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A Proofs

A.1 Proofs of Lemma 1 and 2

Proof of Lemma 1

Notice that Ele x[; is the solution of the following linear programming problem

max p’x, st. pf1=k0<p<1. )
o)

The Lagrangian of this linear programming problem is
L(p,u,v,\) = —p'x—v'p+u’(p—1)+ A(p"1-k), ©)
where u > 0, v > 0 and t are Lagrangian multipliers. Taking its derivative w.r.t p and set it to be
0, we have v. = u — x + Al. Substituting this back into the Lagrangian to eliminate the primal
variable, we obtain the dual problem of (8) as
min u”1 + kX stu>0,u+Al—x>0. (10)

u7

This further means that i
3 g :m/\in{k)\+2[xi—)\]+}. (11
i=1 i=1

The convexity of Zle x;) follows directly from (11) and the fact that the partial minimum of a
jointly convex function is convex. Furthermore, it is easy to see that A = z[;) is always one optimal

solution for (11), hence, for x; > 0,7 =1, --- , n, there holds
k n
> o = min{kA+ > s - Al }- (12)
i=1 = i=1

O
Proof of Lemma 2
Denote g(¢) = [[a—¢], —b], . Forany a > 0,b > 0, we have g(() = la—b—{ if

=0
¢ > a. In the Case of £ < a, there holds g(¢) = [a — b —¢]. Thus g(¢) = [a — b — (] for any
a>0,b>0.
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A.2 Proof of Theorem 1

Note that £ : R — R™ is convex, differentiable at 0 and ¢'(0) < 0 implies that £(0) > 0. Hence, by
normalization we can let /(0) = 1. Indeed, the commonly used individual losses such as the least
square loss £(t) = (1 — t)?, the hinge loss £(t) = (1—t), and the logistic loss £(t) = log,(1+et)
satisfy the conditions #'(0) < 0 and ¢(0) = 1. The assumption in part (ii) of Theorem 1 implicitly
assumes that £ < 1 because £/ < &/(0) = 1.

Since (f*, A*) is a minimizer, then, by choosing f = 0 and A = £(0) = 1 there holds E[¢(y f*(x)) —
A) 4]+ vA* <E[(¢(0) — £(0))+] + v£(0) which implies that the minimizer A* defined in (7) must
satisfy 0 < A* < ¢(0) = 1. This means that the minimization over A in (7) can be restricted to
0 < XA </0)=1.Let 8 =1 — X\ which implies that the minimization (7) is equivalent to the
following

(5%, 87) =arg _ inf  {E[(8 +4yf(x)) = 1)+] ~vF}. (13)
Let (f*, 8*) be the minimizer. We have, for any f and choosing 5 = £(0) = 1, that
—vB* <AE[(B" + Ly f* () = 1)4] —vB" <E[(1+L(yf(x)) = 1)4] —v = E(f) —v.

This implies that v3* > v — &E(f). Since f is arbitrary, 5* > % > 0if v > &;. Consequently,
the above arguments show that 0 < \* =1 - " < 1ifv > &;.

Now observe that f* = arginf s {E[({(yf(x)) — A*)+] +vA*} = arginf ({E[(£(y f(x)) — A*)4] }.
Define ¢(t) = (¢(t) — X\*). This means that f* = arginf; E[¢(y f(x))] for standard classification.
The result of Theorem 2 in [1] states that that the loss ¢ is classification calibrated if ¢ is differ-
entiable at 0 and ¢’(0) < 0. Notice that \* < ¢(0) = 1 as proved above, which implies that ¢ is
differentiable at 0 and ¢’(0) = £'(0) < 0. This shows that f* has the same sign as the Bayes rule
sign(Pr(y = 1|x) — 1) if v > & . This completes the proof of the first part of the theorem.

We now move on to prove the proof of the second part of the theorem. To this end, observe that
M = arginf 5 o {E[{(yf*(z)) — A)4] + vA}. Assume that A* = 0. Then, f* = f; and choosing
f =0and A = 1 = £(0) in the objective function of (7) implies that v = E[(¢(0) — 1)1] +
v > Ell(yf*(x)) — X)) + vA* = E[l(yf; (x))] > R*. Recall [8] that the Bayes error R* =
S min(n(x),1 — n(x))px (x). This proves the Case \* = 0.

