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Abstract

Motivated by problems in online advertising, we
address the task of Learning from Label Propor-
tions (LLP). We introduce a novel and versa-
tile low-variance debiasing methodology to learn
from aggregate label information, significantly
advancing the state of the art in LLP. Our de-
biasing approach exhibits remarkable flexibility,
seamlessly accommodating a broad spectrum of
practically relevant loss functions across both bi-
nary and multi-class classification settings. By
carefully combining our estimators with standard
techniques, we improve sample complexity guar-
antees for a large class of losses of practical rele-
vance. We also empirically validate the efficacy
of our proposed approach across a diverse array
of benchmark datasets, demonstrating compelling
empirical advantages over standard baselines.

1. Introduction

Learning from Label Proportions (LLP) is a type of weakly
supervised problem where, instead of individual labels for
each training instance, the algorithm has only access to the
proportion of different labels within groups of instances,
called bags. This may occur due to privacy/legal restrictions
(Rueping, 2010; Wojtusiak et al., 2011), cost of supervision
(Chen et al., 2004), lack of resolution in labeling instruments
(Dery et al., 2018), etc.

While initial formulations of LLP date back to at least
15 to 20 years ago (e.g., (Chen et al., 2004; de Freitas &
Kuck, 2005; Musicant et al., 2007; Quadrianto et al., 2008;
Rueping, 2010)), it is only with the recent changes in the
Web advertising industry that we see a substantial resur-
gence of interest in this problem. Web advertising, arguably
one of the largest scale real-world applications of Machine
Learning, is undergoing important changes in recent years.
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Adpvertisers (or other entities working on their behalf, often
called AdTechs) train models for predicting the chance that a
user will convert (e.g., sign up for an account, buy a product,
etc.) after they clicked advertisements posted on a publisher
website. The output of such models is typically used as
inputs when computing the bid price in online auctions that
power automated bidding over the Web. Now, since the ad
click and conversion events happen on different websites
(the auction and the click event is on a publisher website,
the conversion event is on an advertiser website), collect-
ing training labels amounts to linking the two events, thus
tracking the user behavior across the two sites.

Historically, third-party cookies or link decoration has made
this straightforward. Nonetheless, even acknowledging the
critical role that online advertising is playing on the web
(and the impossibility of perfect user tracking protection),
growing privacy concerns have led major web browsers to
introduce ad hoc APIs to measure ad performance while, at
the same time, protecting user privacy. These include APIs
from Apple’s Safari (Wilander, 2019), and Mozilla’s Firefox
(Crouch & Crawford, 2022) which have both deprecated
third-party cookies in past years. These APIs allow AdTechs
to collect cross-site data only in aggregate. For instance,
from the publisher viewpoint, where the auction is run, it is
of paramount importance to obtain effective per-interaction
predictions. Yet, what the publisher observes is only a list
of ad interactions (the click events) and an unordered list of
conversion events (that is, their number) that originate from
those interactions on the advertiser side. We view LLP as a
principled technique for making the best use of these APIs
for training conversion models.

Given the above context, in this paper we unveil a versatile
and effective debiasing methodology that extracts signals
from aggregate label information. This novel low-variance
approach represents an important leap forward in LLP, as it
allows us to effortlessly accommodate a panoply of practi-
cally relevant loss functions, in both binary and multi-class
classification settings. Below we discuss our contribution in
the context of the relevant LLP literature.

Related work. As elucidated, e.g., by Franco et al. (2023),
many variants of LLP exist depending on the postulated
relationships among bags, features and labels. We consider
here the variant where bags are generated at random, inde-
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pendent of the data content. While relatively simple, we
shall see that this setting already poses substantial technical
challenges when it comes to studying sample complexity
guarantees. The most relevant papers to our work in this
setting are (Busa-Fekete et al., 2023; Li et al., 2024; Busa-
Fekete et al., 2025). We defer to Appendix A for a more
comprehensive survey of the LLP literature.

Like our work, the three aforementioned studies operate
within a standard statistical learning framework with ran-
dom, non-overlapping bags, but unlike ours, they are limited
to binary classification. Busa-Fekete et al. (2023) propose
a general LLP reduction to standard learning, applicable to
any bounded loss, which turns aggregate labels into unbi-
ased individual estimates, albeit increasing variance. They
show k/\/n regret guarantees for methods like ERM and
SGD, where n is the sample size and k is the bag size. Li
et al. (2024) and Busa-Fekete et al. (2025) concentrate solely
on square loss, and improve in various ways over (Busa-
Fekete et al., 2023). Specifically, Li et al. (2024) achieve fast
rates of the form k3 /n in (restricted) realizable settings, sub-
sequently improved to the optimal rate & /n in (Busa-Fekete
et al., 2025). The latter paper also contains non-realizable
sample complexity bounds of the form \/k/n, again im-
proving over (Busa-Fekete et al., 2023) when the loss is the
square loss.

Contributions. Inspired by Busa-Fekete et al. (2023)’s
broad scope, our work refines and significantly extends
prior LLP investigations. Notably, our analysis embraces
a diverse spectrum of practical, even unbounded, loss
functions—unlike the constraints in (Busa-Fekete et al.,
2023; Li et al., 2024; Busa-Fekete et al., 2025). We refine
and significantly extend these prior investigations in multi-
ple ways. For instance, we show that the regret guarantees
of \/k/n for the non-realizable setting can also be achieved
for arbitrary binary and multi-class classification scenar-
ios with unbounded losses (like the log loss/cross entropy
loss) under bounded moment conditions (Theorem 3.2 and
Theorem C.2). We also extend Busa-Fekete et al. (2025)’s
optimal k/n realizable regret far beyond square loss (The-
orem 3.5). More importantly, we provide the first unified
treatment of multi-class LLP. Within this framework, we
introduce a fundamental distinction between full histogram
and fotal multi-class scenarios, based on the granularity
of class-wise aggregate label information. This practically
motivated differentiation directly dictates regret guarantees:
full histogram often yields c-independent bounds (c being
the number of classes) whereas total multi-class regret scales
as c. Further, we report the results of a suite of experiments
on a diverse set of real-world benchmarks, where we com-
pare our debiasing technique to representative baselines
available in the literature having the same breadth of appli-
cability. We follow, whenever possible, prior experimental
setups (like the one in (Busa-Fekete et al., 2023)), but choose

to report log loss test set results, as more in line with the
afore-mentioned motivation about conversion prediction.
Though somewhat preliminary in nature, these experiments
reveal the effectiveness of our method, specifically when
dealing with large bag sizes. This is indeed the scenario we
are mostly concerned with for Web advertising, where the
aggregate signal might even be at the level of ad campaigns
(hence, very large bags).

2. Preliminaries and Notation

We denote by X' the input space (sometimes called fea-
ture space or instance space), and by ) the label space,
which can be either binary, ) = {0,1}, or multi-class,
Y ={0,...,c— 1}. We denote by D an unknown distri-
bution over X x ), and denote the corresponding random
variables by = and y. We also denote by Dy, the condi-
tional distribution of random variable y given z. For each
classr =0,...,¢c — 1, we denote by 7,.(z) the probability
me(@) = Poy, (y = rle) = By, [{y = r}le], where
{-} is the indicator function of the predicate at argument.
We shall often gather such probabilities into a c-dimensional
(column) vector 1(x) = [no(z), . ..,ne1(z)]". Note that
S (x) = 1forall z € X. In the binary case, where
y € {0,1}, there is no need for a vector notation, and we
simply define n(z) = Pp,, . (y = 1|z) = Eyop,, , [y|z] to
be the probability of drawing label 1 conditioned on feature
vector . When clear from the surrounding context, we shall
often shorten or remove the subscripts from probabilities
and expectations and write, e.g., E(, ) [f (2, )], instead of
E(zy)~p[f(z,y)], and E[y|z] instead of Eyp,, , [y|z]. No
ambiguity will arise.

We take the standard viewpoint of statistical learning, and
operate within a given function class H (sometimes called
hypothesis space or hypothesis class), where each h € H
is a deterministic mapping h : X — Z, where Z is some
output space. In the binary label case, we shall work with
Z = [0, 1], so that 2 (x) can be interpreted as the probability
that y = 1 given z according to model h. In the multi-class
case, the output space Z will depend on the loss function
(see below). For instance, we may have Z = A_, the c-
dimensional probability simplex A. = {(ho,...,he—1) :
h; >0, Zf;é h, = 1}, thus h,(z) can be interpreted as
the probability that y = r given x according to model h.

A loss function ¢ : Z x Y — Rt measures the
discrepancy between h(z) and y. Notable examples of
loss functions where Z = A, include the square loss
(h(x),y) = 23T {y = 7} — he(x))? (sometimes
called Brier score), which reduces in the binary case to
the more familiar expression £(h(z),y) = (y — h(x))?, and
the log loss ¢(h(x),y) = —log hy (), which in the binary
case can be rewritten as £(h(x),y) = —ylogh(x) — (1 —
y) log(1 — h(z)). Another loss function, often used to train
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and evaluate conversion prediction models in ad domains, is
the (capped) Poisson Log Loss, where Z = [0, ¢ — 1], and
L(h(zx),y) = h(z) — ylog h(z), see, e.g., (Li et al., 2010).

Disregarding the capping, this can be seen as the negative
log likelihood of y generated by Poisson distribution with
parameter h(z). Hence minimizing this loss is equivalent to
maximizing the log likelihood of the parameter i (z) given
the observation y.

Following very recent works on the subject (Busa-Fekete
et al., 2025), we decided to skip the heavy machinery of em-
pirical process theory (e.g., (Bartlett et al., 2005; Boucheron
et al., 2012; Vershynin, 2018; Lugosi & Mendelson, 2016;
Hggsgaard & Paudice, 2025)), and restrict to the case where
the hypothesis space H is finite. The main ideas contained
in this paper can be lifted to infinite hypothesis cases, at
the cost of mathematical details which are, however, not
specific to the LLP framework.

Given D, H, and ¢, the population loss (or statistical risk) of
h e His L(h) = E( ) ~p[l(h(x),y)] . The excess risk, or
(simple) regret Reg(h) of h is defined as Reg(h) = L(h) —
E(ﬁ*), where 7* = arg miny, ¢4, L£(h) is the best-in-class
hypothesis, that is, the hypothesis in H having the smallest
population loss. The learning setting is realizable when
the Bayes-optimal predictor h* = argmin,.y_, = L(h),
belongs to H (here the minimum is taken over all possible
(measurable) functions), and is otherwise non-realizable.
Thus, in the realizable setting, h* = h*.

2.1. Our Learning with Label Proportions problem

An example is a pair (x,y) drawn according to D. A
dataset S of size n is an ii.d. sequence of examples
S = (z1,y1),- -, (Tn,yn). In Learning with Label Pro-
portions (LLP), the feature vectors x; in .S are available in
the clear, while the labels are obfuscated by randomly group-
ing them into m bags of a given size k, withn = m X k.
That is, the dataset .S is only available in the form

S = ((.’El’l, e ,.’El’k), al), ..

