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ABSTRACT ARTICLE HISTORY
Many binary classification problems minimize misclassification Received 26 October 2020
above (or below) a threshold. We show that instances of ranking Accepted 12 May 2021
problems, accuracy at the top, or hypothesis testing may be written KEYWORDS

in this form. We propose a general framework to handle these classes General framework:

of problems ar.1d shoyv which formulations .(both knowq and new[y classification; ranking;
proposed) fall into this framework. We provide a theoretical analysis accuracy at the top;

of this framework and mention selected possible pitfalls the formu- Neyman-Pearson; Pat&Mat
lations may encounter. We show the convergence of the stochastic
gradient descent for selected formulations even though the gra-
dient estimate is inherently biased. We suggest several numerical
improvements, including the implicit derivative and stochastic gra-
dient descent. We provide an extensive numerical study.

AMS CLASSIFICATIONS
90C20; 49M05; 65K10; 49K10

1. Introduction

Many binary classification problems focus on separating the dataset by a linear hyperplane
w'x — t. A sample x is deemed to be positive or relevant (depending on the application) if

its score w ' x is above a threshold ¢. Multiple problem categories belong to this framework:

e Ranking problems select the most relevant samples and rank them. To each sample, a
numerical score is assigned, and the ranking is performed based on this score. Often,
only scores above a threshold are considered.

e Accuracy at the Top is similar to ranking problems. However, instead of ranking the most
relevant samples, it only maximizes the accuracy (equivalently minimizes the misclas-
sification) in these top samples. The prime examples of both categories include search
engines or problems where identified samples undergo expensive post-processing such
as human evaluation.

e Hypothesis testing states a null and an alternative hypothesis. The Neyman-Pearson
problem minimizes the Type II error (the null hypothesis is false but it fails to be
rejected) while keeping the Type I error (the null hypothesis is true but is rejected)
small. If the null hypothesis states that a sample has the positive label, then Type II error
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happens when a positive sample is below the threshold and thus minimizing the Type
IT error amounts to minimizing the positives below the threshold.

Examples of this type can be found in search engines, where the user is interested only
in the first few queries. These queries need to be of high quality. Other examples include
cybersecurity [9], where a low false-negative rate is crucial as a high number of false alarms
would result in the software being uninstalled, or drug development, where potentially
useful drugs need to be preselected and manually investigated. All these three applications
may be written (possibly after a reformulation) in a similar form as a minimization of the
false negatives (misclassified positives) above a threshold. They only differ in the way they
define the threshold. Despite this striking similarity, they are usually considered separately
in the literature. The main goal of this paper is to provide a unified framework for these
three applications and perform its theoretical and numerical analysis.

The goal of the ranking problems is to rank the relevant samples higher than the non-
relevant ones. A prototypical example is the RankBoost [8] maximizing the area under the
ROC curve, the Infinite Push [2] or the p-norm push [19] which concentrate on the high-
ranked negatives and push them down. Since all these papers include pairwise comparisons
of all samples, they can be used only for small datasets. This was alleviated in [16], where
the authors performed the limit p — 00 in p-norm push and obtained the linear complex-
ity in the number of samples. Moreover, since the /,-norm is equal to the maximum, this
method falls into our framework with the threshold equal to the largest score computed
from negative samples.

Accuracy at the Top (7-quantile) was formally defined in [5] and maximizes the number
of relevant samples in the top 7-fraction of ranked samples. When the threshold equals the
top t-quantile of all scores, this problem falls into our framework. The early approaches
aim at solving approximations, for example, [11] optimizes a convex upper bound on the
number of errors among the top samples. Due to the presence of exponentially many con-
straints, the method is computationally expensive. Boyd et al. [5] presented an SVM-like
formulation that fixes the index of the quantile and solves # problems. While this removes
the necessity to handle the (difficult) quantile constraint, the algorithm is computationally
infeasible for a large number of samples. Kar et al. [12] derived upper approximations, their
error bounds and solved these approximations. Grill and Pevny [9] proposed the projected
gradient descent method where after each gradient step, the quantile is recomputed. Eban
et al. [7] suggested new formulations for various criteria and argued that they keep desired
properties such as convexity. Tasche [22] showed that accuracy at the top is maximized
by thresholding the posterior probability of the relevant class. The closest approach to our
framework is [14,15], where the authors considered multi-class classification problems,
and their goal was to optimize the performance on the top few classes and [18], where the
authors implicitly removed some variables and derived an efficient algorithm.

The paper is organized as follows. In Section 2, we introduce the unified framework
and then show how the three applications above fall into it. To each application, we state
several numerical formulations, some of them are known, and some are new. In Section 3,
we perform a theoretical analysis of the unified framework. First, we focus on convexity,
which ensures that no local minima are present. Second, we show which formulations from
the previous section are differentiable. Finally, we present a simple example that shows the
differences between these formulations and highlights the major problem that some of the
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formulations may have a global minimum at w = 0. Since the weights form the normal
of the separating hyperplane, this solution does not provide any information. We further
build on this example and analyse the case when zero weights are the global minimum. We
show that the higher the threshold, the more likely a problem is to have the global mini-
mum at zero. Based on this result, we compare the thresholds of individual formulations
and show how stable they are. Section 4 argues that the threshold t depends on the weights
w and therefore, we follow the implicit programming technique and remove the threshold
constraint. We show how to compute derivatives for the reduced problem. We propose a
more complex stochastic gradient descent method which is convergent. Section 5 presents
the numerical results. We show both a good performance of our method and verify the the-
oretical results numerically. To keep the brevity of the paper, we postpone multiple results
to the Appendix. The reader is welcome to refer to our codes online.!

2. Framework for minimizing misclassification above a threshold

Many important binary classification problems minimize the number of misclassified
samples below (or above) certain threshold. Since these problems are usually considered
separately, in this section, we provide a unified framework for their handling and present
several classification problems falling into this framework.

For samples x, we consider the linear classifier f(w) = w' x — ¢, where w is the normal
vector to the separating hyperplane and ¢ is a threshold. The most well-known example
is the support vector machines, where ¢ is an optimization variable. In many cases, the
threshold ¢ is computed from the scores z = w ' x. For example, TopPush from [16] sets
the threshold ¢ to the largest score z~ corresponding to negative samples and [9] sets it to
the quantile of all scores.

To be able to determine the misclassification above and below the threshold ¢, we define
the true-positive, false-negative, true-negative and false-positive counts by

T

tp(w, t) = Z [wa— t>0], fnw,t) = Z [wa— t < 0],

xeX+ xeXt

tn(w, t) = Z [whx—t<0], fp(w, 1) = Z (w'x—t>0].
xeX™ xeX ™

(1)

Here, [-] is the 0-1 loss (Iverson bracket, characteristic function) which is equal to 1
if the argument is true and to 0 otherwise. Moreover, X' /Xt /X~ denotes the sets of
all/positive/negative samples and by n/n" /n~ their respective sizes.

Since the misclassified samples below the threshold are the false-negatives, we arrive at
the following problem:

1
minimize —fn(w,1t)
nt (2)

subject to  threshold # is a function of {w' x;}7_,.

Asthe0-1lossin (1) is discontinuous, problem (2) is difficult to handle. The usual approach
is to employ a surrogate function such as the hinge loss function defined by

lhinge(z) = max{0,1 + z}. (3)
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In the text below, the symbol I denotes any convex non-negative non-decreasing function

with /(0) = 1. Using the surrogate function, the counts (1) may be approximated by their
surrogate counterparts

tpw, )= Y lw'x—1), faw,n) = > Ult—w'x),

xe X+t xe X+t 4)
tmw,t)= Y lt—w'x), fpowt) = Iw'x—1).
xeX~ xeX~

Since I(-) > [-], the surrogate counts (4) provide upper approximations of the true counts
(1). Replacing the counts in (2) by their surrogate counterparts and adding a regularization
results in

. I — Ao
minimize —f(w,t) + =|w|
nt 2 (5)

subject to threshold ¢ is a function of {wa,-}?zl.

In the rest of this section, we list formulations that fall into the framework of (2) and (5).

2.1. Methods based on pushing positives to the top

The first category of formulations falling into our framework (2) and (5) are ranking meth-
ods which attempt to put as many positives (relevant samples) to the top as possible.
Specifically, for each sample x, they compute the score z = w x and then sort the vector z
into z[.] with decreasing components z[;] > z[3] > - - - > 2[,). The number of positives on
top equals to the number of positives above the highest negative. This amounts to max-
imizing true-positives or, equivalently, minimizing false-negatives, which may be written
as

1
minimize — fn (w,t)
n+
subjectto  t =z, (6)
components of z~ equaltoz~ = w' x~ forx™ € X ™.

