Bolum 7: Yakinsama Algoritmalari

Algoritmalar
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Yakinsama Algoritmalari

= Bazi problemlerin ¢coztmlerini bulmak ¢cok zor veya imkansiz olabillir.

» Yakinsama algoritmalari,
= Mikemmel ¢c6zUmu bulmak yerine,
= Orijinal ¢6zime mumkun oldugunca yakin ¢éztmler Uretir.
= Karmasik problemler makul bir sure icerisinde ¢ozulebilir.




Yakinsama Algoritmalari

* Polinom zaman karmasikligina sahiptir.

= Orijinal coztime belli bir oran veya yuzde ile yakin ¢cozumler Uretir.
» Hesaplama kaynaklari kisitli oldugunda tercih edilir.

= Terazinin bir kefesine bir agirlik koyuldugunda,
= diger kefeye tam olarak ayni agirligi koymak zor olabilir.
= Bu durumda, cesitli kicuk agirhiklar kullanilarak,
» buyuk agirliga olabildigince yakin bir denge kurulabilir.




Yakinsama Algoritmalarinin Uygulamalari

= Seyir saticisi (Traveling salesman) problemi:

= Seyyar saticinin en kisa surede en fazla musteriye ulasmasini
saglayan rotaya karar vermek.

= Sirt cantasi (Knapsack) problemi:

= Cantaya sigacak, maksimum fayda saglayacak esyalarin secilmesi.
= |slemci (Job scheduling) planlama:

» Bilgisayarda birden fazla strecin en verimli sekilde yurtttlmesi.
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Yakinsama Algoritmalari Turleri

» Yakinsama:
= Orijinal problemin daha basit bir versiyonunu c¢ozuldr.
» Acgozli (Greedy):
* Her adimda en iyl gortinen secenek secilerek ilerlenir.
= Yerel Arama (Local search):
= Mevcut ¢cozum kucuk degisikliklerle iyilestirilir, daha iyi ¢oztm bulunur.




Seyahat Eden Satici Problemi

= Optimizasyon Problemi:

= Satici, bir dizi sehri en kisa mesafede ziyaret etmek istiyor.
= Kombinatoriyel Problemler:

= TUm sehirlerin gezilme sirasini belirlemek.
= NP-Zor Problemi:

» Pratikte ¢cok sayida sehir icin en Iyi rotayl bulmak zor olabilir.




Seyahat Eden Satici Problemi

= Sehirler:
= n sehir (ornegin, A, B, C, ...)

= Mesafeler:
= d;: 1 ve ] sehirleri arasindaki mesafe




Problemin Cozumu

= Tam COzum:

= TUm olasi rotalari kontrol etmek
» Yaklagik Cozumler:

» Heuristik algoritmalar (ornegin, Nearest Neighbor, Genetic Algorithms)
= Optimizasyon Araglarti:

= Simulated Annealing, Ant Colony Optimization..
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Traveling Salesman
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Is Cizelgeleme

= Optimizasyon Problemi:
= Belirli kaynaklarla (ornegin, isciler, makineler) iglerin en verimli sekilde
planlanmasi.
= Amagc:
= |slerin tamamlanma siiresini minimize etmek veya
= Belirli kriterlere gore optimize etmek.
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Job Scheduling
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Job Scheduling
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Job Scheduling

Jobs Machines
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Job Scheduling
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Job Scheduling
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Job Scheduling
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Job Scheduling
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Job Scheduling
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Job Scheduling

Job ID Profit Deadline
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Job Scheduling

Job ID Profit Deadline
3 40 2
4 30 2
1 20 4
2 10 1

Profit = 40




Job Scheduling

Job ID Profit Deadline
3 40 2
4 30 2
1 20 4
2 10 1

Profit =40 + 30




Job Scheduling

Job ID Profit Deadline
3 40 2
4 30 2
1 20 4
2 10 1

Profit =40 + 30 + 20




Job Scheduling

Job ID Profit Deadline
3 40 2
4 30 2
1 20 4
Z 10 1

Profit =40 + 30 + 20 + 0*

*cannot be performed







Dugum Kapsama

= Kapsama Problemi:

= Bir cizgenin tum kenarlarini kapsayacak en az sayida dugumu secme.
= Amac:

= TUm kenarlari en az dugumle kapsayan kiimeyi bulmak.




Dugum Kapsama

= Cizge:
= Dagumler: A, B, C, D
= Kenarlar: (A, B), (A, C), (B, C), (B, D), (C, D)

* Dugum Kapsama Kumesi:
= {A, B, C}




COozum

= Tam COzum:

= TUm olasi dugum ktimelerini kontrol etmek.
» Yaklagik Cozumler:

» Greedy algoritmalar, Approximation algoritmalarti, ...
= Optimizasyon Araclarti:

* Lineer Programlama, Branch and Bound, ...




Dugum Kapsama Algoritmasi

» Baslangicta bos bir kapsama kiimesi olustur.
» Bir kenari kapsayan dugumlerden birini sec¢ ve kapsama kiimesine ekle.
» TUm kenarlar kapsayana kadar tekrarla.




Vertex Cover

A vertex cover of size 6
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Vertex Cover




Vertex Cover
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Vertex Cover
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Vertex Cover
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Vertex Cover
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Vertex Cover
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Power lteration Algoritmasi

= Bir matrisin en buyuk (mutlak degeri en bluyuk) ozdegerini ve buna ait bir
Ozvektoru yaklasik olarak hesaplamak icin kullanilan iteratif bir yontem.

= Bir matrisin ozdegerlerinin kesin bir sekilde hesaplanmasi yerine, sadece
en bluyuk 6zdeger ve buna ait bir 6zvektortun yaklasik bir tahminini saglar.

= BUyuk boyutlu matrislerde etkilidir.



Power lteration Algoritmasi

= |k olarak, bir matris belirlenir ve rastgele bir baslangic 6zvektoru secilir.
» Baslangi¢ 0zvektort, matrisle carpilarak yeni bir 6zvektor elde edilir.

= Yeni vektor, normu (uzunlugu) 1'e normallestirilir.

* Bu islem, istenilen deger kez tekrarlanir.

= Matrisin en buyuk 6zdegeri ve bu 0zdegere ait 6zvektor bulunmus olur.




Power lteration Algoritmasi
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Power lteration Algoritmasi
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Power lteration Algoritmasi
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Power lteration Algoritmasi

= |argest eigenvector

— Error
: 107 4
smallest eigenvector :
2 —— approximation ]

1071 3

0 S

K b 1072 4

ol |
I
I\
% 1077

-2 4

-3 T T T 10_4 T T T T

-2 0 2 0 2 4 6 8 10
iterations

1/20/2023 Sercan KULCU, Tum haklari sakhdir. 70




Power lteration Algoritmasi
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Power lteration Algoritmasi
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Power lteration Algoritmasi
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Power lteration Algoritmasi
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Power lteration Algoritmasi
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Power lteration Algoritmasi
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