(B1,a1)

© ((xm,la DR 7xm,k)7 am) 9

(Bm,am)

ey
where «; is the aggregate label value associated with the
j-thbag B; = {x;,;: 4 € [k]}. In the binary label case,
o = % Zle 15,4 1s simply the label proportion (fraction
of positive labels) in the j-th bag. In the interpretation of
click events and conversion events we alluded to in the intro-
duction, z; 1, . .., ; % encode a sequence of (publisher side)
click events and associated features occurring either within
a given time frame or within a campaign (or aggregated
in some other way), and ko is the number of conversions
associated with those clicks on the advertiser side. The
multi-class case is a scenario where multiple conversions
may be associated with a given click. In this case, we need

to separate two kinds of aggregate labels, corresponding to
two different practical settings. We are in the full histogram
multi-class case when the label proportion for the j-th bag is
a c-dimensional vector a¢; = [t 0, . .., c—1] " where, for
eachclass 7 € {0,...,c— 1}, a;, = L % {y;; =r}is
the fraction of times label r occurs in the j-th bag (note that
«; is a probability vector, in that Zf;é aj, =1). We are
in the total multi-class case when the classes 0,1,...,¢—1
can themselves be interpreted as counts (e.g., y is the num-
ber of purchases associated with a given user z within a
given time frame, capped at ¢ — 1) and, for each bag j only
the overall fractional count o; = Zle Y4, within the
bag is available. Note that in the binary case, the two notions
collapse, and are in turn equivalent to the above-mentioned
fraction of positive labels in a bag. The pair (5;, o) will
often be denoted by z;.

Therefore, in LLP the learning algorithm receives informa-
tion about the n labels y; ; in S only in the aggregate form
determined by the m signals «;. This signal is a (probabil-
ity) vector «; in the full histogram multi-class case, and
a single number in the total multi-class case (as well as in
the binary case). Note that for a fixed dataset size n = mk,
increasing k reduces available label information. Addition-
ally, the multi-class task is naturally more difficult than the
binary task, with the total scenario being harder than the full
histogram scenario.

Given a distribution D over X x ), a hypothesis space H
and a loss function ¢, our goal is to find he H such that the
population loss ﬁ(ﬁ) is as small as possible with high prob-
ability over the random draw of S. It is important to stress
that in LLP the goal is that of minimizing the population loss
at the individual label level y, still receiving information
in the form of aggregate labels (1). We aim to design LLP
algorithms for h, and quantify Reg(ﬁ) in both realizable
and non-realizable settings, analyzing its dependence on bag
size k (label obfuscation), total examples n, properties of
the loss function ¢, and class count c. Extending beyond re-
cent square-loss investigations ((Li et al., 2024; Busa-Fekete
et al., 2025)), we cover a wide range of practical, potentially
unbounded, loss functions. Utilizing a Median-of-Means
Tournament (Lugosi & Mendelson, 2016) (see Section 3.1
for details), we derive sample complexity guarantees that
significantly advance prior art in two key directions: gen-
eral loss functions for binary classification, and multi-class
classification with general losses (with either full histogram
or total label information).

3. Bag-level Estimators for Arbitrary Losses

This section contains our general treatment for the binary
classification case. Due to space limitations, the multi-class
setting is mainly contained in Appendix C.
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Given amodel h : X — [0, 1] for binary labels, consider a
generic loss function ¢(h(z),y). Note that, because labels
y are binary in {0, 1}, we can always rewrite {(h(z), y) as

fl(h(x)) f2(h(z))

—
(). y) = 1), 0) +y (£h(@). 1) — £(h(@).0))

Hence, for suitable functions f1, fo : [0,1] — R, any loss

depending on binary labels is linear in the label y, and can be

written as {(h(z),y) = f1(h(x))+yf2(h(zx)). For instance,
1

the log loss is obtained by setting f1(h(z)) = log =he)

fa(h(z)) = log 1;5;”), and the square loss is obtained by
fi(h(z)) = (h(x))?, and fo(h(z)) = 1 — 2h(x), where in
both cases h(z) € [0, 1] for all z.

For bag z = ((x1, ..., xx), ), consider now the bag-z loss

by(h, 2) = Ex[f1(h(x)) + p f2(h(2))] 2

k
+(a=p) (D falh(@) = MEL[F2(h(@))])
i=1

where p = E[y]. We use here and throughout the notation £},
to emphasize the role of (2) as a bag-level loss, and to clearly
differentiate it from the original loss £. Loss ¢;(h, z) is a
bag-level counterpart to £(h(z), y), based on the centered
variables a—p and Zle fa(h(x;))—KkEg[fo(h(x))], where
exact knowledge of p, E,[f1(h(x))], and E.[f2(h(z))] is
assumed. This assumption will be lifted later. The follow-
ing lemma shows that ¢;(h, z) is an unbiased estimator of
E(z,) [(h(z),)]. Moreover, the centering helps reduce the
variance to a constant which depends on the loss ¢ and the
model A at hand but, crucially, is independent of the bag
size k. All proofs are given in Appendix B.1.

Lemma 3.1. Let (z1,y1),- .., (zk,yx) € X x {0,1} be
drawn i.id. from D. Let z = ((z1, ..., %), &) be the cor-
responding bag. For any function h € ‘H, and any binary
loss L(h(z),y) = f1(h(z)) + yf2(h(x)), we have

E, Mb(hv Z)] = IE(Jc,y) [f(h(l‘), y)] ,
and Var, (y(h, 2)) < 3B, [(f2(h(x)))?] .

A few comments are in order at this point. First, we shall
massage Lemma 3.1 to make it useful for our analysis (see
Section 3.1 below). Yet, what this lemma is intuitively
saying should be clear: any loss function for which the n
examples (x;,y;) are available in the clear can be replaced
in expectation by a loss function where only the m bags
zj = ((zj1,--.,%;k), ;) are observable instead. More-
over, the fact that the variance of this bag-level loss is in-
dependent of k£ makes the price for this replacement quite
crisp: Instead of dealing with n-many supervised signals y;,
we make do with only m-many aggregate signals «;. This is

similar in spirit to the result contained in (Busa-Fekete et al.,
2023) (Proposition 4.2 therein), where an unbiased estimator
for general losses is also provided. The important differ-
ence here is that whereas the variance of the estimator in
(Busa-Fekete et al., 2023) grows linearly with k (as shown
in their Theorem 4.3), the variance of our estimator is inde-
pendent of k. In terms of regret, this directly translates into
a bound of the form 1/y/m (or 1/m in realizable scenarios)
as opposed to \/k/m, as given in (Busa-Fekete et al., 2023).
Note that when all n labels are available, the best possible
bounds read 1/v/n = 1/v/mk or 1/n = 1/(mk). Second,
the very same arguments above can be adapted to the case
where dataset .S has bags of different sizes k1, ks, . . ., km,
with Z;’;l kj = n, as we do still have m-many supervised
signals, k being replaced now by k, the average size of the
bags in S. Third, this is essentially the best one can hope
for in terms of how regret depends on 7, when the dataset
is arranged into m = n/k non-overlapping bags of size k.
As shown in Theorem 3.1 of (Busa-Fekete et al., 2025) (see
also Theorem 8 in (Li et al., 2024)), there are simple real-
izable problems where the regret of any algorithm cannot
be better than O(k/n) = O(1/m). Fourth, the centering
of the variables in the estimator (2) is reminiscent of what
the authors of (Busa-Fekete et al., 2025) have very recently
proposed for square loss, in order to reduce variance. Yet,
our estimator (2) virtually applies to any loss, not just to
square loss and, even for square loss, it does not reduce to
the estimator in (Busa-Fekete et al., 2025) (the right com-
parison is to what those authors call the non-clipped version
of the loss at the bag level in Eq. (2) therein).

3.1. The Median of Means Tournament Algorithm

In order to achieve regret rates which are fast when realiz-
able conditions allow them, it is well-known (e.g., (Massart,
2000; Mendelson, 2002; Bartlett et al., 2005)) that instead
of estimating (population) losses we need to estimate loss
differences, that is, for each hy, ho € H, we would like to
actually use the estimator

Afb(hh hg; Z)
= &,(hl, Z) — &,(hg,z)
= E.[Afi1(h1, ho; 2)] + pEy[A fo(ha, ho; )] 3

k
+ (o= p) (32 Afahn haiws) = KEL[A Lol hai )

i=1

where:

Afi(hy, ho;x) = fi(hi(z)) — fi(ha(z))
Afa(hi, ha;x) = fo(ha(w)) — fa(h2()) .

In addition, since we want to cover losses of practical rele-
vance, like the log loss, which are unbounded, we resort to
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a Median-of-Means (MoM) estimator.' This is in contrast
to empirical mean estimators, which are the basis of the Em-
pirical Risk Minimization (ERM) methods in (Busa-Fekete
et al., 2023; Li et al., 2024; Busa-Fekete et al., 2025). (ERM
is sensitive to the range of the loss values, even if mean and
variance of the loss are bounded.)

Our algorithm is thus shaped as a MoM fournament. We
first need to recall what a MoM estimator is. Given a set of
i.i.d. random variables S = {vy, ..., v, } with finite mean
w and variance, consider the index set [n] = {1,...,n},
and randomly partition it into 7 groups Z, . .., Z,, each of
size |Z;| > [%]. Then let E(Z;) = ﬁ > jez, vj be the
empirical mean for the i-th group. Then define the MoM
estimator Jipom(S) of o based on S as?

fintom (S) = median{]E(Il), o ,E(L)} .

As is standard for MoM estimators (e.g., (Lugosi & Mendel-
son, 2016)), we shall set throughout » = [81og(1/§)] (and
assume in all our applications of MoM that n > r), where
d € (0,1) is the desired confidence level.

Now, in order to remove the knowledge of p,
Em[Afl(hhh%l')}, and EI[AfQ(hl,hg;x)] in (3),
we replace the three expectations by empirical estimates on
separate datasets. Specifically, we partition the set of bags
S into three disjoint subsets, 51, S2, and S5 of equal size:

S={u,.. L Zam) . (@)
S1 Sz SS

Subset S; will be used to estimate E,[A f1 (hq, he, z)] and
E.[Af2(hi, he;x)], subset Sy will be used to estimate p,
and subset S5 will be the one out of which the LLP estimator
(3) will be constructed. More specifically, we replace in (3)
the average p by ps, = % ijmH «j, that is, a simple
empirical average of the label proportions observed on Ss.
The average E, [A f1(hq, ha, )] will be estimated as

Es, [Afi(h1, hs)]
= [iMoM ({'Ul,h B UL N e T ,Um,k}) ;

where, for each j € [m] and i € [k], v;; =
Afi(ha, he,x;;), with z;; being the i-th feature vec-
tor in the j-th bag in S; (recall that all x;; are avail-
able in the clear). Likewise, E,[A fa(hq, ho;x)] is esti-
mated through ]1?351 [Afa(h1, ho)] where, this time, v;; =

';vaszrlv . -722m,z2m+1» .