As t is a function of the scores z = w ' x, problem (6) is a special case of (2).
TopPush from [16] replaces the false-negatives in (6) by their surrogate and adds a
regularization term to arrive at
o 1 — Ao
minimize —fn(w,t) + —||w||
nt 2
subjectto  t =z, (7)
components of z~ equaltoz~ = w' x~ forx™ € X~
Note that this falls into the framework of (5).

As we will show in Section 3.4, TopPush is sensitive to outliers and mislabelled data. To
robustify it, we follow the idea from [14] and propose to replace the largest negative score



1640 L. ADAM ET AL.
by the mean of k largest negative scores. This results in
o 1 — Ao
minimize —1fn(w,t) + —|w]|
nt 2

. 1 _ _
subjectto t = %(zm + - zp)s ®
components of z~ equaltoz~ = w'x forx™ € X~.

We used the mean of highest k negative scores instead of the value of the kth negative
score to preserve convexity as shown in Section 3.2.

2.2. Accuracy at the top

The previous category considers formulations which minimize the false-negatives below
the highest-ranked negative. Accuracy at the Top [5] takes a different approach and
minimizes false positives above the top 7-quantile defined by

t1(w) = max{t | tp(w, t) + fp(w, t) > nrt}. 9)

Then the Accuracy at the Top problem is defined by

1
minimize —{fp(w, 1)
n- (10)

subject to ¢ is the top T-quantile: it solves (9).

Due to Lemma A.1 in the Appendix, the previous problem (10) is equivalent (up to a small
theoretical issue) to

. A 2
minimize u fn(w, ) + (1 — w)fp(w,t) + EHWH (11)

subject to ¢ is the top T-quantile: it solves (9)

for any p € [0,1]. This problem with © = 0 equals to (10), with p = 1 it falls into our
framework (2), while with u = % it corresponds to the original definition from [5].
Apart from the quantile (9), there are two other possible choices of the threshold

1 nt
tr(w) = p Zz[i], (12)
i=1

1 n
t3(w) solves " Z I(B(zi — 1) = . (13)

i=1

We again use the vector of scores z with components z; = w x; and for the rest of the paper,
we assume, for simplicity, that nt is an integer. The quantile (9) is sometimes denoted as
VaR (value at risk) and (12) as CVaR (conditional value of risk). It is known is that the
latter is the tightest convex approximation of the former. We will sometimes denote (13)
as surrogate top t-quantile. We will investigate the relations between these three objects as
well as their properties such as convexity, differentiability or stability in Section 3.
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Paper [9] builds on the Accuracy at the Top problem (i 1), where it_replaces fn(w, t) and
fp(w, t) in the objective by their surrogate counterparts fn(w, t) and fp(w, t). This leads to

inimize —Ta(w, 1) + —pw, ) + = 1w
minimize —Inw, —_— w, —||w
nt n- b 2 (14)

subjectto  t is the top t-quantile: it solves (9).

Based on the first author, we name this formulation Grill. The main purpose of (12) is
to provide a convex approximation of the nonconvex quantile (9). Putting it into the
constraint results in a convex approximation problem, which we call TopMean

o I — Ao
minimize —fn(w,t) + =||w|
nt 2

1
subjectto t = E(z[l] + 4 2 (15)
components of z equal to z = w ' x forx € X.
Similarly, we can use the surrogate top quantile in the constraint to arrive at
imimize —Ta(w, ) + = |l
minimize —fn(w, —llw
nt 2 (16)

subject to  f is the surrogate top t-quantile: it solves (13).

Note that Grill minimizes the convex combination of false positives and false-negatives
while (15) and (16) minimize only the false negatives. The reason for this will be evident
in Section 3.2 and amounts to preservation of convexity. Moreover, as will see later, prob-
lem (16) provides a good approximation to the Accuracy at the Top problem, it is easily
solvable due to convexity and requires almost no tuning, we named it Pat&Mat (Precision
At the Top & Mostly Automated Tuning).

2.3. Methods optimizing the Neyman—-Pearson criterion

Another category falling into the framework of (2) and (5) is the Neyman-Pearson problem
which is closely related to hypothesis testing, where null Hy and alternative H; hypotheses
are given. Type I error occurs when Hj is true but is rejected, and type II error happens
when Hj is false, but it fails to be rejected. The standard technique is to minimize Type II
error while a bound for Type I error is given.

In the Neyman-Pearson problem, the null hypothesis Hy states that a sample x has the
negative label. Then Type I error corresponds to false positives while Type II error to false-
negatives. If the bound on Type I error equals 7, we may write this as

ti\lp(w) = max{t | fp(w,t) > n" t}. (17)

Then, we may write the Neyman-Pearson problem as

1
minimize —1fn(w,1t)
nt (18)

subjectto tis Type I error at level t: it solves (17).

Since (18) differs from (11) only by counting only the false positives in (17) instead of
counting all positives in (9), we can derive its approximations in exactly the same way as in
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Section 2.2. We therefore provide only their brief description and start with approximations
of (17)

1 n T -
thP(w) = p— IZZI Zp (19)
tglp(w) solves % Z I(B(z;j — 1) =T. (20)

i=1

Replacing the true counts by their surrogates results in the Neyman-Pearson variant
Grill-NP

. 1 — 1 — Ao
minimize —fn(w,t) + —fp(w,t) + = ||w|
nt n- 2

(21)
subject to ¢ is the Neyman-Pearson threshold: it solves (17).
Similarly, the Neyman-Pearson alternative to TopMean reads
o 1 — Ao
minimize —1fn(w,t) + =|w||
nt 2
(22)

. I -
subjectto t = E(Z[l] + -+ z[n,t]),
components of z~ equal to z~ = w'x~ forx™ € X.

This problem already appeared in [23] under the name t-FPL. Finally, Pat&Mat-NP reads

1 — A
minimize —fn(w,t) + = ||wl|?
nt 2 (23)

subject to ¢ is the surrogate Neyman-Pearson threshold: it solves (20).

We may see (22) from two different viewpoints. First, T-FPL provide convex approxima-
tions of Grill-NP. Second, 7-FPL has the same form as TopPushK. The only difference is that
for T-FPL we have k = n™ t while for TopPushK, the value of k is small. Thus, even though
we started from two different problems, we arrived at two approximations that differ only
in the value of one parameter. This shows a close relation of the ranking problem and the
Neyman-Pearson problem and the need for a unified theory to handle these problems.

3. Theoretical analysis of the framework

In this section, we provide a theoretical analysis of the unified framework from Section 2.
We consider the problem formulations purely and not individual algorithms which specify
how to solve these formulations. We focus mainly on the following desirable properties:

o Convexity implies a guaranteed convergence for many optimization algorithms or their
better convergence rates [4].

o Differentiability increases the speed of convergence.

o Stability is a general term, by which we mean that the global minimum is not at w = 0.
This actually happens for many formulations from Section 2 and results in the situation
where the separating hyperplane is degenerate and does not actually exist.



OPTIMIZATION METHODS & SOFTWARE . 1643

For a nicer flow of text, we show the results only for formulations from Section 2.2. The
results for methods from Section 2.3 are identical. For the same reason, we postpone the
proofs to Appendix 1.

3.1. Threshold value comparison

We start with the following proposition, which compares the threshold approximation
quality.

Proposition 3.1 ([23]): We always have

ti(w) < h(w) < tz3(w).

Whenever the objective contains only false negatives, a lower threshold t means a lower
objective function. Therefore, a lower threshold is preferred.

3.2. Convexity

Convexity is one of the most important properties in numerical optimization. It ensures
that the optimization problem has neither stationary points nor local minima. All points
of interest are global minima. Moreover, it allows for a faster convergence rates. We present
the following two results.

Proposition 3.2: Thresholds t; and t3 are convex functions of the weights w. The threshold
function t is nonconvex.

Theorem 3.3: If the threshold t is a convex function of the weights w, then function f(w) =
fu(w, t(w)) is convex.

While the proof of Theorem 3.3 is simple, it points to the necessity of considering only
false negatives in the objective of the problems in Section 2. In such a case, TopPush, Top-
PushK, TopMean, t-FPL, Pat&Mat and Pat&Mat-NP are convex problems. At the same
time, Grill and Grill-NP are not convex problems.

