 3 4

e array_partition: it partitions an array into smaller arrays or individual elements,

resulting in RTL with multiple small memories or multiple registers instead of one
large memory, effective increase of the amount of read and write ports for the storage,
potentially improving the throughput of the design, requiring more memory instances

or registers.

loop_tripcount: it is required to know to some extent the number of iterations of
a loop; it may depend on the value of variables used in the loop expression e.g. x<y,
or depend on control statements used inside the loop. In some cases Vivado HLS

cannot determine the trip count, and the latency is unknown.

e pipeline: it reduces the initiation interval for a function or loop by allowing the

concurrent execution of operations. A pipelined function or loop can process new
inputs every n clock cycles, where n is the initiation interval (II) of the loop or
function. The default initiation interval for the pipeline directive is 1, which pro-
cesses a new input every clock cycle. See Figures 6.2 and 6.3 below for a graphical

explanation of how loop pipelining works.

Iteration 0

a ;
— t1
N
—>
: - Data written every

c + M—L four clock cycles
—
3 [

g + ‘__> dout 4—|

Iteration 1

c1 c2 c3 c4
a
—> t
b | + ﬁ—|_>
©
o+
R
t
P + LB dout

Clock cycle 5 6 7 8

Figure 6.2: An example of a loop before any pipelining. (Source: [3])
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Iteration 0
Control step c1 c2 Cc3 Cc4

t
° —-i
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|
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Clock cycle 3 4 5 6

Figure 6.3: The loop above, applying pipelining with an II=1 results in a new iteration
started every clock cycle. Iteration one is started in C2 and iteration 2 is started in C3.
(Source: [3])

e resource: Specify that a specific library resource is used to implement a variable
such as an array, an arithmetic operation or function argument in the RTL. If the
resource directive is not specified, Vivado HLS determines the resource to use. See
bullets below for a detailed description of how some resources have been specified

for the purposes of the present application.

— RAM_2P_BRAM: A dual-port RAM implemented with a block RAM that allows
read operations on one port and both read and write operations on the other

port.
— FMul_fulldsp: Floating-point multiplier implemented with only DSP48 prim-

itives.
— FAddSub_fulldsp: Floating-point adder or subtractor implemented using only
DSP48s primitives.

— FDiv: Floating-point divider.

e unroll: it creates multiple independent operations rather than a single collection of
operations. The unroll directive transforms loops by creating multiples copies of the
loop body in the RTL design, which allows some or all loop iterations to occur in
parallel. Loops in the C/C++ functions are kept rolled by default. When loops are
rolled, synthesis creates the logic for one iteration of the loop, and the RTL design
executes this logic for each iteration of the loop in sequence. A loop is executed for

the number of iterations specified by the loop induction variable. Using the unroll
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Figure 6.4: Unrolling a loop by a factor of two, yields concurrent execution of some

operations, doubling the amount of resources used. (Source: [3])

directive you can unroll loops to increase data access and throughput. See Fig. 6.4.

The next step in our work is to implement the selected function in hardware. For this
purpose, we make use of the SDSoC development environment that allows the designer to
control the C/C++ synthesis through optimization directives (#pragma [9]).

First, the initially two-dimensional matrix containing the byte-encoded attributes, is
re-designed as a serialized array that is stored in a physically contiguous memory to achieve
the optimal kernel-processor streaming strategy. Additional characteristics inherent to the
splitting feature evaluation function and the data structures involved in it are taken into
account as the hardware design using high-level directives is implemented.

Second, a number of pragma directives were added to specify an implementation of

working class | Income Classes
attributes <50K | > 50K
federal-gov 449 276
local-gov 1108 445
never-worked ) 0
private 12947 3569
self-emp-inc 363 454
self-emp-not-inc | 1348 528
state-gov 683 256
without-pay 8 0

Table 6.3: Instance of the measured frequencies of a feature’s values from the Adult [14]

data-set, with respect to the corresponding classes. (Source: [21])
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the maximum information gain evaluation as well as the metric’s values calculations. To
proceed in the further explanation of the accelerator architecture regarding the selected
function, we shall explain in more detail the work carried out by that function.

For each feature column the frequencies of the present attributes with respect to the
corresponding classes that the training instance targets are calculated and stored in a
two-dimensional frequency matrix as demonstrated in Table 6.3.

Such a frequency matrix is formed by a single column of attributes corresponding to just
one feature of the training data and one is formed for every external loop of the maximum
information gain evaluation. A single iteration of the respective feature column whose data
are streamed through the AXI interface and are processed sequentially is enough for its
items’ frequencies to be stored in the dual-port BRAM in the kernel. The dual port BRAM
is selected for it offers the opportunity to evaluate the attribute’s frequencies with respect
to the corresponding classes of two features at a time (hence the two attribute arguments
in Fig. 6.5; the offset is the address difference of the two references) making use of the
independent nature of the processing on the FPGA. This is accomplished by specifying
the unroll pragma directive with a factor of two to the loop regarding the iterations over
the number of features.

