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Abstract

Stochastic optimization algorithms such as
stochastic gradient descent (SGD) update the
model sequentially with cheap per-iteration
costs, making them amenable for large-scale data
analysis. Most of the existing studies focus on
the classification accuracy. However, these can
not be directly applied to the important problems
of maximizing the Area under the ROC curve
(AUC) in imbalanced classification and bipar-
tite ranking. In this paper, we develop a novel
stochastic proximal algorithm for AUC maxi-
mization which is referred to as SPAM. Com-
pared with the previous literature, our algorithm
SPAM applies to a non-smooth penalty function,
and achieves a convergence rate of O(IOTgt) for
strongly convex functions while both space and
per-iteration costs are of one datum.

1. Introduction

Stochastic gradient algorithms (Robbins & Monro, 1951;
Bottou & Cun, 2004; Srebro & Tewari, 2010; Moulines &
Bach, 2011; Duchi et al., 2011) and online learning algo-
rithms (e.g. (Bottou & Cun, 2004; Srebro & Tewari, 2010;
Shalev-Shwartz et al., 2011; Hazan & Kale, 2012; Rakhlin
et al., 2012a; Orabona, 2014)) can update the model se-
quentially with computationally cheap per-iteration costs,
making them amenable for large-scale streaming data anal-
ysis. Most of the existing studies focus on classification
error or prediction accuracy where the empirical objective
function is a summation of losses over individual samples.

However, accuracy is not suitable for important learning
tasks such as imbalanced classification (Elkan, 2001). Area
under the ROC curve (AUC) (Hanley & McNeil, 1982;
Bradley, 1997; Fawcett, 2006) is a widely used metric
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for measuring the performance in these tasks. In partic-
ular, minimization of the rank loss in bipartite ranking is
equivalent to maximizing the AUC criterion (Kotlowski
et al., 2011). There are considerable efforts (Herschtal &
Raskutti, 2004; Rakotomamonjy, 2004; Joachims, 2005;
Zhang et al., 2012) that have been devoted to developing
batch AUC maximization algorithms. These appealing al-
gorithms have a convergence rate of O (min (1, \/%) ), but
have a high per-iteration cost of O(nd). Here, A, n, and d
are the regularization parameter, the number of samples,
and the dimension of the data, respectively. Such algo-
rithms train the model on the whole training data which
are not suitable for analyzing massive streaming data that
arrives sequentially.

Recently, there is considerable progress on online learning
algorithms (Zhao et al., 2011; Wang et al., 2012; Kar et al.,
2013) for AUC maximization. Due to the fact that the em-
pirical risk for AUC maximization is a summation of pair-
wise losses over pairs of samples, such algorithms, at time
t, need to pair the currently-received data (z;,y:) with all
previous data {(x;,v;) : 4 = 1,...,t — 1}. As such, one
needs to access all previous examples which leads to ex-
pensive space and per-iteration complexity of O(td) for d-
dimensional data at iteration ¢. The studies (Zhao et al.,
2011; Kar et al., 2013) introduced the technique of buffer-
ing to alleviate the above hurdle which reduces the per-
iteration space and time complexity to O(Bd). However, to
achieve good generalization performance, the size B needs
to be sufficiently large which is typically of O(+/T) if the
size T' of the finite training data is known. The work (Gao
et al., 2013) requires to update the covariance matrix of the
training data with the space and per-iteration complexity
O(d?) which is inefficient for high-dimensional data.

The most recent work (Ying et al., 2016) reformulated the
problem of AUC maximization with the least square loss as
a stochastic saddle point problem (SPP). They proposed an
online learning algorithm which conducts stochastic gradi-
ent descent/ascent on both the primal and dual variables.
The convergence of such first-order primal-dual algorithms
for solving stochastic SPPs is at most O(%) as argued
in (e.g. Chen et al. (2014)). This is, however, inferior
to the optimal rate of O(%), up to a logarithmic term, of
SGDs for the accuracy as a performance measure (Rakhlin
etal., 2012a; Shamir & Zhang, 2013). In addition, the work
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(Ying et al., 2016) only considered smooth penalty terms
(i.e., the Frobenius norm).

In this paper, we propose a novel stochastic proximal algo-
rithm for AUC maximization which we refer to as SPAM.
The algorithm SPAM applies to general non-smooth regu-
larization terms. In particular, we show under the assump-
tion of strong convexity that SPAM can achieve a conver-
gence rate of O( lotg L. The time and space complexities of
our new algorithm are of one datum. To the best of our
knowledge, this is the first stochastic (online) algorithm
for AUC maximization with convergence rate of O(lngt)
while per-iteration and space complexities are of one da-

tum O(d).