3.3. Differentiability

Similarly to convexity, differentiability allows for faster convergence rate and in some
algorithms, better termination criteria. The next theorem shows which formulations are
differentiable.

Theorem 3.4: If the surrogate function l is differentiable, then threshold t3 is a differentiable
function of the weights w and its derivative equals to

er)( ' (wa — t3(w)))x
Yoxex LBWTx —t3(w)

The threshold functions t| and t, are non-differentiable.

Viz(w) =
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This theorem shows that the objective functions of Pat&Mat and Pat&Mat-NP are dif-
ferentiable. This allows us to prove the convergence of the stochastic gradient descent for
these two formulations in Section 4.

3.4. Stability

We first provide a simple example and show that many formulations from the previ-
ous section are degenerate for it. Then we analyse general conditions under which this
degenerate behaviour happens.

3.4.1. Example of a degenerate behaviour

We consider #n negative samples uniformly distributed in [—1,0] x [—1,1], n positive
samples uniformly distributed in [0,1] x [—1,1] and one negative sample at (2,0), see
Figure 1(left). We consider the hinge loss and no regularization. If # is large, the point at
(2,0) isan outlier and the dataset is separable and the separating hyperplane has the normal
vector w = (1, 0).

Table 1 shows the threshold ¢ and the objective value f for two points w; = (0,0) and
wy = (1,0). These two points are both important: w; does not generate any separating
hyperplane, while w, generates the optimal separating hyperplane. We show the precise
computation in Appendix 2. Since the dataset is perfectly separable by w,, we expect that
wy provides a lower objective than w;. By shading the better objective in Table 1 by grey,
we see that this did not happen for TopPush and TopMean.

It can be shown that w; = (0, 0) is even the global minimum for TopPush and TopMean.
This raises the question of whether some tricks, such as early stopping or excluding a small
ball around zero, cannot overcome this difficulty. The answer is negative as shown in Figure
1(right). Here, we run TopPush from several starting points, and it always converges to zero
from one of the three possible directions; all of them far from the normal vector to the
separating hyperplane.

] 2 8 M P ML ROR ® negatives
,.O.f gﬁ.‘;%@(@@% gog o o positives
:’;;{ts Dy S

-

o

o ©, Q

S RLE P e

B "s‘:‘\..?"%c% Begs 6‘&%
0

-1 1 2

Figure 1. Left: distribution of positive (empty circle) and negative samples (full circles) for the example
from Section 3.4.1. Right: contour plot for TopPush and its convergence to the zero vector from 12 initial
points.
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Table 1. Comparison of formulations on the very simple problem from Section 3.4.1.

wi = (0,0) wy = (1,0)

Name Label t f t f
TopPush @ 0 [ 2 25
TopPushK (8) 0 1 % -
Grill (14) 0 2 1-21 154+2t(1—1)
TopMean (15) 0 [ 1—1 15—1

Pat&Mat (16) %(1 —1) 1+ %(1 —1) %(1 —1) -

Notes: Two formulations have the global minimum (denoted by grey colour) at wy = (0, 0) which does not generate any
separating hyperplane. The optimal separating hyperplane is generated by w, = (1,0).

3.4.2. Stability and global minimum at zero

The convexity derived in the previous section guarantees that there are no local minima.
However, as we showed in the example above, the global minimum may be at w = 0. This
is highly undesirable since w is the normal vector to the separating hyperplane and the zero
vector provides no information. In this section, we analyse when this situation happens.
The first result states that if the threshold t(w) is above a certain value, then zero has a
better objective that w. If this happens for all w, then zero is the global minimum.

Theorem 3.5: Consider any of these formulations: TopPush, TopPushK, TopMean or t-
FPL. Fix any w and denote the corresponding threshold t(w). If we have

1
- T+
t(w) > s E w x",
xtext

then f(0) < f(w). Specifically, denote the scores z+ = w' x* forx™ € XTandz= = w'x~
forx~ € X~ and the ordered variants with decreasing components of z~ by z ;. Then

+

1 n
n = ey sz = f(0) <f(w) for TopPush,
i=1

N
=
|

nt

k
%Zz‘i] > n% Yz = f(0) <f(w) for TopPushK, (24)

i=1 i=1

%

nt
o %sz —> f(0) <f(w) fort—FPL.
i=1

We can use this result immediately to deduce that some formulations have the global
minimum at w = 0. More specifically, TopPush fails if there are outliers, and TopMean fails
whenever there are many positive samples.

Corollary 3.6: Consider the TopPush formulation. If the positive samples lie in the convex
hull of negative samples, then w = 0 is the global minimum.
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Corollary 3.7: Consider the TopMean formulation. If n™ > nt, then w = 0 is the global
minimum.

The proof of Theorem 3.5 employs the fact that all formulations in the theorem state-
ment have only false negatives in the objective. If wy = 0, then w x = 0 for all samples x,
the threshold equals to t = 0 and the objective equals to one. If the threshold is large for w,
many positives are below the threshold, and the false negatives have the average surrogate
value larger than one. In such a case, wy = 0 becomes the global minimum. There are two

fixes to this situation:

o Include false positives to the objective. This approach is taken by Grill and Grill-NP and
necessarily results in the loss of convexity.

e Move the threshold away from zero even when all scores w' x are zero. This approach
is taken by our formulations Pat&Mat and Pat&Mat-NP and keeps convexity.

T

The next theorem shows the advantage of the second approach.

Theorem 3.8: Consider the PateMat or PateéMat-NP formulation with the hinge surrogate
and no regularization. Assume that for some w, we have

nLJr Z wa+>nL_ Z wix™. (25)

xteXxt x—eX—

Then there is a scaling parameter By from (13) such that f(w) < f(0) for all B € (0, Bo).

These theorem shed some light on the behaviour of the formulations. Theorem 3.5 states
that the stability of 7-FPL requires

1 n-t 1 nt
§ : - § : +
E Z[i] < n_+ Zi 5 (26)
i=1 i=1

while Theorem 3.8 states that the stability of Pat&Mat-NP is ensured by

1 n- 1 nt
— +
n—_ E Z[i] < n—+ E Z; . (27)
i=1 i=1

The right-hand sides of (26) and (27) are the same, while the left-hand side of (27) is always
smaller than the left-hand side of (26). This implies that if t-FPL is stable, then Pat&Mat-
NP is stable as well.

At the same time, there may be a huge difference in the stability of both formulations.
Since the scores of positive samples should be above the scores of negative samples, the
scores z may be interpreted as performance. Then formula (26) states that if the mean
performance of a small number of the best negative samples is larger than the average per-
formance of all positive samples, then 7-FPL fails. On the other hand, formula (27) states
that if the average performance of all positive samples is better than the average perfor-
mance of all negative samples, then Pat&Mat-NP is stable. The former may well happen as
accuracy at the top is interested in a good performance of only a small number of positive
samples.
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3.5. Method comparison

We provide a summary of the obtained results in Table 2. There we give basic characteriza-
tions of the formulations such as their definition label, their source, the hyperparameters,
whether the formulation is differentiable and convex, and whether it has stability problems
with w = 0 being the global minimum.

A similar comparison is performed in Figure 2. Methods in green and grey are convex,
while formulations in white are non-convex. Based on Theorem 3.5, four formulations
in grey are vulnerable to have the global minimum at w = 0. This theorem states that
the higher the threshold, the more vulnerable the formulation is. The full arrows depict
this dependence. If it points from one formulation to another, the latter one has a smaller
threshold and thus is less vulnerable to this undesired global minima. The dotted arrows
indicate that this usually holds but not always, the precise formulation is provided in
Appendix A.5. This complies with Corollaries 3.6 and 3.7 which state that TopPush and
TopMean are most vulnerable. At the same time, it says that 7-FPL is the best one from the
grey-coloured formulations. Finally, even though Pat&Mat-NP has a worse approximation
of the true threshold than t-FPL due to Theorem 3.5, it is more stable due to the discussion
after Theorem 3.8.

Table 2. Summary of the formulations from Section 2.

