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FOREWORD

Emerging computation methods are needed to be developed for the post Moore’s era
and nano-crossbar computational arrays are one of the pioneers of these methods.
Due to their advantages over manufacturing methods and device density, there
are considerably high defect and variations on these structures. Therefore, defect
and variation tolerant designs become one of the critical aspects of nano-crossbar
computational array designs. In this work, new to literature and successful algorithms
and design paradigms presented for nano-crossbar arrays and results discussed. This
work is supported by and a part of the EU-H2020-RISE project NANOxCOMP
#691178 and the TUBITAK-Career project #113E760.

August 2017 Furkan PEKER
(Mechatronics Engineer)
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A HILL CLIMBING ALGORITHM WITH PRE-PROCESSING
AND A COLUMN REPLICATION METHOD FOR
VARIATION TOLERANT LOGIC MAPPING PROBLEM

SUMMARY

Nano-crossbar arrays are generally manufactured with faster and less costly methods
than traditional tow-down lithography methods. However, due to very small device
sizes, there is less control over these manufacturing processes. Therefore, crossbar
arrays suffer from process variations and defects with considerably higher rates than
lithography processes. This variations makes performance of any manufactured array
unpredictable and worse than expected. As a result, variation and/or defect tolerant
logic mapping algorithms needed to be developed for this problem.

In this work, I focus on maximum delay increase due to process variations and focused
on optimize this objective. Firstly, a matrix reducing method is proposed to achieve
better runtimes for any variation tolerant logic mapping algorithm for the maximum
delay optimization. In this method, we find columns which have very low (or no)
probability to become the worst case on each performance test and reduce matrix
bu deleting these columns. Deleted columns mapped randomly on final mapping.
Note that this reducing method is algorithm independent, which means that it can
be implemented on any variation tolerant logic mapping search algorithm with same
performance criteria.

As a variation tolerant logic mapping scheme, a Hill Climbing row search with column
re-ordering (as restart points to search) algorithm is proposed. This method restarts Hill
Climbing row search after reaching an unoptimizable point by re-ordering columns
with data gathered on row search, until any of the stop criteria reached. Also, a greedy
initial column ordering algorithm explained and matrix reducing method is applied to
Hill Climbing algorithm as pre-processing phase.

As an extension for our Hill Climbing algorithm on variance tolerance, we modeled
variation tolerant logic mapping problem as defect tolerant logic mapping problem
by adding defective crosspoints on array matrix and run our algorithm with these
defects. Our algorithm successfully tolerate different defect rates for random matrices
or benchmark circuits.

Lastly, as a probabilistic approach by process parameters, a worst case route replication
method is proposed. This method do not use any search algorithm or need any
individual crosspoint characteristic testings, which are time and resource consuming
processes. This approach uses area and power overhead as trade-off values, while
power-delay product is generally having decreasing characteristics.

We simulated all proposed algorithms and methods on Simulation Results Section. We
explained some algorithms from the literature and compared our Hill Climbing with
Column re-ordering algorithm with these. Our algorithm achieves performance outputs
up to 15% and runtimes up to 150-400 times better than methods on the literature,
depending on the array size. As a inspection of matrix reducing method, we applied

xXxi



this method on different benchmarks and algorithms to compare time optimization
results. Up to 72% time improvement is achieved for certain benchmarks and different
algorithms by this reducing approach. Our algorithm achieved 15-30% defect tolerance
for random arrays with 40% crosspoint ratio and 5-20% defect tolerance for our
benchmark set.

We discuss to implement this methods for different nano-crossbar array types like
diode or 4-terminal as future work. Also, we aim to improve presented algorithms since
both matrix reducing and initial column mapping methods are in their preliminary
states in this work.
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NANODIZINLERDE VARYASYON TOLERANSLI MANTIKSAL
HARITALAMA ICIN ON ASAMALI BIR TEPE TIRMANMA ALGORITMASI VE
SUTUN KOPYALAMA METHODU

OZET

Nano anahtarlamali dizinler tasarim Ozellikleri ve boyutlart ile gelen yiiksek hiz
ve diisiik gii¢ tiiketimi Ozellikleri sayesinde yeni gelisen teknolojiler arasinda 6ne
cikmaktadirlar. Bu 6zelliklerine ek olarak, genellikle geleneksel litografi yontemlerine
gore daha hizli ve ucuz yontemler ile iiretilmektedirler. Ote yandan, sahip olduklari
kiiciik boyutlar ve genellikle kendiliginden kurulma teknolojileri ile gerceklenmeleri,
bu yapilarin hatalara ve varyasyonlara duyarliligini geneleksel litografi yontemlerine
oranla yiiksek seviyelere cekmektedir. Yiiksek hata ve varyasyon oranlari, bu etkenlere
kars1 tolerans teknikleri gelistirilmesi ihtiyacim dogurmustur ve nano-anahtarlamali
dizinler i¢in onemli bir tasarim parametresi haline gelmistir. Literatiirde bu tolerans
problemi farkli etkenlere gore farkli yontemler ile incelenmistir.

Kendiliginden kurulma yontemleri olasiliksal dogalarindan ve tasarim boyutlarinin
kiiciikliigtinden dolay: yiiksek hata oranlari ile nano-anahtarlamali dizinleri gercek-
lerler. Bu hatalar, nano-anahtarlamali dizin iizerindeki bir kesisim noktasinda
olusturulmak istenilen cihazin (diyot, FET veya 4-ucglu anahtar) veya bu olasi
cihazlarin ararindaki tel baglantilarinin iglevselligini bozmaktadirlar. Bu hatalar,
bir cihazin her zaman acik veya kapali olarak c¢alismasi seklinde veya bir baglanti
telinin kopmas1 seklinde olabilir. Dolayisiyla, iiretilen bir nano-anahtarlamali dizinde
kullanilacak cihazlarin se¢imi, devrenin islevsellii acisindan kritik anlamda ©onem
tagir.

Hatali cihazlara ek olarak, devrenin islevselligini bozmayan fakat calisma per-
formansin1 6nemli Olgiide etkileyen varyasyonlar nano-anahtarlamali dizinlerde
mevcuttur. Hatalar, bu varyasyonlarin asiriligindan kaynaklaran durumlar olarak da
tanimlanabilir. Bir nano-telin capindaki asir1 varyasyon bu telin acik devre olarak
calismasina sebep olacak seviyelere gelmesine sebep olabilir. Bu durumda s6z konusu
tel hatali olarak degerlendirilir ve hata toleransi teknikleri ile kullanimindan kaginilir.
Ote yandan, asir1 seviyede olmayan varyasyon degerleri islevselligi bozmazken,
devrenin calisma performasini onemli Olciide etkileyebilir. Nanotel boyutlarinin
sayili atom caplarina yaklagsmasi ile tek bir dopant atom eksikligi bile yariiletken
bir cihazin performans parametrelerini etkileyebilmektedir. Bununla beraber nanotel,
oksit kalinlig1 vb. tasarim parametrelerinde olusabilecek boyut varyasyonlari da
direng ve kapasite degerlerini onemli dl¢iide etkileyebilmektedir. Dolayisiyla, gecikme
ve gii¢ tiiketimi degerleri nano-dizin iizerinde kullanilan cihazlara gore saginik
bir karaktere sahip olmaktadir. Bu etkenlerin sonucu olarak varyasyon toleransi
tekniklerinin gelistirilmesi ihtiyaci dogmustur. Bu teknikler, mantik fonksiyonunun
anahtarlami nano-dizin {lizerine performans parametreleri géz Oniine alarak en iyi
sekilde yerlestirilmesini amaglamaktadir. Varyasyon toleransli mantiksal haritalama
adr altinda literatiirde farkli yontemler sunulmustur.
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Fonksiyon matrisinde, satir girisleri fonksiyon degiskenlerini, siitun cikislar ise
fonksiyon carpimlarini ifade etmektedir. EZer bir fonksiyon girisi, ¢ikis carpiminda
bulunuyorsa bu satir ve siitunlar1 kesisim noktalarinda bir anahtar1 ifade edecek
sekilde 1, aksi durumda ise O bulunur. Gergeklenmek istenilen mantiksal
fonksiyona bagli olarak, nano-anahtarlamali dizinde bulunan cihazlarin 6nemli
bir kismi zaten kullanmilmamaktadir. Dizin iizerindeki giris ve cikiglarin siralart
degistirilerek gergeklenecek mantiksal fonksiyonun iglevselligi degistirilmeden, farkli
cihazlar kullanilabilir. ~ Mantiksal fonksiyonun degisken giriglerinin ve carpim
cikiglarinin konumlarinin nano-anahtarlamali devre iizerine yerlestirilmesi islemi
mantiksal haritalama olarak adlandirilir. Fonksiyon matrisinin bu degistirilebilirlik
ozelligi hata toleransi1 ve varyasyon toleransi tekniklerinin mantiksal haritalama ile
gerceklestirilebilmesini saglamaktadir.

Varyasyon toleransli mantiksal haritalama islemi icin fonksiyon matrisi ile beraber
nano-anahtarlamali dizin matrisinin her bir kesisim noktasinin aktif bir cihaz olarak
kullanildig1 durumda cikista olusan gecikmeye katkisi bilinmelidir. Her bir kesisim
noktasinin gecikmeye katkisi ile olusturulan, nano-anahtarlamali dizin ile aym
boyuttaki matrise varyasyon matrisi ad1 verilmektedir. Varyasyon toleransli mantiksal
haritalama iglemi, fonksiyon matrisinin girislerinin (satirlar) ve ¢ikislarinin (siitunlar)
varyasyon matrisi lizerine en uygun sekilde siralanmasi ile gerceklesir. Varyasyon
matrisinin elde edilmesi i¢in iiretilen devrenin gecikme testinden gegirilmesi
gereklidir, dolayisiyla zaman ve maliyet gerektirir.

