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Supplementary material

A Technical proofs

A.1 Proof of Theorem [1I

(i) We have
Z*" ié(g(x?), -1) - ‘;ﬂ Z O(g(a?), +1)
"=l "=l
(1-a)” i‘ ), —1) + == i(f(g(x?% —1) = g(z7), +1))

nzl

anfh (b3 — |g(= —G*Zbﬂg

= (1 — a)ﬂ'nbgbgg — ((1 - a b2 + ab1 Z ‘

(ii) We have is a direct consequence of Theorem [1f(i).

(iii) Considering the first case, A > (= a)batabi) mnc” g R(w) = ||w||3, we have

4(1 a)bzbg
@) ((1—a)by+aby) 7T o

AR(w) + (1 — a)mababy > & 4(112 L (3l + 1 = )bt
(b) o

> ((1—a)by + aby)—2 Z|
where in (a) we used the property that |g(z")| = [{(w, #(z}))] < ¢|Jw||2, and in (b) we used the inequality
u 4+ v > 2y/uv for all nonnegative u and v.
Consider the second case, R(w) = |Jw|1 and A > ¢ ((1 — a)bs + aby)m,. Note that |g(z)| = [(w, $(z}))] <

Coo|lw]|1. Hence, we have

AR (w) + (1 — a)mrbabs > coo ((1 — a)by + aby)mp||w|l1 > (1 —a)bs + ab1 Z|

Derivation of b, b, and b3 in Table
Hinge loss. We have

t—1 ift < —1,
L(t,—1) — £(t,+1) = max{0,1 + ¢t} —max{0,1 —t} = ¢ 2¢ if —1<t<1,
1+t ift>1,
Z _2‘t|7
and
—b2(1+t) ift < —1,
(t,—1) —ba(1 —|t]) = max{0,1+t} —ba(1 —|t|]) = Ct+1—by —bot if —1<t<0,
1+t —0by+ bt ift >0,

Hence, the hinge loss with by = 2, by = 1 and by = 1 satisfies (6.
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Double hinge loss. Similarly, we have
0(t,—1) — £(t,+1) = max{0, (1 +t)/2,t} — max{0, (1 —¢)/2,—t} =t > —|¢],

and
0(t,~1) — bo(1 — [t]) = max{0, (1 +£)/2,¢} — by(1 - |¢])
—by(141) ift < —1,
t/241/2 —by — byt if —1<t<0,
t/241/2 — by +bot if0<t <1,
t — by + bot ift > 1.
Hence, the double hinge loss with by = 1, by = 1/2 and b3 = 1 satisfies .

Square loss. We have

1 1
0t =1) = £(t,+1) = 5t + 1)? - (- 1)? =2t > —2[t|.

Note that when [t| > 1 we have (1/2 — |t|) < 0, which implies £(¢,—1) — 1/2(1/2 — |t|) > 0. Considering
[t| <1, when by = 1/2 and b3 = 1/2, we have

t24+3/2t+1/4 if0<t<1
0t,—1)—1/2(1/2=t]) =1/2(t +1)2 —1/2(1/2 — |t]) = -
(t,=1) = 1/201/2 = [t) = 1/2(¢ + 1)* = 1/2(1/2 ~ |t {¥+U%+U4if1§t§0
Hence, the square loss withb; = 2, bs = 1/2, by = 1/2 satisfies (16]).4
Modified Huber loss. We have

0,1+¢}% ift<1 0,1 —t}* ift>—1
bt -1) — f(t, 1y = IO AT TS L a0 =07 e
4t ift > 1 —4t ift < —1
=4t > —4|t].
Considering |¢t| < 1, when by =1, bg = 1/2, we have

max{0,1+¢}? ift <1

—by(1/2— |t
4t ift > 1 2(1/2 = [t))

0, =1) = (1/2 = t]) = {

124t if —1<¢<0
R +5/2t4+1/2 if0<t<1

Hence the modified Huber loss with by = 4, by = 1 and b3 = 1/2 satisfies .

Logistic loss. We have
0t,—1) —L(t,+1) =t > —|t].
When ¢ > 0 then In(1 + exp(t)) > In2 = b3 > b3 — |t|. When ¢ < 0 we have

0(t,—1) — ba(bs — |t]) = In(1 + exp(t)) — (In2 +¢)
1+ exp(?)

