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1 Complete experimental results on evolutionary multi-objective

1.1 Visualization of a Pareto frontier
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Figure 1: ProPublica COMPAS dataset. Visualization of a Pareto frontier of our DM method.
In a 3D criterion space corresponding to the three objective functions: hinge loss, i.e.

max (0,1 — y,[(w,x,) + b]), regularization, i.e. ||W||?2, and MMD, i.e. MMD(pz—o,pz=1)-

*Also with National Research University Higher School of Economics, Moscow, Russia.

31st Conference on Neural Information Processing Systems (NIPS 2017), Long Beach, CA, USA.
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Figure 2: ProPublica COMPAS dataset. Visualization of a Pareto frontier of our DM method. The
same Pareto frontier as in Figure[T|but in a 2D space of error and unfairness in predictions.
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Figure 3: ProPublica COMPAS dataset. Visualization of a Pareto frontier of our DM+
method. For DM+, the criterion space is actually a 5D space, corresponding to the five ob-
jective functions: two hinge losses, i.e. max (0,1 — y,[(w*,x%) + b*] — yn[(W,x,,) + b]) and
max (0, —y,[(W*,x) + b*]), two regularization terms, i.e. ||WH?2 and ||w*||?2, and MMD,
ie. MMD(pz—o,pz=1). Only 3D is visualized, corresponding to the MMD, hinge loss
max (0,1 — y, [(w*,x%) + b*] — yn[(W, x,,) + b]), and regularisation ||w||?2



SV
25 e 0.25 VM
0251w 0251 = "SVM ’ .’i
° .. [d
= . =0 o 0200
T 0.5 70.20 T
00 e . £ | o8 % s .~ .
S ois L ‘s o] Sem¥, g0 Rl
S 015 S | 00 | .
s g, A s o P o = . N
S 0.10 U - L010 =) J010{ o4 -
o [Py 3 ¢ 3 . . <
= o ! ¥, ) V. N . ) .
= [} S qor 2 gl e % $
= 0.05 w0 R =0.05 e = 0.05 )
T AR ¥, Y
o o o .
0.00 ¢ L 0.00 a4 . 0.00 C *
030 035 040 045 050 055 0.60 0.4 0.5 0.6 0.4 0.5 0.6
Classification Error Classification Error Classification Error
0.30
o
0.25 02514 V;U
Lo Jo2 .
S 005 & 015
& 0.10 2010
=005 =005
0.00 0.00
035 040 045 030 035 060 03 0.4 0.5 0.6
Classification Error Classification Error

Figure 4: ProPublica COMPAS dataset. Visualization of a Pareto frontier of our DM+ method. The
same Pareto frontier as in Figure[3]but in a 2D space of error and unfairness in predictions.
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Figure 5: Adult dataset. Visualization of a Pareto frontier of our DM method. In a 3D criterion
space corresponding to the three objective functions: hinge loss, i.e. max (0,1 — y, [(W,x,,) + b]),

regularization, i.e. ||w||?2, and MMD, i.e. MMD(pz—0o,pz=1)-



o1t 0.14
. ; 0.150
™ VM e 0.12
f ° = 0.10 = 0.125
=010 % 7 -
N N
g ce’ < 0.08 2 0.100
£ 008 e £ H
° | | 75
L 0.0 By L 006 Looms
3 th ~ 1
3 0.04 b . . £ 004 3 0.050 +
g 0.04 o o g 3 3
< Lx o o " = . T o
0.02 ) A EY . o 0.02 0.025 -
[ S Yl LI o«
0.00 L . 2 e ° 0.00 0.000
0.15 0.20 0.25 0.30 0.35 0.40 0.15 0.20 0.25 0.30 0.35 0.15 0.20 0.25 0.30 0.35 0.40 0.45
ifi Error Cl ion Error Classifi Error
0.150 0.150
. .
.
0125 .

. 01251 myy e
. t
- 0.100

{
T s 2 0.075 o
) . [ 0075 ‘x?
N o e - ¥ 0.050 5 S o .
3 . . 3
2 ° . H .
~0.025 « T <0025 :t- e e
o why. LA ’
0.000 L 0.000 . >
0.15 0.20 0.25 0.30 0.35 0.2 0.3 0.4 0.5
Classification Error Classification Error

Figure 6: Adult dataset. Visualization of a Pareto frontier of our DM method. The same Pareto frontier
as in Figure 5] but in a 2D space of error and unfairness in predictions.
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Figure 7: Adult dataset. Visualization of a Pareto frontier of our DM+ method. For DM+, the criterion
space is actually a 5D space, corresponding to the five objective functions: two hinge losses, i.e.
max (0,1 — y, [(w*,x}) + b*] — yn[(W, x,,) + b]) and max (0, —y,, [(w*,x}) + b*]), two regular-
ization terms, i.e. ||w||?2 and ||w*||?2, and MMD, i.e. MMD(pz—q,pz=1). Only 3D is visualized,
corresponding to the MMD, hinge loss max (0,1 — y, [(w*, x},) + b*] — yn[(W, X;,,) + 1]), and reg-
ularisation ||W||?2
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Figure 8: Adult dataset. Visualization of a Pareto frontier of our DM+ method. The same Pareto
frontier as in Figure[7]but in a 2D space of error and unfairness in predictions.



1.2 Selection of an operating point
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Figure 9: ProPublica COMPAS dataset. The above operating point selection is based on 40% of the
training data. User 1 has an inclination to be more lenient in being fair for a gain in accuracy in
comparison to the User 2.
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Figure 10: Adult dataset. The above operating point selection is based on 40% of the training data. In
contrast to the selection in ProPublica COMPAS dataset in Figure[9] User 1 now has an inclination
to be more strict in being fair and accepts a loss in accuracy in comparison to the User 2.
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