The paper is organized as follows. The next section intro-
duces the problem of AUC maximization and our proposed
algorithm. Section 3 establishes the convergence of our al-
gorithm. We validate the performance of our algorithm in
Section 4. The paper is concluded in Section 5.

2. Formulation and Algorithm

For a linear scoring function g(z) = w 'z, its AUC score,
denoted by AUC(w), is the probability of a random pos-
itive sample ranking higher than a random negative sam-
ple (Hanley & McNeil, 1982; Clémencon et al., 2008). To
be specific, suppose z = (x,y) and 2/ = (a’,y’) are
independently drawn from an unknown distribution p on
Z = X x Y, where ¥ C R? is a bounded domain and
Y = {£1}. Then, the AUC score is given by

AUC(w) = PI‘(WTZ‘ > wa’|y =1,y =-1)
=E[lw™@-an>q|y = Ly =—1]. (1)

In practice, one often replaces the indicator function I
by a convex surrogate loss ¢ : R — RT which satis-
fies Iy (4—ay<o) < @(W' (2 — 2’)). Common choices
are the least square loss, ¢(s) = (1 — s)2, or the hinge
loss, #(s) = (1 — s)4. Throughout the paper, we focus
on the least square loss as the hinge loss is not statisti-
cally consistent (Gao & Zhou, 2015). To summarize, we
consider the following regularization framework for AUC
maximization:

min {p(1~ pIE[—wT (e —a")y = 1,5/ = 1]

n Q(w)}. )

Here, p = Pr(y = 1) and Q(-) is a convex penalty
term. The constant p(1 — p) is introduced for sim-
plicity of formulation to cancel the denominator ap-
peared in the conditional expectation E[(1 — w'(z —

xl))2|y = Ly = *1] = p(ll_p) ff(l 7WT(x7
)Lyl —1ydp(z,y)dp(a’,y').  The paper (Ying

et al., 2016) considered the case when w is restricted to
a bounded ball with radius R, i.e., Q(w) = 0if |w| < R
and Q(w) = oo otherwise. Throughout this paper, we as-
sume that (2 is strongly convex with parameter 8 > 0, i.e.,
forany w, w’ € R%, Q(w) > Q(w)+(0Q(w'), w—w')+
gHW — w’||2. Examples of such penalty terms include the
Frobenius norm, Q(w) = S||w||?, or elastic net (Zou &
Hastie, 2005), Q(w) = B||w||? + v|/w||1, where 3 and v
are positive regularization parameters.

2.1. Equivalent Formulation

We can establish a similar theorem for formulation. Here,
the proof is generalized from (Ying et al., 2016) for the
general regularization framework (2). The present proof is
much simpler and more intuitive.
Theorem 1. The AUC optimization (2) in the linear case
is equivalent to

min max{E[F(w,a,b,a; 2)] + Q(w)}, 3)

w,a,b a€R
where the expectation is with respect to z = (z,y), and
F(w,a,b,0;2) = (1 —p)(w'z — a)?[y—q + p(w'z —
b)2ﬂ[y:_1] + 2(1 + a)wT:r(p]I[y:_l] — (1 — p)H[yzl]) —
p(1 —p)a’.

Proof. Specifically, the double integral mainly comes from
the multiplication of two single integrals:
E[(1-w'(z—2)?ly=1y = ~1]
=1- 2E[wTas|y =1]+ 2E[me’\y’ = 1]
+(Elw "zly = 1] — E[w "2/|y’ = ~1])°

+ Var[w " 2|y = 1]) + Var[w "2|y/ = —1]). 4)
Observe the fact that
(Blw aly = 1] ~ Efw '}y’ = ~1))* = max{~o?
+20(B[w 2y = —1] - E[w'zly=1)}. )

In addition,
Var[w ' z|y = 1] = mainE[(WTx —a)’ly=1], (6)
and
Varlw 2’|y = —1] = mbin]E[(wa’—b)2|y’ =-1]. (7)

It is easy to see that the optima for (6), (7), and (5) are
respectively achieved at

a(w) = w'Elzly = 1],

a(w) = w' (Efely = —1] ~Elzly=1)). (9
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Algorithm 1 Stochastic Proximal AUC Maximization
(SPAM)
Input: Step sizes {n, > 0:t € N}
Initialize w; € R%.
fort =1to T do
Receive sample z; = (x4, y)
Compute a(w;), b(w;), and a(w;) according to (8)
and (9).
VAVt_i_l = Wy — m@lF(wt, a(wt), b(Wt), O[(Wt); Zt)
Wil = Prox,, o(Wit1)
end for

Putting the above observations together, one can see now
that, for any w, there holds

p(1=pE[1—w'(z —a")?ly=1,y' = —1] = p(1 ~ p)
+ mibn max E[F(w,a,b, a; 2)].

