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Algorith Dynamic Sample

Choose an initial iterate wy, an initial sample Sg. and a constant & £ (0, 1)

Setk 0

]l‘ peat until a convergence test is satisfied:
Compute dy = —VJ'\, (wyg

2 Line Search: compute ~tcpl;mtb wp = O such that

T (wyg +

3 Define anew iterate

4 Setk —k+1.

5 Choose a sample S such that |Sg| = |S5;_|
Compute the mlmpl; variance defined in (3.6).

-

If condition (3.9) is not satisfied. augment St using formula (3

Newton-CG Method with Dynamic Sampling
Initialize: Choose an initial iterate wyg, initial samples ‘Hy € Sp. and a sampling ratio R such that

[Hol = R|Spl. Choose constants 8 € (0, 1), 0 < ¢y = c3 = L. Setk «— 0.

Repeat until a convergence test is satisfied
1 Compute the search direction dg by means of Algorithm 5.1

2 Compute a steplength ey that satisfies the Wolfe conditions:
L I5, (g + oo Tg, (wi) + e Vg, (wi) JA
2.
3 Define the new iterate: W] W +apds.
4 Increment the counter k +— & + 1
5 Choose a sample St such that |5 | = |Se_y|.
If condition (3.9) is not satisfied, augment S;. using formula (3.12).

- o

= Sk, such that |[Hi | = [R|S:].

Select a sample Hj
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@ Parameter 6 = 0.9
o Initial sample size S = N x 1%

@ Hessian ratio R = 0.2



Error Rate against Number of Accessed Samples
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@ Experiment on the paper,speech recognition problem from
Google.

o |[FI|=79,C={1,---,129}, m = ||C| x ||F|| = 10,191
o N=168,776
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Table 2 Analysis of error estimations

Tter: k A B ¥ z

1 0.041798576 0.039624485 0.015802753 0.016913783
2 0.040513236 0.03736721 0.033969807 0.034863612
3 0.036680293 0.035931856 0.027860283 0.019185297
4 0.028538358 0028526197 0.017811839 0.017687138
5 0.02030112 0.01974306 0.015910543 0.014236308
13 0.001539071 0.001843071 0.002523053 0.002681272
14 0.000981444 0.001307763 0.0022572 0.002574446
15 0.000613751 0.000929579 0.000793887 0.001335829
16 0.000190385 0.00052025 0.000516926 0.00049049

17 0.000043608 0.000381851 0.00059497 0.0005979
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Comparison: Newton CG, Static vs Dynamic Sample Size Strategy
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Comparison of varying Theta values for the Yariance Condition
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