= n(72exp(t) ) 21n1:0

Hence the logistic loss with b; = 1, bs = 1 and b3 = In 2 satisfies .

Sigmoid loss. When t > 0, we have {(t,—1) = m >1/2 > ba(1 — |t]). For t <0, we have

1 1—1/2(1 + exp(—))(1 + 1)

0t —1) —ba(1—Jt]) = TFep(—t) 121 +1) = 1 + exp(—t)
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Note that the function ¢ — 1/2(1 + exp(—t))(1 + ¢) is an increasing function on (—oo, 0] and its maximum
value on (—o0,0] is 1. Hence £(¢t,—1) > 1/2(1 — [t|). On the other hand, we have

(t,—1) — 0(t,+1) = 26(t,—1) — 1 > —|[¢].
Hence, the sigmoid loss with by = 1, by = 1/2 and b3 = 1 satisfies .
Ramp loss. We have
£(t, —1) = ba(bs — [t[) = max{0, min{1, (1 +¢)/2}} — 1/2(1 — [¢])

—-1/2(14+1¢t) ift<-—1
0 if —1<t<0
t ifo<t<1
1/2+1/2t ift>1.

Hence, £(t,—1) > 1/2(1 — |¢|). On the other hand, we have

(t,—1) — 0(t,+1) = 2(t,—1) — 1 > —|[t].
Hence, the ramp loss with b; = 1, bs = 1/2 and b3 = 1 satisfies .

A.2 Proof of Proposition [I]

Proof of Inequality
Note that E[R'? ()] = R(g). Considering R{" (¢), we have R{" (g) = R{? (g) on
M*(g) = {(V,U) : R (9) — i} (g9) > 0},
Denote M~ (g) := {(N,U) : RF (9) — ma Rt (9) < 0}. We have
E[R{Y(9)] — R(g) = B[R (9) — RP) (9)]

-/ (R (g) ~ RO (9)dF W)
N U)eM™(9)

-/ a(ma R (9) — R (9)) AP (N, L) w
N U)YEM™(9)

< s a(mRilg) - RE) / AN\ U)
N U)eEM~(g) N U)eEM~(g)

=a sup (MR} (g9) —RE(9))Pr(M (g))
W U)EM~(g)

< am, CePr(M™(g)).
From ) we have E[f%gl)(g)] —R(g) > 0. On the other hand,
Pr(M™(g)) = Pr(R;f (9) — mR;f (9) < 0)
< Pr(R(9) = maR;y (9) < 1R} (9) — mppg)
= Pr(myR; (9) — (R (9) = mRi(9)) = mppy)

P < nu(Cz/nu)22(7‘:‘1)21)(2””CE/n”)2 >

IN

2m1
=exp | — D) ) )
Cy (11 + 3 /nn)

where we have used McDiarmid’s inequality for the last inequality. Therefore, from we have

5(1) B B 27r§p3
E[R;(9)] — R(g) < am,Crexp Cg(l/nu tr2/n) | (27)
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Proof of Inequality and If an 7 is changed then the change of 7@21) (g9) would be no more than
(@ +1)Co/ny. If an z¥ is changed then the change of 7%2”(9) would be no more than aCy/n,. And if an

z¥ is changed then the change of ﬁgl)(g) would be no more than (1 — a)m,C;/n,. For any ¢ > 0, let

_ C@\/((l tapmy (- %2) (282

N np

Applying McDiarmid’s inequality, we get
Pr(|R(M(g) - E[R((9)]| > ¢)

2¢2
< 2exp (— T (70 (1 + @) C1 /11 )% + 1 (1 — @), Cy /1 )2 + nu(aCe/nu)2) (28)

=4.