Name Source Definition Hyperpars Convex Differentiable Stable
TopPush [16] (7) A v X X
TopPushK ours (8) Ak v X X
Grill [9] (14) A X X v
Pat&Mat ours (16) B, A v v v
TopMean — (15) A v X X
Grill-NP — (21) A X X v
Pat&Mat-NP ours (23) B, A v v v
T-FPL [23] (22) A v X X

Notes: The table shows their definition label, the source or the source they are based on, the hyperparameters, whether the
formulation is differentiable, convex and stable (in the sense of having problems with w = 0).

convex, not stable

not convex, stable
( )

TopPushK ‘ Grill-NP }< -------- | Grill ‘

Figure 2. Summary of the formulations from Section 2. Methods in green and grey are convex, while
formulations in white are non-convex. Methods in grey are vulnerable to have the global minimum at
w = 0. Full (dotted) arrow pointing from one formulation to another show that the latter formulation
has always (usually) smaller threshold (Colour online).
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4. Convergence of stochastic gradient descent

The previous section analysed the formulations from Section 2 but did not consider any
optimization algorithms. In this section, we show a basic version of the stochastic gradi-
ent descent and then show its convergent version. Since due to considering the threshold,
gradient computed on a minibatch is a biased estimate of the true gradient, we need to use
variance reduction techniques, and the proof is rather complex.

4.1. Stochastic gradient descent: basic

Many optimization algorithms for solving the formulations from Section 2 use primal-dual
or purely dual formulations. [7] introduced dual variables and used alternating optimiza-
tion to the resulting min-max problem. Li et al. [16] and Zhang et al. [23] dualized the
problem and solved it with the steepest gradient ascent. Macha et al. [17] followed the
same path but added kernels to handle non-linearity. We follow the ideas of [18] and [1]
and solve the problems directly in their primal formulations. Therefore, even though we
use the same formulation for TopPush as [16] or for T-FPL as [23], our solution process is
different. However, due to convexity, both algorithms should converge to the same point.

The decision variables in (5) are the normal vector of the separating hyperplane w and
the threshold ¢. To apply an eflicient optimization method, we need to compute gradients.
The simplest idea [9] is to compute the gradient only with respect to w and then recompute
t. A more sophisticated way is based on the chain rule. For each w, the threshold ¢ can be
computed uniquely. We stress this dependence by writing ¢(w) instead of . By doing so,
we effectively remove the threshold f from the decision variables and w remains the only
decision variable. Note that the convexity is preserved. Then we can compute the derivative
via the chain rule

foor = 32 1o —wT + 5wl

xeX+t

(28)
Vf(w) = nLJF Z I (t(w) — w' x)(VEHW) — x) + Aw.

xeX+

The only remaining part is the computation of Vt(w). It is simple for V¢, (w) and Vi, (w)
and Theorem 3.4 shows the computation for V#3(w). Appendix 3 provides an efficient
computation method for #3(w).

Having derivative (28), deriving the stochastic gradient is simple. It partitions the dataset
into minibatches and provides an update of the weights w based only on a minibatch,
namely by replacing the mean over the whole dataset in (28) by a mean over the minibatch.

4.2. Stochastic gradient descent: convergent for Pat&Mat and Pat&Mat-NP

For the convergence proof, we need differentiability which is due to Theorem 3.4 possessed
only by Pat&Mat and Pat&Mat-NP. Therefore, we consider only these two formulations
and, for simplicity, show it only for Pat&Mat. We apply a variance reduction technique
based on delayed values similar to SAG [20].
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At iteration k we have the decision variable wk and the active minibatch I*. First, we
update the score vector z* only on the active minibatch by setting

x;rwk foralli € I*,

29
zf-(_l foralli ¢ IF. (29)

b=

We keep scores from previous minibatches intact. We use Appendix 3 to compute the
surrogate quantile X as the unique solution of

> B — ) = nr. (30)

ieX

This is an approximation of the surrogate quantile t(wk) from (13). The only difference
from the true value t(w*) is that we use delayed scores. Then we introduce artificial variable

a* =Y 1B — t))xi. (31)

ik

Finally, we approximate the derivative Vf (wX) from (28) by

DU = (Vi - xy), (32)

1k
el

wh) = —
gk = —
.

where V¥ is an approximation of V¢(w*) from Theorem 3.4 defined by

ak gkl ghst

vik =
S STy T Sy 9

A perhaps more straightforward possibility would be to consider only a* in the numerator
of (33). However, choice (33) enables us to prove the convergence and it adds stability to
the algorithm for small minibatches.

The whole procedure does not perform any vector operations outside of the current
minibatch I¥. We summarize it in Algorithm 4.1. Note that a proper initialization for the
first s iterations is needed. We finish the theoretical part by the convergence proof.

Theorem 4.1: Consider the Pate>Mat or PatéMat-NP formulation, stepsizes aX = ﬁ—ol
and piecewise disjoint minibatches I, ..., I* which cycle periodically I*"* = I, If 1 is the
smoothened (Huberized) hinge function, then Algorithm 4.1 converges to the global minimum

of (16).

5. Numerical experiments

In this section, we present numerical results.
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Algorithm 4.1 Stochastic gradient descent for maximizing accuracy at the top
k

Input: Dataset X, Minibatches I LN o Stepsize o
1: Initialize weights w°
2 fork=0,1,... do
3: Select a minibatch I¥

4: Compute zll-‘ for all i € I* according to (29)
5 Compute t according to (30)

6: Compute ak according to (31)

7: Compute V¥ according to (33)

8: Compute g(w") according to (32)

9: Set wktl «— wk — akg(wh)

10: end for

5.1. Implementational details and hyperparameter choice

We recall that all methods fall into the framework of either (2) or (5). Since the threshold
t depends on the weights w, we can consider the decision variable to be only w. Then
to apply a method, we implemented the following iterative procedure. At iteration j, we
have the weights W/ to which we compute the threshold t = t(w/). Then according to (28),
we compute the gradient of the objective and apply the ADAM descent scheme [13]. All
methods were run for 10000 iterations using the stochastic gradient descent. The minibatch
size was 512 except for the Ionosphere and Spambase datasets where the full gradient was
used. All methods used the hinge surrogate (3). The initial point is generated randomly.
We run the methods for the following hyperparameters:

B € {0.0001, 0.001, 0.01, 0.1, 1, 10},
A € {0, 0.00001, 0.0001, 0.001, 0.01, 0.1}, (34)
k € {1,3,5,10, 15, 20}.

For TopPushK, Pat&Mat and Pat&Mat-NP we fixed 1 = 0.001 to have six hyperparame-
ters for all methods. For all datasets, we choose the hyperparameter which minimized the
criterion on the validation set. The results are computed on the testing set which was not
used during training the methods.

TopPush and t-FPL were originally implemented in the dual. However, to allow for the
same framework and the stochastic gradient descent, we implemented it in the primal.
These two approaches are equivalent.

5.2. Dataset description and performance criteria

For the numerical results, we considered ten datasets summarized in Table 3. They can
be downloaded from the UCI repository. Ionosphere [21] and Spambase are small, Hep-
mass [3] contains a large number of samples while Gisette [10] contains a large number
of features. We also considered six visual recognition datasets: MNIST, FashionMNIST,
CIFAR10, CIFAR20, CIFAR100 and SVHN2. MNIST and FashionMNIST are greyscale
datasets of digits and fashion items, respectively. CIFAR100 is a dataset of coloured images
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Table 3. Structure of the used datasets.

Training Validation Testing

nt nt nt

m n — n — n —

n n n
lonosphere 34 175 36.0% 88 36.4% 88 35.2%
Spambase 57 2300 39.4% 1150 39.4% 1151 39.4%
Gisette 5000 1000 50.0% 1500 50.0% 500 50.0%
Hepmass 28 5,250,000 50.0% 1,750,000 50.0% 3,500,000 50.0%
MNIST 28 x 28 x 1 44,999 11.2% 15,001 11.2% 10,000 11.4%
FashionMNIST 28 x 28 x 1 45,000 10.0% 15,000 10.0% 10,000 10.0%
CIFAR10 32x32x3 37,500 10.0% 12,500 10.0% 10,000 10.0%
CIFAR20 32x32x3 37,500 5.0% 12,500 5.0% 10,000 5.0%
CIFAR100 32x32x3 37,500 1.0% 12,500 1.0% 10,000 1.0%
SVHN2 32x32x3 54,944 18.9% 18,313 18.9% 26,032 19.6%

Notes: The training, validation and testing sets show the number of features m, samples n and the fraction of positive samples
nt
o

of items grouped into 100 classes. CIFAR10 and CIFAR20 merge these classes into 10
and 20 superclasses, respectively. SVHN2 contains coloured images of house numbers. As
Table 3 shows, these datasets are imbalanced.

Each of the visual recognition datasets was converted into ten binary datasets by con-
sidering one of the classes {0, . . ., 9} as the positive class and the rest as the negative class.
The experiments were repeated ten times for each dataset from different seeds, which influ-
enced the starting point and minibatch creation. We use tpr@fpr as the evaluation criterion.
This describes the true-positive rate at a prescribed true-negative rate, usually of 1% or 5%.
For the linear classifier w' x — t, it selects the threshold ¢ so that the desired true-negative
rate is satisfied and then computes the true-positive rate for this threshold.

