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- Decision trees

- Search for subset of examples
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time-
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TRAINING Time

⑭ Depth 2

/ -

dz⑭ ⑳
/ /
Ny N h N12 N/4

Depth Ollog ,N)



Ki trees (time complexity)

TRAINING Time

- we have Ollog ,N)
levels .

- For each level >

- sort "N" examples to find median -

- OLNGeg ,N) time

- Total time to build 0 (N1g n)
datastructure
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KD trees (time complexity)
4 what is time complexity of query

?

- How many
levels to read lof"

- O (logN)
- How many computat's per

level ?

- one ra comparison (e .g. ", 6)

- How many computat at leaf ?

- 0(D +S)

TOTAL OUTRY OClogN +DAs)

if DCN and S is small

o Klog N)
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Practical implementatt
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How to sample hyperplane ?

i 1 :A sampled from

Win N ...... )
bu NC.......)



Practicalimplementatt
-

How to get
hi (k) = 0 M

L'(x) = Slaw (b + 1 x ,
+wi2 ... )
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Practical implementatt
-
-

How to vectorize finding Hash Table

x =

/ I
NXD+

H = SGN (X'w)
NXP

let #planes be 'p

w =

(iii)
+ x



Time complexity

-Assuming one
(1) set of hash functions

-> HNxp = SGN (XNXD : Raxp)

Time =O(NXDXP)
Time to generate R = 0 (DXP)

Thus
,
at training time : 0 (NXDXP]



At testing time,

-> Computing Lash on 91x0 takes O(DP)

->

Assuming
'T points in bucket

:

O(TD) to find
closest

neighbour



At testing time,

-> Computing Lash on 91x0 takes O(DP)

->

Assuming
'T points in bucket

:

O(TD) to find
closest

neighbour

-> What is T in terms of Nand
P Cow average



At testing time,

-> Computing Lash on 91x0 takes O(DP)

->

Assuming
'T points in bucket

:

O(TD) to find
closest

neighbour

-> What is T in terms of Nand
P Cow average

T =
o



At testing time,

-> Computing Lash on 91x0 takes O(DP)

->

Assuming
'T points in bucket

:

O(TD) to find
closest

neighbour

-> What is T in terms of Nand
P Cow average

T = N
~-

2P

-> Test Time = O(DP + A


