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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' = 1073,
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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' = 10.
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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' = 1073,
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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 = 10'.
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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' = 1073,
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Figure 8: Training time of logistic regression with a bias term and C' = 1.



Relative Function Difference Relative Function Difference

Relative Function Difference

107!

1073

1075

10-7

107

103

—

103
10!
10!
1073
10°°

1077

(a) a9a (b) covtype
T 100 T T
. - erearmts
& 1072 1
| | Aa
E 1074 1
[|—e— nheavy a E —e— nheavy
+L7BF%SS 30 2 10-6 | :—:LfBF((}}SS 30 i
— BF | = — BF
NEWTON W = NEWTON
—— AG & g-8l—— AG B
b e i e SRR
1072 107! 10° 10 107! 10° 10 10%
Training Time (s) Training Time (s)
rl .
(d) u (e) yahoo-japan
T e
. £ 0th :
£ @
2
i A 107 1
E T 10731 }
f|—e— nheavy E —e— nheavy
E| = L-BFGS 30 S 105 —=~L1-BFGS 30
—  BFGS Z [l— BFGS 1
NEWTON = NEWTON
Fl—>— AG = 10-TH——  AG .
L M M Ll Ll L L M MR Lol Ll
0° 10 102 103 10* 1071 10° 10! 10% 103
Training Time (s) Training Time (s)
(g) webspam (h) revlt
T LRI LR Ty T TTTTH 1024““”‘\ LR LR Ty LRI = |
N — @
T S
L N\‘\ i % 100 |- il
<=1
A
|- - - 10 2L -
2
\ { k3]
[ |—e— nheavy \ b E 1074 oo nheavy i
= L-BFGS 30 © —=L-BFGS 30
H— BFGS 4 2 107°%|— BFGS f
NEWTON = NEWTON
L= AG 1 A8  AG
e e S TR T v v
10! 102 103 10? 10° 10! 102 103 101

Training Time (s)

Figure 9: Training time

Training Time (s)

Relative Function Difference

10711

10t

Relative Function Difference

10°
1072
1074
106

1078

Relative Function Difference

10-10

10*

(¢) news20
[|—e— nheavy 1
——L-BFGS 30
||— BFGS |
NEWTON ]
—— AG &
107! 109 10! 102
Training Time (s)
(f) yahoo-korea
L oo B
—e— nheavy
—=-L-BFGS 30
[|— BFGS b
NEWTON
L[| AG B
10° 10! 10? 10°
Training Time (s)
(1) epsilon
T T T T T
| |—e— nheavy i
—=L-BFGS 30
||— BFGS |
NEWTON
||>— AG
10! 10? 10° 10

Training Time (s)

of logistic regression with a bias term and C = 103.

10



Relative Function Difference Relative Function Difference Relative Function Difference

Relative Function Difference

(a) a9a

(b) covtype

(¢) news20

10— T LB L) e s A B ) B T T T
5] e—i-eee = 5] 73
1072 g 1072} 1o 10y :
—6 | -
105 T 10t 1B w0
2 2
E S 9l |
108 [-|—e— CommDir S 1078||—e— CommDir b é 10 —e— CommDir
o L-BFGS 30 = o L-BFGS 30 = o L-BFGS 30
10-1||— BFGS S 1o-11 -|— BFGS | é 10-12||— BFGS i
NEWTON = NEWTON = NEWTON
—  AG ~ —  AG ~ = AG
e e e Ukl ] [V r————— L B
10! 102 10° 10! 10? 10° 10! 10?
Data Pass Data Pass Data Pass
(d) url (e) yahoo-japan (f) yahoo-korea
T T T T T T T T T T T T T L R T 100, T T T T T T T T T T
10tf 8 8
=1 =1
£ 102 4 g 1073 | -
102} & &
A a
g 10-6 | 1 £ e r |
-5 | 3 kS
10 —e— CommDir 5 —e— CommDir 5 10-9 |~ CommDir B
o L-BFGS 30 = Jg-10| | = L-BFGS 30 | = o L-BFGS 30
10-8||— BFGS & — BFGS £ ,||l— BFGs |
NEWTON = NEWTON =10 NEWTON
——  AG = ——  AG ~ ——  AG
-1 b L L ] 108 b
10° 10 10% 103 10 102 10! 102
Data Pass Data Pass Data Pass
(g) webspam (h) revlt (i) epsilon
10— T L T T T T T T T T
[ @
= = 1077 1
—2 |
10 é 1073] 1 é .\\
. A a 107°| 1
10 g 8
g 07 1 8 19-sf 1
10-8 | —o— CommDir E] —e— CommDir E] —e— CommDir
= L-BFGS 30 = = L-BFGS 30 = = L-BFGS 30
11| |— BFGS Z 107" H—  BFGS 1 5 107 H|— BFGS }
NEWTON = NEWTON = NEWTON
——  AG ~ ——  AG o ull——  AG
10~ U b L L 10— oMl 2]
10 10? 10 102 10% 10 102 103
Data Pass Data Pass Data Pass
(j) KDD2010-b
10-1 =
1074
1077 [ CommDir
—=— L-BFGS 30
1010 F|— BFGS
NEWTON
L= AG
W08 e
10° 10 10% 10%
Data Pass

Figure 10: Number of data passes of logistic regression with a bias term and C' = 1073.
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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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