Hence,

+

1+a)m, (1—a)m, a )

RO (9) — E[R(9)]] < & < Cov/In(2/6)/2(
with probability at least 1 — . Together with and
RV (9) = Ri9)] < IRM(9) — ERM (9] + | E[RL (9)] = R(9)],
we obtain Inequality with probability at least 1 — 4.
Similarly, by applying McDiarmid’s inequality, we obtain Inequality with probability at least 1 — .
A.3 Proof of Theorem
Denote Rou(g) = R (9) + amax{0, R (9) — 7, R; (g)}. Note that
RO (g) = (1 = a)mp Ry} + Rou(9)-
We have
R(§") = R(g") =R(@") = R (@) + RP (G = RV (g7) + RP (") — R(g")
(@) . .
< RV = REHI+ IRP (g) = R(g")]
< 2sup [R{M(g) — R(9)
9€g

<2( sup [RP(9) —E[RY (9)]] + Sup | B[RV (9)] = R(9)|) (29)

(b) N A
< 2sup |R§”(g) - ]E[Rgl)(g)H + 2¢
Y

<2(1 —a)mysup [R} — E[R}]| + 2sup |Ruu(9) — E[Ruu(9)]] + 2,
geg geg

where we used ﬁgl)(gl) - 7@21)(9*) < 0 for (a), and used for (b).
To obtain a bound for sup,g |7~2nu(g) — E[?im(g)H we adapt the technique of (Kiryo et al., 2017, Theorem

4). Note that for a fix g, E[Rnu(g)] is a constant. Hence, if an 27, or ;' is changed then the change of

77

SUp,eg ’ﬁnu (9) — E[Rnu(g)H would be the supremum of the change of R, (g). By applying McDiarmid’s
inequality to sup,cg |7~2nu(g) - E[ﬁnu(g)]}, we have

sup ’ﬁnu(g) - E[ﬁ'nu(g)u —-E [Sup |7~2nu(g) - E[Rnu(g)]u

geG g€g
30
< 1n(2/5)/2((1j%”"+\/%) v
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with probability at least 1 — /2.
Let (N’,U’) be a ghost sample identical to (N,U). We have

=Eu) [sgrg) [ Runu(gs N U) — Eprr 10 [Rnu (g N7, U]
g
= E(N,Z/{) [Sup | E(N/,M’)[']énu(g;-/vvu) - Ifénu(g;N/aul)]H

< Ew oy, un [Sup\Rnu (g N, U) = R (g; N7, U ],

where we applied Jensen’s inequality. Furthermore, we have

‘ Ruu(g; N, U) — nu(g N U /)|
< | Ry (g N) = Ry, (9: )]

+ a| max{0, R} (g;U) — 7a R} (9; N)} — max{0, R} (g;U') — ma R} (g V')
< Ry (g N) — A‘(g;/\/’)!

+a|RE(g;U) — RiE(g;U')| + ama|RiE (g; N) — Rit (g; N7)].

Hence, from and , we obtain

E [Eup Ruu(9) — E[Ruu(9)]]]

< T En e [sgp!R g N) =Ry (g N)]] + aBy [sgg\RJr (g:U) — R (g:U')]]
g g

+amy Exne [sup R (V) — R (g N)]].
g€eg

Now by using the same technique of (Kiryo et al.| [2017, Lemma 5), we can prove that
Exr v [sup|R (9:N) = Ry (g; N)[] < ALeRn, ,(9),
geg

Ev [Sng)|R$ g:U) — RE(g:U)|] <4LMR,, ,(9),
ge

En A7 [sug IR (g N) = RE(g: N')|] < 4LR,,,, . (G)
ge

For completeness, let us provide the proof in the following.

(32)

(34)

Denote £(t,y) = £(t,y) — £(0,y). Then, £(0,y) = 0. Note that ¢ — £(t,) is also Lg-Lipschitz continuous over
{t:|t]| £ Cy}. Denote R, (G) := Ezgn[Eq[sup,eg |13 0:9(Z;)]]]. We prove the first inequality of (34)),

the others can be proved similarly. We have

En [SUP|R G N) =R (g:N)]]
—ENN'[SUIQ)|*Z£ ),—1) ——Zé

9€ L
— Ex [zggllzn(é<g<x$>7—1> ~ Uy, -D)]]

Mn

© By [sup|— 3 ou(Ug (@), —1) — ig(a'?), ~1) ]

n
9€g B i

©

< 2R, . (l(-,—1) 0 G) < ALR,, o (G) = ALR,, ., (G),
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where in (a) we used the property that o; are independent uniformly distributed random variables taking
values in {—1, 41}, in (b) we use (Ledoux & Talagrand, 1991, Theorem 4.12), and in (c) we use the assumption

that both g and —g are in G.