This completes the proof. O

The problem (3) is a standard stochastic saddle point prob-
lem (see e.g. (Nemirovski et al., 2009)). It is easy to show
that its objective function is convex with respect to w, a,
and b and concave with respect to . We later refer to w,
a, and b as primal variables and « as a dual variable.

2.2. Proposed Algorithm and Interpretation

The algorithm proposed in (Ying et al., 2016) essentially
performs stochastic gradient descent on the primal vari-
ables w, a, and b and stochastic gradient ascent on the dual
variable . The critical observation in this paper is that, for
fixed w, the optima for a, b, and « in saddle formulation
(3) has the exact formulations as given by (8) and (9).

This motivates us to conduct stochastic gradient descent
only on w, while a, b, and « are then updated using equa-
tions (8) and (9), rather than doing stochastic gradient up-
dates. More specifically, upon receiving data z;, we update
w by

Wip1 = Wy — ;01 F (W, a(wy), b(wy), a(wy); z¢), (10)

where 01 F denotes the gradient with respect to the first
argument and the 7;’s are the step sizes. To accommodate
the possibly non-smooth penalty term €2(+), the next step is
to perform a proximal mapping. Specifically, the proximal
mapping associated with a convex function  : R — R is
defined as

o1
prox, q(u) = arg mln{§\|u —w|? 4+ n7:Q(w)}. (11

The pseudo-code of the proposed algorithm is outlined in
Algorithm 1. This new online algorithm has per-iteration

and storage cost of one datum. In the algorithm, it is as-
sumed that the probability of class 1, i.e., p = Pr(y = 1),
and E(z|ly = 1) and E(z|y = —1) are known. In prac-
tice, using a portion of the training data, one can efficiently
estimate p by the proportion of samples of class 1, and the
population means E(x|y = 1) and E(x|y = —1) by sample
means.

Before we present the rigorous convergence rate of SPAM,
let us briefly illustrate the intuition as to why it can be ex-
pected to achieve a faster rate of O(7) in contrast to O(%)
of SOLAM in (Ying et al., 2016). To see this, let us present
a simple but critical lemma as follows. For this purpose, let

F(w) = pl(1 — B[ —wT (& — )]y = 1,4/ = —1]
which is identical to min, , max, E[F(w,a,b, @; 2)].

Lemma 1. Let w; be given by SPAM described in Algo-
rithm 1. Then, we have that

of (wi) = E., [01F (Wi, a(wy), b(we), a(wy); 21)],

where ., [-] denotes the expectation with respect to z; =
(T, Y1)

Proof. Denote by 0, F the partial derivative of F' with re-
spect to the ¢th argument. Applying the chain rule gives

Ou £ (W1) = OB, [F(wr,a(w1), b(w1), a(w1); 2)]
= E., [0 F (i a(w,), b(w,), a(w1): 2)]

= E.,[00F (wi,a(wi), b(wa), a(wi); 2)|

(w0), b(we), a(w); 20) Dua(wy)|

(w0), b(we), a(w); 20) Oub(w1)|

+E,, {34}7 wt,a(wt),b(wt),a(wt);zt)awa(wt)}. (12)

+E., [32 Wi, Q
t,

F(
+E., {33F(w ,

The second inequality of interchanging differentiation and
integration follows from the Leibniz’s Integral rule since
F(wy,a(wy),b(wy), a(w); z) is quadratic and the input
space X is a bounded domain. In the last equality, the
fact that w; only depends on {z1,z29,...,2;—1} implies

that E,, [(%F(wt,a(wt),b(wt),oz(w);zt) 8wa(wt)] =
aQEzt |:F(Wt7 a(“’t)» b(wt)v Oé(W), Zt):| [E(I|y = 1)]