5.3. Numerical results

Figure 3 presents the standard ROC (receiver operating characteristic) curves on selected
datasets. Since all methods from this paper are supposed to work at low false-positive rates,
the x-axis is logarithmic. Both figures depict averages over ten runs with different seeds.
The left column depicts CIFAR100 while the right one Hepmass. These are the two more
complicated datasets. We selected four representative methods: Pat&Mat and Pat&Mat-
NP as our methods and TopPush and t-FPL as state-of-the-art methods. Even though all
methods work well, Pat&Mat-NP seems to outperform the remaining methods on most
levels of false-positive rate.

While Figure 3 gave a glimpse of the behaviour of methods, Figures 4 and 5 provide a
statistically more sound comparison. It employs the Nemenyi post hoc test for the Fried-
man test recommended in [6]. This test compares if the mean ranks of multiple methods
are significantly different.

We consider 14 methods (we count different values of T as different methods) as
depicted in this table. For each dataset mentioned in Section 5.2 and each method, we
evaluated the fpr@tpr metric and ranked all methods. Rank 1 refers to the best perfor-
mance for given criteria, while rank 14 is the worst. The x-axis shows the average rank over
all datasets. The Nemenyi test computes the critical difference. If two methods are within
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|— Pat&Mat-NP ---  TopPush - Pat&Mat 7-FPL

True positive rate

Lol Lo il Lonnl Lo Lonnl Lol Lol Lo
10~ 1073 1072 107! 1001074 1073 1072 107! 10°
False negative rate False negative rate

Figure 3. ROC curves (with logarithmic x axis) on CIFAR100 (left) and Hepmass (right).

7-FPL(0.01) TopPush
Pat&Mat(0.01) TopMean(0.05)
TopPushK TopMean(0.01)

Pat&Mat(0.05) Grill(0.05)
7-FPL(0.05) Grill(0.01)

Pat&Mat-NP(0.05) ‘ Grll-NP(0.01)

Pat&Mat-NP(0.01) - ‘ ‘ L : ‘ ‘ ‘ ‘ ‘ : _ Gril-NP(0.05)

1 2 3 4 5 6 7 8 9 10 11 12 13 14

Figure 4. Critical difference (CD) diagrams (level of importance 0.05) of the Nemenyi post hoc test for
the Friedman test. Each diagram shows the mean rank of each method, with rank 1 being the best. Black
wide horizontal lines group together methods with the mean ranks that are not significantly different.
The critical difference diagrams were computed for mean rank averages over all datasets of the tpr@fpr
(r = 0.01) metric.

7-FPL(0.01) TopPush

TopPushK TopMean(0.05)
7-FPL(0.05) TopMean(0.01)
Pat&Mat(0.05) — Grill(0.01)
Pat&Mat(0.01) Gril-NP(0.01)
Pat&Mat-NP(0.01) ———————— | L Grill(0.05)
Pat&Mat-NP(0.05) - = = |, ‘ ‘ ‘ ‘ ‘ ‘ _ Grill-NP(0.05)
t t t

1 2 3 4 5 6 7 8 9 10 11 12 13 14

Figure 5. Critical difference (CD) diagrams (level of importance 0.05) of the Nemenyi post hoc test for
the Friedman test. Each diagram shows the mean rank of each method, with rank 1 being the best. Black
wide horizontal lines group together methods with the mean ranks that are not significantly different.
The critical difference diagrams were computed for mean rank averages over all datasets of the tpr@fpr
(r = 0.05) metric.

their critical difference, their performance is not deemed to be significantly different. Black
wide horizontal lines group such methods.
From this figure and table, we make several observations:

o TopPushK (rank 5.1) provides a slight improvement over TopPush (rank 6.7) even
though this improvement is not statistically significant as both methods are connected
by the black line in both Figures 4 and 5.
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10
GrillNP(0.05) -
09
GrillNP(0.01) - 0
Grill(0.01) - 0033 0 08
Grill(0.05) - 0265 0001 O
07
TopMean(0.01) - 0 0 0 0
TopMean(0.05) - 0 0 0 0 0 0.6
TopPush - 0 0 0 0 0 0
05
TFPL(0.01) - 0 0 0 0 0 0 0
PatMat(0.01) - 0002 0 0 0 0 0 0 0 04
TopPushK - 0387 0039 0 0 0 0 0 0 0
03
PatMat(0.05) 04051 0.109 0002 0 0 0 0 0 0 0
TFPL(0.05) -- 0.005 0194 0 0 0 0 ] 0 0 0 02
PatMatNP(0.05) - 0 0 0 0 0 0 0 0 0 0 0 0
o1
PatMatNP(0.01) - 0007 0 0 0 0 0 0 0 0 0 0 0 0
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Figure 6. The p-value for the pairwise Wilcoxon signed-rank test, where the null hypothesis is that the
mean tpr@fpr(0.01) of both methods is the same. The methods are sorted by mean rank (left = better).

e Neither Grill (ranks 12.0 and 12.1) nor Grill-NP (ranks 12.1 and 12.4) perform well. We
believe this happened due to the lack of convexity as indicated in Theorem 3.3 and the
discussion after that.

e TopMean (ranks 9.2 and 9.9) does not perform well either. Since the thresholds t are
small, then w = 0 is the global minimum as proved in Corollary 3.7.

e Pat&Mat-NP (rank 2.1 and 2.6) seems to outperform other methods.

e Pat&Mat (ranks 5.0 and 5.4), T-FPL (ranks 4.8 and 5.8) and TopPushK (rank 5.1) per-
form similarly. Since they are connected, there is no statistical difference between their
behaviours.

e Pat&Mat-NP at level 0.01 (rank 2.1) outperforms Pat&Mat-NP at level 0.05 (rank 2.6)
for t = 0.01. Pat&Mat-NP at level 0.05 (rank 1.9 in Figure 5) outperforms Pat&Mat-NP
at level 0.01 (rank 3.0 in Figure 5) for t = 0.05. This should be because these methods
are optimized for the corresponding threshold. For t — FPL we observed this behaviour
for Figure 5 but not for Figure 4.

Figure 6 provides a similar comparison. Both axes are sorted from the best (left) to the
worst (right) average ranks. The numbers in the graph show the p-value for the pairwise
Wilcoxon signed-rank test, where the null hypothesis is that the mean tpr@fpr of both
methods is the same. Even though Figure 4 employs a comparison of mean ranks and
Figure 6 a pairwise comparison of fpr@tpr, the results are almost similar. Methods grouped
by the black line in the former figure usually show a large p-value in the latter figure.
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Table 4. Necessary hyperparameter choice for the solution to have a better objective than zero.

lonosphere Hepmass FashionMNIST CIFAR100
X

TopPush
TopPushK

Grillr = 0.01
=00
Pat&Matz = 0.01
T =0.05
TopMeant = 0.01
T =0.05
Grill-NPt = 0.01
T =0.05
Pat&Mat-NPt = 0.01
T =0.05

t-FPLt = 0.01

T =0.05

o
i
=
—

N L RNV E RN
=

=™
XA A X X X X S [A X X X X

WX CIA X X X XA A % % %

=

N LSRN
==

A < 0.001

Notes: v means that the solution was better than zero for all hyperparameters while X means that it was worse for all
hyperparameters.

Table 4 investigates the impact of w = 0 as a potential global minimum. Each method
was optimized for six different values of hyperparameters. The table depicts the condition
under which the final value has a lower objective than w = 0. Thus, v/ means that it is
always better while X means that the algorithm made no progress from the starting point
w = 0. The latter case implies that w = 0 seems to be the global minimum. We make the
following observations:

e Pat&Mat and Pat&Mat-NP are the only methods that succeeded at every dataset
for some hyperparameter. Moreover, for each dataset, there was some Sy such that
these methods were successful if and only if 8 € (0, Bp). This is in agreement with
Theorem 3.8.

o TopMean fails everywhere which agrees with Corollary 3.7.

o Figure 2 states that the methods from Section 2.2 has a higher threshold than their Ney-
man-Pearson variants from Section 2.3. This is documented in the table as the latter
have a higher number of successes.