On the other hand, in a similar manner, we can prove that

. . In(2/6)/2
sup |R} — E[R]| < AL Ry, , (G) + CZM
9€0 \1p

with probability at least 1 — /2. From (29), (30), (33), (34), and (B5)), we obtain the result.

A.4 Proof of Theorem [3
We have

R(5%) = R(g") = R(@*) - RE(3*) + RP(§%) = RE(97) + RP (") — Rlg")
< R(5*) - RP(G*) + R (g") - Rlg")

< sup (R(g) - R (g)) + sup (R (9) — R(g))

Y sup (B[R (9)] - R (9)) + sup (R (9) - E[RP(9)])

A

where in (a) we have used Rf)(g% <R (¢*) and in (b) we have used E[ﬁg)(g)} = R(g) given g.
We have

sup (E[RP(9)] — RP(g)) < asup (E[RE(9)] — Ri(9)) + (1 —a)m, sup (E[R} (9)] — R, (9))
+sup (E[mR, (9) — ama R} = (maR,, (9) — amaRy),

and

sup (RP(9) —E[R{P(g)]) < asup (R (9) —E[R{(9)]) + (1 — ), Sup (R (9) —E[R} (9)])
+ Slelg ((Wn,]?'; (g) - aﬂ—n,]éj;) - E[’”n,ﬁ'; (g) - aﬂ—n,]éj;]%

Applying McDiarmid’s inequality to sup,cq (E[R{ (9)] — R (g)) we have

sup (S[R ()] ~ R 0) — E [sup (B[R} (9)] ~ R (0) < Co/(G/9)2 jT

with probability at least §/6. Moreover, letting U’ be a ghost sample identical to U, we have

E [Slelg (E[RS(9)] — R (9))] = Eu [816115 (Ew [RY(g:U)] — RE(g:U))]
¢ By [sgg (Ri(g:U') = R (g:11))]
— Fuger [sup (= S (Ulg(a™), +1) — (g(a), +1)))]

n
9€9 Tu oy

< Buaae [0 (- 3 ela(a't), 1) — la(at). 1)

S QLZ%nuﬁD(g)‘
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where we have used the sub-additivity of the supremum in (a) and the property of ¢ in (b). Together with

we get

sup (EIR (9)] = R 0)) < 2L, (0) + Cov/mG/5) 2

with probability at least /6. Similarly, we can prove the following inequalities hold with a probability of at
least 1 — §/6

(40)

sup (R (9) ~ BR(9)) < 2L, 5(0) + Con/ W6 92 =
sup (R} (6) ~ B} (9)]) < 2Li%, 5,(0) + Con/ (G /2\/%,
sup (B[R, (9)] = R (9) < 2L, 5,(0) + Con/ (6702 jT
sup (T Ry (9) — amy RS — E[m, R, (9) — amnR}Y]) (41)

<2L(1 4 a)mMRn, p, (G) + Co(1 + a)mp/In(6/5) /2

o
sulg) (IE[Tran,; (9) — amy R} — ma Ry (g) — aﬂ'nﬁz)
ge

1

<2Ly(1+ a)mn R, p, (G) + Co(1 4+ a)T, 1n(6/5)/2\/TTn.

From , 7 , , and , we get the result.

B Some definitions

Definition 1 A loss { is said to be classification-calibrated if, for any n # %, we have H; (n) > Hy(n), where

He(n) = inf (nf(a, +1) + (1 - n)¢(a, ~1),

Hy (n) = inf  (pl(a, +1) + (1 = n)l(a, —1))
a€R:a(n—3)<0

Examples of classification-calibrated loss include the scaled ramp loss, the hinge loss, and the exponential
loss. (Bartlett et al., |2006, Theorem 1) shows that if £ is a classification-calibrated loss, then there exists
a convex, invertible and nondecreasing transformation v, with ,(0) = 0 and ¢(I(g) — I*) < R(g) — R*,
which implies that

I(g) — I* < ¢, (R(g) — R*) = ¢, "(R(g) — R(¢") + R(g") — R*). (42)