!Other estimators working with unbounded random variables
could be used instead, see, e.g., the survey (Lugosi & Mendel-
son, 2019). Moreover, if we restricted to bounded losses, then a
standard empirical average would suffice here.

2If the median is not uniquely defined (which may happen when
7 is an even number) we take the average of the two middle points.
So, for instance median{1, 2,3} = 2, but median{1,2,3,4} =
2.5. Note that this always implies fivom(—S) = —fimom(.5). E.g.,
median{—1, -2, —3} = —2, and median{—1, -2, -3, —4} =
—2.5.

Afy(ha, he;x;;). For each bag z; € Ss and pair hy, hy €
H then define

Aly(hy, ho; ;) )
= Eg, [Af1(h1, ho)] + Ds, Es, [Afa(hy, ho)]

+ (ozj - ﬁ&) (i Afa(hy, ho; @)
=1

~ kB, [Afa(n, )]

Finally, we define a MoM estimator based on the bags
of S3. Specifically, consider the m bags z; of S3 =
{z2m+1s- -+, 23m}, and set

Q(h17 h27 S)
= M0M<ﬁgb(h17 ho; Zomg1)s - -y Aly (R, ho; Zsm)) .

Note that, by the way we defined the median,
Q(h1,h2; S) = —Q(h2, h1; 5).

Algorithm 1, based on the Median-of-Means tournament
approach (Lugosi & Mendelson, 2016) (see also Chapter 6
in (Devroye & Lugosi, 2001), and (Daskalakis et al., 2012)),
iteratively eliminates losing functions from pairs in 7 when
confidence is sufficient (|Q(h1, h2; .S)| > 5/2), outputting
any remaining function in the pool. Theorem 3.2 (proof in
Appendix B.2) provides its regret guarantee under a bounded
second moment assumption.

Algorithm 1 MoM tournament algorithm.

input : Dataset S made up of 3m bags, each of size k > 1,
desired regret bound 8 > 0

e SetP="H

e forall hy,ho € H, hy # ho do
~IfQ(h1, h2;S) > /2 then P — P\ {h}
~IfQ(hy,h2;5) < —B/2 then P — P\ {ha}

output : h is any h € P

Theorem 3.2. Let S = (x1,41),- .., (@n, yn) be drawn i.i.d.
Jfrom a distribution D over X x {0, 1}. Let the loss ¢(-,y) =
f1() + yfa(:) be such that the maximal second moments
maxpey Ky [(fl(h(CU)))Q] and maxpey Ey [(f2(h(l’)))2]
are finite. Let h* = minpey L(h) be the best-in-class
hypothesis. If S is split into 3m random bags of size k, with
n = 3m x k as in (4), then for all 3 > 0, the hypothesis h
output by Algorithm 1 satisfies Reg(h) < B with probability
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at least 1 — 0, provided

WO (ka,%z (H) log(|#[/9)

ﬂQ
N 07, (H) log(|H|/8) + E*[H] log(1/5)
52
+k log(’H/5)> ;

where the big-oh only hides absolute constants, and
2 — , _ £(h* P —
0%, (M) = max Var, (£i(h(a)) = fi(h*(@))), i = 1,2

E*[H] = maxE2 | fo(h(x)) — fo(h*(2))] -

For completeness, we provide in Appendix B.3 (Theorem
B.2) a more general statement that applies to bags of dif-
ferent sizes ki, ko, . . ., where k in Theorem 3.2 is replaced
by the average bag size %. Similar generalization can be
proven for the subsequent Theorem 3.5, as well as for the
algorithms operating in the multiclass settings.

Theorem 3.2 can be extended to infinite H using Hggsgaard
& Paudice (2025)’s machinery. The tournament in Algo-
rithm 1 is replaced by a simpler Empirical Risk Minimiza-
tion, using MoM estimators instead of standard averages.

Example 3.3. We now apply Theorem 3.2 to standard losses,
like square loss and log loss, viewed here as canonical rep-
resentatives of bounded (square) and unbounded (log) loss
functions. The square loss £(h(z),y) = (h(z) — y)? is ob-
tained by f1(h) = h? and fo(h) = 1 — 2h, with h € [0, 1].
Both f(-) and f5(-) are bounded; it is immediate to see that
02 (M) <1,0% (H) <4, and E*[H] < 4.

The log loss £(h(z),y) = -—ylogh(z) — (1 —
y) log (1 — h(z)) is obtained by fi(h) = log %, and
fa(h) = log 12, for h € [0,1]. Neither f1(-) nor fo(-)
is bounded. Yet, in order to guarantee the finiteness of
the variance parameters in Theorem 3.2, it suffices to as-
sume the finiteness for all A € H of the second moments
E, [log2 %] and E, [log2 ﬁlm] A paradigmatic exam-
ple where this is the case is when the models h(x) are rep-
resented as sigmoidal functions h(z) = o(wp(z)), where
o(a) = %’ a € R, and wy, : X — R is the so-called
logit of model h. With this representation, one can see
that the above finiteness conditions is implied by the finite-
ness of E, [(wp,(x))?]. These are rather folklore facts. For
completeness we give the details of these calculations in
Appendix B .4.

The sample complexity from Theorem 3.2 is of the form
n = O(k/B?%). The bound applies to the general non-
realizable setting, and constitutes a so-called slow rate, as

the dependence on the regret /3 is inverse quadratic. A sam-
ple complexity guarantee with a similar scope as ours is the
one from (Bvusa-Fekete et al., 2023), whose bound is of the
form n = O(k?/[3?), that is, a slow rate with, in addition,
a quadratic dependence on k, instead of linear (the authors
work under general, but bounded, loss functions).

The more recent papers (Li et al., 2024; Busa-Fekete et al.,
2025) do contain fast rates for realizable settings, but they
only apply to the square loss case. In particular, the guar-
antee in (Li et al., 2024) is of the form n = O(k3/83), but
it holds only in the more restricted realizability condition
where L(h*) = 0, and the models in { have binary output,
hence disallowing noise in the labels. The realizable guaran-
tee in (Busa-Fekete et~al., 2025), on the other hand, is a fast
rate of the form n = O(k//3) which, as we already recalled,
is best possible (up to log factors).

We next show that a similar fast rate can be achieved by
Algorithm 1 on a wider family of loss functions that are
more relevant in practice than square loss.

Given loss function {(a,y) = fi(a) + yfa(a), with a €
[0,1] and y € {0, 1}, consider its extension £ : [0,1] x
[0,1] — R, defined as £(a,b) = fi(a) + bfa(a), where we
have simply turned the range of the second argument from
{0,1} to [0, 1]. We say that /¢ is quadratically sandwiched
w.r.t. f1 and fs if there exist constants C; > ¢; > 0, and

C > ¢o > 0 such that, forall a,b € [0,1],and i = 1, 2,

Ci 2 — — C; 2
S (fil@=1i®) = Ua,b)~10,6) = S (fila)-£i0)) -

(6)
As explained below, in order for fast rates in realizable
settings to hold, only the constants c¢; and c5 that appear in
the lower bound will matter.

Example 3.4. We illustrate (6) through some examples. For
square loss, recalling Example 3.3, condition (6) is clearly
verified for fo, since (fa(a) — f2(b))? = 4(a — b)? =
4((a,b) — (b, b)), resulting in Cy = co = 2. As for f1,
we have ¢; = 1/2, but in order to get a finite C';, we have
to require that either a or b is bounded away from 0. E.g., if
a+b>e>0thenC; = E% Yet, the constant C; will be

immaterial in realizable settings — see below.

For log loss, one can easily see that £(a,b) — £(b,b) =
blog & + (1 — b)log 1=t = KL(b, a), the KL-divergence
between two Bernoulli random variables with biases b and
a. As for condition (6), consider again the sigmoidal repre-
sentation in Example 3.3. This condition boils down to the
strong convexity (cs side) and strong smoothness (Cs side)
of the function wy;, — log(1+ ¢*“*). This function is known
to be strongly smooth, but the strong convexity requires the
logits wy, to be bounded. Boundedness is also needed in
order to enforce (6) on C' and ¢;. Appendix B.5 contains
detailed calculations for these conditions.



LLP for general loss functions

The following theorem specifies the properties of Algorithm
1 for quadratically sandwiched losses. The proof is in Ap-
pendix B.6.

Theorem 3.5. Under the same assumptions and notation as
in Theorem 3.2, let the loss { satisfy thAe sandwich condition
(6). Then forall 8 > 0, the hypothesis h output by Algorithm
1 satisfies Reg(h) < [ with probability at least 1 — 6,
provided

n:O<<fZﬁ+k(f§+l)7h(ﬁ*,h*)

32
L+ (L +1) (e n) L) e 2
+ ﬂ2 + og T

where 7, (hh7) = B[ (fi(h(2)) = fih*@)?], i =
1,2, and the big-oh notation only hides absolute constants.
In the realizable case (h* = h*) the bound reduces to

B ko1 1 |

Thus in the realizable case the bound has the form n =
O(k/B) we expect for fast rates of convergence. We have a
specific dependence on the curvature properties of the loss
function, as quantified by (6) via the lower bound constants
c1 and co. Note that the upper constants C'; and C'y do not
play a role in the realizable bound. More lax conditions can
be formulated in order to achieve fast rates, as available in
the standard statistical learning literature. We could adapt
such conditions to LLP as well. The reader is referred, e.g.,
to (Grunwald & Mehta, 2020), and references therein.

3.2. The Multi-Class Case (Sketch)

Any loss function £(h(x),y) for multi-class labels y €
{0,...,¢ — 1} can always be written as {(h(x),y) =
Zf;(l) y = r}L(h(x),r) . The bag-level estimator for the
full histogram multi-class scenario is a generalization of
the one for binary labels, where the role of the two func-
tions f1(h(x)) and f2(h(z)) is now played by the ¢ loss
components ¢(h(x),r), r = 0,...,c — 1. The LLP algo-
rithm is the very same as Algorithm 1, but applied to the
alluded bag-level estimator for full histogram multi-class—
see Appendix C for details.

On the other hand, we are able to handle the rofal multi-
class case only when ¢ has the affine form ¢(h(z),y) =
fi(h(z))+yfa(h(z)), where now, y € {0,...,c—1}. The
loss admits this representation if it can be interpreted as
the negative log-likelihood of a distribution in the (single-
parameter canonical form) exponential family for which
y is a sufficient statistic. Notable examples are the Pois-
son Log Loss ¢(h(z),y) = h(z) — ylogh(z) (negative

log-likelihood of Poisson distribution) and the square loss
{(h(z),y) = (y — h(x))? (negative log-likelihood of a
Gaussian distribution with unit variance; note that the y2
term can be disregarded here, as it is independent of h(z)).
The multi-class log loss/cross-entropy does not admit this
representation.