Now it only suffices to prove the Case of A* > 0. In this Case , by the first-order optimality
condition, there exists a subgradient of E[¢(y f*(x))—\) 4]+ of the variable A at \* equals to zero.
This implies that E[h(z, y)] + v = 0, where h(z, y) is some subgradient of (¢(yf*(x)) — A)+ with
respect to A at \*. Notice that h(z,y) < —Iy s+ (2))>a~- Consequently, v > E[l, r«(2))>x+] >
E[Lyy £+ (2))>e(0)] since A* < £(0) as proved in part (i). Since we assume that £ is monotonically
decreasing, ¢(yf*(z)) > £(0) is equivalent to y f*(x) < 0. The calibration of AT}, models (i.e. f*
has the sign as the Bayes rule) implies that y f*(x) < 0is equivalent to y(2n(x)—1) < 0. Putting the
above arguments together, we conclude that v > E[I, (2, (z)—1)<0] = (2)#1/2 min(n(z), 1—n(x)).

This completes the proof of the theorem.

A.3 Proof of Theorem 2

Steinwart [22] derived the bounds for the excess misclassification error for v-SVM under the as-
sumption that the kernel is universal, i.e., the RKHS is dense in the space of continuous functions
C(X) under the uniform norm || - || (See [23] for more details). The proof there depends on
Urysohn’s lemma in topology which states any two disjoint closed subsets can be separated by a
continuous function. In contrast, our result holds true without the assumption of universal kernels.

m
To prove Theorem 2, we need some technical lemmas. We say the function F' : H Qi — R has
k=1
bounded differences {cg 7., if, forall 1 < k < m,
max |F (2157 2k—1, 2y 2kt 157 5 2m) — F(20, 0+ 5 26-15 20 2k, -+ 5 2m)| < e

!’
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Lemma 3. (McDiarmid’s inequality [30]) Suppose f : H Q. — R has bounded differences
k=1
{ck}ir, then , for all e > 0, there holds

262
Pr{F(z) —E[F(z)] > } <e Iiik
We need to use the the Rademacher average and its contraction property [29, 31].

Definition 1. Let u be a probability measure on ) and F be a class of uniformly bounded functions.
For every integer m, the Rademacher average over a set of functions F on

}

R, (F) :=E,E. { sup‘ZJZf (z:)

where {z;}1" | are independent random variables distributed according to p and {01}’” , are inde-
pendent Rademacher random variables, i.e., Pr(o; = +1) = Pr(o; = —1) =
Lemma 4. Let F be a class of uniformly bounded real-valued functions on (S0, i) and m € N. If for
eachi € {1,...,m}, U, : R — Ris a function with a Lipschitz constant c;, then for any {x;}™,,
(sup|Zez p )<2E(sup‘Zczezfmz ) (14)
fer

Using the standard techniques involving Rademacher averages [29], one can get the following es-
timation. For completeness, we give a self-contained proof. Let the empirical error related to the
hinge loss be denoted by £, ,(f) = 2 37 (1 — yf(x:))+-

Lemma 5. For any € > 0, there holds

2ne?

2kR _
Pr{ sup  En(f) — Enal(f) > e+ } <e (+sRZ,
Ifllx<R Vn

Proof. Let F(z) = sup [En(f) — Enz(f)]. Observe, for any z,y, that (1 — yf(z))+ < 1+
Ifllx<R

1
[f(@)] <14+ {Ke, gl <1+ [[fINK:, Ko)k2 = 14 || fllk/K(z,z) < kR. Then, one can
easily get that the bounded differences are ¢, = # for any 1 < k < n. By the McDiarmid
inequality, we have

2

2ne
Prf s [E4(0) ~ EnalD)] 2 B sup [60(0) -~ EnalO] 4o 2 o] - o),
Iflc<R Iflx <R { (1+KR)? }
Letz' = {z},2},...,2} beiid. copies of z. Then,
E, sup [En(f)—Ena(f)] =Es[ sup [En(Ex(f))—Ena(f)] SEEn sup [Ex(f)—Enal(f)]:
Ifllx<R Ifllx<R Ifllx<R

By standard symmetrization techniques [29], for any Rademacher variables {o; : i = 1,...,n}, we
have that

By swp [E(f) — Enalf)] = BEgE, sup [ 3 oi((1— ylf(e)s — (1 — gif (@) 1))

[fllxk<R Ifllx<rR ™5
1 n n
=2E,E, sup [— oi(1— ylf(:z:,))_,_] <2E,E, sup ‘ oi(1 1))4_’
lfllx<r T ; lfllxk<R T Z

Let ®;(t) = (1 — y;t)4 which has Lipschitz constant 1. By the contraction property of Rademacher
averages,

E, sup ‘ oi(1 =y f(x;)) ‘<E sup ‘ oif(xz;)
Ifllx<R TS Z Ifllx<R TS Z

1 n
—E, swp (=Y 0iKa,. )
i=1

Ifllx<R



1O 1o
<E, swp |- Yokl = RE, I Y 0k x|
Ifllx<R "; ”;

<R[E ||1i: K |\2F<R[i[((m x)]%<KR
>~ ol Oil\g, =~ iy Lg = T =
ni=1 " n =1 \/’FL

Putting all the above estimations together yields the desired result. This completes the proof of the
lemma.