6. Conclusion

In this paper, we achieved the following results:

e We presented a unified framework for the three criteria from Section 2. These criteria
include ranking, accuracy at the top and hypothesis testing.

e We showed that several known methods (TopPush, Grill, T-FPL) fall into our framework
and derived some completely new methods (Pat&Mat, Pat&Mat-NP).

e We performed a theoretical analysis of the methods. We showed that known methods

suffer from certain disadvantages. While TopPush and t-FPL are sensitive to outliers,

Grillis non-convex. We proved the global convergence of the stochastic gradient descent

for Pat&Mat and Pat&Mat-NP.

We performed a numerical comparison and we showed a good performance of our

method Pat&Mat-NP.
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Note
1. https://github.com/VaclavMacha/AccuracyAtTopPrimal_experiments.jl
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Appendices
Appendix 1. Additional results and proofs

Here, we provide additional results and proofs of results mentioned in the main body. For conve-
nience, we repeat the result statements.

A.1 Equivalence of (10) and (11)

To show this equivalence, we will start with an auxiliary lemma.

Lemma A.1: Denote by t the exact quantile from (9). Then for all u € [0, 1], we have
fp(w, 1) = ufp(w,t) + (1 — wWin(w, t) + (1 — w)(nt —n") + 1 —w)(@—1,  (Al)

where q:=#{x € X |wlx =1t}.

Proof: By the definition of the quantile, we have
tp(w, t) + fp(w,t) = nt +q— 1.
This implies
fpw,t) =nt+gq—1—tp(w,t) =nt+q—1— nt + fo(w, t).
From this relation, we deduce
fp(w,t) = ufp(w, t) + (1 — wip(w, t) = ufp(w, t) + (1 — w)(fn(w, t) + nt — nt + q—1)
= ufpw,t) + (1 — winw, 1) + 1 — w)(nt —n*) + (1 —w)(@— 1),

which is precisely the lemma statement. ]

The right-hand side of (A1) consists of three parts. The first one is a convex combination of false
positives and false negatives. The second one is a constant term that has no impact on optimization.
Finally, the third term (1 — u)(q — 1) equals the number of samples for which their classifier equals
the quantile. However, this term is small in comparison with the true-positives and the false negatives
and can be neglected. Moreover, when the data are ‘truly’ random such as when measurement errors
are present, then g = 1 and this term vanishes completely. This gives the (almost) equivalence of (10)
and (11). Note that the term g is ignored in many papers.

A.2 Results related to convexity

Proposition 3.2: Thresholds t, and t3 are convex functions of the weights. The threshold function t;
is non-convex.

Proof: It is easy to show that the quantile #; is not convex. Due to [14], the mean of the k highest
values of a vector is a convex function and therefore, t, is a convex function. It remains to analyse
t3. It is defined via an implicit equation, where we consider for simplicity g = 1,

_1 T _
g(w, 1) .—;ZZ(W x—t)—1=0.
xeX

Since [ is convex, we immediately obtain that g is jointly convex in both variables.
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To show the convexity, consider w, w and the corresponding t = t3(w), t = t3(W). Note that this
implies g(w, t) = g(w, t) = 0. Then for any A € [0, 1], we have

gOW+ (1 — )W, At + (1 —A)D) < Ag(w, t) + (1 — g, 1) =0, (A2)

where the inequality follows from the convexity of g and the equality from g(w, t) = g(w,?) = 0.
From the definition of the surrogate quantile function 3, we have

gAw+ (1 — Mw, 3w+ (1 — )w)) = 0. (A3)
Since g is nonincreasing in the second variable, from (A2) and (A3), we deduce
0w+ (1 — M)W) < At + (1 — L) = Az (w) + (1 — L)tz (W),

which implies that function w - t3(w) is convex. |

Theorem 3.3: Ifthe threshold t is a convex function of the weights w, then function f (w) = fn(w, t(w))
is convex.

Proof: Due to the definition of the surrogate counts (4), the objective of (5) equals to

1
— Z I(t(w) — w' x).

xe X+

Here, we write t(w) to stress the dependence of t on w. Since w — t(w) is a convex function, we
also have that w > #(w) — w' x is a convex function. From its definition, the surrogate function / is
convex and nondecreasing. Since a composition of a convex function with a nondecreasing convex
function is a convex function, this finishes the proof. |

A.3 Results related to differentiability

Theorem 3.4: If the surrogate function l is differentiable, then threshold t3 is a differentiable function
of the weights w and its derivative equals to

Yrex (BwW x — t3(w)))x
Yxex VBWTx —t3(w)))
The threshold functions t| and t, are non-differentiable.

Viz(w) =

Proof: The result for t3 follows directly from the implicit function theorem. The nondifferentiability
of t; and t, happens whenever the threshold value is achieved at two different scores. |

A.4 Results related to stability

Theorem 3.5: Consider any of these formulations: TopPush, TopPushK, TopMean or t-FPL. Fix any
w and denote the corresponding threshold t(w). If we have

1
tHw) > g Z wixt, (A4)
xtext

then f(0) < f(w). Specifically, denote the scores z* = w'x* forx™ € XT andz= = w'x™ forx™ €
X~ and the ordered variants with decreasing components of z~ by z . Then

nt

1
3"zt — f(0) <f(w) for TopPush,
n

i=1

A%

2
.

k n

1 _ 1
E Z = e E ziJr = f(0) <f(w) for TopPushK,
i=1 1

i=

bl



OPTIMIZATION METHODS & SOFTWARE . 1659

- +
1 n Tt 1 n
i=1 i=1

Proof: Due to 1(0) = 1 and the convexity of I we have I(z) > 1 + cz, where c equals to the derivative
of [ at 0. Then we have

1 — 1 1
fon) = — T = — DUt —wix) = — > Utct—wix)
xeX+ xeXt
:1+— Z(t—w x)—l—i—ct—— Z w x>1
xeXt xeXx+t

where the last inequality follows from (A4). Now, we realize that for any formulation from the
statement, the corresponding threshold for w = 0 equals to t = 0, and thus f(0) = 1. But then
f(0) < f(w). The second part of the result follows from the form of thresholds ¢(w). |

Theorem 3.8: Consider the Pate»Mat or Pate»Mat-NP formulation with the hinge surrogate and no
regularization. Assume that for some w, we have

1 T+ T -
pre Z w x> e Z w X . (A5)
xtext x"eX~

Then there is a scaling parameter By from (13) such that f(w) < f(0) for all B € (0, Bo).

Proof: Define first

Zmin = minw' X, z=
xeX

E X, Zmax = mMax w' x.
xeX
cX

:M—

Then we have the following chain of relations:

2=%Zwa=% Z wa—l—% Z wa<% Z wa+’;—; Z wlx

xeX xeX+t xeX~ xeXt xeXt
1 nt4+n" 1
= < )wa Zwa=—Zwa. (A6)
ot nt
xeXt xeXt xeXt

The only inequality follows from (A5) and the last equality follows from nt + n~ = n.
Due to (A5) we have zpmin < Z < Zmax. Then we can define

T 1—1
Bo = min {7 7_,‘[} ,
Z — Zmin Zmax — %
observe that By > 0, fix any B € (0, Bp) and define
1—1

Bo

t= + z.

Then we obtain
1+I3(WTx_t) > 1+ﬁ(zmin_t):1+,32min_1+f_/32:ﬁ(zmin_5)+f > 0. (A7)

Here, the first equality follows from the definition of ¢ and the last inequality from the definition of
Bo. Moreover, we have

1 Tx—py =1 Tx— 1,0 = T
S MW x =)= max{l+Bw x— 0,00 = (1+pw x—1)

xeX xeX xeX
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:1—,8t+éZwa:1—,3t+,82:r,
n
xeX
where the second equality employs (A7), the third one the definition of z and the last one the
definition of . But this means that ¢ is the threshold corresponding to w.
Similarly to (A7), we get

1— —
1+t—WTxZ1+t—zmax:1+7‘[+2_zmaxzT‘E‘*’E_Zmasz: (AS)

where the last inequality follows from the definition of 8y. Then for the objective, we have

fw) = ni* Z I(t—w'x) = n% Z max{l + ¢t — w' x,0}

xeX+ xe X+

1 - 1 - _
— Z(l—l—t—w 0 =1+t-— Z wax<l+t—z
xeXt xeXt

=f(0),

1—1 St _z—14 1—-1
z—z=

B B

where we the third equality follows from (A8), the only inequality from (A6) and the last equality

from Appendix A2. Thus, we finished the proof for Pat&Mat. The proof for Pat&Mat-NP can be

performed in an identical way by replacing in the definition of zZ the mean with respect to all samples

by the mean with respect to all negative samples. ]

1+

A.5 Results related to threshold comparison

Lemma A.2: Define vector z+ with components z+ = w' x* forx* € X+ and similarly define vector
2~ with components z~ = w'x~ forx~ € X ™. Denote by z?_'] and z{ the sorted versions of z" and

z~, respectively. Then we have the following statements:

Z[tﬁr] > z[;,T] = Grill has larger threshold than Grill — NP,

+
1 n't 1 n T

pn— Z z[';'] i Z z;; = TopMean has larger threshold than 7 —FPL.
i=1 i=1

Proof: Since z* and z~ are computed on disjunctive indices, we have

Zlnr] = min{z[tlJrT],z[;,T]}.