Since a(wy) is the minimizer of
min, , max, E;, [F(wy,a,b,a;2)], the first order
optimality condition gives, for any b and «, that

hE,, {F(wha(wt),@a;zt)} = 0. Therefore we have
that 0;E,, {F(wt, a(wy), b(wy), a(wy); zt)} = 0. Hence,
E., [82F(Wt7a(wt),b(wt), a(w); zt) 8wa(wt)} = 0.
Likewise, the third and fourth terms on the righthand side

of (12) equal to zero. This completes the proof of the
lemma. 0
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The above lemma implies, conditioned on {z1,...,2;_1},
that 0y F'(wy, a(wy), b(wy), a(wy); z¢) is an unbiased es-
timator of the true gradient Oy, f(w;). This strongly indi-
cates that SPAM will have a fast convergence rate similar
to SGD algorithms (Rakhlin et al., 2012a; Shalev-Shwartz,
2012) for a strongly convex objective function. We will
leverage this intuition to prove the fast convergence rate in
the next section.

More related work: We should point out that our proposed
algorithm has similar spirit to the online forward-backward
splitting (Duchi & Singer, 2009) and stochastic proximal
gradient methods (Rosasco et al., 2014). However, there
are two main differences between our proposed algorithm
and their algorithms. Firstly, these algorithms focused on
the accuracy performance where the objective function is
a single summation/integral over individual samples. Sec-
ondly, the convergence proofs in (Duchi & Singer, 2009;
Rosasco et al., 2014) critically depend on the bounded-
ness assumptions: the iterates and the stochastic gradients
are uniformly bounded or the conditional variance of the
stochastic gradient is bounded by the square norm of the
true gradient plus a constant, which may not be true and
is difficult to verify in practice. Our proof techniques for
the convergence of SPAM do not need these bounded-
ness assumptions as shown in the next section. Lastly, the
very recent work (Palaniappan & Bach, 2016) developed
an appealing stochastic primal-dual algorithm for saddle
point problems with convergence rate of O(%) which, as
a by-product, can be applied to AUC maximization with
least square loss. However, their saddle point formulation
is different from (3) and the algorithm there needs to as-
sume strong convexity on both the primal and dual vari-
ables. In addition, the algorithm has per-iteration complex-
ity O(n+d) where n is the total number of training samples
and d is the dimension of the data.

3. Convergence Analysis

Before we present the convergence rate of SPAM, let us
introduce some notations. Recall that f(w) = p(1 —
PE[1—-wT(z —2)?y = 1,4/ = —1]. Let w* de-
note the optimal solution of formulation (2), i.e.,

w* = arg min {f(w) + Q(w)}.

weRd

Define

E[|G(w*; 2) = 0f (w")|*] = o2, (13)
where, for notional simplicity, we denote G(w;z) =

O F(w,a(w),b(w),a(w); z). The convergence results
are established based on the following two assumptions:

e (A1) Assume that )(+) is S-strongly convex.

e (A2) There exists an M > 0 such that ||x|| < M for
any r € X.

_ B

Furthermore, let Cg ps = 128’#, 55,M - o

)?’
~ ~ 128 M* 32 o
and CQ7M = Cﬁ,Mcﬂ,M = W We use the con-

ventional notation that forany 7' € N, Np = {1,...,T}.
The proofs for Theorems 2 and 3 critically depend on the

following lemma which clearly describes how ||w; — w*||
evolves along time ¢.

Lemma 2. Under the assumptions of (Al) and (A2), let
{w; : t € N1} be generated by SPAM. Then, the follow-
ing statements hold true.

(i) For any t € N there holds

Efwe1 — w*[|?]
1+ 128 M*n?
+ 128 ntE

Tt ) llwe —w*[*] + 20207, (14)

for any

(ii) If, furthermore, 0 < 1, < Cg pp = 128BM4

t € Np, then we have , for any t € N,

Efwesr —w ]

< (1= Cpnm)El|we = w*|*] + 20207, (15)

Proof. Recall that w* is the optimal solution of (2). One
can directly derive from the first-order optimality condition
using subgradients that, for any 7, > 0,

w" = prox, o(w* —n0f(w")).

The above observation together with the definition of w1
in algorithm SPAM yields that

W1 —w|?

= [[prox, o (Wit1) — prox, o (w* — mdf (w*)|*. (16)

Now since n:£2(w) is 7;5-strongly convex due to (Al),
then by Proposition 23.11 in (Bauschke & Combettes,
2011), prox,,q(+) is (1 + n:B)-cocoercive, i.e., for any u
and w, there holds (u — w, prox, o(u) — prox,, o(w)) >
(14 n:B)||prox,, o (u) — prox, o (w)[|*. This, by Cauchy-
Schwartz inequality, implies that

[[prox,,,q (u) — prox,, o (w)|| < [u — wi|.

