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1 function linesearch{T}(p::OptimizationProblem,

2 x::Vector{T}, d::Vector{T})
3 low = convert(T, 0)
. high = inf(T)

P t = convert(T, t0O)

7 fx = objval(p, x)

8 dfx = gradient(p, x)

9

10 while true

u if objval(p, x + t*d) > fx + clst+dot(dfx, d)
12 high = t

13 t = (low + high) / 2
14 elseif dot(gradient(p, x+t*d), d) < c2+dot(dfx, d)
15 low = t

16 if isinf(high)

7 t = 2+low

18 else

1 t = (low+high)/2
2 end

21 else

2 break

P end

2 if high-low < tol

2 break

2 end

2 end

28 return t

2 end

FEEE LR, FATTLLEEEN LR A ST KRR RIH
USPS T-5 20 7 il nl Bt 5 L 93 7R o - 3RAT IR A HE S 2 8]
FARIMIZE LR S0k, i AIRATT R R St s ) - 5805 1 7 2 Z |43 25:
ﬁﬁ%ﬂﬂ%ﬁﬁ$ﬁﬁﬁnmmgﬁmmgﬁﬁ%n@3%Enmmg
data i gradient descent FUHCEL I Z. HITIRATEIZ M log-scale K IH y
B, BT LART LAR BILERT L IGE A SR BB E RO et R Sl
Hr,

LR W2 e, R sign(w!x) RITT, A0SR AR5 8] 2R
conditional probability 1, FILAFZHR (2) KitHHME. £ USPS EAL

10


http://mldata.org/repository/data/viewslug/usps/

11

10°
10* i Figure3: ......... ... ... ... .. ...

102 L
10! F
100 L

Objective Function

10—2 L
1073

0 20 40 60 80 100 120 140 16C
Iteration

1 A1 2 93 2R (Al FR A T AL A G Y gradient descent Il H R Y
LR AR PR b AR i P YRR 99% LA b

References

[Boyd and Vandenberghe, 2004] Boyd, S. P. and Vandenberghe, L. (2004).
Convex optimization. Cambridge university press.

[Gilbert and Lemarechal, 2006] Gilbert, J. C. and Lemarechal, C. (2006). Nu-
merical optimization: theoretical and practical aspects. Springer.