Since z[,) is the threshold for Grill and - is the threshold for Grill-NP, the first statement follows.

The second part can be shown in a similar way. ]

Since the goal of the presented formulations is to push z* above z~, we may expect that the
conditions in Lemma A.2 hold true.

Appendix 2. Computation for Section 3.4.1

We derive the results presented in Section 3.4.1 more properly. We recall that we have n nega-
tive samples randomly distributed in [—1,0] x [—1,1], n positive samples randomly distributed
in [0,1] x [—1,1] and one negative sample at (2,0). We assume that » is large and the outlier
may be ignored for the computation of thresholds that require a large number of points. Since the
computation is simple for other formulations, we show it only for Pat&Mat.
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For wy = (0, 0), we get
1 T
T== ) MBwgx—0)=10—p=1-pt,
xeX
which implies t = %(1 — 1) and consequently

1 — 1
—ftwo. 0 = — Yo Mt—-0)=Ut) =1+t

xeXt

This finishes the computation for wy.
For w; = (1, 0) the computation goes similar. Then wirx"' has the uniform distribution on [0, 1]
while wlTx has the uniform distribution on [—1, 1]. If 8 < 1, then

1 1
r:%Zl(wfx—t)%%f_ll(z—t)dz:%/_1max{0,l+/3(z—t)}dz

xeX
1 1 :8 1

:7/ (1+,8(z—t))dz:1—,8t+f/ zdz=1-pt, (A9)
2], 2 ).,

and thus again t = %(1 — 7). Note that

14Bz—0>1+p(-1—-)=1-B—141=—-B+1>0

and we could have ignored the max operator in (A9). Finally, we have

1 1 1
—Jrfn(wl,t)%/ l(t—z)dz:/ (1+t—2)dz=05+1t.
n 0 0

Appendix 3. Computing the threshold for Pat&Mat

We show how to efficiently compute the threshold (13) for Pat&Mat and the hinge surrogate (3). As
always define the scores z; = w ' x; and consider function

n
h(t) =Y 1Bz — 1) — n. (A10)
i=1
Then solving (30) is equivalent to looking for # such that i(f) = 0. We have the following properties
of h.

Lemma A.3: Function h is continuous and strictly decreasing (until it hits the global minimum) with
h(t) — ocoast — —oo and h(t) — —nt ast — oo. Thus, there is a unique solution to the equation

h(t) = 0.
For sorted data, the following lemma gives advice on how to solve equation h(t) = 0.

Lemma A.4: Letzy <z <--- <z, be sorted. Definey = % Then

h(zi +y) = h(ziy1 +y) + (n — D B(zir1 — zi) (A11)

foralli=n—1,...,1 with the initial condition h(z, + y) = —nrt.
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Proof: Observe first that

hz+y) =Y Bzi—z—y)—nt =) max(0,B(zi—z)) —nt = »_ Plzi—z)—n.
i=1

i=1 i=j+1
From here, we obtain h(z, + y) = —nt. Moreover, we have
n n
hEG+y)= ) Bai—z) —nt =) Bzi—2z)+pBEm —z) —nt
i=j+1 i=j+2
n n
= Z B(zi — zj+1) + Z B(zjy1 — zj) + B(zj+1 — zj) — nt
i=j+2 i=j+2
n
= Y B@i—zi11) + (n— Bz — z) — nt
i=j+2
= h(zit1 +y) + (n = HB(zj+1 — 7)),
which finishes the proof. ]

Thus, to solve h(t) = 0 with the hinge surrogate, we start with t, = z, + y and h(t,) = —nr.
Then we start decreasing ¢ according to (A11) until we find some t; = z; + y such that h(t;) > 0.
The desired ¢ then lies between t; and t; ;. Since h is a piecewise linear function with

ht) = ht) + ——

ti
P— (h(tiy1) — h(t)

for t € [t;,ti11], the precise value of f can be computed by a simple interpolation

~ tiy1 — & tiv1 — & h(t)
t=ti—h(t)———— =t; — h(t; - =ti+ =
( )h(ti+1) — h(t) ( )—(n — DBt — 1) B(n—1i)

Appendix 4. Proof of Theorem 4.1

The proof is divided into three parts. In Section A.6, we prove a general statement for convergence
of stochastic gradient descent with a convex objective. In Section A.7 we apply it to Theorem 4.1.
The proof is based on auxiliary results from Section A.8.

A.6 General result

Consider a differentiable objective function f and the optimization method

whtl = Wk — okg(wh), (A12)
where af > 0 is a stepsize and g(w¥) is an approximation of the gradient Vf(w*). Assume the
following:

(A1) f is differentiable, convex and attains a global minimum;
(A2) |lg(Wh)| < Bforall k;

(A3) the stepsize is non-increasing and satisfies Y po , a% = o0;
(A4) the stepsize satisfies Z}?io (@")? < o0;

(A5) the stepsize satisfies Y pe |kl — k| < oo

Assumptions (A3)-(A5) are satisfied, for example, for ok =af

ﬁ. We start with the general
result.
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Theorem A.6: Assume that (A1)-(A4) is satisfied. If there exists some C such that for some global
minimum of w* of f, we have

> M gwh) — V), Wt —wh) < C, (A13)
k=0

then the sequence {wk} generated by (A12) is bounded omdf(wk) — f(w*). Thus, all its convergent
subsequences converge to some global minimum of f.

Proof: Note first that the convexity from (A1) implies
(VFWh), w* — wh) < f(w*) — F(). (A14)
Then we have
— afg(wh) — w*|)?
= W — w*|I? + 205 (g(Wh), w* — wh) + (") 1g(Wh) 12
< [wF — w*||? + 25 (g(WF) — VEWF), w* — wh)
+ 20K (F(w") — Fh) + (@b) 2B,

where the inequality follows from (A14) and assumption (A2). Summing this expression for all k
and using (A13) leads to

o0 o0
lim sup [[w* — w*[|> < [w" — w*|> +2C+ 2 o (F(w) — fFWh)) + ) (e")?B2.
k k=0 k=0

Using assumption (A4) results in the existence of some C such that

o0
lim sup [|wF — w*||? + 2> " a*(F(wh) — f(w*)) < 2C. (A15)
k k=0

Since af > 0 and f Wk > f(w*) as w* is a global minimum of f, we infer that sequence Wk} is
bounded and (A15) implies

o0

Y oF(Fwh) — fw) < C.

k=0
Sincef(wk) — f(w*) > 0, due to assumption (A3) we obtain limf(wk) — f(w*), which implies the
theorem statement. |

A.7 ProofofTheorem 4.1

For the proof, we will consider a general surrogate which satisfies:

(S1) I(z) = 0forallz e R,1(0) =1andl(z) — 0asz — —o;

(S2) lis convex and strictly increasing function on (zp, 00), where zy := sup{z | I(z) = 0};
(S3) % is a decreasing function on (zp, 00);

(S4) [ is a bounded function;

(S5) 1 isa Lipschitz continuous function with modulus L.

All these requirements are satisfied for the surrogate logistic or by the Huber loss, which is the
hinge surrogate that is smoothened on an e-neighbourhood of zero.
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Theorem 4.1: Consider the Pate»Mat or Paté»Mat-NP formulation, stepsizes aX = ﬁol and piecewise

disjoint minibatches I', . .., I° which cycle periodically I*tS = I¥. If | is the smoothened (Huberized)
hinge function, then Algorithm 4.1 converges to the global minimum of (16).

Proof: We intend to apply Theorem A.6 and thus, we need to verify its assumptions. Assump-
tion (Al) is satisfied as f is convex due to Theorem 3.3. Assumption (A2) follows directly from
Lemma A.6. Assumptions (A3), (A4) and (A5) are imposed directly in the statement of this theorem.
It remains to verify (A13).