From Appendix C, one can see that the regret guarantee we
obtain for our algorithm in the full histogram case (Theorem
C.2) is of the form

k AP (H) log<|H|/6>>
32 ’

where A(?(H) = maxpey E, [max, (¢(h(z), r))Q} is the
factor hiding the dependence on the number of classes c.
This dependence can be removed completely if the loss
is bounded, and turned into a mild log ¢ when the loss is
unbounded but has light tails. On the contrary, the bounds
for the total multi-class case mimic rather closely those for
binary labels (Theorem 3.2 and Theorem 3.5) but with an
extra ¢2 factor, due to the inflated variance terms. Details
are again contained in Appendix C.

n=0(

For practical reasons, in the experiments that follow we de-
part from the MoM tournament scheme, and rather test our
bag-level estimators combined with SGD-like algorithms
operating with log loss.

4. Experiments

We compare our general unbiased proportion matching loss
(2) against standard baselines, where the goal is to mini-
mize the log loss, which is more aligned with our goal of
coping with conversion prediction problems in ad domains.
We evaluate against EasyLLP (Busa-Fekete et al., 2023)
and a standard proportion matching method (e.g., (Yu et al.,
2013)), which is shown to be a strong baseline in (Busa-
Fekete et al., 2023). Dataset preparation and experimental
setup is heavily inspired by (Busa-Fekete et al., 2023). We
conduct two kinds of experiments: (i) batch experiments,
making many training passes over a dataset aimed at achiev-
ing low instance-level log loss on held-out test data, and
(ii) an online experiment on the Criteo Display Advertising
Challenge dataset (Tien et al., 2014), where the goal is to
make accurate predictions on a stream of data as it arrives.

Datasets and Models. We conduct batch learning exper-
iments on the MNIST (LeCun et al., 2010), CIFAR-10
(Krizhevsky, 2009), Higgs (Baldi et al., 2014), and Adult
(Kohavi & Becker, 1996) datasets. For MNIST the training
labels are binarized based on whether each digit is even
or odd, while for CIFAR-10 we consider two binarization
strategies: Animal-vs-Machine and Cat-vs-Rest. We train
convolutional neural networks for MNIST and CIFAR-10
and fully-connected networks for Higgs and Adult. Our



LLP for general loss functions

online experiment is conducted on the Criteo Display Ad-
vertising Challenge (Tien et al., 2014), which is a click
prediction task where each training example contains infor-
mation about an ad impression and the label corresponds
to whether the ad was clicked or not. For this dataset, we
use a deep embedding network, where each feature value is
associated with a learned embedding vector and the model’s
prediction is the output of several fully-connected layers
applied to the concatenated feature embeddings. Further
details are given in Appendix D.

LLP Losses. GENERALUPM is our unbiased proportion
matching loss (2), EASYLLP is the LLP loss of Busa-Fekete
et al. (2023), and PM is the standard proportion matching
method. In the batch setup, we instantiate each LLP loss
with binary cross-entropy with smoothed labels; in the on-
line setup no label smoothing is applied. Note that label
smoothing only changes the loss definition, the event-level
labels are not modified. Details of the losses and implemen-
tation of GENERALUPM and EASYLLP are in Appendix D.

Batch Experimental Setup. LLP training data is con-
structed by shuffling and grouping consecutive examples
into non-overlapping bags of the desired size. If the number
of training examples n is not divisible by k, the leftover
examples are discarded. We train models on each dataset
using the Adam optimizer (Kingma & Ba, 2015) to mini-
mize each LLP loss. We train for F' epochs (passes through
the training data) where on each epoch the order of the LLP
bags is shuffled. Note that we do not change the examples
present in each bag per epoch, since that would gradually
leak additional label information. We use bag sizes k = 2°
fori =0,...,11 and batches that contain 2'? = 4096 train-
ing examples regardless of k. Learning rates are tuned from
10~7 to 10! (16 log-spaced values); the label marginal p
is estimated as the average label proportion over the entire
training dataset. For each dataset, LLP loss, bag size, and
learning rate, experiments are repeated 10 times with ran-
domized data shuffling and model initialization. After each
epoch, the average instance-level log loss is measured on
test data. The lowest average test log loss achieved is then
reported for each dataset, LLP loss, and bag size.

Online Experimental Setup. This is similar to the batch
setup with the following modifications. We read the data
in consecutive chunks of 2'6 examples. On each chunk,
the model is evaluated before the parameters are updated.
The model updates are performed similarly to the batch
setting: the chunk examples are shuffled and partitioned
into consecutive bags. This simulates ad serving where
predictions precede aggregate label updates of the model
weights. The online experiment is repeated 5 times with
different model initialization and data shuffling seeds. For
each bag size, we tune the learning rate over the same grid
to optimize the average log loss over all chunks. Finally, the
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Figure 1. Minimum average test log loss achieved for each &, opti-
mized across various learning rates and stopping epochs. Results
are averaged over 10 repetitions, with error bars representing one
standard error.
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Figure 2. Left: Average chunk log loss for each LLP loss and bag
size. Right: the per-chunk log losses during online training for
bag size 2''. Error bars indicate one standard error in the mean
across 5 repetitions.

label marginal p is estimated for each chunk as the average
label proportion for bags in that chunk. This is required to
track the time-varying click rate in the Criteo dataset.

Results. Fig. 1 shows the test log loss achieved by each LLP
loss in the batch experimental setup. On all batch datasets
and LLP losses, the performance with bag size 2! is trivial,
so we omit this bag size. We also omit bag sizes smaller
than 24 in order to focus on the more challenging settings.

We note that for smaller k£, PM consistently achieves the
lowest loss. We conjecture that this is due to the fact that
in realizable scenarios PM operating with a proper loss
function (the log loss is indeed proper) can be shown to
approximate the Bayes optimal odds P(y = 1|z) (see, e.g.,
Theorem 3.2 and Corollary 3.3 in (Busa-Fekete et al., 2023)).
This may explain, in particular, the very good performance
of PM on MNIST Even-vs-Odd, given how easy this dataset
is. As we depart from realizable scenarios, the situation
becomes a bit murky. As k increases, the bias of PM in-
creases as well, causing a degradation of its relative perfor-
mance against GENERALUPM (which remains unbiased in
all cases). Except on MNIST Even-vs-Odd, we consistently
see that for larger K GENERALUPM performs better than
the baselines. Figure 2 shows the average log loss on the
Criteo dataset where we see the same trend: PM performs
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well at small bag sizes k, but GENERALUPM is much bet-
ter at larger k. We also include a plot of the per-chunk log
loss for bag size 2'!, where we see that GENERALUPM
has better performance over the entire duration. See also
Appendix D for corresponding results based on AUC and
plots including all bag sizes.

5. Conclusions and Limitations

Our LLP method applies to virtually any loss function. As
in past investigations, we are centered around designing
(almost) unbiased estimates of the instance level population
loss through bag-level information. However, unlike past
investigations, we have been able to reduce the variance of
our estimators to a quantity that is independent of k. On one
hand, this directly translates to improved/optimal sample
size results in both realizable and non-realizable settings,
extending to a broader array of losses than recent square-loss
studies. On the other hand, this gives our method a desired
robustness to varying bag sizes, as the regret guarantees only
depend on the number m of available bags, irrespective of
their sizes. Experiments on binary datasets demonstrate
improved performance over baselines in large k regimes,
a crucial aspect for modern applications of LLP to online
advertising.

From a theoretical standpoint, the tightness of our multi-
class bounds regarding ¢ remains unknown. Additionally,
we currently do not have a fast rate analysis for the full
histogram multi-class case. Moreover, the necessity of the
affine loss form we assumed for the total multi-class set-
ting, which currently limits our technique’s applicability,
is unclear. Finally, the paper is limited in its experimental
investigation, as it currently restricts to binary classification.
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A. Related Work

The problem of Learning with Label Proportions (LLP) has historically been motivated by real-world applications where
labels are available not for each data point, but only in the form of aggregate labels for bags of data. This may occur due to
privacy and legal restrictions (e.g., (Rueping, 2010; Wojtusiak et al., 2011)), cost of supervision (e.g., (Chen et al., 2004)),
lack of resolution in labeling instruments (e.g., (Dery et al., 2018)), etc.

LLP garnered initial attention in the research community with early contributions from (de Freitas & Kuck, 2005; Musicant
et al., 2007; Quadrianto et al., 2008; Rueping, 2010; Stolpe & Morik, 2011; Yu et al., 2013; Patrini et al., 2014). In their work,
de Freitas & Kuck (2005) introduced a hierarchical model that generates labels according to the provided label proportions,
and proposed an inference method based on Markov Chain Monte Carlo which, however, did not scale effectively to larger
datasets. Musicant et al. (2007) emphasized the possibility of adapting conventional supervised learning techniques, such as
Support Vector Machines (SVM) and k-Nearest Neighbors, to the LLP setting by reformulating their objective functions.
However, their paper did not include any experimental results on classification problems. Quadrianto et al. (2008); Patrini
et al. (2014) developed algorithms for learning an exponential generative model. Nevertheless, their approaches relied on
significant modeling assumptions, notably conditional exponential models, which are often inadequate for contemporary
machine learning architectures, particularly Deep Neural Networks (DNNs). Rueping (2010) and Yu et al. (2013) both
explored the adaptation of SVMs for LLP. Notably, Yu et al. (2013) presented an SVM regression algorithm that optimizes
the SVM loss by aligning with the given label proportions. This general strategy is referred to as “proportion matching" in
(Busa-Fekete et al., 2023; 2025). However, their method was constrained to linear models within a specific feature space.
Similar limitations were present in other SVM-based studies on LLP, such as (Qi et al., 2017; Shi et al., 2019).

The natural appeal of the proportion matching concept led to its extension to other types of classifiers. For instance,
Li & Taylor (2015) applied this idea to Convolutional Neural Networks using a generative model where the maximum
likelihood estimator was computed via the Expectation Maximization algorithm. Regrettably, this approach proved to
be computationally prohibitive even for moderately sized DNN architectures. Empirical approaches based on DNNs for
large-scale and multi-class data (Kotzias et al., 2015; Liu et al., 2019; Dulac-Arnold et al., 2019; Nandy et al., 2022) have
also been developed. Other approaches similar in spirit to proportion matching are (Ardehaly and Culotta, 2017) and
(Havaldar et al., 2024). The paper by Ardehaly and Culotta (2017) is closer in spirit to our Proportion Matching (PM)
in using KL-vicinity between average model prediction and average label within bags. (Havaldar et al., 2024) is another
experimental paper that uses a Gibbs distribution to softly enforce a similar (but square loss-based) vicinity constraint. We
believe these approaches are orthogonal to ours, in that we think our loss design can be combined with these approaches.

Delving into the more theoretically-grounded explorations of LLP, a notable body of work includes (Saket, 2021; 2022;
Brahmbhatt et al., 2023; Lu et al., 2019; 2021; Scott & Zhang, 2020; Zhang et al., 2022), and the already cited (Busa-Fekete
et al., 2023; Li et al., 2024; Busa-Fekete et al., 2025).