Literatiirde varyansyon toleransli mantiksal haritalama yontemleri genel anlamda
iki amaca yonelik tasarlanmiglardir. Bunlarin ilki, en yiiksek gecikmeye sahip
hattin gecikme degerinin olabildigince diisiik olmasidir. Ikincisi ise en yiiksek
gecikmeye sahip hat ile en diisiik gecikmeye sahip hat arasindaki gecikme farkinin
olabildigince kiigiik olmasidir. Ikinci amac gecikmeler arasindaki farki azaltarak
devrenin gecikme varyansini azaltmaya calismaktadir fakat bunu yaparken bazi
durumlarda yiiksek gecikmeye sahip kesisim noktalarini kullanmaktadir. Devrenin en
yiiksek calisabilecegi hiz1 en yiiksek gecikmeli hat belirlediginden, onerilen algoritma
sadece ilk amaca odaklanarak tiim hesaplama giiciinu daha diisiik gecikmeye sahip bir
haritalama elde etmek i¢in tasarlanmistir. Ayrica, kullanim alan1 daha genis olan ve
ilgi gbren FET tipi nano-anahtarlamali dizinler i¢in ¢alisilmistir.

FET tipi nano-anahtarlamali dizinlerde her bir siitun mantiksal fonksiyondaki bir
carpimu ifade eder. En yiiksek gecikmeli durumda bu hatlardan sadece birisi aktiftir,
bu durumda devreden en az akim akacagindan gecikme yiiksek olacaktir. Soz
konusu en yiiksek gecikmeli hattin sahip oldugu gecikme, o hat iizerinde aktif
olarak kullanilan kesisim noktalarindaki cihazlarin ¢ikis gecikmesine olan katkilarinin
toplamidir. Fonksiyon matrisinde ‘1’e denk gelen kesisim noktalar1 FET, ‘0’a denk
gelen kesisim noktalari ise kisa devre tel olarak calisir, dolayisiyla Hadamart ¢arpimi
devrenin haritalama sonrasinda sahip olacag1 performans: ifade etmekte yeterlidir.
Ozetle, fonksiyon matrisi ile varyasyon matrisinin Hadamart ¢arpiminin en yiiksek
toplamh siitunu, en yiiksek gecikmeyi ifade eder. Varyasyon toleransli mantiksal
haritalama isleminde, olusacak en yiiksek gecikmeli siitunun degerinin en diisiik
degere getirilmesi amaclanmaktadir.

Bu calismada varyasyon toleransli mantiksal haritalama problemini FET tipi
nano-anahtarlamali dizinlerde ¢6zmek icin bir tepe tirmanma algoritmasi onerilmistir.
Bu algoritma 2 6n asama, 2 arama olmak iizere 4 tip algoritmanin birlikte ¢aligmasi
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ile olusturulmustur. On asama algoritmalari literatiirdeki diger arama algoritmalariyla
da kullanilabilirler. Bu yapilan ile algoritma-bagimsizdirlar ve 6n asamasi olduklar
algoritmalarin performanslarin iyilestiricidirler. Tepe Tirmanma algoritmasi, sabit
bir siitun siralamasi i¢in satir siralamalarin arayarak iyilestirilmis sonug¢lar bulmaya
calisir.

Uretim asamasinda pek cok etken beklenen yapida sapmalara sebep oldugundan,
simulasyonlar i¢in her bir kesisim noktasinda olusacak gecikme degeri rastgele bir
Normal dagilimli say1 olarak modellenmistir. Normal dagilim i¢in beklenen ortalama
deger ve standart sapma degerleri iiretim teknigine bagli olarak belirlenir ve varyasyon
matrisi bu dagilimdan alinan rastgele sayilar ile olusturulur. Simulasyonlarda yiiksek
ve diisiik gecikmeli degerler arasinda 10-20 kat fark olacak sekilde ortalama deger
ve standart sapma degerleri belirlenerek yiiksek varyasyon durumlari incelenmeye
calisilmagtir.

Onerilen algoritmanin ilk adimi olarak bir fonksiyon matrisi indirgeme yontemi
onerilmistir.  Her bir fonksiyon matrisi siitununun, her bir varyasyon matrisi
siitununda alabilecegi degerler rahatlikla hesaplanabilir. Burada referans olarak
en yiiksek sayida ‘1’e sahip olan siitunun alabilcegi en kiiciik degeri parametre
olarak kullanabiliriz, ¢iinkii bu deger verilen fonksiyon ve varyans matrisi ¢ifti
icin ulasilabilecek en iyi performans degeridir. Eger, diger herhangi bir siitunun
alabilecegi en yiiksek deger, performans degerin altindaysa bu siitun hesaplamasi
gereksiz bir siitun olarak kabul edilebilir. S6z konusu siitunun en yiiksek gecikmeye
sahip olmasi miimkiin olmadigindan, arama algoritmasinin her seferinde bu siitun icin
islem yapmasina gerek yoktur. Tiim hesaplamasi gereksiz siitunlar bulunduktan sonra
fonksiyon matrisinden silinerek indirgenmis, performans esdegeri bir matris elde edilir.
Indirgeme islemi sadece en yiiksek gecikmeyi iyilestirmeye calisirken gecerlidir ve
bu amagla calisan tiim algoritmalarin bir 6n asamasi olarak kullanilabilir. Fonksiyon
matrisinin siitunlarinin sahip olduklar1 ‘1’ sayilar1 arasindaki fark arttikga bu yontemin
iyilestirme orami da artmaktadir. Bazi matrislerde hi¢c ingirgeme yapilamazken,
bazi bengmarklarda %72’lere kadar siitun indirgenmesi yapilabilmektedir. Bu oran
kullanilan algoritmanin siitun islemi yogunluguna gore farkli oranlarda iyilestirme
saglar. %76’lara varan zaman 1yilestirmesi bu yontem ile saglanmistir.

Ikinci adim olarak, bir siitun siralamasi elde edilerek Tepe Tirmanma algoritmasinin
baglangic noktasi belirlenir. Bu siralama i¢in, her bir fonksiyon siitununun, her
bir varyans siitununda alabilecegi en diisiik degerler belirlenir. Bu noktadan sonra,
en kritik (en yiiksek sayida ‘1’e sahip) fonksiyon siitunundan baglanarak, her bir
fonksiyon siitunu en diisiik degeri alabilecegi varyans siitununa atanir. Daha 6nce
kullanilan bir varyans siitunu bir daha kullanilamaz. Bu ilk haritalama konumu, ayn1
caligma siiresinde rastgele baslangi¢c noktasina gére %?2-3 dolaylarinda daha basarili
sonuglar alinmasini saglamistir.

Arama algoritmasi olarak kullanilan Tepe Tirmanma algoritmasi, sabit bir siitun
siralamasi i¢in satir siralamalarini degistirerek alabilecegi en iyi sonuca ulasmaya
calisir. Artik iyilestiremedigi bir noktaya ulastiginda ise yeni bir siitun siralamasi
bularak aramaya tekrar baslar. Bu yeni siitun bulunmasi iglemi arama algoritmasinin
ikinci kismi olan siitun yeniden haritalama kismidir. Tepe Tirmanma algoritmasi arama
sirasinda, her performans testinde hangi siitunun en yiiksek gecikme degeri verdigini
kaydeder. Siitun yeniden haritalama algoritmasi ¢alisacagi zaman bu bilgiyi Tepe
Tirmanma algoritmasindan alir ve en fazla sayida en yiiksek gecikme degerini vermis
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siitunun yerine fonksiyon matrisinin diisiik ‘1’ sayisina sahip siitunlarindan biri ile
yeri degistirilir. Siitun yeniden siralama algoritmasi ¢alistiktan sonra Tepe Tirmanma
algoritmasi tekrar caligir ve bu dongii durma parametrelerinden birine ulagilincaya
kadar devam eder. Kullanilan bu method literatiirde verilen algoritmalara gore 6zellikle
yiiksek boyutlu matrislerde (24x24, 48x48) %]15’lere yaklasan iyilestirme oranlarina
sahiptir. Diisiik boyutlu matrislerde (6x6) ise benzer iyilestirme oranlarina ragmen
5-20 kat daha hizli calismaktadir.

Varyasyon toleransi icin Onerilen Tepe Tirmanma algoritmasinin ek bir kullanimi
olarak, problem tanimini degistirerek bu algoritmanin hata toleransi islemlerini de
gerceklestirmesi saglanmigtir. Bunun i¢in varyasyon matrisine hatali kesisim noktalari
eklenerek bu noktalarin gecikme degerleri beklenen gecikme degerlerinin 100 kati
olarak verilmistir. Bu durumda ¢alisan algoritma cok yiiksek gecikmeye sahip kesisim
noktalarini tolere etmeye calisacagindan hata toleransi yapacak sekilde calismaya
baglamis olur. Bu sekilde yapilan simiilasyonlarda %40 kesisim noktas1 yogunluguna
sahip rastgele matrislerde %15-30 hata oranlar1 tolere edilebilmistir. Bu calismada
kullanilan stanadart ben¢gmark seti i¢in %5-20 hata oranlari tolere edilebilmistir.

