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1. More Experimental Results

In the main paper, we conducted experiments on logistic regression without a bias term. In
this section, we provide the results with a bias term in Figures 1-12. In general, the same
trend as that in Section 6 is observed.
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Figure 1: Comparison between single inner iteration and multiple inner iterations variants of
the common-directions method. We present training time (in log scale) of logistic regression
with a bias term and C = 10−3.
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Figure 2: Comparison between single inner iteration and multiple inner iterations variants of
the common-directions method. We present training time (in log scale) of logistic regression
with a bias term and C = 101.
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Figure 3: Comparison between single inner iteration and multiple inner iterations variants of
the common-directions method. We present training time (in log scale) of logistic regression
with a bias term and C = 103.
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Figure 4: Comparison between single inner iteration and multiple inner iterations variants
of the common-directions method. We present data passes(in log scale) of logistic regression
with a bias term and C = 10−3.
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Figure 5: Comparison between single inner iteration and multiple inner iterations variants
of the common-directions method. We present data passes (in log scale) of logistic regression
with a bias term and C = 101.
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Figure 6: Comparison between single inner iteration and multiple inner iterations variants
of the common-directions method. We present data passes (in log scale) of logistic regression
with a bias term and C = 103.
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Figure 7: Training time of logistic regression with a bias term and C = 10−3.
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Figure 8: Training time of logistic regression with a bias term and C = 1.
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Figure 9: Training time of logistic regression with a bias term and C = 103.
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Figure 10: Number of data passes of logistic regression with a bias term and C = 10−3.
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Figure 11: Number of data passes of logistic regression with a bias term and C = 1.
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Figure 12: Number of data passes of logistic regression with a bias term and C = 103.
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