We also need the Hoeffding’s inequality stated as follows.

Lemma 6. Let £ be a random variable and, for any i € [m], a; < & < b;. Then, for any € > 0,

there holds
2

1 m
Pr{m;& _Ee> e} < exp{—;n]\;}.

To prove the main theorem, we need to establish a lower bound for p,. Denote x =
sup,ex VK (z, ).
Lemma 7. For pn € (0,1 — Er(fx)), let [n(En(fx) + )] < k < n, then we have

falle 2k 20 2| fullxc } nyi?
Pri{zeZ": "~ < —max —_— >]l—expi—————— .
{ ps ( PR ) o{ 2<1+m||fﬂ||K>2}

Proof. Since (f,, pz) is a minimizer of formulation (6), for any 0 < p < 1 there holds

n n

: i L 2 o1 k 1 2
o ;(Pz —Yifa(@i))+ — —pat %HszK < > (o= vipfulai)+ — P %”prHK

= pEnalfr) = Ep 4 L (15)
= P h,z\JH np 2C HIK-

This implies, for any 0 < p < 1, that

k k P’ 2
—pz > —pEn .z —p— — .
Pz = =pEna(fr) +p = o=l fullic

Applying the Hoeffding inequality (Lemma 6) yields that

[ ny?
Pr{gh,z(fﬂ) - gh(f?—t) < 5} <1- eXp{—W}o (16)
Then, on the event U = {z € Z" : E,,(fu) — En(fu) < 4}, we have —p&p,(fu) + Ep —

2 2 2 2
sl fullie = p(5 = E(fx) = §) = Sallfull% = p% — 56 |l falli- Define g(p) = 54 — &= || ful -
It is easy to observe that

cu? < 2
max g(p) > i”fH”%{a CM = 2||f’H||£{7
T Cr> 2| frulle-

Consequently, on the event I/, there holds

n n . u Cu?

o > — — ). 17

P2 o 900 = (G g n

By choosing p = 0 in (15), there holds ”fziz‘li < % Combining these estimation together, on the
event U/ there holds

2
el _ [Ifalle [T _ %max< 20’2||fﬂ||x>.
Pz Pz Pz n o) 7
This completes the proof of the lemma. O



With all the above technical lemmas, we are ready to prove Theorem 2.

Proof of Theorem 2. We will use the relationship between the excess misclassification error and
generalization error [32], i.e. forany f: X — R, there holds

Rosign(f)) = R(fe) < En(f) = Enlfe)- (18)
Let U, be the event such that the inequality in Lemma 7 is true, i.e. U; = {z ISVAL ”f’”K <
2k max 4/ QHC, 2”’0“” ) }. On the event U;, noting that 0 < 1 < 1 we have that Hf’“K < Rc, =

2v20+4|\fH|\K
—_—

Now considering the sample z € U, using (18) we have

Risign(£2)) = RU%) < 0(22) ~ () < () — nulL2) + Eral22) — 800 19
By the definition of the minimizer (p,, f,), there holds - Z? e — yifa(i))y — Ep, +
%Hsz%( < 0 which means that % Z?Zl(pz —yifa(zi) 4 < npz Equivalently, &, z( ) < %

the event U/;. This combines with (19) implies, on the event 41, that

Risign(fa)) — R(f) < & (12) — &na(02) +

z z

)+ (2 = Enfw)) + Enln) — E(S
< s [6lh) — EalD] + ( — Eau) + inf (1) — €S

I fllx <Rc,.

