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(Binary Search) Sl cuad) daa 3 ) 6d o Aas JUia

python

def binary_search(arr, target):
left, right = O, len(arr) - 1
while left <= right:

mid = (left + right) // 2

I arr[mid] == target:

return mid
elif arr[mid] < target:
left =mid + 1
else:
right =mid - 1
return -1
Gl e gl O(log N) (e el |
O(n)). =l
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python

def exponential_search(arr, target):

bound =1

while bound < len(arr) and arr[bound] <

target:

bound *= 2

return binary_search(arr, target, bound//

2, min(bound, len(arr)-1))
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python

def interpolation_search(arr, target):
low, high = 0, len(arr)-1
while low <= high and arr[low] <= targe
t <= arr[high]:
pos = low + ((target - arr[low]) * (hig
h - low)) // (arr[high] - arr[low])
IT arr[pos| == target:
return pos
elif arr[pos] < target:
low = pos + 1
else:
high = pos - 1
return -1
Ukl i O(logi/oilogifoin)O(loglogn) 2=l
Y 1 A0(N)O(N) Uil de ) sall
A Al 5 SIA B AU ) 3
Cache-Oblivious sB-Trees alasiul |
BoaSl lalal) & sl cpsilAlgorithms
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AVL Trees)
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el e S AT (S
JiaY) Jall axs dadiall dua )30
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Lt 5 A alipall daa jll Cilaydas
(Dynamic Programming)a:Ssaliall ciba ) ) gAd)
il jlal) (a4 ealial) daa ) s
Floyd-Warshallds ) s&

OS50 (S
‘S aa
(s <l 50 G s 8T ALl ()5 99 ae Jani
5L, 280K Llal) o sus ) sl

Asa ) gA0) B 88
python

def floyd_warshall(graph):
n = len(graph)

dist = [[float('inf")] * n for _ in range(n)]

for 1 in range(n):
for j in range(n):
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dist[i][j] = graphli][j]

for k in range(n):
for 1 in range(n):

for J in range(n):
it dist[1][j] > dist[i][k] + dist[K][]]:
dist[i][j] = dist[i][Kk] + dist[k][]]

return dist
Dijkstrads ) sa

gl saal s jlaslic e e adl alag)s G Al
G AY) Jall
‘S aa
Daaall 4 3l Al Floyd-Warshall ¢ g sl .
Al e o) Hl e dadd Jaas

Asa ) gA0) B 88
python
Import heapq

def dijkstra(graph, start):
distances = {node: float('inf') for node in gra

ph}
distances|start] = 0
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heap = [(O, start)]

while heap:
current_dist, current_node = heapq.heapp

op(heap)

If current_dist > distances|[current_node]:
continue

for neighbor, weight in graph|current_nod
e].items():

distance = current_dist + weight

If distance < distances|[neighbor]:
distances|neighbor]| = distance
heapq.heappush(heap, (distance, neig
hbor))

return distances
(LCS)AS sidia daylita J gl 4l<iia
AACEial) iy 8

_(O:\:\.J.julq EJJMLJ L}“.'.d) ....~... ..... .u:\,q
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python

def Ics(X, Y):
= len(X)

n =len(Y)
=[[0] * (n+ 1) for _inrange(m + 1)]

for 1in range(1, m + 1):
for j inrange(1, n + 1):
If X[i-1] == Y[j-1]:
dp[i]j] = dp[i-1]j-1] + 1
else:

dp[i][y] = max(dp[i-1]{y], dp[i][J-1])

result =[]

ILj=m,n
whilei>0and > 0:
If X[i-1] == Y[j-1]:
result. append(X[l 1])
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=

return ".join(reversed(result))

Lidedl) Jalad
Oiitiiall J)shin s m Cus: O(m*n) fa3d .
O(min(m,n))) ) 4k (Sart O(M*n) (Al
B Sl Cililall Auualyal) dava sl a3l 83 (ppean

. w!\ Q‘ N'iw
» g

3 SIAl ciltlata 845
48 ghian (pe Y T amy €l 48 shiaa alasial
OSLY) die alayy) 450
Jsaall JS e Yy A DU el Jadd o385

A g3l ¢ Y2 (Memoization) 4l 2
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from functools import Iru_cache

@Ilru_cache(maxsize=None)
def fib(n):
Ifn<2:
return n
return fib(n-1) + fib(n-2)
il 83 ganal) dxSualipal) Aol 3
libaad) Jaledl dlaia ) VAl dUas saas
‘s 4
Leiallae Sy Aiine ¢ ) ) ASED) sl |
JESECE
Ao A0 Sl 5
Gl ae Jaladl) die Ay j8 Gl ) ) & aladdil
las 3 S
A1C8alL dald cliuual 6
Clload) Julitl Al Ll ) aibadd) JDlaia) |

LCS: Al 5 SIA (il Jo (Ui

python
def Ics_optimized(X, Y):

m = len(X)
n =len(Y)

25



26

prev=[0] *(n+ 1)
curr = [0] * (n+ 1)

for 1in range(1, m + 1):
for j inrange(1, n + 1):
If X[i-1] == Y[j-1]:

currfj] = prev[j-1] + 1

else:

curr[j] = max(prev|j], curr[j-1])
prev, curr = curr, prev

curr = [0] *(n+1)

return prev|n]

A8 O(n) S O(M*n) (e 5SIAN clallatia 18y (a3
) a1 il il (e

Jua3 (Graph Algorithms): (bl aw ) <laa ) 65

Dliplar g

9 (BFS Auibal) o gau ) (4 ) cilpa i f 9d saf Jalas
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(BFS - Breadth-First Search)¥si g sl éad)

AcE el dae \/ Euas O(V +E) u-m)l\ ARV
) gall
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‘uailadll |,
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D S A (Gl 23m) Jle peadl aay
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(Riad) Cpdha) Tan 5l ClSuall Allad
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python

def binary_search(arr, target):
low, high =0, len(arr) - 1
while low <= high:

mid = (low + high) // 2

I arr[mid] == target:

return mid
elif arr[mid] < target:
low=mid + 1
else:
high=mid - 1
return -1
: O(logi/0in)O(logn). &l
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def bubble_sort(arr):
n = len(arr)

for 1 in range(n):

for j in range(0, n-i-1):

ifarr[j] > arr[j+1]:

arr(j], arr[j+1] = arr[j+1], arr[j]
: O(n2)0O(n2).wdedlf
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