1+
Putting this back into (16), we get

[Wii1 — W*H2

= [Iprox,,, o (Wiy1) — prox, o(w* —n;0f (w*)||?

< mnfvm — (W* = mdf(w*)|I?

! * * 2
= T =) = m(Gwe. ) = 0f ()P,
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where in the last equality we recall the notation that
G(wy;z) = O F(wy, a(wy), b(wy), a(wy); z¢). Now tak-
ing the expectation of both sides of the above inequality,
and expanding out the right hand side, we have

1 * (|12
e Ellwe—we?
- w5 G(wi; 2) — 0f (w"))]
ofwhHIF). a7
We first bound the middle term of the righthand side of
(17). By Lemma 1, we know that
El(wi —w", G(wi; 2) — 0f (w"))]
= E[(wi = w", E., [G(wi; 2)] — 0f (w7))]
=E[(wy —w", 0f(we) = 0f(w"))] 20,  (18)

where the last inequality follows from the convexity of f.

IE[||Wt+1 w || ]

— 2 E[(w
+ N E[|G(we; 2¢) —

For the last term on the righthand side of (17), we proceed
as follows: E[||G(wy; 2,) —0f (w*)||2] < 2E[||G(wy; 2¢) —
G(wW*;20)|1?] + 2E[||G(w*; 2:) — 0f(w*)||?]. Note that
G(wy; 2z¢) is a linear function of w;. So by the assump-
tion that ||x|| < M, it is easy to see that

|G (Wi; 2) =G (W™ 1) |

<AM?(1 = p)||we — W || Iy, =1

+4AMZpliwy — W[ Ty,

+AM?|p = Ty, =yl we — w*|

< 8MP||wy — W (19)
Furthermore, from (13), we have E[|G(w*;z;) —
Of (W)|I?] = Bz, [[G(w*; 2¢) — O.f (W*)|[?] = o%. Hence,

E[|G (W 2) =0 f (w*)]|?]
< 2(8M?)? —w*|] + 202, (20)

Putting together (17), (18) and (20), we get

Efljw:

Efllwisr — w7
1
<_—= (E _ * |2
< e (Elwe =P
+ 2(8M2)22E [wy — w* | + 20207 )
1+ 128M4n? 9 9 9
<= IR w¥|?] + 20202, (2D
Trggp Elwe =P + 2020

This finishes part (i) of the lemma.

For the second part of the lemma, notice thatn; < Cg ar :=

B . The coefficient in (21) can be rewritten as follows:
128 M4
1+ 128M4n? B ( 1+ 128M4n?>
(L4 n:6)? (L4 n:6)?

(28 4 B%n, — 128 M ]

=1 1+ mb)?

(22)

Applying the assumption that 7, < 1286M 7 gives that
28 + 8°n; — 128M*n,]
(1 + /6)2 N = 32 2’7t' (23)
Mt (1 + 128M4)
o s ()t
In addition, notice that oarE < 125’” . This im-

plies the assumption 7, < 128BM4 guarantees that 1 —

PR > 0. Combining together (22) with (23)
ylelds the desired result in part (ii). This completes the
proof of the lemma. O

The following lemma is from (Smale & Yao, 2006) and will
be used to prove Theorems 2 and 3.

Lemma3. Forany0 < v < 1,0 < a< 1t <T, and
0<0<1,the follawing estimations hold true.

()3 372 5 (T + 1) = (t+ 1)1,

(ii) Zf 1 t2°< exp{ - VZ] 41 O‘} < y17§a +

(121(;);1—a exp{—y(llf; )(T""_l)l_a}?

(iii) e~ < (Ce) 27 forxz > 0,¢>0andb > 0.

We now present the convergence analysis.