The theoretical framework presented by Saket (2021; 2022); Brahmbhatt et al. (2023) is predominantly confined to
linear-threshold functions, with some investigations further taking advantage of overlapping bags. In stark contrast, our
approach aligns with (Busa-Fekete et al., 2023; Li et al., 2024; Busa-Fekete et al., 2025), where we operate within the more
conventional setting of non-overlapping and i.i.d. bags, but cope with a broader and more versatile spectrum of model
classes.

Adjacent to LLP is the problem of learning from multiple unlabeled datasets (Lu et al., 2019; 2021). While the authors
put forth a debiasing method for the underlying loss function and demonstrate consistency (akin to our results and those
in (Busa-Fekete et al., 2023; Li et al., 2024; Busa-Fekete et al., 2025)), their method relies on restrictive assumptions,
such as the separation of class priors over bags. This necessitates access to class-conditional distributions. In contrast, our
setup involves bags drawn i.i.d. from the same prior, a scenario where the algorithms of Lu et al. (2019; 2021) would be
ineffective.

Scott & Zhang (2020); Zhang et al. (2022) offer an alternative perspective on LLP, involving the reduction of the LLP
problem to the problem of learning with label noise. In this framework, bags are paired, and each pair is analyzed as a noisy
label scenario, with label proportions interpreted as label flipping probabilities. Nevertheless, this bag pairing, much like in
(Lu et al., 2019), fundamentally depends on the statistical variations between bags, a property that we deliberately exclude
in our work. Additionally, the balanced risk they focus on as their population loss differs from the population losses we are
concerned with in this study.

Franco et al. (2023) point out that many nuances exist in LLP formulations that require careful consideration of the

12
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dependence structure involving bags, feature items, and labels. Among other things, the paper proposes a taxonomy of LLP
tasks based on such dependencies.

B. Technical Appendices and Supplementary Material for the Binary Case
This appendix contains the proofs omitted from the main text for the binary label case.

B.1. Proof of Lemma 3.1
Proof. Recall that n(z) = Pp,,, (v = 1|z) = Eypy,, [ylz].

We have
Eayll = E. [E,u[((h(@),y) |al]
= B, [Byu 1 () + (b)) | )]
—E, [Ai(h 2)f2(h(x))|
= E[fi(hx >>] [ (2) fa(h(@))] )

Define the intermediate bag-level quantity

1 1+
o(h,2) =BIA @]+ (5 2 5) (5 X Foa)

with §; = y; — p, and fgl = fa(h(z;)) — E[f2(h(z))]. The function g(h, z) is shaped so as to match (7) as much as
possible.

Then
Elg(h,2)] = ELu(h(x))] + 15E- Zyzfa Y Gk ]
i#£j
= E{fi(h(x))] + 5E- Z Gifaa | + 25 B[] E o]
1 :z; i i#]
=E[f1(h(z))] + ﬁ]EZ Zgifz,i]
Li=1
(as E. 3] = Ez[ o] = 0)
= Bl (h()] + 1B [ ]
= LA )] + B[4~ p) (F2(h(2) ~ Elfal(@)])]
But
Egea | (4 = ) (f2(h(2)) = ELL2(0@)]) | = B [ (5 = 2) Lohl@)) | ~Egey [ (v = 2) | ELf2(R(2))]
=By | (v = 0) fo(h()]

_E,, [yf2 ]—pE(r o [ f2(h(@))]
= E. [1(2) fo(h(2)]| D Ex [ fo(h(a))]

where the last equality follows from an argument similar to the derivation in Equation (7). Combining the last two derivations
we get that

Elg(h, 2)] = By (h(2))] + 1 Ex [n(@) fo(h(e))]| -2 Bo [ fa(h(a)]

13
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Thus, comparing (7) to the above expectation, we see that

E(ep[l(h(x), y)] = kE:[g(h, 2)] + pEa[fo(h(2))] = (k — DEs[f1(h(2))] ,
making
lo(h, 2) = kg(h, z) + pEe[fa(h())] — (k — 1)E[f1(h(2))]
an unbiased estimator of the sample-level loss E(,, ,y [¢(h(z), y)].

Substituting back the definition of the bag-level quantity g(h, z) we get that the estimator is

k
to(h,2) = B[ fu(h(@) + p fal(h(2))] + (@ = p) (3 falh(z.)) = FE[fa(h(x))]) ®)
This proves the first part of the lemma.

As for the variance, we introduce the short-hand notation

k
d=a-p, =13 falh() - ElfH@)]
i=1
and let z = (B, a) , with B = (x1,...,xr). We can write using the total variance formula
]?12 Var, (¢y(h, z)) = Var, (& fg)
=Eg :Vara(&j 2| B)} + Varg (Ea [&fg |B]
= Eg |(J2)? Vara(a|B)| + Varg (f2Eq [ ]8))

o S0 ) (1 = n(z))

=Es |(f2)

k
12 + Varp <J?2 <% ;n(xi) —p))
k
< Es ()] + Vars (fz (2 > () —p)>
Ly | - N v 1g
77 Ve | 2 fal(w))| +Varg | £ (5 2on(w) —2)
k
= 13 Var(fo(h(2))) + Vars (ﬁ (; > () —p)) . ©)

The term

can be treated as follows. Define

and, as before,

‘We have
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Now, the square within the above expectation can also be rewritten as
ko2, 2 LI ~
(Z f2,i) (Z 771‘) = (Z(fz,a)2 +Y° f2,af2,b) (Z M)+ Ucnd) :
i=1 i=1 a=1 a#b c#£d

Since the variables fw and 7); are zero mean, and independent of one another when ¢ # j, the only terms that survive once
we take the expectations are those of the form

(f2)*()”  Va,c € [K]
which are exactly k2, and those of the forms
Foa Py, foafosila  Vabe [K],a#b
which are exactly 2k(k — 1). Therefore

£ [(éﬁf(imf

E|> (faa)? () +22f2af2bnanb]

i=1 a,c a#b
Z(f2a na +Z f2a 770 +QZ( 2a77a> (f27bﬁb>‘|
aFc a#b
= kE[(f2,1)%(1)%] + k(k — 1) E[(f2,1) E[(71)?] + 2k (k — 1)E?[f2,1 1]
< RE[(f21)* ()% + k(k — D E[(£20)* E[(1)?) + 2k(k — DE[(f2,1) (11)?]

= (2k% = k) E[(f2,1)* (1)) + k(k = 1) E[(f21)*] E[()?] -

But

El(f2.1)*(7)?) = Ea l(fz(h(fﬂ)) ~E[L(h@)]) () —p)Q]

<E, l(frz(h(ﬂ:)) ~Elfa(h(@)))) | = Var(fa(h(a)
E[(f21)?) = Vax(faa) = Var,(f2(h(2)))
E[(1)?] = Vare (n(x) = B [r(2)] ~ E2ln(e)] < p(1-p) < | .

Thus

b N2 e 2 ) k(k —1)

Bs | (D For) (D7) | < (2K = k) Varo(fa(h(@)) + = Var.(fa(h())
i=1 i=1
< TR Varg ((h(@))) (10)

and

k
Vars (f WD p)> < s Van(fa(h(@)))

Substituting back into Equation (9) we get

—_

Var(6(h, 2)) < § Varg(fa(h(x))) + 3 Var,(fo(h(2)) = 2 Vare (o (h()))

=~

as claimed. O
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B.2. Proof of Theorem 3.2

Denote by £(h) the population loss of model A when the underlying loss is ¢, that is
L(h) = E(aylt(h(z), y)] -

Also set, for each pair hy, ho € H,
AL(hy, hy) = L(h1) — L(h2) .

Recall that Q(hy, he; S) is the MoM of the estimators Zﬁb(hl, ha; z;) per bag z; € S (which use the estimates obtained
using S; and Sb).

Then, e.g., (Lugosi & Mendelson, 2019) (Theorem 2 therein® ) shows that if m > r = [8log(1/4)], we have

P<Vh1,h2 EHxXH ‘Q(hhhz;s) — E.[Aly(h1, ho;2) | 51,52]‘

2
< o(hy, ha) W

Sla52> 21_67 (11)

where 02 (hy, hy) = Var, (ﬁﬁb(hl, hs; z)| S1,S2), and the probability above is taken over S3, conditioned on S and Ss.
We shall henceforth assume the stronger condition m = Q(log(|H|/4)).
We first need to relate E, [ﬁ&(hh ha; )] to the desired AL(hy, hy), and also bound Varz(ﬁﬁb(hl, he; z) | S1,S2).

From Theorem 2 in (Lugosi & Mendelson, 2019) one can also see that

P(Vhl,hg € H xH |Eg, [Afi(hy, hs)] —Ew[Afl(hl,hg,x)}‘

W)zl—é (12)

< oy, (hi, ho) s

with 0']2c1 (hl, hg) = Varw(Afl(hl, hg; 33)), and

P(thhz EHxXH Esl [Afa(hi, ho)] — Em[Afz(hhh%fE)]‘

2
< ot PR 0

with 01202 (h1, he) = Var, (A fa(hq, he; ). Both of the above probabilities have been taken w.r.t. S

Moreover, a standard Hoeffding bound reveals that

P(\m—pk ”/@) ~1os, "

2mk
the probability being over Sa.
From Lemma 3.1 we have

E.[Aly(hy, ho; 2) | S, 5] — Ac(hl,h2)| = |E.[Aly(hy, ho; 2) | S1, So] — E[ALy(hy, hy; 2)]| -

We now compute separately the two expectations E, [ﬁéb(hl, ha; z) | S1,S2] and B, [Aly(hy, ha; 2)].

3This theorem holds for any median involved in the MoM definition, hence also for our “anti-symmetric" median defined in Section
3.1.
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Let us introduce some shorthand notation first. Set, for fixed Ay, hs,

k
Ei = Ex[Afi(h1, hosx)], Eo =E [Afa(h1, hoyx)], X = ZAfQ(h17h2§xi)

i=1

Ey = Es,[Afi(h1,h2)], By =Eg, [Afa(hi,ha)],  P=Ds, -
Then

E.[Aly(hy, ho; 2) | S1, Sa] = E, +pE; +E, {(04 -p) (E - kIAEz) |S1,52}

= El + ﬁEQ + Ez [CYE] — kaEQ — ﬁkEQ + kﬁf@g .