< swp [6(S) — Enal)] + C — Enln)) + AHL)

fllk <Ro,p

< s [E() - EnalD] +at T+ AL,
Ifllx <Rc,u n

where the last inequality follows from the fact, by the definition k£ = k(n) = [n(En(fx) + 1)], that
En(fn) + 1 < % < En(fr) + 1+ % Therefore,

Pr{z € 2" R(sign(fy)) ~ R(f) > i+ ++ A(H) +< + %RC}

< Pr(Uf) + Pr{z el : Hfl\ilg?c,u [En(f) = Ena(f)] = e+ NG

o . - 2R,
= exP( 2(1+ l€||fH||K)2) +Pr{z It En(f) = EnaD] 2 e+ =0 }

e < nu? te ( 2ne? )
Xpl| "7 Xpl —7———
=P\ T2 wl fulln)? P+ kRoy)?

< 2exp(— ne’p? )
(14 26V20 + 45| ful x)?

Here, the second to last inequality follows from Lemma 5 which is the standard estimation for
Rademacher averages [29]. O

B Examples of AT, loss coupled with different individual losses

The proposed AT}, loss is quite general and can be combined with different existing individual losses.
An interesting phenomenon is that AT, with hinge loss and absolute loss have a close relations to
the well-known v-SVM and v-SVR that proposed in [19], respectively. Specifically, we have

Proposition 1. Under conditions C = 1 and K (x;,x;) < 1 for any i, AT;-SVM (6) reduces to
v-SVM with v = %,



Proof. Recall [19] that the primal problem of the »-SVM without the bias term b is formulated by

n

) 1 L2
el o 2wl el = vet 5T )

=1

where v € [0, 1] is a scalar. Its dual is given by

n
min, 1 Z o0y K (4, 5)
ij=1
st. 0<o; <L vi=12...,n

n
E a; > V.
i=1

The KKT conditions implies, for any optimal solution a* of the dual and any optimal solu-
tion (fz,pz) of the primal, there holds, for the support vectors x; with 0 < af < %, that

Pz = Yi 2y @y K (i, x;). If one assumes that K'(x;,x;) < 1 for all 4, then |K (z;, ;)| =
|(Kx,, Kx,;) k| < \/K(xi,%;)\/K(x;,x;) < 1. Therefore,

n n
pe <y oy K (xix)| < ol <1,
Jj=1 j=1

where the last inequality follows from the fact that cc; < % for all 5. Consequently, in the minimiza-
tion of (20) we can restrict to p < 1 which implies that the AT;-SVM (6) with C' = 1 is reduced to
v-SVM with v = £, O

n

Besides, the dual formulation of AT;-SVM (6) can be easily derived as

n n
: 1
ming 5 E ;oYY K (o, ) — E a;
ig=1 i=1
C .
st. 0o <5, Vi=1,2,...,n

This leads to a convex quadratic programming problem for AT;-SVM and can be solved efficiently.

Proposition 2. MAT}, model (3) coupled with absolute loss in the RKHS setting becomes v-SVR
withy = £,

Proof. Recall [19] that the primal problem of the »-SVR without the bias term b in RKHS is formu-
lated by

n

.1 1 9
wff}\lgoﬁz[@i*f(%ﬂ — A, +vA+ %”f”l{a 21
where v € [0,1] is a scalar. It is easy to see in the setting of RKHS that, with individual absolute

loss (i.e., /(f(x:),y:) = |yi — f(x:)]) and Q(w) = 55| f[|%, MAT), model (3) becomes

N k 1
min = > [lys = (i)l = Ay + SA+ 551l (22)
; p n
We name model (22) as AT,-SVR for brevity. It is straightforward that AT;-SVR is exactly the
v-SVR with v = £,

The above propositions provide new perspectives to understand the success of v-SVM and v-SVR.
That is, through “shifting down” the original individual hinge loss and absolute loss and truncating
them at zero, the penalty of correctly classified samples that are “far enough” from classification
boundary in classification and the penalty of samples that are “close enough” to the regression tube
in regression will be zero, which enables the model to put more effort to misclassified samples or
samples that are “too far” to the regression tube. Besides, the good properties of v in ¥-SVM and



Binary Classification Regression
Dataset c n d IR Dataset ¢ n d IR Dataset n d
Monk 2 432 6 1.12 | Spambase 2 4601 57 1.54 Sinc 1000 10
Australian 2 690 14 125 | German 2 1000 24 2.33 || Housing 506 13
2 2
2

Madelon 2600 500 1.0 Titanic 2201 3 210 Abalone 4177 8
Splice 3175 60 1.08 | Phoneme 2 5404 5 241 || Cpusmall 8192 12

Table 3: Statistical information of each dataset, where c, n, d are the number of classes, samples and features,
respectively. IR is the class ratio.

v-SVR that derived in [19] can be extended to k in AT;-SVM and AT;-SVR directly. For example,
for AT;-SVM with conditions C' = 1 and K (x;,%;) < 1 and AT,-SVR, k is a lower bound on
the number of support vectors and is an upper bound on the number of margin errors. Due to its
directness, we refer to [19] for their proofs. This can also help us select k in AT,-SVM and ATy-
SVR.

