Module 5.8 : Line Search
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Just one last thing before we move on to some other
algorithms ...
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o In practice, often a line search is done
to find a relatively better value of n
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o In practice, often a line search is done

to find a relatively better value of n

def do_line search_gradient_descent():
w, b, etas init_w, init b, 1
i range(max_epochs) :
dw, db = 0, 0
X,y zip(X, Y):
dw grad_w(w, b, x, y)
db grad b(w, b, x, y)
min_error
best_w, best b = w,
eta etas:
tmp_w = w - eta * dw
tmp_b = b - eta * db
error(tmp_w, tmp_b) min_error:
best_w = tmp_w
best_b = tmp_b
min_error = error(tmp_w, tmp_b)
best_w, best b
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(] Il’l pI‘a,Ctlce, Often a hne Search 1S dOne def do_line search_gradient_descent():
. w, b, etas init_w, init b,
to find a relatively better value of 7 i in range(max_epochs):
dw, db = @,
o Update w using different values of 7 X,y in zip(X, Y):
dw grad_w(w, b,
db grad b(w, b,
min_error 1 0
best_w, best_ w, b
eta etas:
tmp_w = w - eta * dw
tmp_b = b - eta * db
error(tmp_w, tmp_b) min_error:
best_w tmp_w
best_b tmp_b
min_error = error(tmp_w, tmp_b)
w, b = best_w, best_b
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o In practice, often a line search is done
to find a relatively better value of n

o Update w using different values of 7

o Now retain that updated value of w

which gives the lowest loss

sh M. Khapra

def do_line search_gradient_descent():
w, b, etas init_w, init_b, [0.1,

i range(max_epochs) :
dw, db €
X,y zip(X, Y):
dw grad_w(w, b,
db grad b(w, b,
min_error = 1
best_w, best b = w, b

eta etas:
tmp_w = w - eta * dw
tmp_b = b - eta * db
error(tmp_w, tmp_b)
best_w = tmp_w
best_b = tmp_b
min_error = error(tmp_w, tmp_b)
best_w, best b

min_error:

w, b
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o In practice, often a line search is done
to find a relatively better value of n

o Update w using different values of 7

o Now retain that updated value of w
which gives the lowest loss

o Esentially at each step we are trying
to use the best ) value from the avail-
able choices

sh M. Khapra

def do_line search_gradient_descent():
w, b, etas init_w, init_b, [0.1,
i range(max_epochs) :
dw, db = ¢
X,y zip(X, Y):
dw grad_w(w, b,
db grad b(w, b,
min_error = 1
best_w, best b = w, b
eta etas:
tmp_w = w - eta * dw
tmp_b = b - eta * db
error(tmp_w, tmp_b) min_error:
best_w = tmp_w
best_b = tmp_b
min_error = error(tmp_w, tmp_b)
w, b = best_w, best_b
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In practice, often a line search is done
to find a relatively better value of n

Update w using different values of n

Now retain that updated value of w
which gives the lowest loss

Esentially at each step we are trying
to use the best ) value from the avail-
able choices

What’s the flipside?

sh M. Khapra

def do_line_search_gradient_descent():
w, b, etas init_w, init_b, [0.1, ©
i range (max_epochs):
dw, db = ¢
X,y zip(X, Y):
dw grad_w(w,
db grad b(w,
min_error = 1
best_w, best_ b = w,
eta etas:
tmp_w = w - eta
tmp_b = b - eta
error(tmp_w, tmp_b) min_error:
best_w = tmp_w
best_b = tmp_b
min_error = error(tmp_w, tmp_b)
w, b = best_w, best_b
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In practice, often a line search is done
to find a relatively better value of n

Update w using different values of n

Now retain that updated value of w
which gives the lowest loss

Esentially at each step we are trying
to use the best ) value from the avail-
able choices

What’s the flipside? We are doing
many more computations in each step

sh M. Khapra

def do_line_search_gradient_descent():
w, b, etas init_w, init_b, [0.1, 0.5, 1.0 10.0]

i range (max_epochs):
dw, db
X,y zip(X, Y):
dw grad w(w, b, x, y)
db grad , b, x, y)
min_error = 1
best_w, best b = w, b

eta etas:

tmp_w = w - eta * dw

tmp_b = b - eta * db
error(tmp_w, tmp_b)
best_w = tmp_w
best_b = tmp_b
min_error = error(tmp_w, tmp_b)

w, b = best_w, best_b

min_error:
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In practice, often a line search is done
to find a relatively better value of n

Update w using different values of n

Now retain that updated value of w
which gives the lowest loss

Esentially at each step we are trying
to use the best ) value from the avail-
able choices

What’s the flipside? We are doing
many more computations in each step
We will come back to this when we

talk about second order optimization
methods

Mitesh M. Khapra

def do_line search_gradient_descent():
w, b, etas init_w, init_b, [0.1, 0.5, 1.0 10.0]

i range(max_epochs) :

dw, db
X,y zip(X, Y):
dw grad_w(w, b, x, y)
db grad b

min_error = 1

best_w, best b = w,

eta etas:

tmp_w = w - eta * dw

tmp_b = b - eta * db
error(tmp_w, tmp_b)
best_w = tmp_w
best_b = tmp_b
min_error = error(tmp_w, tmp_b)

w, b = best_w, best_b

min_error:
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@ Let us see line search in action ‘ ‘ ‘ ‘ ‘