Son olarak, tiretimde olusacak varyanslara farkli bir yaklasim olarak, alandan taviz
vererek siitun kopyalama yontemi kullanmilmigtir. Gecikmelere sebep olan etkenin
agirlikli olarak direnclerden kaynakli oldugu ve nano-dizinin i¢ kapasitelerine gore
daha yiiksek bir cikis kapasitesi siiriildiigii varsayildiginda, aym anda iki veya daha
fazla siitunun aktif olmasi daha yiiksek akim akisina firsat vererek gecikmelerin
tyilestirilmesini saglayacaktir. Birbirinin kopyasi olarak haritalanmisg iki siitun daima
ayn1 anda iletimde olacagindan, tek bagina bir siitunun sebep olacag1 gecikmeden ¢ok
daha diisiik bir gecikme degeri elde edilebilir. Buradaki problem hangi siitunlarin
ne kadar kopyalanacagidir. Oyle ki, her bir siitun daha fazla alan kullanmimini ve
gii¢c tiikketimini ifade etmektedir. Bu noktada, iiretim yonteminin ortalama deger ve
standart sapma parametrelerinin bilinmesi hedef bir performans degeri elde edilmesi
icin yeterlidir. Her bir fonksiyon siitununun ¢ikis performansi, o siitunun sahip
oldugu ‘1’ sayisina ve iiretim yontemi parametrelerine bagli olarak bir Normal dagilim
olarak ifade edilebilir (Normal dagilimlarin toplami). En fazla sayida ‘I’e sahip
fonksiyon matrisi siitununun toplam ortalama degeri, hi¢c varyans olmasaydi elde
edilecek performansa denk geldiginden bir performans parametresi olarak alinabilir.
Ote yandan, bu ortalama degerin 3x standart sapma asagis1 %99.7 ihtimalle alacag1
en diisiikk degeri ifade eder. Bu deger, bir arama algoritmasi kullanildi§inda elde
edilebilecek en iyi performansi ifade ettiginden diger bir performans parametresi
olarak kullanilabilir. Bu yontemin en biiyiik avantaji her bir kesisim noktas1 ic¢in
gecikme testinin yapilmasina gerek olmamasi ve herhangi bir arama algoritmasi
kullanilmamasidir. Fakat, alan ve gii¢ tiiketimi artis1 bu yontemin dezavantajidir.
Baz1 matrislerde alan ve gii¢ tiikketimi istenilen parametrelere ulagsmak i¢in %100
seviyelerine ¢ikarken, baz1 bengmarklarda sadece %35 alan artis1 yeterli olabilmektedir.
Fonksiyon matrisi indirgeme yontemine benzer olarak, siitunlarda bulunan ‘1’
sayisinin sa¢inik olmasi bu yontemden daha fazla verim alinmasini saglamaktadir.

Sonraki calismalarda bu algoritmalarin farkli performans parametrelerine gore
diizenlenerek cok-amacl hale getirilmesi saglanmasi planlanmaktadir.  Ayrica
verilen arama algoritmasinda iyilestirmeler yapilmasi ve yeni yaklasimsal yontemler
eklenmesi ile daha iyi gecikme performansi sonuclarina ulasilmasi saglanabilir. Ayrica
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tiim bu yontemler diyot ve 4-uclu mantiksal tasarim yaklasimlar: icin benzer olarak
yeniden olusturulabilir.
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1. INTRODUCTION

In the last decade, developments in nanofabrication make it possible to solve
longstanding integration and miniaturization problems of CMOS circuits [1]. A
switching component, usually as a field-effect transistor (FET), has been efficiently
built with crossed carbon nanotubes or silicon nanowires [2]. These developments lead
to programmable circuit architectures based on nano-crossbar arrays which operate
similarly to conventional programmable logic arrays (PLA’s) [3], [4], [5], and [6],
passive crossbar arrays [7], and resistive crossbar logic [8]. Two fully operational
crossbar implementations as a nanoprocessor and a finite-state machine are shown
to be feasible in [9] and [10]. In Figure 1.1 a crosspoint of nano-crossbar array is
given. Here, crosspoint can act as a device, regarding to doping type of nanowires or
interlayer. FET, diode and 4-terminal devices and their delay models are also explained
in Figure 1.1. In our work we focus on FET type nano-crossbar arrays since they are
more popular on literature and manufactured logic devices. In Figure 1.2 a general

nano-crossbar array structure is given.

Structures of a conventional PLA and a nano-crossbar array are given in Figure 1.3.
Each crosspoint of a nano-crossbar can be configured to operate as a switching device
or a FET [11]. Reprogrammability of crosspoints provides a PLA type operation
on these arrays. A logic function can implemented with properly placed devices on
AND/OR planes along with the corresponding input literals, for both conventional

PLA and nano-crossbar architectures.

As area and power efficient structures, nano-crossbar arrays are generally realized with
self-assembly based bottom-up fabrication methods as opposed to relatively costly
traditional top-down lithography techniques [12]. This advantage comes with a price:
very high process variations, especially for delay values in logic computations [13], [6]
. Motivated by this, we focus on the worst-case delay optimization problem in the

presence of high process variations.



Figure 1.1 : General structure and different device types of a nano-crossbar array and
delay model.

Consider a function f = x1x3 +x2x3 +x1x3 to be implemented on a 3 X 3 nano-crossbar
array having 3 output lines for 3 products and 3 input lines for 3 literals. Suppose that
delay of each crosspoint varies between d and 10d where d 1s a minimum delay time.
Here, 6 of 9 crosspoints should be configured as FET’s, 2 on each product line, and
the rest of them are configured as disconnected lines. Selection of these 6 crosspoints
plays an important role for the worst-case delay. There are total of 3! x 3! = 36 options
to select as the number of orderings of input and output lines, and each selection gives a
different delay value between 2d or 20d, since there are 2 crosspoints on each product
line. If we have a chance to measure delay contribution of each crosspoint, then by
trying these 36 options we can find the best solution. However, with an increase in the
number of input lines (n) and output lines (), the number of options n! x m! quickly

grows beyond practical limits.

In the literature, variation tolerance techniques are generally named under variation
tolerant logic mapping problem (VTLM) for different types of nanoarrays. These
methods aim to find a best/acceptable logic mapping of a function matrix on a
crossbar matrix, considering desired operating performances like delay or power.
Different logic mappings mean using different crosspoints/elements on the presumably
manufactured crossbar array. Due to variation effects, each array element might

have different electrical characteristics. As a result, any different logic mapping
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Figure 1.2 : General structure of nano-crossbar arrays.

would have a different operating performance. Here, for a given function matrix,
any rows or columns can be switched without changing the functionality. With this
interchangeability property, given column number as n and row number as m, there is
n! x m! different mappings for any function matrix on the same sized crossbar array.
After size of only 8 x 8 arrays, it is not feasible to use exhaustive search to find the best
mapping for desired delay or power performances. This specifications of the variation
tolerant logic mapping for n! x m! arrays make it a NP — Complete problem [14]. By
exploiting interchangeability property of the function matrix, different algorithms and
approaches developed to find an acceptable row/column mapping for a desired delay

or power performances.

In this study, we propose a hill climbing algorithm for the VTLM problem with delay
improvement up to 15% and runtime up to 150-400 times better compared to the recent
methods in the literature. We comment that the whole crossbar is not necessarily
needed for the worst-case delay optimization problem, so our algorithm first performs
a reducing operation for the crossbar. This significantly decreases the computational
load of the algorithm, up to 72% for our standard benchmark set. Also we explained a

greedy column mapping to get a better starting point for hill climbing algorithm.

Since our hill climbing algorithm tries to eliminate crosspoints with higher delays to
achieve better worst-case delay results, using crosspoints with relatively high (x100)
delays as a representation of defects on array allows our algorithm to address both
defect and variation tolerance problems. We explain this defect tolerant run mode
and results in our work. Note that we can not implement our matrix reducing method
for both variation and defect tolerant search since using only one defective crosspoint

means an unsuccessful mapping.



As an extension to our work, a worst-case column replication method is given. Here,
we use probabilistic data from process specifications and determine columns to be
replicated to achieve desired delay outputs. This method is a different approach than
generic variaton tolerant logic mapping methods since we do not need any delay data
from the manufactured matrix, therefore we do not need any delay testing, which is
a costly and time consuming step. Note that we use area overhead while replicating
columns, therefore there is a trade-off between circuit area and manufacturing cost,
along with the power consumption due to paralleling resistances while achieving lower
delays. Also we do not run any recursive or exhaustive search algorithms for this
method, which is an another advantage over variation tolerant logic mapping search

methods.

1.1 Previous Works

Although defect/fault tolerant logic mapping for nano-crossbars has been long studied,
research on variation tolerance is relatively new. First, Gojman and Dehon consider
variations on crosspoint transistor parameters to accurately determine the placement of
defects as opposed to using randomly assigned defect maps [15]. They propose a post
fabrication mapping algorithm (VMATCH) to tolerate defects caused by variations
on threshold voltage values of crosspoint FET’s. By using independent Gaussian
distributions, they determine defects such that when an ON resistance of a crosspoint
FET is larger than the OFF resistance, the corresponding crosspoint is defective.
As a result, this work can be considered as a transition between variation and
defect tolerance methods. However, it does not directly focus on variation tolerant

performance optimization.

There are also studies aiming to tolerate both defects and variances; Ghavami et al.
propose a greedy algorithm for this purpose [16]. They define the problem as an
isomorphism problem between crossbar and function graphs. The algorithm suffers
from high runtime values, upto x 1000 larger than those of our algorithm. Also the
optimized worst-case delay values are not quite satisfactory, 8-25% larger than the
optimal solutions compared to 3-10% for our algorithm. In a later work, weighted

sub-graph isomorphism concept is used to define this problem and a greedy algorithm
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possible nmos device shown in detail view.

is proposed to solve it [17]. While offering satisfactory performance outputs, in our

case delays, the algorithm still suffers from high runtimes .

As a complete variation tolerance methodology, Tunc and Tahoori propose a logic
mapping algorithm based on simulated annealing [18]. They also explain a delay
testing technique on nanocrossbar arrays to obtain delay contributions of crosspoints
that is needed for constructing a variation matrix. Although this algorithm offers
better runtime and success rate values compared to the above mentioned algorithms,
its performance is not satisfactory for relatively large crossbars. Since the algorithm
uses randomly selected iterations without progress monitoring, its efficiency is
questionable; sufficient results can not be achieved unless relatively high number of
trials are reached. On the other hand, our algorithm is designed to make a continuous
progress; that is why we call it a hill climbing algorithm. Another approach based on
linear integer programming is proposed by Zamani et al. [14]. Although satisfactory
delay results can be achieved by this systematic method, runtime values are even worse
than those of the simulated annealing algorithm. Both simulated annealing and linear
integer programming methods are also used to solve defect tolerant logic mapping

problem.

Yang et al. propose a different approach for the VTLM problem using a non-dominated

sorting genetic algorithm [19]. While finding near Pareto optimal solutions, time



overhead of this algorithm is disadvantageous. In average, runtimes are generally
much higher (x30 —40) than ours. In order to improve runtimes, Zhong et al. use
a greedy re-assignment technique [20], originally proposed in [21]. We also use this
re-assignment method with modified parameters for the initial column mapping step

of our algorithm that provides us approximately 10% extra time reduction.