C Additional experiments

C.1 Additional experiments for shallow rAD

Table |5 reports the mean of the AUC of shallow rAD over the 30 trials for different values of 7.
Table [6] reports the mean of the AUC of shallow rAD over the 30 trials for different values of a.
C.2 Additional experiments for deep rAD

Sensitivity analysis for 7, Table m reports the mean and the standard error of the AUC of deep rAD
over the 20 trials for different values of 7.
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Table 5: AUC means of shallow rAD over 30 trials for different 7;. The significant changes in the AUC means are
highlighted in bold.

square/mg hinge /¢ m-Huber /7¢

1—m, 0.9 0.7 0.6 1—m, 0.9 0.7 0.6 1—m, 0.9 0.7 0.6
thyroid 0.98 0.995 0.996 0.996 0.97 0.994 0.996 0.996 0.99 0.996 0.996 0.996
Waveform 0.74 0.82 0.84 0.84 0.70 0.78 0.83 0.83 0.77 0.84 0.85 0.85
mnist 0.96 0.96 0.97 0.97 0.96 0.96 0.96 0.96 0.97 0.97 0.97 0.97
campaign 0.85 0.85 0.85 0.85 0.85 0.85 0.85 0.85 0.85 0.85 0.85 0.85
landsat 0.74 0.74 0.74 0.74 0.74 0.73 0.74 0.74 0.74 0.74 0.74 0.74
satellite 0.80 0.80 0.80 0.80 0.80 0.80 0.80 0.80 0.81 0.80 0.80 0.80
satimage-2 0.97 0.98 0.98 0.98 0.93 0.98 0.98 0.98 0.98 0.99 0.99 0.99
vowels 0.77 0.85 0.87 0.87 0.69 0.77 0.85 0.85 0.85 0.88 0.88 0.88
CIFARI10-1  0.69 0.73 0.77 0.77 0.66 0.71 0.76 0.76 0.71 0.74 0.77 0.77
SVHN-1 0.80 0.82 0.84 0.84 0.79 0.82 0.84 0.84 0.80 0.83 0.84 0.84
20news-1 0.64 0.67  0.70 0.70 0.56 0.59 0.65 0.66 0.72 0.75 0.75 0.75
agnews-1 0.94 0.96 0.97 0.97 0.88 0.91 0.95 0.96 0.96 0.98 0.98 0.98
amazon 0.72 0.78 0.82 0.82 0.66 0.72 0.77 0.77 0.76 0.80 0.84 0.84

Dataset

imdb 0.75 080 0.83 0.83 0.69 0.74 079  0.80 0.78 082 085 0.8
yelp 0.82 0.87 090  0.90 0.74 0.80 0.85 0.86 0.85 089 092 0.92
vertebral 0.71 071 072 0.72 0.71 070  0.70  0.71 0.72 073 073 0.72
fault 0.65 0.63 0.65 0.65 0.63 0.60 0.63 0.64 0.66 0.65 0.66  0.66

Table 6: AUC means of shallow rAD over 30 trials for different a. The significant changes in the AUC means are
highlighted in bold.

square/a hinge /a m-Huber/a

0.3 0.7 0.9 0.3 0.7 0.9 0.3 0.7 0.9
thyroid 0.996 099 0.99 0996 0.99 099 0996 0.99 0.99
Waveform 0.84 081 0.80 082 0.80 0.77 085 0.83 0.81
mnist 097 096 096 096 096 096 097 096 0.96
campaign 085 0.8 0.8 0.8 08 08 085 0.8 0.85
landsat 0.74 074 0.73 074 074 073 074 074 0.74
satellite 0.80 0.80 0.80 0.80 0.80 0.80 080 0.81 0.81
satimage-2  0.98 099 098 098 099 098 099 099 0.98
vowels 087 0.8 0.8 08 081 078 088 0.87 0.86
CIFAR10-1 0.76 0.73 0.70 0.75 074 0.72 0.76 0.72 0.69
SVHN-1 0.84 083 0.82 083 083 082 084 0.83 0.81
20news-1 0.71 069 0.65 063 061 060 076 0.70 0.66
agnews-1 098 097 096 094 094 094 098 0.98 0.97
amazon 0.81 080 077 077 0.75 076 083 0.81 0.79

Dataset

imdb 0.82 080 0.78 0.78 0.77 0.75 0.84 0.81 0.79
yelp 90 0.88 0.8 0.84 083 0.82 091 089 0.87
vertebral 0.72 073 073 073 074 073 074 075 0.74
fault 0.65 065 0.65 0.63 064 0.64 0.66 0.66 0.66
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Table 7: AUC means (and standard error) of deep rAD over 20 trials for different .