Theorem 2. Under the assumptions (Al), (A2), and choos-
ing step sizes with some 6 € (0,1) in the form of {n, =

S84 .t € NY, the algorithm SPAM achieves the follow-
ing:
Ellwry1 — w*|?]
Conny 0\ ,
< ZBMA Ef||w; — w*
< o (225) () et -

1

9 ( 1 )m
(1—6)21-9\Cp p(1 —20-1)e

18
N +1)]T‘9.
Cs,m

+ QJEC’;M(

E[||w; — w*||?]. The choice of the

satisfies the condition in Lemma 2,

Proof. Denote r; =

Cs.m
té‘

re. ny < OﬂjM. Recall that C@M = %, 55,]\/[ =
ﬁ

a +128M4 )2

thatl_C,BMnt > 1_CBMO/3M—1—C,8M > (0 for

any t € Np. Then, it is easy to see from (15) that, after T’

iterations, there holds

step sizes 1y =

, and CB M = C~’5 mCp,m which guarantees

T
rryr <71 H (1 - CB,Mle)
k=1
T-1 T B
+ 207 (1= Conrm) i+ 20207 24)
k=1 1=k+1
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The first term on the right hand side can be bounded using
the fact that 1 — 2 < exp(—=) for all x € R, giving that

1 ﬁ (1 — C~',37M77k) =7 ﬁ (1 — 5371VICB,JVI/I<?0>
k=1 k=1

T
_ 1
<rexp (= Comr Y. 15)- 25)
k=1
= = 128M*48
where Csnr = CpmCp o = W Applying part

(1) in Lemma 3 gives that

_ T
rlexp<—ngMZﬁ)
Srlexp(f 0[1—(T+ 19>
Y esp (- T4,

Applying part (iii) in Lemma 3 with b = 1%, x=(T+

0
1)!~%nd c =

_ ]
Cs,m 19> < 4 )H’ o
exp (| ———(T'+1 <\ = T+1
p( S (1) ) Ty

Putting the above two inequalities back into (25), we have

r1 ﬁ (1 — éﬁ,Mnk)

k=1
<o (£25) () T @9

To bound the second term on the righthand side of (24), we
proceed again as in the first term:

T-1 T
Z H (1_66,M77i) 7712c

= ryexp (

5 4 yields that

k=1 i=k+1
L c
— %y Z . ( 8, M)
i=k+1
2 —~ 1 = T
<Csum Z 720 €xXp ( - Cs.m Z 79)' 27
k=1 i=k-+1

Applying Lemma 3 (i) with v = Cg s and o = 6 gives
that the above is bounded by

-1 ) Ty
ZWGXP(—C@M Z Z—0>
k=1

i=k+1
9T ~f Com(1—2"1) 16
< = _ZhMAZ 2 -
Sa-oeY) e ( g T+
18
+ T (28)

€r =

And again, applying Lemma 3 (iii) with b = ﬁ,

(T+1)!%andc = %@29_1) to (28) gives that
Ca (1 —2071
exp ( - —ﬁ’Mi 7 >(T + 1)1_0>

< ( !
~\Cpm(1—20-1)e

)m(T+ D=t (9

Putting (28) and (29) back into (27), we have

-1 T B
2032 H (1—CB,M77¢> o

k=1i=k+1

9 ]. 1i9
< 20202 _
< 20.C5 i(i —0)21-¢ (O@M(l — 29—1)e)
18
— |77 30)
OB,Mi (

The last term on the righthand side of (24) is straightfor-
ward: 20777 < 202C3 ,,/T~°. This, in combination of
(26) and (30), yields the desired result. O

This theorem indicates the last output of SPAM achieves
the convergence rate of O(7T~?) with polynomial decaying
step sizes in the form of 7, = O(t~%) for 6 € (0,1). For
6 = 1, we can obtain the following result.

Theorem 3. Under the assumptions of (Al), (A2), and

choosing step sizes {n, = [Ca(t +1)]7! : t € N},
the algorithm SPAM achieves the following:
E[|[wri1 —w*[?]
1 402 logT
* (12
< (toEllwi, —wIFl) 7+ 5

where ty) = max (2, [1 + %—D.

Proof. The condition that ¢ > ¢, guarantees the assump-

~ -1
{C,B,JW(t + 1)] <
Cp,u is satisfied. Now by letting 7, = E[||w; — w*||?] we
have

tion in part (ii) of Lemma 2 that n; =

rep < (1= Conrm)r+ 2028 31
Then, we have

T

rre1 < T H (1 — 5571\47]16) + 20317%
k=to

T-1 T
+202 3 I] (1= Comm)nt.  32)
k=tg i=k+1

The first term on the right hand side of the above inequality
can be estimated as follows: 7, Hk o (1= Commi) =
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Tt, Hz:toﬁl = tToitj’ < t”% For the second

term on the righthand side of (32), there holds

202 = 202 < 20%_ To bound the
«NT C% (T+1)2  —  C2 T

third term on the rlghthand side of (32), we can do
T
the followmg Zk to [lizia (1 Cg,Mm)nk =
1 1 _
B M Ek to Hz k+1 (1 B i+l ) (k+1)2 -
2 ~—2 log(T—1)—logt
CB MT Zk to k+1 < OB,M = T e <