Another evolutionary algorithm is proposed by Zhong et al. [22]; it is a bi-level
multi-objective optimization algorithm that uses different approaches on row and
column mappings defined as lower and upper problem levels. Every individual of an
upper level problem is required to be first solved as a lower level problem that puts too
much burden on the lower level (row order) algorithm. Therefore the overall algorithm
performance mostly depends on the performance of the lower level algorithm, defined
as a min—max-weight and min-weight-gap bipartite matching problem being solved by
a heuristic variant of the Hungarian method. Upper level (column order) problem is
solved by a non-dominated sorting genetic algorithm given in [19]. As a result, this
algorithm achieves nearly 70% better delay values compared to the algorithm given
in [19]. However, runtimes are still an issue. Our proposed algorithm gives delay

values in the same range while having considerably lower runtimes.

In their work, Yuan et. al. [23] proposed a memetic algorithm to solve both defect
and variation tolerant logic mapping problems on nano-crossbar arrays. While
having high defect tolerance success rates and variation tolerance optimization
rates than several algorithm from the literature, like simulated annealing or genetic
algorithm, this method have high runtimes, due to its probabilistic nature and running
min—-max-weight and min-weight-gap bipartite matching problem for each candidate
solution. We used this algorithm to compare our results since it is a relatively new and

successful algorithm.

There are also studies focusing on adding extra rows or columns for better variance
tolerance at the cost of area yield. In their work, Zamani and Tahoori use row
redundancies with duplicated input lines [24]. Their approach successfully reduces
the critical path delay with an average of 50%. Using area overheads is primary
disadvantage of these methods. Amount of redundancy can not be determined after
post-fabrication measurements that is a dilemma "before fabrication, the amount of

redundancies should be known, but it can be determined after fabrication". Indeed, the
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need of crosspoint tests are extensively valid for all of the above mentioned studies

including our hill climbing algorithm.

1.1.1 Organization

Organization of this work and our contributions on each section can be summarized as

follows.
e We introduce preliminaries for the VTLM problem and define our performance
objectives in Section 2.

e We propose our VITLM algorithm in Section 3 with its steps given in the
subsections. In these steps, we use a function matrix reducing, a greedy column

mapping, and a hill climbing row search with column reordering methods.

e We extend our hill climbing algorithm for both defect and variance tolerance

(D/VTLM) problem in Section 4.
e We explain our worst-case column replication approach in Section 5.

e Experimental results are given Section 6, and Section 7 concludes this study with

insights and future directions.






2. PRELIMINARIES

In variation tolerant logic mapping scheme, we need to know two main factors of the
problem. The first one is the Variation Matrix VM and the other one is the Function
Matrix FM. The goal of any mapping algorithm is finding the best (or desired)
performance by determining the proper row and column orders for FM to be mapped

on the VM.

Function Matrix (FM) is a binary matrix which indicates a logic function to be mapped
onto nanoarray structure. As a general design topology, horizontal lines are function
inputs and outputs while vertical lines are function product lines [11]. If an input
parameter is included in a function product, crosspoint of corresponding vertical and
horizontal lines are tagged as *1’ (device active), otherwise "0’ (device passive, short
circuit). An example FM and mapping scheme on a nanocrossbar array is given in

Figure 2.1.

Function Matrix Parameters: row number m, input mapping vector /MV, column
number n, output mapping vector OMV [18] and crosspoint ratio CR for random

generated matrices.

o o VDD
S = ABCin + ABCin + ABCin + ABCin m
Cout =BCin + ACin + AB oS
IMV  Function Matrix (FM) Ao =N > Cout
1{ofl1]1|l0]|0]O0]0O A o—f e
2(1]o0flof1f1]1]0 > Bo—H—F
3|1l1]0|0|0|0O]O Bo S EC R R
sloflolrlz]2lo]2 Cino—Hg—+F
s[1]ofl2lo]ofo]0 Cine H—H1HE
6lo|1|l0]|1|0]1]1 \ GND ,
OMV 1 2 3 4 5 6 7 NMOSI Array
() (b)

Figure 2.1 : (a) Binary Function Matrix and Output Functions (b) Logic Mapping on
a FET type array with pseudo-NMOS logic.



Crossbar Array Ex.: p=100, ¢=30 Variance Matrix (VM)
H 116 | 59 | 120 | 126 | 96

32 | 121 | 119 | 67 | 109
—D> | 108 | 112 | 114 | 11 | 74
86 | 96 | 124 | 104 | 95
W+3c | 207 | 142 | 108 | 141 | 132

Figure 2.2 : Variance Matrice Generation for a 5x5 crossbar array by using Gaussian
Distribution.

FM(i, j) = {1, if input i is included in output j

0, otherwise

Variance Matrix (VM) consists of switching delay values of each crosspoint. These
values are determined by the delay testing of the the nano crossbar [18]. Since these
values are affected by various factors (size, dopant atoms, mismatchs [13]), we can
consider these values as Gaussian random numbers while simulating any optimization
algorithm. An example variance matrix and random delay value generation scheme is

given in Figure 2.2.

In our study, we use Coefficient of Variation (COV) (/1) as 0.2 and 0.3 to inspect

different process variation cases. In calculations we use mean value as 100.

Variation Matrix Parameters: row number m, column number n, expected mean of

crosspoint delay u, standart deviation of crosspoint delay ©.

. Delay Value of Crosspoint (j, 1)
VM(i, j) = . 5 . :
Gaussian(,0*) for simulation
Performance Matrix (PM) is the Hadamart Product of FM and VM matrices. This
matrix express all used columns and delay values for them. Equation 2.1 express this

product.

Since we will focus on FET type arrays on this work, we can define a row array to
express all column performances as sum of all rows on a PM, expressed in equation

2.2 as FET Performance Matrix (FPM).
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(PM)J'J' = (FM)]'J' X (VM)J’J' (21)
FPM; =% ;(PM);; 2.2)

While inspecting our proposed hill climbing algorithm on defect tolerance simulations,
we generate a new VM which has defective crosspoint delays as relatively high (x 100)
from expected value. Generation of this altered VM matrix is given in corresponding

section thoroughly.

2.1 Objectives

In the literature, two main objectives are considered while developing algorithms.
First; minimizing maximum value of sum of the all columns for Hadamart products
of FM and VM matrices. Second; minimizing difference between maximum and
minimum sum of the all columns for Hadamart products of matrices [18]. Hadamart
product of two matrix means product of same index of each matrix on the result matrix
PM, as in equation 2.1. When a crosspoint is activated (mapped as 1), its delay value
is added to the corresponding output. Definitions of primary objectives are given in

equations 2.3 and 2.5.

Ob jective 1 = minimize(maximum(F PM;)) (2.3)
Ob jective 2 = maximize(minimum(F PM;)) (2.4)
Ob jective 3 = minimize(Ob jective 1 — Objctive 2) (2.5)

In our work, we focus on Objective 1 since this performance determines the worst
case delay value of given nano crossbar. Also, since we do not using any defective
crosspoints, not using a crosspoint with the better performance to have least difference
between column outputs (Ob jective 3) is a questionable move for delay optimization.
Therefore, we focus any computation power on optimizing worst case delay values of

nanocrossbar arrays.

A logic mapping optimization scheme is given in Figure 2.3. Here, we use

interchangeability of rows and columns of the function matrix and find a better
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Figure 2.3 : A logic mapping optimization case by switching both rows and columns.
Maximum of FPM output is lower in re-arranged Function Matrix FM.

mapping for maximum delay sum value of the all product columns (FPM). In next

sections, systematic methods are investigated to achieve optimal mapping results and

compared with the methods from the literature.
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3. PROPOSED ALGORITHMS ON VARIATION TOLERANCE

In this section we introduce all stages of our Hill Climbing Algorithm. These stages
are: function matrix reducing, initial column mapping and hill climbing row search
with column re-ordering. In Section 6, we investigate performance of this algorithm

thoroughly.

Nature of the logic matching problem gives us two optimization moves, switching
rows or columns. Since we calculate Objective 1 by the sum of the PM columns as
FPM, changing rows or columns have different effects on the performance output. For
a given column map, we can optimize Ob jective 1 by switching rows precisely and
systematically. However, for a given row map, we can not precisely control output
performance since each column switch totally changes sums on switched columns,
which results as mostly random jumps between performance values. This means, for
row search for a fixed column order, we can gradually optimize output performance
but can not do vice-versa. As a result of this characteristic of the mapping problem, we
define optimization process in two steps as: first the column mapping using matrix data
and second the precise tuning by row search. Gradually optimization process is similar
to Hill Climbing search paradigm, so we model our row search as this algorithm. As an
expansion to this search, unlike random re-starting points used in general Hill Climbing
paradigm, we propose a Column Re-ordering algorithm for new starting points by

using earlier row search data.

As a pre-processing method for our algorithm, we propose a function matrix (FM)
reducing method. With this method, we find FM columns which are unnecessary to
compute for our search and reduce this matrix to a performance equivalent form. This

approach results as higher computations in unit time for any algorithm.

Later in this section we propose our algorithm to solve the variation tolerant logic
mapping problem. First, we apply matrix reducing method to Function Matrix FM
and find a smaller performance equivalent matrix. Then, we explain different initial

column mapping methods to find a starting point to our Hill Climbing algorithm. After
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Figure 3.1 : Work-flow of our proposed Hill Climbing with Column Re-Ordering
algorithm.
finding a starting point, we explained our Hill Climbing Row Search method with
Column Re-ordering. Work flow of the proposed algorithm scheme is given in Figure

3.1.

3.1 Function Matrix Reducing

In the variation tolerant logic mapping problem, performance of the individual logic
mappings have to be calculated in order to decide the next move on algorithm or just
compare with the other solutions. These calculations can be made more effectively
to improve algorithm effectiveness in unit time. Tahori et al. [18] checked only
the performances of the switched columns or rows to reduce performance testing
times on each individual mapping. However, this method is only suitable when all
column performances (FPM) are known in earlier mapping. Moreover, even in this
method, some column performances are calculating over and over again with no effect
expectations on the performance output Objective 1. Since we only interested in the
maximum value of all the column performances, columns with the lower transistor
counts are likely to be never become the worst case performance on an array, so there

is no need to calculate performance for these columns in any mapping.