AUC means are highlighted in bold.

The significant changes in the

Dataset Loss =1—-m, 7Tc =0.9 71'; =0.8 m, =0.7 7r]§ =Ty

square  0.66(0.04)  0.70(0.03)  0.72(0.02)  0.68(0.03)  0.65(0.03)

(ﬂiﬂfgg ;) _ sigmoid 0.68(0.03)  0.76(0.03)  0.76(0.03)  0.77(0.03)  0.77(0.03)
logistic ~ 0.67(0.03)  0.76(0.03)  0.80(0.03)  0.77(0.03)  0.77(0.03)

m-Huber  0.68(0.03)  0.74(0.03)  0.71(0.03)  0.72(0.03)  0.73(0.03)

square  0.85(0.02)  0.87(0.01)  0.89(0.01) 0.89(0.01)  0.86(0.01)

(WI,\,{EI(S)E 5 _ Sigmoid 0.88(0.01)  0.91(0.01) 0.91(0.01) 0.93(0.01)  0.93(0.01)
logistic ~ 0.87(0.02)  0.89(0.01)  0.92(0.01)  0.92(0.01)  0.91(0.01)

m-Huber ~ 0.86(0.01)  0.88(0.01)  0.90(0.01)  0.90(0.01)  0.87(0.01)

square  0.92(0.01)  0.92(0.01)  0.93(0.01) 0.93(0.01)  0.89(0.01)

(;“N:ISOTD sigmoid  0.94(0.01)  0.94(0.01)  0.95(0.01) 0.95(0.01)  0.94(0.01)
logistic ~ 0.93(0.01)  0.93(0.01)  0.94(0.01)  0.94(0.01)  0.93(0.01)

m-Huber ~ 0.93(0.01)  0.93(0.01)  0.93(0.01)  0.94(0.01)  0.92(0.01)

square  0.95(0.01)  0.95(0.01)  0.95(0.01) 0.96(0.01)  0.94(0.01)

(jjils(fm sigmoid  0.95(0.01)  0.95(0.01)  0.95(0.01) 0.95(0.01)  0.95(0.01)
logistic ~ 0.96(0.01)  0.96(0.01)  0.96(0.01)  0.96(0.01)  0.96(0.01)

m-Huber ~ 0.95(0.01)  0.94(0.01)  0.95(0.01)  0.95(0.01)  0.94(0.01)

square  0.76(0.02)  0.80(0.01)  0.83(0.02)  0.84(0.02)  0.78(0.02)

@;“%%B sigmoid  0.86(0.02)  0.87(0.02) 0.87(0.02) 0.88(0.02)  0.88(0.02)
logistic ~ 0.85(0.02)  0.87(0.02)  0.87(0.02) 0.88(0.02)  0.87(0.02)

m-Huber  0.82(0.02)  0.88(0.02) 0.87(0.02)  0.87(0.02)  0.83(0.02)

square  0.84(0.01)  0.86(0.01) 0.89(0.01) 0.91(0.01)  0.91(0.01)

(f;“iNé%Ts) sigmoid  0.93(0.01)  0.93(0.01)  0.93(0.01)  0.94(0.01)  0.95(0.01)
logistic ~ 0.91(0.01)  0.92(0.01)  0.93(0.01)  0.93(0.01)  0.95(0.01)

m-Huber ~ 0.92(0.01)  0.94(0.01)  0.93(0.01)  0.93(0.01)  0.93(0.01)

square  0.88(0.01)  0.88(0.01) 0.93(0.01) 0.94(0.01)  0.94(0.01)