Cﬂ_ ?\41°§T. Putting all the above estimations together
yields the desired result. O

The convergence of SPAM proved in the above theorem
shows that it can achieve O( logT) The convergence rate
of (9( ) could be obtained using averaging schemes devel-
oped by (Lacoste-Julien et al., 2012; Rakhlin et al., 2012b;
Shamir & Zhang, 2013).

The term E[|w;, — w*||?] can indeed be estimated
as follows if 7, = [Cpm(t + 1)]71 for t €
N.  From part (i) of Lemma 2, we have, for any
« 1+128M*n?
t € N Ef|wen — wi?] < WE[HVW -
W] + 20207 < (1 + 128MUn?)E[|lwy — w*[[?] +
20202, Therefore, E[|wy, — w*[?] < T[°5'(1 +
128M42) + 202 S0 T (1 + 128MAn2)n2 <

(Tt a+12sartg)) (1+2o—2 521 g ) Notice that
fo- 114128 My )<eXp(128M S (1)~ )

exp (IESM ). and 2023°,°7, 2 = ~22U o Tk +
C2 c?
1)_2 < C?L Hence, one can have the followmg bound

depending on 3 and M:

. 202 128M*
Elllwe, = w*[[2] € < + exp ().

B,M B,M

4. Experiments

In this section, we report the experimental evaluation of
SPAM by comparing it against existing algorithms for
AUC optimization.

In particular, we use SPAM-L? to denote SPAM with the
Frobenius norm, i.e., Q(w) = gHwﬂz The solution to
the proximal step using the Frobenius norm is very straight
forward. The other version, SPAM-NET, uses the elastic
net norm (Zou & Hastie, 2005), ie., Q(w) = 2|w|? +
B1||w||1. The proximal step can be written as

Iwlli},

for which the optimal solution is the soft-thresholding op-
erator (e.g. Parikh et al. (2014)).

Wit1 H2 e

arg ming — ||w —
gw{zH mB+1|| T mBt1

Table 1. Basic information about the datasets.

DATA NAME # INSTANCES | # FEATURES

1 DIABETES 768 8

2 FOURCLASS 862 8

3 GERMAN 1000 24

4 SPLICE 3175 60

5 USPS 9,298 256
6 A9A 32,561 123
7 MNIST 60,000 780
8 ACOUSTIC 78,823 50

9 IJCNN1 141,691 22
10 COVTYPE 581,012 54
11 SECTOR 9,619 55,197
12 NEWS20 15,935 62,061

We compare our algorithms with both batch and online
AUC optimization algorithms. To ensure a fair compar-
ison with (Ying et al., 2016), the algorithm SOLAM was
modified to include the Frobenius-norm regularization term
instead of the original bounded restriction on the norm of
lw]|. We also compare our algorithm against the one-pass
AUC optimization algorithm (Gao et al., 2013) with the
least square loss and the OAMseq and OAMgra algorithms
(Zhao et al., 2011) with hinge loss. Lastly, we include the
B-LS-SVM algorithm (Joachims, 2006), a batch learning
algorithm for AUC maximization with least square loss.

Table 1 summarizes the details of each of the data sets we
used for comparison. All of these datasets are available to
download from the LIBSVM (Chang & Lin, 2011) and UCI
machine learning repository (Frank & Asuncion, 2010). It
is worthy of noting that some of the datasets are multi-class.
We converted them to binary data by randomly partitioning
the data into two groups, where each group includes the
same number of classes.

We used 80% of the data for training and the remain-
ing 20% for testing. The results are based on 20 runs
for each dataset for which we used to calculate the aver-
age AUC score and standard deviation. To determine the
proper parameters for each dataset, we conduct 5-fold cross
validation on the training sets to determine the parameter
B € 101=53 for SPAM-L? and $; € 101=%] for SPAM-
NET. All experiments were conducted with MATLAB and
the MATLAB codes for the compared methods were ob-
tained from the authors.