Since for i # j, the variables y; and A fa(hq, he; x;) are independent, we have

E.[oX] = %EKZ yz‘) (i Af2(h17h2;l“i))}= E(z,y)[yA f2(h1, ho; )] + (b — 1)pE2 ,

=1 i=1

so that

E.[Aly(hy, ha; 2) | S1, 5]
=E + (k+ 1)]?@2 + E(a,p) WA f2(ha, ho; o)) + (k — 1)pEs — kpEy — PKE; . (15)

Moreover, from Lemma 3.1,
E.[Aly(h1, ho; 2)] = By [6(h1(2), y)] = E(ey [€(ha(7),y)] = E1 + E(p ) [yAfa(ha, hosz)] -
Thus we can write

E.[Aly(hy, ho;2) | S, Sa] — B [Aly(hy, h; 2))]

= [E1 — Ey + pEz + (k — 1)pEs — kpEz — HKE, +k‘ﬁﬁ2‘
= |By — By + 5Bs — pBs + k(B — Ba) (0 — 7)|

< |Ey — Eq |[+|pE, *p]Ez‘Jrk‘Ez *IAE2‘ p*ﬁ‘

= |Ey; — By |+|pEy — PEy + PEy — pEy +k“E2 —@2‘ ’p—ﬁ‘
< By —E, -hﬁ‘ﬁz —E2‘+|]E2| ’p—ﬁ‘+k‘E2 —]E2‘ ‘p—ﬁ‘
< |Ey — Eq|+|E, *E2‘+|E2| ’P*ﬁ‘Jrk E, *IAE2‘ ‘p*ﬁ‘ .

At this point, we use (12) to bound ‘El —E, ‘ (13) to bound ‘Eg — Eg‘, and (14) to bound |p — p|. This yields, with
probability at least 1 — 3§ over the generation of S and S5, uniformly over hq, hy € H,
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EL[Al (1, hoi2) | S1, 8] = EL[Aly (R, b 2)]|

ko (i, oy 2oL [1o8(2/0)
=0 <(Uf1(h1ah2)+0'f2(hl7h2)) bg(l;]im) +0 <|E2| 10.%;53]5&)

o <%(hhh2) wog%u/a) \/logg/&)

mk

:O<Jf1(h1,h2) W%O@ﬂ W)W(%(m,w 1g§f/‘”> 16)

where the last equality uses the assumption m = Q(log(|H|/9)).

As for the variance Varz(ﬁ&,(hl, he; z) | S1,S2), notice that in the conditional space where S7 and S are given, the bound

on this variance can be obtained by adapting the argument contained in Lemma 3.1.

Let z = (B, a), with B = (21, ..., ), and introduce the short-hand notation

k

_ N ~ 1 =

a=a-—p, AszEZAfz(h17h2;$i))—E2:
=1

With this notation _ R R _
Aly(hi,hosz) =By +pEa +kaAfs .

>~ M

—Es.

Thus, in the conditional space where S; and S are given, we follow the argument in Lemma 3.1 (and omit the conditioning

on S7 and S for simplicity of notation). We have
1 ~ s
= Var, (Al (h1, ho; z)) = Var, (a Afg)

:EB

:vara(aj Af| B)] + Varg (]Ea [a Afs| BD

(Afo)? Vary(d | B)} + Varg (& foEa [&|B])

+ Varg (5]”2 (% in(:}:l) ﬁ))

[ E k . — x,
=Es |(Afp)? ==L 77(%}121 n(z:))
<lg {(Kf )2]+Var Af. <1§k: (x_),A>
= 4k B 2 B 2 ki:177 4 p .

Now,

s (3127 =B |(

_Es [(

§2E8|:

_ 1@2)2]

—Ey+E, IE2>2]

M =M

/N

= 2Var3<%)+2 (EZ — IE2)2

2 ~ \2
= %O'chz(hhhg) + Z(EQ - ]EQ) .

18
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Plugging back gives
k
1 ~ 1 1 ~\2 ~ 1
— . < 2 — _ - N _
= Var. (Bly(hy, hoi 2)) < 550%, (b ho) + o (B2 = Bz + Varg (Afg (2 ;:1:77(%) p))

3210g(H[2/5)
2mk?

+ Varg <ﬁf2 (% ﬁ:n(xi) —17)) ;

IN

1
ﬁ(’)’i (hl, hg) + O’J2:2 (hl, hg)

the last inequality holding with probability at least 1 — § over the generation of S; by virtue of (13).

The term Varg (ﬁ f2 (% Zle n(x;) — ﬁ)) can be treated similar to Lemma 3.1, with the caveat that now the variables
involved are no longer zero mean.

Similar to Lemma 3.1, define

m=n(x) —p=m+p—D.

and

ﬁfé,i = Afo(hi,hos ;) —Ey = Afa; +Ey —Ey .

Hence 7}; and A f5 ; are zero mean random variables.

We have

IN
=
&=
o)
(]
>
o
<.
(V)
/N
-
14
N—
()
S —

IA
NS
=
&
—

Now, from (13) and (14) we have, with probability at least 1 — 24 over the generation of S; and S5, and uniformly over
hlv h2’

32log(|H[*/9) (p _ ﬁ>2< log(2/9)

~ \2
_ < 52
(E2 EQ)*”fa(hl’hQ) mk ’ = 2mk

19



LLP for general loss functions

Thus

4 ko 2, F 2
< Es (;Afa,i) (2@)]
o e o |(O580)

k
g 2 (575

32log(|H|?/5) log(2/6)
mk omk

4
+ ﬁ szcz(hl,hg)

Now, as in the proof of Lemma 3.1 (see Eq. (10) there),

(zk: Afg,l) (Zmﬂ <=7 VK2 02 (hy hy) = 52 0% (h1,ha) .
=1

Moreover, since the variables A f2,; and 7); are zero mean, we also have (see again the proof of Lemma 3.1, just above Eq.

(10)) )
(> ng,ﬂ = kot (h,ha)
=1

and

|

k 2
(Z ﬁl) ] = k Var,(n(x)) <

i=1

Plugging back we conclude that

Varg <&f2 (% Zk:n(xz) —ﬁ)) =0 (0‘?-2<h17h2) (]:2 + log(|#]/9) L log(|#]/9) 1og(1/5))) .

— m k4 m?2 kS
Therefore,
1 ~ 1 log(|H]|/d log(|H|/d) log(1/6
= Var.(&ty(hy, hi ) = O <J}2c2(h1,h2) (k2+ f}LkL/ ), losg( le)ks LA
and

02(hy, o) = Var(Aby(hy, ho: )| 1, 85) = O <U]202(h17h2) <1  Jog([M]/6)  log([H]/6) log(1/5)>)

m m?2 k4

holds with probability at least 1 — 36 over the random generation of S; and .Sy, uniformly over hy, ho € H. Since we
assumed

m = (log(|#]/6))

this finally implies _
0'2(h1, hg) = VarZ(AZb(hl, hg; Z) | Sl, SQ) =0 (0']%2 (hl, hg)) (17)

with probability at least 1 — § over the random generation of S; and S, uniformly over hy, hy € H.

Let us hencehorth assume that S; and S have been drawn in such a way that both (16) and (17) simultaneously hold for all
h1, ho.
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Then, combining (16), (17), and (11) one can easily see that

m

+0 <Gf1(h1’h2) 10g(|7'l|/5)) +0 <|E2| 10g(1/6)> +0 (sz(h1,h2) 10g(1/6)> >

1 1)
P<Wm@€HXHIMMWMMAMmmMSOG%mum qu/v

mk mk m

- P(vm,hg € H X H QA1 hai S5) = AL (. ha) | < Cs(ha, ha, [M],m, k))z 1-4, (18)

holds under the condition m = Q(log(|*|/d)), where we set for brevity

C&(hlahZ»‘IH‘am’k):O <0f2(h17h2) W—Faﬁ(hl’hﬁ W"_“Eﬂ logT(nlk((S)> ’

and where now the probability is w.r.t. the generation of S7, S5, and S3.

We are now ready to prove the correctness and the sample complexity of Algorithm 1 in Section 3.

Proposition B.1. Let Hpg = {h € " : Reg(h) > 3}, and assume m is such that, for h € Hg,4, we have
Cs(h, %, |H|,m, k) < AL(h, h*) /4, (19)

forall h & Hz/4 we have
Cé(ha/];f*7 |H|a m, k) S

~l

(20)

9

along with m = Q(log(|H|/9)). Then with probability > 1 — § over the generation of S1, S2, and Ss the following holds:

1. If Reg(h) = Aﬁ(h,/ﬁ*) > B then h is eliminated by h* ;

2. h* is not eliminated. In particular, at the end of the tournament P is not empty (as it contains at least h*).

Proof. Leth € Hg /4- We have, with probability > 1 — ¢
Q(h, 1*:8) = AL(h, h*) — Cs(h, h*,|H|,m, k)
(from (18))
> ZAc(h,ﬁ*)
(from (19)) .

Now, if Aﬁ(h,ﬁ*) > B (clearly this implies i € Hg/4) then Q(h,/ﬂ*; S) > %6 > /2, thus h is eliminated by h*. This
proves the first item.

As for the second item, consider any & € H, and note that Aﬁ(h,ﬁ*) > 0 (since h* is the best in class) and that, by
definition, Q(h*, h; S) = —Q(h, h*; S).

We separate two cases:

« AL(h,h*) > B/4 (which is equivalent to h € Hgs/4). In this case, from the previous chain of inequalities,
Q(h, ﬁ*; S) > 1375 £ >0, and h* is not eliminated as a second argument of (). On the other hand,

-~ -~ 3
QUi 15 8) = ~Q(h, " S) <~ < B/2.
Hence 7* cannot be eliminated as first argument of () either.
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. Aﬁ(h,ﬁ*) < (/4 (which is equivalent to h ¢ H3,4). In this case, we have, with probability > 1 — 6,

Q(h, 1*;S) > AL(h, h*) — Cs(h, h*,|H|, m, k)
(from (18))
> AL(h,B*) — B/4
(from (20)) .

The above expression larger than — /2 since AL(h, ﬁ*) > 0. Hence, h* will not be eliminated as second argument of
Q. On the other hand,

Q(h*,h; 8) = —=Q(h,h*;S) < —AL(h,h*) + B/4 < B/4 < /2.
Hence h* will not be eliminated as first argument of () either.

This concludes the proof. O

Proof. [of Theorem 3.2] From Proposition B.1 we see that with probability > 1 — § the pool P at the end of the tournament
contains h*, plus possibly other A € H such that Reg(h) < 3, so any remaining h € P will have Reg(h) < .

We are left with the task of computing the sample complexity of Algorithm 1. From (19) we know that we must guarantee

that
( h [log( |H|/6 A [log( |”H|/6 | log( 1/5)) Ac(h ) on

forall h € Hg /4 and, from (20),

( iy 1o g (H/9) o, (1,7 f1og log(1/9) , g, o8 1/5>>§§ | )

forall h ¢ H 8/4> where [Eo above has to be interpreted as

Ey = Eu[Afa(h, h*;2)] .
Moreover, the condition m = Q(log(|#|/d)) should also be satisfied.
As for (21), since h € Hp 4, thatis, AL(h, E*) > /4, for this inequality to hold, it suffices to have

o (R0 7) Log(71/0) | o, (b ) log([H1/9) + ES[Aa(h, 15 w)] log(1/9)
B p? kB2 '

forallh € Hgyy.