An example is given in Figure 3.2. Here, columns reduced for increasing upper
transistor count limits. For each case, reduced matrix and standard matrix search
performance outputs and timings compared. Until 90% of maximum transistor count,

there is very low or no difference between performance outputs. After this limit, there
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Figure 3.2 : (a) Objective 1 difference between initial and reduced matrices, using
algorithm outputs regarding to reduced matrix and (b) Time comparison
for standard and reduced matrices as the reducing increases.

is high difference between these values since we do not consider a critical column
on reduced search, therefore achieved better results which are not correct. However,
reduced matrix search times getting better for each column reduction. So, if we reduce
this example from 90% limit, we can have 50% time improvement on our search
algorithm without algorithm output correctness. Note that this limit is unique for each

FM and VM or process parameters i and ©.

Here, we propose a preliminary method to find this certain transistor count for a given

FM and VM.

3.1.1 FM reducing method

Since we know both FM and VM, we can find all the possible outcomes for each
FM column. Possible outcome count is dependent on the transistor count 7; for each
column, as given in the equation 3.1 as CCount, which is not feasible to calculate

for larger arrays. However, we can easily calculate maximum and minimum possible
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Figure 3.3 : Top;, Bot; and Lim; limit values for ith column of FM, and fitted
Gaussian distribution considering histogram of all possible outcomes.

outcomes for each FM column, as given in equations 3.4, 3.5. Due to Gaussian
model of the VM generation, histogram of all possible outcomes would fit a Gaussian
distribution. So, we will show these histograms as fitted Gaussian curves with upper

and lower limits as Top; and Bot; in Figure 3.3.

We know that column with the maximum transistor count 7;,,, exist in performance
calculations. So, if maximum possible outcome of a FM column is lower than the
minimum possible outcome of column with the 7,,,,, we can consider this column
as absolutely redundant to calculate for Objective 1. However, we can find more
redundant to calculate columns by considering possible errors with low probability.
For this, we find span of the lowest outcomes for 7, on each VM column and use
maximum of these outcomes as new upper limit as Lim;. A Reduction example is given

in Figure 3.4 and Algorithm in Figure 3.5 explains this process.

Note that this reducing method can be modified for different Ob jective types. Here,

we reduced F'M while considering only Ob jective 1 optimization.

This method can be implement onto any variation tolerant logic mapping algorithm.
Considering our implementation for Ob jective 1, we used different algorithms and

benchmarks in the Section 6 and compared timing and correctness results.

i,j=1,2,...,n n:column count,m: row count
T; : Transistor count of ith column

|
CCount; = m Sxn 3.1)

T'x (m—T;)
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FM VM

C, C, C;3 C4 Cs Cs 1 2 3 4 5 6
1(1l1]0]1]0 30|46 |44 |42 (64|44
oj{1|1]0|0]1 50|48 |50|28| 28|36
1(0l1]0]0]1 MAP 54|36|74|36|24|34
ojlof1|0|1]0 9 96|90|90|50| 72|58
1{0l1]0]1]0 72|70|72|52|42|66
1(1l0]1]1]0 48|64 |44(94|30|50
C: C, Cs Cs Cs Ce
ub; 286 222 330 96 286 168
lim, 210 138 270 44 210 88
Ib; 111 82 188 24 111 52
ub; > Botr ; : X | X
ub; > limr X \ X : X

Used X: Reduced

Figure 3.4 : A matrix reducing example. When [b,,,,, is used as limit C4 and Cg are
redundant. When lim,,, is used as limit C4, Cg and C, are redundant.

VMHL(7Z) = SORTHIGHZ()LOW(VM(:vi)) (32)
VMLH(Z, l) = SORTLOWtoHIGH(VM(:; l)) (33)
T;
Top; = Maximum()_ VMHL(k, j)) (3.4)
k=1
T;
Bot; = Minimum( Y VMLH (k, j)) (3.5)
k=1

3.2 Initial Column Mapping

On the column mapping process, we have m! different row positions for each different
column map (OMV order). So, we need to use values of FM and VM to find a column
mapping to start searching rows. In [20], a greedy mapping algorithm is given by
using total delay values for each VM column. This method places FM columns with

the higher transistor count onto VM columns with the lower delay sum values, in
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Input: FMy,«n, VM« and tolerance ratio ¢
Output: FMR > new Function Matrix
FMR < FM
for each column i do
FMr([i] < Sum of FM]i] column
end for
Tnar < Maximum Transistor Count of All Columns
FMs « Sort Low to High FMr
for each column i do
T; < Transistor Count of FMsJi]
for each column j do
PMax[i][j] - Sum of the highest 7; values on VM[j]
if 7; = T,,,4 then
Pmin([j] <— Sum of the lowest T, values on VM[j]
end if
end for

: end for

: myLimit <— Minimum Value of Pmin
k¢

: for each column i do

if Maximum of row PMax[i] < myLimit x ¢ then
Reds[end+1] < FMs][i]
end if

. end for
. for each column i do

for each index of Reds j do
if FMr[i] = Reds[j] then
FMR[][i] < null > Column Reducing
break
end if
end for
end for

Figure 3.5 : Algorithm 1 as Matrix Reducing by Variation Matrix Values (Absolute

Redundant).

high-to-low transistor count order. Since most of the times this mapping scheme resuls

as a better solution space, it is reasonable to use this algorithm for a starting column

mapping point for a search. Bo Yuan et al. [22] used this greedy column mapping on

their multi-level genetic algorithm and gathered better results as explained in [20].

As a different approach to this greedy mapping [20], we use possible minimum values

for each FM column on each VM column. This mapping algorithm is explained

in Figure 3.6 as Algorithm 2. Here, columns with the highest to lowest transistor

count mapped to the VM column which gives least possible solution of all available

VM columns, calculated by considering each FM column independent. After each

individual column mapping, used VM column is not available anymore. A greedy

18



1: Imput: FMy, «n, VMp «n, column count n
2: Output: FMI,,
3: for each column i do
4: FMr|[2][i] +— sum of ith column of FM
5: FMr[1][i] < i
6: end for
7: FMs < High to Low sort of FMr Regarding to FMr[2]
8: for each column i do
9: T; < FMs[2][i]
10: for each column j do
11: WIi][j] - Sum of the lowest 7; values of VM[]j]
12: end for
13: end for
14: for each column k do
15: [perf][pos] <— Value and Position Index for the Minimum of kth row of W
16: OMV[FMs|1][k]] < pos
17: pos column of W <— null
18: end for
19: for each column i do
20: ith column of FMI <— (OMV [i])th column of FM
21: end for

Figure 3.6 : As Proposed Algorithm 2: Greedy Column Mapping Regarding to the
Possible Minimum Outcomes.
mapping example is given in Figure 3.7. Performance comparison of these initial

orderings given in Section 6.

3.3 Hill Climbing Row Search

This section gives the main processing part of our algorithm propose. After
determining a starting column map, our algorithm starts its search by finding the
column with the worst delay value, Objective 1. Then, focuses on the optimizing that
worst case column and check performance of whole matrix, until a better performance
is achieved. This column optimization is consists of changing higher delay valued ’1’s
rows with the lower delay valued ’0’s in order to achieve maximum optimization for
focused column. After finding a row order with better performance, new performance
is compared with the reference performance value. If reference performance value is
reached, algorithm stops and saves current column and row mappings. Else, algorithm
starts to try optimizing the new worst case column and keeps the earlier worst case

column index in a separate array. This column information will be used in column
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Figure 3.7 : An initial column mapping example for a 6 x 6 matrix. First, second and
last steps are given.

re-mapping process. If there is no row switch to get a better performance from the
mapping, algorithm does a column re-mapping and starts over while recording current
performance value and input row order /MV and output column order OMV. This

search process is given in Figure 3.8 as Algorithm 3.

3.4 Column Re-Ordering

After reaching an un-optimizable point, algorithm checks which column have the worst

case delay value most of the times on row search process. Then this column is switched

20




I: Input: IMV.OMV, FM, VM, column count n, row count m
2 Output: Dﬁna! . OMVﬁnal : ]vainal

<0

4: whiler < ndo

5: next + 0

6 D14 + worst-case delay for IMV, OMV VM set

7: P14 +— Dyj4 column position

8 while next £ 1 do

0 Ppes +— 17 positions on P,;; column, high to low

10: P.orys < 07 positions on P,;; column, low to high
11: for each index of P,,.; i do

12: for each index of P,,; j do

13: IMV,, < switch i and j on TMV

14: D, + worst-case delay for IMV,,,,

15: Py + Dy column position

16: if Doy < Dpyy then

17: Dcrld — D(‘ur

18: FPora + Pour

19: IMV +— IMV oy

end if
end while
add D 4 to D4, matrix
add OMV to OMV 44, matrix

% oA

20 add Py to Pyy, matrix
21: break for loops
22: end if

23: end for

24: end for

25: it Dy > D,y then

26 next +— 1

2

2

2

3

=

31 add IMV to IMV,,, matrix

32 te—t+1

33 if 1 # n then t- Column Reordering
34: Cyyc +— the most repeated column on Py,

35 M < mean "1’ count on FM column sums

36 Csorred +— column low to high order for '1" sums

37T OMV + switch C,, and C,, ;. (mod(1,M))

38 end if

39: end while

40: D fipg < minimum of Dy,

41: P + position of D ingr on Dijgra
42 OMV_ﬁ,m] — Pfth index of OMV 44
43: IMV fingr < Pyth index of IMV 4,

Figure 3.8 : As Algorithm 3, Hill Climbing Row Search Algorithm with Column
Re-Ordering.
with a column with low transistor count. 1/3 lowest part of the all FM columns is used
repeatedly to avoid placing high transistor count to the determined worst case column.
This ratio can be adjusted specifically for benchmarks. Column Re-Ordering algorithm

is given in Figure 3.8 in Algorithm 3 as a part of our complete hill climbing algorithm.
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Figure 3.9 : Process of our proposed algorithm. Each spike in the performance value
is a column re-mapping process.