Additionally, an attempt to optimize the loop regarding the iteration over the input
data that measures the aforementioned frequencies is made. This is achieved by the use of
the pipeline pragma directive, the effect of which essentially allows concurrent operation
executions of the loop’s body by means of deploying loop iterations in overlapping time
intervals, yielding a respective drop to the parameter of the loop’s initiation interval to
the minimum possible for the specific loop and which is determined by SDSoC during the
synthesis.

The next step of the processing carried out at the kernel regards the processing of the
recently measured frequencies and the application of the information gain formula with
the calculation of the respective cumulative sums of entropy portions. This part of the
algorithm is implemented as a series of double nested loops of which the innermost have
the pipeline applied to their iterations over the number of classes of the data set and
the outermost have it applied to the iterations over the number of attribute values per
examined feature. The latter is furthermore unrolled by a factor that would statistically
allow the throughput of the frequencies matrix reads to be maximized as the accesses of
its elements is done by the independent unrolled loop parts that can refer to the different
blocks of the array simultaneously, for which the respective block partition pragma is
specified for the linearized matrix. At the same time, the last column of the training
data that corresponds to the target class of the training instances has been streamed and
stored in dual-port BRAM in the FPGA, that allows the unrolled by a factor of two loops
that iterate over equal amounts of the features’ attributes (split in half) and enables the
access of the classes values at the same time while guaranteeing the independence of the
execution of these two unrolled loop parts.

As far as the cumulative sum calculation is concerned, the application of the formula
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Figure 6.5: Above is the simplified block design of the heterogeneous architecture involving

FPGA and CPU, featuring therebetween communication.

(4.1) that calculates the information gain of the column/feature is utilized and for which
a number of adjustments and directives are applied yielding the respective resource al-
location where the additions, multiplications and divisions of floating point numbers are
going to take place. The additions for the purposes of the cumulation of the sum of
the entropy are implemented in floating-point adders that use only DSP48 [6] primitives,
whereas the multiplications of the fractions (4.2) with their respective logarithm portions
are calculated in floating-point multiplier using similar primitives, while the divisions that
are required for the fractions (4.2) calculations are carried out at floating-point divider.

A simplified block design is shown in Fig. 6.5 that illustrates the system architecture
design. It includes a processing system that carries out the rest of the calculations as-
signed to the FPGA implemented kernel, which performs the task of the splitting feature
evaluation, through the calculation of the information gain metric. Data stored in arrays
are transferred through AXI direct memory access (DMA) while the rest integer type
variables are transferred through the AXI4-Lite interface.
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Performance Evaluation

The case studies considered for the performance evaluation of the training and testing
parts of the decision tree classifier were the Adult and Census-Income, multivariate data
sets provided by the UCI machine learning repository [14]; features of both data sets
included both categorical and integer type attributes with the latter including floating-
point type attributes as well. A quantitative profiling of the data sets shows that the former
includes 48842 total instances of 14 features, 8 of which are of categorical attributes and 6
are of continuous values upon which the discretization prepossessing was applied, as was
done for the 7 continuous features of a total of 40 features, in the Census-Income database
of 199523 training instances and 99762 testing ones, with the rest 33 being categorical

value features.

As it has been demonstrated in the previous chapter, the optimized function of the
algorithm regards the evaluation of the splitting feature at each step of the recursive
building of the decision tree. The main computational load sought to be optimized in
a hybrid implementation where these computations are to be carried out by the FPGA,
is caused by the triply nested loop over the number of features, number of attribute
values per feature, number of classes, all in that sequence, besides the loop over the
instances. The loop over the features is unrolled by a factor two and the loop over the
number of attribute values is unrolled by a factor of four, while the rest of the loops are
pipelined. This means that a data-set requiring more iterations over one of the unrolled
loops primarily and out of the pipelined loops as well, gets more out of the accelerator
as a total speedup compared to with a sequential execution. Data-sets like the Census-
Income that include more continuous attributes which for the purposes of the training
part are binarized, make less of the accelerator despite having more features. In general,
the higher the average branching factor of a tree, the higher is the gain of the execution in
the presented accelerator, as that would imply more average attribute values, enhancing
the gain made by the fourfold unrolled loop. Generally the speedup is highlighted by the
better utilization of the inner and executed in a more concurrent manner loops that make
the most of more attribute values and classes and an example of a data-set that makes
less of it, only compared to with the Adult data-set, is the Connect-4 [14] data-set with
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three possible attribute values over 42 features, when Adult’s features of working class,
education, marital status, occupation, relationship and native country have 7, 15, 6, 13,

5, 40 different values of attributes, respectively, yielding higher average branching factor.