On the other hand, the condition in (22) is satisfied when

_ o [ @h.(hP*) log(1#]/9) % (h, h*) log([H]/6) + E2[Afa(h, h*;x)] log(1/0)
m = ﬁ2 k‘ﬁ2 .

for all b ¢ H 3/4. Furthermore we need to add m = Q(log(|H|/9)).
Overall,

<0,2r2(hﬁ*) log(|1]/5) 0% (h,h*) log(|H|/0) + EZ[A fo(h, ¥ 2)] 10g(1/5)>

m = + .
p? kB>

for all h € H, along with m = Q(log(|#H|/9)).

22



LLP for general loss functions

In the above, we further upper bound the relevant factors as

0%, (1) = Var, (fi(h(w)) — £i(h* (2)))
< max Var, (fi(h(2)) = f:(h" (2)))

heEH
— o3 (H).
along with
E2[Afy(h, h*;2)] < IhnaxE [Afo(h, h*;2)] = E2[H]
eH
to conclude the proof. O

B.3. Version of Theorem 3.2 with Variable Bag Sizes

Denote by k; the size of the j-th bag, and consider the split

S=A{z1,.- 0, Zm, Zmt1,-- - 22m ) - (23)
S1 So

Now subset S; will be used to estimate E, [A f1(h1, ho; x)], EL[A fa(h1, he; )], and p, and subset Sy will be the one out
of which the LLP estimator (3) will be constructed. Before applying the split into S7 and So, though, we rearrange the
2m bags so that the last m bags (those that will end up being in S3) now correspond to the m smallest bags (ties broken
arbitrarily). Fori = 1, 2 denote by k;z, the average bag size in 5;, and by k the average bag size over the entire dataset .S.
Then, by construction, ks < k = (k1 + kg)/?

Apart from this simple difference in the way the split is constructed, the algorithm for the variable bag size is the very same
as the one with constant bag sizes. The following generalization of Theorem 3.2 holds.

Theorem B.2. Ler S = (x1,y1),- - -, (Zn, Yn) be drawn i.i.d. from a distribution D over X x {0,1}. Let the loss {(-,y) =
)+ ny( ) be such that the maximal second moments maxpcy Eq [(f1(h(z )))2] and maxpey By [(fo(h(x )))2} are
finite. Let h* = mlnheH L(h) be the best-in-class hypothests If S is split into 2m random bags as described above with

n=mx (k1 + kg) then for all B > 0, the hypothesis h output by Algorithm 1 satisfies Reg( ) < B with probability at
least 1 — 0, provided

n=0 (Eal%z (H) log(|H|/0) 0f1< ) log(|H|/8) + E*[H] log(1/9)

2 2 +k log(IH/5)> :

where the big-oh notation only hides absolute constants, and

03, (H) = max Var, (fi(h(2)) — fi(h*())), i = 1,2
E*[H] = maxE? | fo(h(x)) = fo(h*(2))] -

Proof. The proof is very similar to the proof of Theorem 3.2, so in what follows we only sketch the main differences.

We shall apply Lemma 3.1 to Sy with average bag size kg < k. Equation (11) holds independent of bag sizes. Equations
(12) and (13) apply with & therein replaced by kl, but also Equation (14) applies with k replaced by k1 Compared to the
proof of Theorem 3.2, since we are using the same .S; for all these estimators, we only have to replace J by 6/2 throughout.

Following the proof of Theorem 3.2, we conclude that
E.[Aly(hy, ha; 2) | S1, 8] — Ez[Aéb(hth;z)]‘S ’E1 - E1‘+‘]ﬁ2 - ]E2‘+|E2| ‘P —ﬁ‘"FEz‘Ez - Ez‘ ‘p —ﬁ‘ .
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As in the proof of Theorem 3.2, we use (12) to bound ‘El —Eq, Es ’, and (14) to bound |p — p|. We
conclude that with probability at least 1 — 2§ over the generation of .S1, uniformly over Ay, ho € H,

E.[Aly(hy, ho; 2) | S1, Sa] — E.[Al(hy, ha; Z)]‘

32log(|H|?/0 32log(|H|?/0 log(2/6
BIHE/D) o oy, [RIBIHELD) | [l08(2/5)
mkl mk1 2mk1

+EQUf2(h1,h2)\/3210g(|/;-l|2/5) \/10g(2/6)
mry

2m%1
=0 ((Jfl<h’lvh2) +Uf2(h1,h2)) log(|7;[|/5)> +0 <|E2 log(£/6)>

mkq mk

o (gh (e, ) \/mgu;ﬂ/a) \/mg/@)

=0 (ontt [EPD) 1o (g [T 1 0 5 20T

mk1 MK m

< Of1 (hl,h2)

Moreover, as for the constant bag size case,
o2 (h1, ho) = Var,(Aby(hy, ha; 2) | S1, S2) = O (03, (h1, h2))

with probability at least 1 — § over the random generation of Sy, uniformly over hq, he € H.

Combining bias and variance above gives

m

+0<°'f1<h17h2> W>+O<IE2| 1°g<£/5>> +o<af2<h1,h2> lg“/f”))

1 1)
]P’<Wl1,h2 EHXH ’Q(hl,hQ;S;g) - Aﬁ(hl,hz)‘g 0 <af2(h1,h2) Og(WV))

mkq mky m

= P<Vh1,h2 eEHxH ‘Q(hlah%SS) - Aﬁ(hhhz)‘é C&(hl»h2»|H|»m,E1)>> 1-9,

holds under the condition m = Q(log(|#|/d)), where we set for brevity

- ] ] 5 log(1/9)
Cis(hy, ha, |H|,m, ky) = <o—f2 (hy, ho)y | ~8H/0) |H|/5 (A, ) |V os( |H|/ + |Ey| os( / ) ,

and where the probability is w.r.t. the generation of S; and S.
Next, Proposition B.1 holds unchanged when applied to Cs(h1, ha, |H|, m, %1) defined above.

We finally have to compute the algorithm’s sample complexity. We must guarantee that

(WZW [log( |H|/6 S ) |H|/5 ) 1/5)>SM(Z’M o)

forall h € Hg/4 and

e SN LCC(iT) ) 1 g 0,7y B g, flo80/0)) 3 05)
mk1 mlﬁ 4

for all h & H 3,4, Moreover, we need to enforce the condition m = Q(log(|H|/d)).
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As for (24), it suffices to have
g (o;%z (h, ) log([#1/9) | oF, (") log(1HI/8) | EZ[Afs(h,h*;) 1og<1/5>> |

p? k32 k1 32
forall h € Hpyy. As for (25), it suffices to have

g (TR log(1HI/8) | of, (1) log([HI/3) | EX[Afa(h,hi)] log(1/6) |
(2 k152 k152

forall b & Hp/4. Overall,

o2 (h,1h*) log(|H|/8) o2 (h, h*) log(|H|/s) ]E2A h,1*;2)] log(1/6
m=0Q fz( ) . g(| |/ ) + fl( ,\) g(‘ ‘/ [ f2( ;L')] Og( / ) log(\’H,\/(F) .
ﬁ klﬁQ leZ
Multiplying by % and recalling that k < El gives the claimed bound on the sample size n. O

B.4. Finiteness of the Second-Moment Parameters for Log Loss in Theorem 3.2

First, observe that
of, (H) < maxEa[(f1(h(z)) ~ fo(h*(2)))’]
< men 2B [(f2 (h(2)))*] + 2o [(F1 (" (2)))?]
<4 glea?){(Ea:[(fl(h(x)))Q] ,
and similarly
o7, (H) <4 ?E%Ez[(ﬁ(h(fﬂ)))z] :
Moreover,
B2 [H] = max [ f2(h(x)) — fa(h" ()
< max By [(f2(h(x)) ~ fo(h*(2)))’]
g4g16a7§1aw[<f2< ()))?] .
Hence, we are reduced to bounding the two second moments E [(f1 (h(x)))?] and E, [(f2(h(z)))?] for all h € H. Now, for

log loss,
2 1 — h(x)}

E.[(f1(h(x)))’] = E. [logQ

When h(z) = o(wp(x)), with o(a) =

b e — g o
1—h(x)} v Ba[(fa(h(2))] = Ea [1 g

we can also write

+ a
1
log> ———— =1log?(1+ ")) <1 2
o8 [y = (L ) <1t (un (@)
using the fact that, for all w € R,
log?(1 +e%) <14 w?
On the other hand,
1—h(x)
log? ———~ = 2
og” o = ()
Hence
Eo[(f1(h(2))’] < 1+ Eo[(wn(2))’],  Eal(f2(h(2)))’] < Eo[(wn(2))?],
and the finitess of E, [(w,(x))?] for all A € H implies the finiteness of o7 (H), 07, (#H), and E2[H].
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B.5. On Condition (6) for Log Loss

wa

Recall that for log loss fi(a) = log ﬁ, and fo(a) = log ITT“ With the representation a = o(w,) = ﬁm, and
b=o(wp) = %, We have
14 ewe?
(@) - o) = (log 155 )
and
(f2(a) = f2(0))* = (wa —wp)* .
We recall that

(a,b) — 0(b,b) = blogg + (1 —b)log i_ Z — KL(b,a)

Moreover, substituting the sigmoids for a and b we get

14 ¢e%e

KL(b, a) = log g

— o (wp)(wa — wp) ,

which is the Bregman divergence

dy(Wa, wp) = (wa) — P(wy) — ' (wy) (wa — ws)
with
b(w) = log(1 + ¢*)

Now, it is well known that v is strongly smooth, in that
dw(wmwb) < (wa - wb)2 = <f2(a) - f2<b))2 )
implying condition (6) with Cy = 2. On the other hand, by Taylor theorem

lwa) = () + 4 ) wa — w) + 3 g w0)?

for some ¢ in the line connecting w,, to wy. Since ¥’ () = o’(+), it follows that

a'(§)

2

dy (We, wp) = (wq — wp)? .

If the logits w, and w, have bounded range, then so is &, o’(£) will be lower bounded by a positive constant, and co in (6)
can be set to that constant.

As for ¢; and (1, it is known that

wa \ 2
(fi(@) = Fu(5)? = (1og Lte ) < (wa — wp)?

for all wy,wp € R. So in order to prove that

we need again to enforce a bound on the range of w, and wy,.

Finally, in order to prove
(f1(a) = L(0)* (26)

we observe that
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for some £’ (not necessarily equal to €) in the line connecting w,, to w;. Thus (26) becomes equivalent to

o’ C
T ) < S @ (€) — wn)?
that is,
et < Gy e
(14+e5)2 = 2 (14e)2
Since a - E s < 1/4 for all £ € R, a sufficient condition turns out to be

1 3
Ci = max % )
&'e (min{wa,wb},max{wa,wb}) €

requiring again for w, and wy to have bounded range.

B.6. Proof of Theorem 3.5

The next lemma is of preliminary importance, as it connects the variance of estimator ﬁ&(h, /f;*; z) used in Algorithm 1 to
the regret Reg(h) of h.