3.5 Algorithm Work-Flow

At first, we apply function matrix reducing method to find a smaller performance
equivalent matrix. After this, an initial mapping is determined by the proposed greedy

column mapping algorithm, which is given in Figure 3.6 as Algorithm 2.

Knowing our starting point, we start Hill Climbing search given in Figure 3.8 as
Algorithm 3. After reaching an un-optimizable state, column re-ordering algorithm
works with the information gathered by Hill Climbing process if algorithm stop criteria

are not met. Then, Hill Climbing works again with new column ordering.

There is one criteria for our algorithm to stop its search. If column re-mapping count
is reached column count n, algorithm stops and gives best result from earlier recorded
results. Algorithm gives the lowest recorded Objective I value and corresponding IMV,

OMYV orderings as outputs.

Figure 3.9 is an example process of our algorithm for a 12x12 random array. Here point
"A’ is initial mapped performance. Each downward slope is Hill Climbing Algorithm
on the process. After reaching an un-optimizable point, a column re-mapping is
occurred, as in all ’B’ points. After all re-mappings done, the lowest un-optimizable
point ’C’ is selected as the best solution. Note that this is an anytime algorithm. And as
an extension, we can implement this method to diode or 4-terminal based nanocrossbar

arrays.

Run-times and accuracy rates for our algorithm is given in Section 6.
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4. EXTENSION OF PROPOSED HILL CLIMBING ALGORITHM ON
DEFECT TOLERANCE

As an extension for our proposed hill climbing algorithm, we implement VT LM
problem as defect tolerant variation (DTLM) problem by using infinite delay values
for defective crosspoints. Due to algorithm flow, crosspoints with infinite delay are

avoided, therefore defects are avoided.

For this work, first we define a new variance matrix (VM) with defects. For this
purpose, we use random defect placements on VM as infinite delays. As a supportive
matrix, we define a defect matrix (DM) where defective crosspoints marked as 1’ and
non-defective crosspoints marked as ’0’. Figure 4.1 explains this generation process.
For our algorithm to work, we use 100u delays on defective crosspoints to easily

inspect algorithm variation toleration flow on defective cases.

Work flow of hill climbing algorithm is given in Figure 4.2. We used different
reorderings regarding to columns with the most defective crosspoints, since they are

hardest ones to map.

Since column with the most defective points acts as the column with the worst-case
delay, algorithm tries to optimize this column, for every different column reordering
cases. If algorithm finds a non-defective mapping on a single column ordering, it does
not accept any defective mapping since it would have a much higher delay value. Three
examples are given in Figure 4.3. Here, when there is no defect algorithm works as
standard. When there is defects, there might be successful mappings or not. In the
second case, there is 15% defect rate. Here, any mapping above red line (100 x )
is defective anyone below is not defective. After finding a non-defective mapping,
algorithm still tries to reach row orderings with the better delay values. In the last case,
there is 30% defect rate, therefore algorithm couldn’t find any non-defective mappings,
since all the solutions are above red line (100 x ). While searching, if algorithm can

find a successful mapping, it do not accept any defective mappings and finds only
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Figure 4.1 : Adding defects on to VM and generating DM from this new VM.
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Figure 4.2 : Work-flow of hill climbing algorithm for defect tolerance. A DM is
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Figure 4.3 : Three examples for hill climbing algorithm with different defect rates.
While the first graph has no defects and works as normal, other graphs
have different defect rates. If algorithm achieve a successful

non-defective mapping, there is delay values below red lines as limits.

mappings with the better delays. Therefore, proposed hill climbing algorithm finds a

successful mapping and an optimized delay value.

Here, we use DM as a confirmation matrix. For a certain FM column and row ordering

we check whole matrix sum of Hadamart product of this FM and DM. If this sum is

’0’, it means there is no defective crosspoints are used (there is no 1’ on ’1° matching

on these two matrices) and we have a successful mapping. Otherwise it is a defective

mapping. We use this confirmation for each different row and column orderings to

move on to next iteration on our algorithm.

Simulation results for defect tolerance is given in Section 6.
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5. COLUMN REPLICATION APPROACH

In this section of our work, we approach variation tolerance in a different mapping
paradigm. Here, we use area overhead on VM to use worst case route replication
similar to works on literature [25]. One main consideration here is; variation of
crosspoint delays are mainly cause of the variation on the resistance values. It is
expected to have variations in inner capacitance values of nanoarray but we can neglect
these capacitances because of the small values and possible much larger output load

capacitances [26].

In FET type nanoarrays, each column is a logic function product line, so we focus on
replicating the columns. This approach also means a power overhead related to the
replicated columns. However, since we do not need to know exact delay contributions
of each crosspoint, there is no need to use delay testing on a fabricated nanoarray [18].
Also, we can not use any variation tolerant logic mapping algorithm in this mapping,
since we do not know any crosspoint delay values, which is other main advantage of

this approach.

Here, we determine a performance limitation to find columns to be replicated. After
that, replication process is explained and lastly area and power overhead calculation

methods are given. Results for different sized arrays are given and explained in Section

6.

5.1 Determining a Goal Delay Performance

While determining a performance limit, we can consider the expected maximum delay
value if there is no variation. This straightforward calculation is given in equation 5.1.
But it is expected to have better values since optimization algorithms focuses to use
crosspoints with lower delay values. So, we can estimate an optimized performance
goal to have an optimized array equivalent in expense of more area overhead. As a
general consideration, worst case value of a Gaussian Distribution is 3 times standard

deviation distance from mean on both upper and lower values. This consideration

25



Column Sum Distrubitions
C: C Cs Cs Cs GCs Cy Cs Gy Cuo

»

Probability
Density

O
o
8]
<
<
=
c
@D
@
(=}
=2
N
@
o
=3
[E

Probability
Density

DeIaVaIue Goal2  Goal 1
(b)

»

Probability
Density

>
»

Delay Value Goal2  Goal1l

C
Figure 5.1 : (a) Exemplary initial distributions of each column on an array
considering random mapping and Limit positions (b) Replicating
columns until worst case values of all columns are under Goal 1 (c)
Same procedure for Goal?2.
gives 99.7% accurate outputs. So, we consider optimized performance value as the

best value for the worst column as equation 5.2. We use this two goal parameters and

different coefficient of variations to compare needed area overheads for different cases.

Goal 1 = Tpa 5.1

Goal 2 = Tyt — 3V Tax 02 (5.2)

5.2 Worst Case Route Replication

This approach takes each columns and compares its expected worst case delay with
determined Goal [25]. If worst case value is more than defined limit value, a replicate
of this column is added to the array. After replication, we have 2 columns with
same transistor positions and same Gaussian Distribution parameters. Here, to avoid
Gaussian products, we focused on the worst possible cases depending on the 30
distances. So, replication of a column makes its worst case delay value half of its

initial worst case value. If only one replication did not make the worst case delay
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value better than limit value, another replication could be added. This makes worst
case value 1/3 of its initial worst case value. Replication of any column is continued
until getting a better performance than defined limit. Still, maximum replication limit

is selected as 5 in our calculations.

5.3 Power Overhead Calculation

Considering each column to be equally likely to be activated, we can calculate average
power overhead. Since when a column is replicated, its power consumption is expected
to be doubled. We can consider power consumption values for each column by using
equations 5.3, 5.4, where K is process constant for actual resistance values and power
supply. Here, more transistor count results as higher resistance values, so there would

be lower power consumption for higher transistor count.

i=1,2..n n : column number

T; : Transistor Count of ith Column
P=K/T, (5.3)

1 n
PAVG:ZZK/TI' (5.4)
i=1

Rather than using a performance goal as equation 5.1 and equation 5.2, we can inspect
power - delay products of the given arrays regarding to decreasing Goal values. Since
there is a trade-off between delay and power, we can find a better product point than
equation 5.1 and equation 5.2 goals. While using average power, as in equation 5.4, we
also use average delay rather than worst case delay determined by the selected goal.

This approach would give us more fair data about general operation performance.

Inspection of power - delay product and area overheads for arrays with the different

size are given in Section 6.
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6. SIMULATION RESULTS

In this section we give simulation results for each proposed method. First, we give
algorithms from literature to compare with our proposed algorithm. Second, we
simulate our algorithm for different comparison cases on Table 6.2, Table 6.3 and
Figure 6.1. Then, we present matrix reducing performance optimization for different
algorithms on Table 6.1. Next, we inspect defect tolerance runs of our hill climbing
algorithm on Figure 6.2, Figure 6.3, Table 6.4 and Table 6.5. Lastly, we give power and
area overheads for column replication method while not using any search algorithm or
delay testing on the matrix in Figure 6.4 and Table 6.5. All these simulations are

explained in corresponding subsections.

6.1 Algorithms to Compare

For the comparison of our algorithm we used 3 different methods. We will explain

these briefly in next subsections.

6.1.1 Random solution generation

It is an important attribute for an algorithm to perform better than random generated
solutions. For this comparison, we generated increasing numbers of IMV and OMV

permutations, until Ob jective 1 values saturate.

6.1.2 Simulated annealing

As a application of generally acknowledged method, Simulated Annealing is proposed
by Tahoori el al. [18] as a effective and fast method for variance tolerant mapping
problem for FET and Diode type nanocrossbar arrays. In our work, we re-coded this

approach and achieved similar results as output performance and timings.

6.1.3 Genetic algorithm
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In their work Bo Yuan et al. [22] used a multi-objective non-dominated sorting genetic
algorithm to achieve optimized results for both Objective 1 and Objective 2. Unlike
their work, we applied a standard genetic algorithm scheme to obtain a probabilistic
algorithm for comparison with our algorithm for only Objective 1. This algorithm is
more simple than genetic algorithm proposals in the literature, but since focuses on
only Objective 1, it has relatively low run times for similar population and iteration

characteristics.

6.1.4 Memetic Algortihm

As an extended genetic algorithm, we used work of B. Yuan et al. [23]. This algortihm
result best delay and defect optimization results from other genetic algorithms or
simulated annealing algorithms. Note that this algorithm is specifically generated for

both defect and variance tolerant logic mapping problem.