QSIEBS]T) sigmoid  0.94(0.01)  0.94(0.01)  0.95(0.01)  0.95(0.01)  0.96(0.01)
logistic ~ 0.94(0.01)  0.94(0.01)  0.95(0.01)  0.95(0.01)  0.96(0.01)

m-Huber ~ 0.95(0.01)  0.95(0.01)  0.95(0.01)  0.95(0.01)  0.95(0.01)

square  0.94(0.01)  0.92(0.01)  0.94(0.01) 0.95(0.01)  0.96(0.01)

gfi‘IEIOSQT) sigmoid  0.96(0.01)  0.95(0.01)  0.96(0.01)  0.96(0.01)  0.96(0.01)
logistic ~ 0.95(0.01)  0.94(0.01)  0.95(0.01)  0.96(0.01)  0.97(0.01)

m-Huber ~ 0.96(0.01)  0.94(0.01)  0.96(0.01)  0.96(0.01)  0.96(0.01)

square  0.60(0.01)  0.60(0.01)  0.59(0.01)  0.60(0.01)  0.59(0.01)

(SiFi%fé?) sigmoid  0.58(0.01)  0.58(0.02)  0.58(0.02) 0.57(0.02)  0.55(0.02)
logistic ~ 0.60(0.02)  0.58(0.02)  0.57(0.02)  0.56(0.02)  0.53(0.02)

m-Huber ~ 0.61(0.02)  0.55(0.02) 0.55(0.02) 0.55(0.02)  0.60(0.02)

square  0.73(0.01)  0.72(0.01)  0.73(0.01)  0.72(0.01)  0.73(0.01)

(SiFi%jolg) sigmoid  0.66(0.02)  0.68(0.01)  0.69(0.01)  0.67(0.01)  0.69(0.02)
logistic ~ 0.71(0.01)  0.71(0.02)  0.71(0.01)  0.70(0.01)  0.69(0.01)

m-Huber ~ 0.69(0.01)  0.70(0.01) 0.71(0.01)  0.72(0.01)  0.71(0.01)

square  0.77(0.01)  0.77(0.01)  0.77(0.01)  0.78(0.01)  0.77(0.01)

gffg}l(; sigmoid  0.75(0.01)  0.75(0.01)  0.75(0.01)  0.76(0.01)  0.73(0.01)
logistic ~ 0.77(0.01)  0.77(0.01)  0.77(0.01)  0.77(0.01)  0.76(0.01)

m-Huber ~ 0.77(0.01)  0.77(0.01)  0.77(0.01)  0.78(0.01)  0.77(0.01)

square  0.80(0.01)  0.80(0.01)  0.80(0.01) 0.80(0.01)  0.80(0.01)

(C;Fffog sigmoid  0.77(0.01)  0.74(0.01)  0.77(0.01)  0.77(0.01)  0.77(0.01)
logistic ~ 0.79(0.01)  0.78(@®1)  0.79(0.01)  0.80(0.01)  0.79(0.01)

m-Huber ~ 0.79(0.01)  0.79(0.01)  0.79(0.01)  0.80(0.01)  0.80(0.01)
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Figure 6: AUC mean and std over 20 trials at various a for the datasets with ~; = 0.05 and 7, = 0.01.

o MNIST o FMNIST & CIFAR-10
o rAD with Square Loss rAD with Sigmoid Loss
Q 08
06
o rAD with Logistic Loss rAD with M-Hubber Loss
© 08
z

0.1 05 0.9 o

1 05 0.9
a a

Figure 7: AUC mean and std over 20 trials at various a for the datasets with +; = 0.05 and m,, = 0.05.
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Figure 8: AUC mean and std over 20 trials at various a for the datasets with v; = 0.05 and =, = 0.2.
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Figure 9: Representative ROC curves for different datasets with v = 0.05 and m,, = 0.1.

Sensitivity analysis for a« Fixing 7, = 0.8, Figure show AUC mean and std of deep rAD with
additional values of a € {0.5,0.9} (a = 0.1 is the default setting) on the datasets with 7, = 0.05 and
m, =€ {0.01,0.05,0.2}

ROC curves  Figure |§| shows representative ROC curves obtained by a trial of running the methods (with
default settings) on the datasets with v = 0.05 and 7, = 0.1.
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