For simplicity, we will do so only for 8 = 1 and for s = 2 minibatches of the same size. However,
the proof would be identical for other values. This implies that there are some I* and I**! which are
pairwise disjoint, they cover all samples and that I¥ = I**2 for all k. The assumptions imply that the
number of positive samples in each minibatch is equal to nﬁ = %?’l+, where n is the total number
of positive samples.

First, we estimate the difference between zf-‘ defined in (29) and xika. Foranyie I k due to the
construction (29), we have

Zf( = x;er,
Z;(—l — Z?—Z — xlTWk—Z — .xlT(Wk +ak—2g(wk—2) +ak—1g(wk—1)) (A16)
— xlTWk 4 ak—leTg(Wk—Z) +ak—1x;|—g(wk—l).

Similarly, for i ¢ I¥, we have
zf.c = zf-c_l = x;rwkf1 = x;r(wk + akilg(wkfl)) = x;rwk + akilxiTg(wk*l). (A17)

Recall that we already verified (A1)-(A5). Combining (A2) with (A16) and (A17) yields the existence
of some C, such that for all i € X we have

|zf~‘ — x;rwkl < Czcxk_l,
k-1 T,k k=1, k-2 (A18)
|z; Wl <G o).
This also immediately implies
|5 — twWh)] < Gk, a9
Al19
57— tWh)] < Go@ T +oF ).
Since I’ is Lipschitz continuous with modulus L according to (S5), due to (A18) and (A19) we get
(% — 2 — 1 (tWF) — xT wWh)| < LItk — 2F — t(WF) + 5T wh| < 2C,LaX 1 (A20)
In an identical way, we can show
(R — 2570 — T ewk) — 5T wh)| < 26 L@ 4 oF72),
(2K — %) — I' (] wh — t(wh))| < 2CoLaF 1, (A21)
|l’(zf-‘71 — =y - l’(x;rwk —twWh)| < 2GL@ ! + oF?).

Now, we need to estimate the distance between V#(w¥) and V. We have
Y oickk l/(zf-‘ — % + Y ierk-1 l/(zf-c_1 — th=1yy,
Piex Iz — 1)
ik l’(x;rwk — twh))x; + Y i l’(x;rwk — Hwh))x;

Piex U] wk — t(wh)) '

The first equality in (A22) follows from (33) and (31) while the second equality in (A22) follows
from Theorem 3.4 and X = I*¥ U I*~!. From Lemma A.5, we deduce that the denominators in (A22)

vik =

>

(A22)

Vi(wk) =
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are bounded away from zero uniformly in k. Assumption (A4) implies ok — 0. This allows us to
use Lemma A.7 which together with (A21) implies that there is some Cs such that for all sufficiently
large k we have

IVE* = VeIl < G @ + a7, (A23)
Using the assumptions above, we can simplify the terms for g(w¥) and Vf(wk) to

2
gk = = DT =) (Vi - x),
* ielt
2
gkt = = Z . fo+l)(Vtk+l — %),
* ielkt!

VR = = 37 10 — T W) ),

ieXy

VW) = ni DT — T (VW) — x).
+

ieXy

Due to the assumptions, we have X = I ﬁ U Iff“l and ¥ =TI i N If‘ﬁl, which allows us to write

nt(gwWh) + g ) — Viwk) — VW) (A24a)
=Y T =)V —x) = Y T (twWh) — [ W (VW) — xp) (A24b)
ielk iel®.
+ Y T =V —x) = Y T — T W (VW) — x) (A24c)
ielt ielk
+ Y TET =2V — ) — Y T = WV —x) (A24d)
ielkH! ielkH!
+ YT =2V — ) = Y T — X WY (VT — x).
iefk+! ielk+!
(A24e)

Then relations (A23) and (A20) applied to Lemma A.8 imply

DL =V —x) = Y T =X WV — x| < Cue@ T o)
ielk ielk

for some Cy4, which gives a bound for (A24b). Bound for (A24e) is obtained by increasing k by one.
Bounds for (A24c) and (A24d) can be find similarly using (A21). Altogether, we showed

lg(wh) + g ) — VW) — VFW | < Cr@*? + o+ aF + ok (A25)
for some Cj.
‘We now estimate
ozk(g(wk) . Vf(wk),w* . wk) + ozk“(g(wk“) - Vf(wkH),w* . Wk+1> (A262)
= (gWF) — VFWh), ok (w* — wh)) + (W) — VWD), o ' — wkTL))  (A26b)
= (gWh) — VF(WF) + g — VW), aF(w* — wh)) (A26¢)

+ <g(wk+1) _ Vf(Wk+1),()lk+l(W* _ Wk+1) _ Olk(W* _ Wk)> (A26d)
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To estimate (A26d), we make use of Lemma A.6 to obtain the existence of some Cs such that
(@O — VWAL, ok (w — Wk L) gkt — k)
< 2B||a* T (w* — WYY — oK (w* — wh)]|
= 2B||o* T (w* — wh + aFg(wh)) — oK w* — wh)]|
— 2BI|(@* — o)t + (@F — oM TE 4 dhaF g (wh)|
< CslaF ! — oF| + Cs (k) +5 ("2, (A27)

In the last inequality, we used the equality 2ab < a® + b%. To estimate (A26c), we can apply (A25)
together with the boundedness of {wF} to obtain the existence of some Cg such that

(gW5) — VF(WF) + gkt — VEkth), ok (w* — wh))
< Ce(@* ) + Co(@*1)? + Cs(@b)? 4 Co(a™)% (A28)

Plugging (27) and (A28) into (A26) and summing the terms yields (A13). Then the assumptions of
Theorem A.6 are verified and the theorem statement follows. [ |

A.8 Auxiliary results

Lemma A.5: Let [ satisfy (S1)~(S3). Then there exists some C such that for all k we have
Zl’(zf? —fy>C>o,
ieX

D T wh—twWh)) = C>o.

ieX
Proof: First, we will find an upper bound of z¥ — ¢*. Fix any index iy. Since ! is nonnegative due to
(S1), Equation (30) implies
nt = X:l(zf-C — tk) > l(zﬁ) — tk).

ieX
Moreover, as [ is a strictly increasing function due to (S2) and nt > 0, this means

I=Y(nt) > zf»‘o — ¢k (A29)

Since ip was an arbitrary index, it holds true for all indices. Then (S3) which leads to a further estimate

l’(l Y(n1))
Ik - =Y ek —tk) Iz — =
; ; ; l(l L(n1))
B I'(~Y(nt)) a1
= nfm =1 (l (nT)),

where the inequality follows from (A29) and the following equality from (30). Due to (S2) we obtain
that I' (1= (n7)) is a positive number, which finishes the proof of the first part. The second part can
be obtained in an identical way. |

Lemma A.6: Let[satisfy (S1)-(S4). Then there exists some B such that for all k we have || Vf(wk) | <B
and |g(wh)| < B.
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Proof: Due to (S4) the derivative ! is bounded by some B. Then Theorem 3.4 and Lemma A.5 imply

BY oyl B
Vi) < il By,
Yiex ' w—tw)) — CiH

which is independent of k. Then (28) and again the boundedness of I imply the existence of some B
such that || Vf (Wh)|| < B for all k. The proof for g(wk) can be performed identically. [ |

Lemma A.7: Consider uniformly bounded positive sequences c’f, cé, d’f, d’zc, ok and positive constants
C1, C, such that for all k we have |c]1< - c]2<| < Cyak, |d11< — d’2‘| < Cyak, d’f >C andd]zC > C,. Ifak —
0, then there exists a constant C3 such that for all sufficiently large k we have

k k

C C
7}{ — % < C30lk.
dl d2

Proof: Since d¥ and d* are bounded away from zero and since a¥ — 0, we have

& & & d+Cef & d -
dedk|— di db—Ciak dk dk o Crak

The first term can be estimated as
(k +d5Crak
dk(dk — Crak)

cll‘ c]f + Clak

d* dk— Ciak

_ G +dpCiat
T Gldk — Crak|

Since af — 0 by assumption, for large k we have Idll< — Caf| > %Cz. Since the sequences are
uniformly bounded, the statement follows. ]

Lemma A.8: Consider scalars aj, ¢; and vectors b;, d;. If there is some C such that lai] < Cand ldi|l <
C, then

n n
E a,‘b,‘ — E Cid,‘
i=1 i=1

< C) (lai—cil + llbi — dl).
i=1

Proof: It is simple to verify

n n n n
D aibi— Y adi| <Y lldilllai — il + ) lailllb; — dill,
i=1 i=1 i=1 i=1

from which the statement follows. |
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