C Toy examples for effects of different aggregate losses =

We illustrate the behaviors of different aggregate losses using binary classification on 2D synthetic
data examples. We generate six different datasets (Fig. 4). Each dataset consists of 200 samples
sampled from Gaussian distributions with distinct centers and variances. We use linear classifier and
consider different aggregate losses combined with individual logistic loss and individual hinge loss.
The learned linear classifiers and the misclassification rate of AT vs. k are shown in Fig. 4. The
left panel in Fig. 4 (i.e., (al-a6) and (b1-b6)) refers to the results of aggregate losses combined with
individual logistic loss and the right panel (i.e., (c1-c6) and (d1-d6)) refers to the results of aggregate
losses combined with individual hinge loss.

Case 1. The first row in Fig. 4 represents an ideal situation where there is no outliers and the +
samples and — samples are well distributed and linear separable. In this Case , all aggregate losses
with both logistic loss and hinge loss can get perfect classification results. This is also verified in
Fig. 4 (bl) and Fig. 4 (d1) that the misclassification rate is zero for AT with all k.

Case 2. In the second row, there exists an outlier in the + class (shown as an enlarged x). We can
see that the maximum loss is very sensitive to outliers and its classification boundary in Fig. 4 (a2)
and Fig. 4 (c2) are largely influenced by this outlier. Seen from Fig. 4 (b2) and Fig. 4 (d2), ATy
loss is more robust with larger k and achieves better classification results when £ > 3.

Case 3. In the third row, there is no outliers and the + samples and — samples are still linear separa-
ble. However, the 4 samples clearly has two distributions (typical distribution and rare distribution).
Seen from Fig. 4 (a3) and Fig. 4 (c3), the linear classifiers learned from average loss sacrifice some
+ samples from rare distribution even though the data are separable. This is because that the indi-
vidual logistic loss has non-zero penalty for correctly classified samples and individual hinge loss
has non-zero penalty for correctly classified samples with margin less than 1. Hence samples that
are “too close” to the classification boundary (samples from rare distributions in this example) are
sacrificed to accommodate reducing the average loss over the whole datasets. Besides, average with
hinge loss achieves better results than that with logistic loss, this may because that for correctly clas-
sified samples with margin larger than 1, the penalty caused by hinge loss is zero while that caused
by logistic loss is still non-zeros. Hence this part of samples still has “negative” effect to the learned
classification boundary of average with logistic loss. By “shifting down” and truncating, AT}, loss
with proper k (e.g., k € [1, 18] for logistic loss and k € [1, 50] for hinge loss) can better fit this data,
as is shown in Fig. 4 (b3) and Fig. 4 (d3).

Case 4. The plots in the fourth row refers to a more complicated situation where there are both multi-
modal distributions and outliers. Obviously, neither maximum loss (due to the outlier) nor average
loss (due to the multi-modal distributions) can fit this data very well. Seen from Fig. 4 (b4) and Fig.
4 (d4), there exists a proper region of k (i.e., k € [4,24] for logistic loss and k € [3,62] for hinge
loss) that can yield much better classification results. We also report the linear classifier learned from
AT} for better understanding. Seen from Fig. 4 (a4) and Fig. 4 (c4), the classification boundary
of AT;—1¢ is closer to the optimal Bayes linear classifier than that of maximum and average.

Case 5. The fifth row shows an imbalance scenario where the — samples are far less that the + ones.
The + samples and — samples are linear separable. We can see from Fig. 4 (a5) that the average loss
with individual logistic loss sacrifices all — samples to obtain a small loss over the whole dataset.