6.2 Simulation for Reduced Function Matrices

As a separate inspection for matrix reduction simulations, we use different benchmarks
and algorithm types in Table 6.1. Each algorithm finds a solution for both using
reduced matrix and standard matrix and compares Objective 1 performance results
along with the timings. Here in our reduction scheme, there is always under %4
percent output error from standard run of the algorithm while time optimization for

each algorithm changes considerably by matrix reduction ratio.

Note that these simulations made with upper limit as Limy. If we use Botr values,

these errors would 0% while having smaller time optimization ratios.

In reducing results, some of the arrays can not reduced at all in our benchmark set.
However, benchmarks with high transistor count diversity have up to 72% reducing
ratios. These reducing ratios correlated with the runtime optimization ratios but each
algorithm responses slightly differently to this method. In manner of runtimes, up to

76% optimization achieved by this approach.
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Table 6.1 : Output deviation rate between reduced and not reduced matrices and time improvement rates for different benchmarks considering
different algorithms over 100 trials each.

. Proposed Simulated . Random
Algorithm Hill Cll)imbing Annealing [18] | Genetic 191, [22] Generation
Reduced | Delay Time Delay Time Delay Time Delay Time
Benchmark (R x C) | Column | Increase | Decrease | Increase | Decrease | Increase | Decrease | Increase | Decrease
Ratio Rate Rate Rate Rate Rate Rate Rate Rate
Sex1 (75 x 14) 1% 0.2% 64.8% 1.3% 32.26% 1.8% 4.5% 0.9% 60.7%
Inc (34 x 14) 39% 2.6% 27.2% 0.1% 26.2% 0.5% 8.6% 1.01% 26%
clip (167 x 18) 19% 0.6% 24.9% 0.3% 15.6% 0.1% 3.5% 0.8% 19.81%
Misex2 (29 x 40) 2% 0.2% 76.4% 1.1% 26.8% 0.1% 4.48% 1.8% 43.2%
9sym (87 x 18) - - - - - - - - -
Bw (65 x 10) 44.3% 3.1% 41.08% 1.4% 19.02% 0.6% 2.9% 0.16% 35.7%
Rd53 (32 x 10) 4% 1.03% 10.2% 1.2% 1.56% 0.4% 3.05% 1.06% 0.5%
Rd73 (141 x 14) 24% 0.7% 22.8% 1.12% 17.43% 0.8% 0.5% 0.7% 21.5%
Sao2 (58 x 18) 48.2% 1.05% 24.9% 1.3% 19.86% 0.3% 2.4% 0.9% 37.6%
Table5 (158 x 34) 44.2% 1.2% 50.6% 0.4% 34.12% 0.3% 22.6% 0.4% 39.57%




Table 6.2 : Delay optimization rates for the proposed hill climbing algorithm having
different initial column mapping techniques over 500 random generated

samples.
Benchmark (R x C) | COV P(r;:g:(s;;d Greedy [20] | Random
Random 1 (6 x 6) 0.2 38.3% 36.1% 36%
(CR : 40%) 0.3 44.4% 41.9% 38.4%
Random 2 (12 x12) | 0.2 35.3% 32.3% 33.7%
(CR :40%) 0.3 40.9% 40.2% 38.8%
Random 3 (24 x24) | 0.2 29.6% 28.6% 28.8%
(CR : 40%) 0.3 35.1% 34.8% 34.3%
Random 4 (48 x48) | 0.2 26.01% 25.08% 25.4%
(CR : 40%) 0.3 29.25% 28.8% 28.05%

6.3 Proposed Algorithm Simulations and Comparisons

First, we simulate our proposed Hill Climbing algorithm considering different starting
column mappings. Random, greedy [20] and our proposed greedy regarding to
minimum possible values are used as different cases. We use different array sizes and
coefficient of variation values. Table 6.2 gives comparison for these different initial
column mapping performances for our hill climbing algorithm. Our algorithm gives

approx. 2-3% better optimization rates for the same runtimes.

As a second inspection, we analyzed timings and the delay optimization rates for
different sized random arrays with 40% CR in Figure 6.1. Here, both increasing
row and column counts decreases delay optimization rates. Here, decreasing column
count has more positive effect on delay optimization rate than decreasing row
count. Therefore, arrays with the lower column counts expected to have better delay

optimization results.

We also make detailed comparisons of our algorithm with three different algorithms
in the literature in Table 6.3. In terms of the worst-case delays, represented by "Delay
Opt. Rate", our algorithm gives the best results in almost all cases. In terms the
runtime, our algorithm gives the best results in all of the cases. Another point is that
our algorithm does a better job for randomly generated ones than standard benchmarks.
As we previously explain, our algorithm is much more tolerable to the row increase

than the column increase. This feature is not compatible with the standard benchmark
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Figure 6.1 : (a) Delay optimization rates of proposed mapping algorithm (b) average
maximum runtime of proposed algorithm for different sized arrays. All
values are average of 100 samples.
circuits generally having less products (rows) than literals (columns). However, for
randomly generated benchmarks having same number of rows and columns, our
algorithm’s performance is quite satisfactory. Note that we run memetic algorithm
from [23] maximum 20 seconds since our proposed algorithm has significantly lower

runtimes. Note that we did not apply our matrix reducing and initial column mapping

methods for our hill climbing algorithm on Table 6.3 to have a fair comparison.

6.4 Defect Tolerance Simulations

To test our hill climbing algorithm on defect tolerance, we used different defect rates
on VMs to find successful mapping ratios over 100 cases for different random matrices

and benchmarks.

On Figure 6.2, different random matrix cases inspected. On the first graph we used

24 x 24 arrays with different crosspoint rates (CR). Here, having higher crosspoint rate
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Figure 6.2 : Defect tolerance results and comparisons for different type of random
arrays.

results as lower defect tolerance as expected. On the second graph we used CR as 40%,
row count as 24 and inspected cases with different column count. Here, increasing
column count decreases defect tolerance since we need to correctly map more columns
for the same row size. On the third graph we used constant column count as 24 and
inspected different row sizes. Here, since we use a constant CR as 40%, finding correct
mapping has the same difficulty on each case. Therefore, increasing column count is
more critical than increasing row count for the random cases with constant CR. We

generally achieved 10% - 30% defect tolerance on these cases.

As our next defect tolerance simulation we used our standard benchmark set. On
Figure 6.3 comparison of different benchmarks are given. We achieved to tolerate 5%
to 10% defect rates for these benchmarks. Rather than random matrices, benchmark

types, therefore function types directly affects defect toleration rates on these matrices.

1000/0 T T T T
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@ 80% —24x24
% —48x48
X 60%- —inc
n —clip
7p] —Misex2
D 40% —Rd53
&)
UD) 20% - .
0 " " 1 L "
0 5% 0% 15% 20% 25% 30% 35% 40%

Defect Rate

Figure 6.3 : Defect tolerance results for our standard benchmark set.
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Table 6.3 : Delay optimization rate and runtime comparisons for our proposed hill climbing algorithm; COV = 0.2. Bold values/elements
represent the best results.

Benchmark (C x R) Hill Climbing Memetic Alg. [23] Simulated Ann. [18] Genetic Alg. [19], [22]
Delay Runtime (s) Delay Runtime (s) Delay Runtime (s) Delay Runtime (s)
Opt. Rate Opt. Rate Opt. Rate Opt. Rate

S5ex1 (75 x 14) 25.7 % 0.11 - >20 15.3% 0.185 22% 0.69
inc (34 x 14) 20.8% 0.0096 20.6% 5.4 15% 0.67 14.5% 0.76
clip (167 x 18) 19.01% 0.09 - >20 9.3% 0.18 11.2% 0.12
Misex2 (29 x 40) 24.5% 0.094 15.2% 1.4 13% 0.97 11.1% 0.54
9sym (87 x 18) 12.5% 0.072 - >20 8.3% 0.11 8.8% 0.78
Bw (65 x 10) 20.8% 0.0078 - >20 13.7% 0.15 12.6% 0.74
Rd53 (32 x 10) 19.2% 0.0086 23.1% 7.1 11.6% 0.12 10.1% 0.34
Rd73 (141 x 14) 13.86 % 0.038 - >20 7.8% 0.27 8.1% 0.82
Sao2 (58 x 18) 17.94 % 0.1 - >20 8.9% 0.16 9% 0.78
Table5 (158 x 34) 16.1% 0.55 - >20 7.5% 0.59 8.3% 1.85
6x 6 (CR=40%) 37.9% 0.0007 20.3% 1.02 36.7% 0.04 10.9% 0.53
12 x 12 (CR =40%) 32.7% 0.0025 20.6% 1.03 27.6% 0.4 19% 0.61
24 x 24 (CR = 40%) 31.7% 0.015 16.1% 1.2 18.4% 0.68 11.5% 0.78
48 x 48 (CR =40%) 24.8 % 0.37 10.8% 4.24 12.8% 1.45 15.3% 1.14
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Table 6.4 : Comparison of D/VTLM results for proposed hill climbing algorithm for 5% defect rate. Bold values/elements represent the best

results.
Defect Hill Memetic Simulated Genetic
Rate: 5% Climbing Alg. Algorithm [23] Annealing Alg. [18] Algorithm [19], [22]