L | L
0.00 009 018 027 036 045 054 063
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@ Let us see line search in action ‘ ‘ ‘ ‘ ‘
a4k |
T 2t |
b ol |
-2 - ]
b |

SR 0 : i

W —

L | L
0.00 009 018 027 036 045 054 063

5

Mitesh M. Kh ) JS7015 (Deep Learning Lecture



@ Let us see line search in action ‘ ‘ ‘ ‘ ‘
a4k |
T 2t |
b ol |
-2 -~ |
b |

SR 0 : i

W —

L | L
0.00 009 018 027 036 045 054 063

5

Mitesh M. Kh ) JS7015 (Deep Learning Lecture



@ Let us see line search in action ‘ ‘ ‘ ‘ ‘
a4k |
T 2t |
b ol |
-2 // 4
b |

SR 0 : i

W —

L | L
0.00 009 018 027 036 045 054 063

5

Mitesh M. Kh ) JS7015 (Deep Learning Lecture



@ Let us see line search in action ‘ ‘ ‘ ‘ ‘
a4k |
T 2t |
b ol |
Sl T |
b |

" =2 0 2 ry

W —

L | L
0.00 009 018 027 036 045 054 063

5

Mitesh M. Kh ) JS7015 (Deep Learning Lecture



@ Let us see line search in action ‘ ‘ ‘ ‘ ‘

al |
T7 '
b ol |
N
ol 7 \ |
_al |
) ) 0 2 4
W —

L | L
0.00 009 018 027 036 045 054 063

5

Mitesh M. Kh ) JS7015 (Deep Learning Lecture



@ Let us see line search in action ‘ ‘ ‘ ‘ ‘
a4k |
T 2t |
b ol |
-2l ﬂ ]
b |

" =2 0 2 ry

W —

L | L
0.00 009 018 027 036 045 054 063

5

Mitesh M. Kh ) JS7015 (Deep Learning Lecture



@ Let us see line search in action ‘ ‘ ‘ ‘ ‘
a4k |
T 2t |
b ol |
-2 ﬂ ]
b |

" =2 0 2 ry

W —

L | L
0.00 009 018 027 036 045 054 063

5

Mitesh M. Kh ) JS7015 (Deep Learning Lecture



@ Let us see line search in action ‘ ‘ ‘ ‘ ‘
a4k |
T 2t |
b ol |
2L ﬁ |
b |

" =2 0 2 ry

W —

L | L
0.00 009 018 027 036 045 054 063

5

Mitesh M. Kh ) JS7015 (Deep Learning Lecture



@ Let us see line search in action ‘ ‘ ‘ ‘ ‘
a4k |
T 2t |
b ol |
-2 4 4
b |

" =2 0 2 ry

W —

L | L
0.00 009 018 027 036 045 054 063

5

Mitesh M. Kh ) JS7015 (Deep Learning Lecture



@ Let us see line search in action ‘ ‘ ‘ ‘ ‘
a4k |
T 2t |
b ol |
2L 4 ]
b |

" =2 0 2 ry

W —

L | L
0.00 009 018 027 036 045 054 063

5

Mitesh M. Kh ) JS7015 (Deep Learning Lecture



@ Let us see line search in action ‘ ‘ ‘ ‘ ‘
a4k |
T 2t |
b ol |
2L K ]
b |

" =2 0 2 ry

W —

L | L
0.00 009 018 027 036 045 054 063

5

Mitesh M. Kh ) JS7015 (Deep Learning Lecture



@ Let us see line search in action ‘ ‘ ‘ ‘ ‘
a4k |
T 2t |
b ol |
-2l 4 4
b |

" =2 0 2 ry

W —

L | L
0.00 009 018 027 036 045 054 063

5

Mitesh M. Kh ) JS7015 (Deep Learning Lecture



@ Let us see line search in action ‘ ‘ ‘ ‘ ‘
a4k |
T 2t |
b ol |
-2l 4 4
b |

" =2 0 2 ry

W —

L | L
0.00 009 018 027 036 045 054 063

5

Mitesh M. Kh ) JS7015 (Deep Learning Lecture



@ Let us see line search in action ‘ ‘ ‘ ‘ ‘
a4k |
T 2t |
b ol |
-2 4 4
b |

" =2 0 2 ry

W —

L | L
0.00 009 018 027 036 045 054 063

5

Mitesh M. Kh ) JS7015 (Deep Learning Lecture



@ Let us see line search in action ‘ ‘ ‘ ‘ ‘
a4k |
T 2t |
b ol |
-2 4 4
b |

" =2 0 2 ry

W —

L | L
0.00 009 018 027 036 045 054 063

Mitesh M. Kh ) JS7015 (Deep Learning Lecture 5



o Let us see line search in action ‘
4k
o Convergence is faster than vanilla gradient
descent T7
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o Let us see line search in action =
o Convergence is faster than vanilla gradient |
descent T
o We see some oscillations, bof 4 1
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@ Let us see line search in action ‘

o Convergence is faster than vanilla gradient

descent T2
@ We see some oscillations, but note that b of 1
these oscillations are different from what we Sl 4 |
see in momentum and NAG
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