Classification performance on all of the data sets is summa-
rized in Table 2. SPAM-L? and SPAM-NET both achieve a
similar performance as the other state of the art AUC max-
imization algorithms in both the online and batch settings.
This validates the algorithms we proposed in this paper.
The data set sector shows the advantage of using elastic
net. Next, we compared the CPU running time of SPAM-
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Table 2. Comparison of the testing AUC values (mean=std.). To accelerate the experiments, the values for OPAUC, OAMseq, OAMgra,
and B-LS-SVM were taken from (Gao et al., 2013).

DATA | SPAM-L? SPAM-NET SOLAM OPAUC OAMs;iq OAMgra B-LS-SVM
I .8272%.0277 | .8085+.0431 | .8128+.0304 | .8309+.0350 | .8264+£.0367 | .8262+.0338 | .8325+.0329
2 .82104+.0203 | .82114.0205 | .82134.0209 | .8310+.0251 | .83064.0247 | .8295+.0251 | .8309+.0309
3 .79424.0388 | .7937+.0386 | .7778+.0373 | .79784.0347 | .77474+.0411 | .7723+.0358 | .79944.0343
4 .9263+.0091 | .92674.0090 | .92464.0087 | .9232+.0099 | .85944.0194 | .8864+.0166 | .9245+.0092
5 .98684.0032 | .9855+.0029 | .9822+4.0036 | .96204.0040 | .93104+.0159 | .9348+.0122 | .96344.0045
6 .8998+.0046 | .89804.0047 | .89664.0043 | .9002+.0047 | .8420+.0174 | .85714+.0173 | .8982+.0028
7 .92544-.0025 | .91324+.0026 | .9118+.0029 | .92424.0021 | .86154+.0087 | .8643+.0112 | .93364.0025
8 .8120+.0030 | .81094.0028 | .80994.0036 | .8192+.0032 | .7113+.0590 | .77114.0217 | .8210+.0033
9 .91744.0024 | .91554+.0024 | .91294.0030 | .92694.0021 | .92094.0079 | .9100+.0092 | .93204.0037
10 | .9504+.0011 | .9508+.0011 | .95034.0012 | .82444.0014 | .7361+.0317 | .74034+.0289 | .8222+.0014
11 .87684.0126 | .9077+.0104 | .8767+.0129 | .92924.0081 | .91634.0087 | .9043+.0100 -

12 | .8708+.0069 | .8704+ .0070 | .87124.0073 | .88714.0083 | .8543+.0099 | .83464.0094 -
. f ......

O ) U 08

2 _5 2375
. —SPANLL . —SPANEF nl —SPANL!

- SOLAM ) .. SOLAM it . SOLAM
) OPATC = OPATC ) OPAUC
' Time s ) “ Time s “ Tine (s
(a) splice (b) usps (c) a9a

Figure 1. AUC vs. CPU running time curves of SPAM-L? against SOLAM (Ying et al., 2016) and OPAUC (Gao et al., 2013).

L? versus SOLAM and the OPAUC algorithm. We did not
compare the running time of SPAM against OAM (Zhao
et al., 2011) since it used hinge loss. It was observed that
the running time is inferior to OPAUC as shown in (Gao
etal., 2013) and to SOLAM (Ying et al., 2016).

The main advantage of SPAM is the running efficiency.
As we pointed out in the introduction, it has a faster con-
vergence rate of (’)(%) than SOLAM’s convergence rate of
(9(%), and its per-iteration running time and space com-
plexity are linear in data dimension. The running time per-
formance against OPAUC and SOLAM is depicted in Fig-
ure 1 on splice, usps and a9a datasets. Theses results
show that SPAM demonstrates a competitive performance
while achieving a faster rate of performance.

5. Conclusion

In this paper, we proposed a novel stochastic proximal
algorithm (SPAM) for AUC maximization with general
penalty terms. We showed that the algorithm can achieve a
convergence rate of O(1/T) up to a logarithmic term for

strongly convex objective functions while the space and
per-iteration complexity are of one datum.

There are several directions for future work. Firstly, it
would be very interesting to extend the ideas of this paper
to design stochastic variance reduction algorithms (John-
son & Zhang, 2013) and stochastic primal-dual algorithms
(Zhang & Xiao, 2017) for AUC maximization, which can
achieve the linear convergence rate. Secondly, it remains
unclear to us whether SPAM can achieve convergence rate
O(1/T) without strong convexity (e.g. SPAM-L? with
B = 0). One possible approach is to adapt the proof tech-
niques in (Bach & Moulines, 2013; Yang & Lin, 2015) to
the setting of AUC maximization.
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