Benchmark Succ. Delay Run Succ. Delay Run | Succ. Delay Run | Succ. Delay Run
(CxR) Rate | Opt. Rate | time Rate | Opt. Rate | time | Rate | Opt. Rate | time | Rate | Opt. Rate | time
5ex1 (75 x 14) 96 % 16.6% 0.059 - - >20 | 0% - 0.16 | 5% 21.2% | 0.75
inc (34 x 14) 100% 16.4% 0.032 | 98% 18.9% 1.7 | 53% 5.5% 1.25 | 43% 14.3% 0.6
clip (167 x 18) 2% 8.6% 0.29 - - >20 | 0% - 0.67 | 0% - 1.07
Misex2 (29 x 40) 100% 24% 0.2 100% 15.3% 1.22 | 23% 4.8% 0.33 | 79% 12% 0.82
9sym (87 x 18) 25% 51% 0.146 - - >20 | 0% - 0.39 | 0% - 0.77
Bw (65 x 10) 85% 14% 0.027 - - >20 | 38% 4.2% 0.29 | 12% 12.4% 0.6
Rd53 (32 x 10) 96% 12.2% 0.014 | 100% | 21.7% | 295 | 56% 5.5% 0.22 | 43% 10.4% | 0.55
Rd73 (141 x 14) 1% 6.6 % 0.14 - - >20 | 0% - 0.5 | 0% - 0.81
Sao2 (58 x 18) 77 % 11.1% 0.084 - - >20 | 0% - 032 | 1% 8.3% 0.69
Table5 (158 x 34) 0% - 3.01 - - >20 | 0% - 0.99 | 0% - 1.61
6x6 (CR=40%) | 100% 21% 0.0027 | 100% 17.9% 1.03 | 100% 193% | 0.02 | 99% 143% | 0.52
12x 12 (CR=40%) | 100% | 18.61% | 0.006 | 100% 18.2% 1.05 | 100% 14.7% 0.3 | 93% 16.8% | 0.59
24 x24 (CR=40%) | 100% | 17.6% 0.09 | 100% | 15.07% | 1.15| 6% 6.05% | 0.42 | 38% | 13.09% | 0.76
48 x 48 (CR=40%) | 100% | 18.9% 1.8 100 % 102% | 224 | 0% - 1.25| 0% - 1.13
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Table 6.5 : Comparison of D/V T LM results for proposed hill climbing algorithm for 10% defect rate. Bold values/elements represent the best

results.
Defect Hill Memetic Simulated Genetic
Rate: 10% Climbing Alg. Algorithm [23] Annealing Alg. [18] Algorithm [19], [22]

Benchmark Succ. Delay Run | Succ. Delay Run | Succ. Delay Run | Succ. Delay Run
(CxR) Rate | Opt. Rate | time Rate | Opt. Rate | time | Rate | Opt. Rate | time | Rate | Opt. Rate | time

Sex1 (75 x 14) 2% 15.7 % 0.056 - - >20 | 0% - 0.17 | 0% - 0.68
inc (34 x 14) 26% 10.8% 0.03 | 82% 17.3% 1.51 | 0% - 1.29 | 1% 14.1% | 0.608
clip (167 x 18) 0% - 0.32 - - >20 | 0% - 0.69 | 0% - 1.14
Misex2 (29 x40) | 100% | 22.1% 0.23 | 100% 12.9% 1.11 | 0% - 035 | 2% 7.1% 0.827
9sym (87 x 18) 0% - 0.142 - - >20 | 0% - 041 | 0% - 0.76
Bw (65 x 10) 14% 12.1% 0.02 - - >20 | 0% - 03 | 0% - 0.6
Rd53 (32 x 10) 18% 8.4% 0.014 | 98% 206% | 2.11 | 0% - 022 | 0% - 0.56
Rd73 (141 x 14) 0% - 0.14 - - >20 | 0% - 0.51 | 0% - 0.8
Sao2 (58 x 18) 1% 3.4% 0.09 - - >20 | 0% - 0.34 | 0% - 0.69
Table5S (158 x 34) 0% - 3.03 - - >20 | 0% - 1.02 | 0% - 1.81
6x6 (CR=40%) | 100% 14% 0.0017 | 100% | 18.2% 1.04 | 95% 13.7% | 0.15 | 97% 17.5% 0.52
12x 12 (CR=40%) | 100% 14.4% 0.008 | 100% | 19.06% | 1.02 | 94% 13.6% | 032 | 79% 14.2% 0.59
24 x24 (CR=40%) | 97% | 17.14% | 0.091 | 100% 14.7% 1.13 | 0% - 044 | 0% - 0.67
48 x 48 (CR=40%) | 0% - 2.03 0% - 22 | 0% - 1.36 | 0% - 1.13
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6.5 Column Replication Simulations

Random arrays with Crosspoint Rate (CR) as 40% are used with different sizes and
area overheads to reach performance values under determined limits are given in Figure
6.4. For different limits, 2 different conditions inspected. Here, increasing array size
decreases area overhead for both Limit 1 and Limit 2. For the Limit 2 we generally
needed area overhead between 70% - 90%. For the Limit 1 these ratios drop between
60% - 17%. Lower limits have higher area overhead values, as expected. Note that

increasing column number drastically increases area overhead for Limit 2 overheads.

On Table 6.6 different benchmark outputs for the same conditions compared along
with the power overheads and expected worst case delay optimization. Here, high
transistor count diversity makes high worst case delay optimization with little area
overhead (ex. Sao2). However, exact opposite state gives not significant worst case

delay optimization values considered needed area overhead (ex. Rd53).

Examples of power - delay products changes as the limit decreases given in Figure
6.5 for different sized matrices. Until reaching large array sizes, this product always
decreasing. Since these Function Matrices are random with a certain crosspoint rate
CR and each crosspoint assignment is a bernoulli trial, column transistor counts would
have a gaussian distribution in high sample sizes. As a result, decreasing limit values
needs to replicate more columns, since mid-range column count is higher than high and

low extremes. High sample sizes makes larger arrays prone to this situation, so power

T

(B}
T < 0
Tt —100%

Area Overhead

O 75%
=
6
27 27 27
Column 48 48 Row Column 48 48 Row
Count (a) Count Count (b) Count

Figure 6.4 : Area overheads for different sized arrays. Each graph uses a different
goal value. (a) COV = 0.3, Goal 2 (b) COV =0.3, Goal 1
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(@) 6 x6(b) 12 x 12 (c) 24 x 24 (d) 48 x 48 random matrices with %40
crosspoint ratio.

- delay product is increasing up to some point. Benchmarks had decreasing products

most of the times in our trials.
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Table 6.6 : Area, power overheads and worst case delay optimization ratios given for different benchmarks and random arrays for column
replication approach. Each case is mean of 1000 different FM for random matrices.

Limit type Limit 2 Limit 1
Coeff. of Variation 0.3 0.2 0.3 0.2
Benchmark Area | Power | Delay | Area | Power | Delay | Area | Power | Delay | Area | Power | Delay
Sex1 (75x14) 64% | 55% | 29% | 42% | 34% | -20% | 42% | 34% | -14% | 21% 16% | -10%
Inc (34x14) 35% 18% | -31% | 28% 13% | -22% | 21% 10% | -16% | 14% 6% -11%

clip (167x18) 16% 10% | -20% | 16% 10% | -13% | 11% 6% -9% 5% 3% | -6.6%
Misex2 (29x40) 75% | 1.2% | -35% | 5% 0.7% | 24% | 5% 0.7% | -18% | 5% 0.7% | -12%
9sym (87x18) 100% | 100% | -27% | 100% | 100% | -19% | 100% | 100% | -13% | 100% | 100% | -9%
Bw (65x10) 30% 16% | -24% | 10% | 47% | -17% | 10% 4% -12% | 10% | 4.7% | -8%
Rd53 (32x10) 100% | 100% | -35% | 70% | 64% | -25% | 50% | 43% | -18% | 50% | 43% | -13%
Rd73 (141x14) 50% | 43% | -19% | 50% | 43% | -13% | 35% | 30% | -10% | 28% | 23% -6%
Sao2 (58x18) 5.5% 1% 21% | 5.5% 1% -15% | 5.5% 1% -10% | 5.5% 1% | -7.5%
TableS (158x34) | 2.9% 1% -15% | 2.9% 1% -11% | 2.9% 1% 8% | 2.9% 1% -5%
6x6 (CR:40%) 140% | 117% | -60% | 82% | 66% | -44% | 55% | 40% | -30% | 52% | 37% | -22%
12x12 (CR:40%) | 83% | 73% | -46% | 64% | 52% | -34% | 46% | 35% | -23% | 27% 19% | -17%
24x24 (CR:40%) | 75% | 68% | -36% | 47% | 40% | -25% | 33% | 26% | -18% | 21% 16% | -12%
48x48 (CR:40%) | 68% | 63% | -27% | 38% | 33% | -20% | 20% 17% | -13% | 13% 10% -9%
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7. CONCLUSION AND DISCUSSION

Due to high process variations on nano-crossbar array manufacturing with self
assembly methods, defect and variance tolerant logic mapping techniques needed to
be developed. Previous works mostly focused on the probabilistic methods to achieve
a logic mapping with optimized objectives. In this work, we presented a Hill Climbing
algorithm as an alternative successful approach to variation tolerant logic mapping
problem. We focused on worst case delay optimization since this value determines
the bottleneck speed of the manufactured nano-crossbar array. Our method achieved
better runtime (upto 40 times) and accuracy results (upto %40) especially for the larger
arrays with variations. As a future design aim for this algorithm, we focus on different
objective improvements and different nano-crossbar array switch types like diode or
4-terminal. Also, Hill Climbing search paradigm can be improved with new heuristics

for column re-ordering process.

As an algorithm independent pre-processing method, we reduced function matrices to
their performance equivalent for Objective 1 optimization. We applied this method
as the first step on our Hill Climbing algorithm. Reduced matrices can be used in
any variation tolerant logic mapping process for designed objective. Depending on the
algorithm and function characteristics, matrix reducing improves runtime dramatically
for most cases (upto %85 time improvement). As a future work, we aim to implement
matrix reducing method for different objectives and nano-crossbar array switch types

like diode or 4-terminal.

Since defect and variation tolerance are both design problems for nano-crossbar arrays,
we extended our proposed hill climbing algorithm for defect toleration. Since our
algorithm tries to avoid crosspoints with the high delay values, we used very high
delay values for defective crosspoints. Due to this nature of the algorithm, defective
crosspoints can be avoided. We find %10-30 defect tolerance for random matrices with

%40 crosspoint ratio and %5-10 defect tolerance for our benchmark set.
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As an extension to our work, we explained column replication approach for achieving
desired performances with known process parameters without using delay testing or
any search algorithm. This approach trades extra area and power consumption for
lower worst case delay values. As a future work, implementation of this method on
different nano-crossbar array types can be achieved. Also, we can supplement this
approach with extensive mapping methods to optimize different objectives. Note that
current replication method is mostly a preliminary approach to achieve a mapping

without variation array.
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