One of the major factors that could hinder the speedup and the overall gain of a hard-
ware function implementation on FPGA is the communication overhead caused by the
need to transfer the data between the Processing System (PS) and Programmable Logic
(PL). Such being the case, in this work we had to compare and deduce the most appro-
priate means of achieving the PS-PL communication. As mentioned earlier, the classes’
attributes are accessed in a periodic manner which violates the sequential access pattern
characterizing the rest of the attributes. That led us to evaluate the use of zero-copy for
the data streamed, either partially for the classes, or for the whole data set streamed, an
overall implementation that was observed to yield higher communication overhead com-
pared to the implementation that resulted in the final kernel speedup. Moreover, it should
be noticed that the hybrid implementation imposals of more pre-allocated structures pref-
erence over the classic dynamic ones that are typically used, further boost the system
speedup of the training part as a whole, even through functions running out of FPGA.
The measurements presented were observed for the Adult and Census-Income data sets
at data motion and operating clock frequencies both being at 142.86 MHz, the resource
utilization for which by the hardware function is shown in Table 7.1 (DSP: digital signal
processors, BRAM: block random-access memory, LUT: look-up tables, FF: flip-flops). In
order to achieve the performance of the implementation presented a number of parameters
were subjects to fine tuning, such as those of the array partition factors, loop-unrolling
factors and resources where operations such as additions, multiplications and divisions

were carried out.

Table 7.1: Resource Utilization for Splitting Feature Evaluation. Target Platform: Zed-
Board Zynqg-7000 SoC.

Resource | Hardware Function Resources

Name Used | Total | % Utilization
DSP 48 220 21.82
BRAM 75 140 53.57
LUT 35807 | 53200 67.31
FF 47608 | 106400 44.74

The C/C++ code of the algorithm along with the software-defined system (SDS)
and high-level synthesis (HLS) directives that result in the presented architecture, was
compiled into an executable file that along with the bit-stream generated by the SDSoC
development platform required for the FPGA configuration, was able to run on the Zed-

Board (Zyng-7000 All Programmable SoCs) system yielding the following results in time
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and accuracy, for both mentioned sets respectively, as shown in Table 7.2 and graphically
with a bar-chart in Fig. 7.1.

Table 7.2: Time and Accuracy Comparison.

Data set Implementation
Name Software | Hybrid | Speed-up | Accuracy
Adult 2.33s 0.94s 2.48 82.54%
Census-Income 34.27s 15.5s 2.21 94.26%

Performance Comparison (s)

34.27

35
30
25
20 155
15
10

5 0.94 2.33

0 —

Adult Census-Income

M Hybrid ® SW-Only

Figure 7.1: The bar-chart above, graphically represents the results shown in Table 7.2.






Chapter 8

Conclusion

8.1 Summary and conclusions

In this work, an implementation that featured hardware acceleration of a decision tree
classifier was presented, where functions that posed bottlenecks for the performance opti-
mization were let to run on a common processor (Dual-core ARM Cortex-A9) and func-
tions that their hardware implementation was deemed beneficial, had their architecture-
involving FPGA-designed in a novel way. While attempting to accelerate the classification
part of the algorithm might as well have given impressive results, two main reasons focused
our interest on the training part. The intrinsic simplicity of an implementation regard-
ing the single decision tree classifying part along with the bulk of research carried out
already regarding classification using decision tree ensembles, contributed to our decision
to attempt an optimization on the learning procedure instead.

Acceleration using state-of-the-art hardware is increasingly getting popular and is
sought as a resort for performance optimization for various machine learning algorithms
among which decision trees and their ensembles have great potential. Having tackled the
issue of implementing a hardware function that carries out the evaluation of the splitting
feature procedure during the training prat of the decision tree, future extensions could
include more kernels that would allow for bigger parts of the training part to be opti-
mized, as the need for more resources would be covered from more FPGA nodes. Besides
covering a wider subset of the building of the tree one could include different aspects of
the algorithm in the hardware acceleration effort, such as the testing part, and compare
the results with alternative application-specific standard products performances or even

alternative hardware accelerators (e.g. GPU) on similar tasks.

8.2 Publication

A. Zoulkarni, C. Kachris and D. Soudris. “Hardware Acceleration of Decision Tree
Learning Algorithm”; 2020 9th International Conference on Modern Circuits and Systems
Technologies (MOCAST).
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