Logistic Loss Hinge Loss

Maximum Average AT Maximum Average ATp=
Monk 75.80(3.37)  79.47(2.05) 82.95(2.39) 76.37(3.51)  81.15(3.11)  82.68(2.79)
Australian | 78.88(7.56) 86.10(3.19) 88.37(2.97) 78.99(7.47)  85.72(3.15) 87.50(4.14)
Madelon 51.20(2.92)  59.28(1.41)  60.26(1.58) 49.42(2.71)  59.36(1.83)  59.72(1.51)
Splice 76.31(1.94)  82.73(1.01) 83.90(0.97) 76.47(2.12)  83.78(1.12)  83.79(0.97)
Spambase 69.48(5.94)  90.63(1.21) 90.63(1.21) 69.96(6.76)  91.90(0.85) 91.90(0.85)
German 44.88(7.37)  60.12(7.59)  63.80(4.29) 44.87(7.34)  61.02(7.49) 62.96(3.33)
Titanic 46.52(15.27)  66.69(1.44)  66.69(1.44) || 48.55(13.15) 66.65(1.43) 67.74(1.78)
Phoneme 19.10(11.84)  63.00(1.84) 66.29(2.04) || 12.89(11.47) 70.41(1.65) 70.41(1.65)

Table 4: Average G-mean(%) of different learning objectives over 8 datasets. The best results are shown in
bold with results that are not significant different to the best results underlined.

Square Loss

Absolute Loss

Maximum Average AT+

Maximum Average AT

Sinc
Housing
Abalone

Cpusmall

0.2438(0.0445) 0.0816(0.0045) 0.0806(0.0044)
0.1198(0.0150) 0.0738(0.0075) 0.0736(0.0079)
0.1312(0.0919) 0.0575(0.0016) 0.0574(0.0015)
0.2404(0.0832) 0.0634(0.0027) 0.0627(0.0025)

0.1489(0.0466) 0.0827(0.0048) 0.0821(0.0055)
0.1233(0.0127) 0.0713(0.0089) 0.0712(0.0088)
0.1082(0.0303) 0.0559(0.0014) 0.0557(0.0016)
0.1868(0.0997) 0.0423(0.0018) 0.0422(0.0018)

Table 5: Average MAE on four datasets. The best results are shown in bold with results that are not significant
different to the best results underlined.

While the average loss with individual hinge loss obtains better results, it still sacrifices half of the —
samples, as is shown in Fig. 4 (c5). In contrast, AT}, loss can better fit this distributions and achieves
better classification results with k € [1, 25] for logistic loss and k € [1, 135] for hinge loss.

Case 6. The sixth row shows an imbalanced data with one outlier. Comparing to the results in
the fifth row, the performance of maximum loss decreases due to the outlier. The performance of
average loss with hinge loss also decreases. Seen from Fig. 4 (b6) and Fig. 4 (d6), ATy loss with
k € [2,12] for logistic loss and k € [3, 59] for hinge loss can better fit this data and achieve better
classification results.

Though very simple, these synthetic datasets reveal some properties of the maximum loss and av-
erage loss intuitively. That is, while maximum loss performs very well for separable data, it it
very sensitive to outliers. Meanwhile, average loss is more robust to outliers than maximum loss,
however, it may sacrifices some correctly classified samples that are “too close” to the classifica-
tion boundary, especially in imbalanced or multi-modal data distributions. As the distributions of
datasets from real applications can be very complicated and outliers are unavoidable, it is interesting
and helpful to add an extra freedom £ to better fitting different data distributions.

Sinc data used for regression: This dataset is drawn from sinc function, i.e., y = sin(x)/z, where =
is an scalar, and the goal is to estimate y from the input . We randomly select 1000 samples (z;, ;)
with z; drawn uniformly from [—10, 10]. As we use linear regression model in our experiments, we
map the input x into a kernel space via the radial basis function (RBF) kernel. We select 10 RBF
kernels from [—10, 10], which leads to 10-dimension input x = [k(x,c1), -, k(x, c10)]T, where
k(z,c;) = exp(—(z — ¢;)?). We also add random Gaussian noise N (0, 0.22) to the target output.

Table 3 tabulates the statistical information of datasets that used in this paper. Experiments results
in terms of G-mean for binary classification are reported in Table 4, and experiments results in terms
of mean absolute error (MAE) for regression are also reported in Table 5.
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Figure 4: Comparison of different aggregate losses on 2D synthetic datasets for binary classification on six
different data distributions. Each row refers to one data distribution. In all plots, the 4+ samples are red crosses
and the — samples are blue circles. The outliers are shown with an enlarged X if any. The plots on the left
panel report the results of linear classifiers learned with different aggregate losses combined with individual
logistic loss, and that on the right panel are the results of different aggregate losses combined with individual
hinge loss. The plots on the first and third columns show the learned linear classifiers of maximum, average and
AT—10 with the optimal Bayes classification shown as shaded areas, and the plots on the second and fourth
columns show the misclassification rate of ATy, vs. k.