Lemma B.3. Let the loss ((h(z),y) = f1(h(x)) + yfo(h(x)) satisfy condition (6) in the main body of the paper. Let
L(h) = E, [l(h(z),y)], and define, for any hi,hs € H,

5 (b1, he) = Eo[(fi(ha(2) = fi(ha(2)))?]
where i = 1,2. Then

() < 2 (ﬁ(h) — L(ﬁ*))+2 (f + 1) v (), i=1,2,

where h* is the Bayes optimal predictor for £, that is h* = argminy, . x_,j9 1] £(h).
Proof. For either i = 1 or i = 2, set for brevity p; = C;/c; > 1. Then
7. (h 1)
~ 2
= E. | (£i(h(@) = fi(h* (@) + £i(h* (@) = £:(B* (@) |
= B, [ (Fih(e)) ~ in* @) - B[ (70 @) — i @) ]
+ 2B, [ (fi(h (@) = i@ @) (£:(h(@)) = Fih @) |+ (o = VB [(fi (0 @) = £ (2)))?
(using(a—b+b—c)2=(a—b)2—plb—c)*+2(b—c)la—c)+ (p—1)(b—1c)?)
= 9. (1 h*) = piygo (0 1) + 2B, | (£ih* (@) = iB* @)) (£ilhl@)) = fi(h* (2)))]
+ (pi = Vs, (B, %)
< 95, (0, 1) = iy, (B, ) + QJ B [(fith (@) @) ] J E[(fihia) — 1. (@) ]

+(pi = Dy (7, h7)
(from the Cauchy-Schwarz inequality)

= g (1) = iy (% 1%) + 24 0, (0, oy, O o)+ (s — D, (B, 1) @7)

From the linearity of ¢ w.r.t. y we have, for all h,

Ey.[t(h(z),y) | 2] = €(h(z), h*(2)) .
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Hence

L(h) = Eg[l(h(x), h*(2))] -
Moreover, from Condition (6) we can write, for all z,
(), h* (@) = 0(h* (), h* ()
= U(h(@), 1" (2)) = " (@), h* () = (ER* (@), b (@) = 60" (@), * (@)
> % () — £t @) =2 (R @)~ @)
so that, taking expectation w.r.t. , and multiplying by 2/c¢;, we obtain

2 ()~ £G)) 2 5.0, 1) = pig, (5 )

Ci

We plug this back into (27), yielding

11, 1,70 < 2 (£00) = L) 42/ 7, 000 0y s () (o1 — D, (2,7

Solving for ~y, (h,ﬁ*) (the above is a quadratic inequality in /vy, (h, ﬁ*) ), and setting for brevity AL = Cl (ﬁ(h) -
£(*))+(ps = Vg, (07, 77), we get

5 (%) < AL + 2y, (0%, 1) + 24/72 (b, ) + 5, (e, h) AL

Using the inequality va + b < v/a + b/(2+/a) (by Taylor expanding /x around a), with a = ’y;i (ﬁ*, h*) we then have

T TH 1% A Tx 1% 4 T
Vfi(]%h ) < 47fi(h h ) +2AL = 2(pi + 1)7fi(h b )+ *(‘C(h) - ‘C(h )) >

(&

as claimed. O

Proof. [of Theorem 3.5] We take a closer look at the proof of Theorem 3.2, in particular at the sample complexity guarantees
in (21) and (22).

We first observe that R R R
o}, (h, h*) < Eg[(f1(h(x)) — f1(h*(2)))?] = 75, (h, h¥)

%, (h,h*) < Eg[(fa(h(x)) — fo(h*(2)))?] = 7y, (h, h*) ,

and

EZ[Afo(h b5 2)] < Eo[(fa(h(@) = fo(h* (2)))] = 17, (B, h)

where the vy, (h, ﬁ*) are the ones defined in Lemma B.3. We first plug these upper bounds in both (21) and (22), and then
consider the resulting (21) and (22) separately.

The sample complexity condition (21) in the proof of Theorem 3.2 now reads

“)

fz(
AL(h

< 77
- 4
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which can be simplified to

O(%m@ﬁﬂ]%%W®+¢%mﬁﬂl%%y®><quwx

For this to hold it suffices to have

m = WZ(h’E*) + ’yfl(hﬁ:) + 1] log(|H]/3)
(AL(R,h*)2  K(AL(h,h*))? ’

for all h € Hz/4, wWhere the extra “+1" is meant to incorporate the extra condition m = Q(log(|#|/d)). Recall that
Reg(h) = AL(h, h*), so that Hg/y = {h € H : Reg(h) > 5/4}.

We now leverage the bound on , (h, h*) from Lemma B.3:

v7,(h,h*) = O (1 Reg(h) + (f + 1) ~p, (R, h*)) . i=1,2.
This gives
é Reg(h) + (%’ + 1) Vs (h*, h*) % Reg(h) + (%1 + 1) Vi (h*, h*)
med (eg(h))" * k(g ))? ) o)
r4A

Observe that the function » — =52 is decreasing in 7 > 0 for any A > 0. We use this observation with r = Reg(h) > 3/4
to conclude that the resulting sample complexity guarantee delivered by (21) can be obtained by replacing in the above
display Reg(h) by /4.

As for (22), we follow exactly the same route and obtain, for all A ¢ Hz /4,
L Reg(h) + (£ +1) v (", h*) L Reg(h) + (% +1) 77, (B, b*)
62 + k /82

g 1] log(|#1/5)

However, since in this case Reg(h) < /4, the same result as for (21) with Reg(h) replaced by /4 follows. This concludes
the proof. O

C. The Multi-class Case

Suppose now we are in the multi-class case, so that y € {0,...c — 1}, for some ¢ > 2. We first deal with the full histogram
multi-class setting, and then briefly cover the total multi-class setting.

C.1. The Full Histogram Multi-Class Case

First, note that any loss function ¢(h(z),y) for multi-class labels y can always be written as

(h(z), ) = 3y = r} (h(z). 1)
r=0

As in the binary case, we start off by introducing an ideal estimator for E, ,y[¢(h(x), y)]. The next is the full histogram

multi-class counterpart to (2). For bag z = ((x1, ..., 2), o), with @ = («p, . . ., @c_1), introduce the short-hands
E, = E,[l(h(z),r)], pr=Ply=r),
and consider the bag-level estimator
c—1 c—1
t(hy2) =Y (e = 1) Do (@), r) — Bp )+ piE, . (28)
r=0 i=1 r=0

The role of f;(h(x)) and fo(h(z)) in the binary case is now played by the ¢ functions {/(h(x),r)}¢Zj. The following is
the full histogram multi-class counterpart to Lemma 3.1. Its proof is given below in Section C.3.
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Lemma C.1. Let (z1,y1),..., (zk,yx) € X X {0,...,¢c— 1} be drawn i.i.d. according to D. Let z = ((x1,...,2k), @),

with a = («ap,...,q.—1) be the corresponding bag. For any function h € H, and any loss £(h(x),y) = Z;;é{y =
r}L(h(x),r) we have

2
E.[ly(h, 2)) = Eop [0(h(2), )], Var.(Cy(h, 2)) < 64 E[(mgxé(h(x), r)) } .

Our LLP algorithm for the full histogram multi-class setting is the very same Algorithm 1 for binary labels, but applied to a
proxy to estimator (28), where knowledge of p, and [E,. are replaced by empirical averages. Moreover, as in the binary label
case, we would like to estimate loss differences.

We thus define, for each hy, ho € H,

A&,(hl, hg; Z)

= Eb(hl, Z) — Eb(hg, Z)
k

Pr) D2 (A0 hgs ) = Eol Al (b, hs)]) + ZpT b, hos )] (29)

7":0 i=1

—

c—

where

Al.(hy, ho;x) = L(hy(z),7) — £(ha(z),7) .

Then we split the data as in (4), and use S} to estimate E,., Sy to estimate p,., for r € {0,...,c— 1}, and S; to provide bags
z on which the LLP estimator (29) is constructed. We thus end up defining a proxy estimator ¢, (h, z) and a MoM estimator
Q(ha, ha,; S) similar to the one we constructed in Section 3.

In particular, in (29), we replace each p,. by its empirical MoM counterpart on So, that is,
§S2,r = ﬁMoM ({Oém+1,r, e 7a2m,,r}> ,
and each E, [A4,.(hq, ho; x)] by the estimator
IEs1 [Al.(h1,h2)] = ﬁMoM({Ul,Lm e ULk ULy e e Um,k,r}) ,

where, for each j € [m] and i € [K], v;;, = Al.(h1, he; x; ), being x; ; the i-th feature vector in the j-th bag of S.
Then, for each bag z; € S3 and h € H define

Eéb(hl, hg; Zj)

c—1 k c—1
=Y (o = Bsa) D (Al(hr ko ws) = B, [AL (i, ho)] )+ Y P B, [AL (1 h2)] . (30)
r=0 i=1 r=0

Finally, we define a MoM estimator based on the bags of S5 for the full histogram multi-class setting as follows. Consider
the m bags z; of S5 = {zam41,. .-, Z3m }, and set

Q(h1, ha; S) = MoM(Mb(hl,hQ;zmH), N .,Mb(hl,hQ;sz)) .

The algorithm for the full histogram multi-class setting is Algorithm 1 with Q(-, -; -) defined above.

The following is the main theoretical guarantee for this algorithm. The proof is given in Section C.5.

Theorem C.2. Let S = (x1,91), ..., (Tn,Yn) be drawn i.id. from a distribution D over X x {0,...,c — 1}. Let the
loss £(h(x),y) = Z:;é y = r}L(h(z),r) be such that the maximal second moments maxpcy E,[max, (((h(x),r))?]
are bounded. Let h* = miny ey L(h) be the best-in-class hypothesis. If S is split into 3m random bags of size k, with
n = 3m X k as in (1), then for all B > 0, the hypothesis h output by Algorithm 1 with Q(-,-; S) defined above satisfies
Reg(ﬁ) < B with probability at least 1 — 0, provided

_0 ( (k log(|H|/d) + ¢ log(c/é)) A2 (H) N kEX(H) log(c|?-£|/(5)>

p? B
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where

AP (H) = Iglea}}fE$ [mﬁx(f(h(x), r) — é(ﬁ*(m),r))j ) X(H) = max S o2(h, h*) .

r=0

When dealing with multi-class classification in LLP, there are four main quantities/dependencies that are worth considering:
i. the regret bound S, ii. the bag size k, iii. the number of classes ¢, and iv. the complexity of the function space H. In terms
of 3 and k, the bound in Theorem C.2 above is a slow rate of the form & /32 (we have been unable to prove for the full
histogram case fast rates akin to Theorem 3.5). As for the dependence on ¢, we highlight an explicit linear dependence in
the second term of the bound, and a /¢ dependence on the third term via (). Notice that both terms are lower order,
, and the third term has [ instead
of 3% in the denominator. A more implicit dependence on c occurs in the first and second terms term via A¢?(H) (due to the
presence of “max,."). This can be clearly removed altogether if the loss is bounded (like square loss). For the main term
(that is, the first term), max, within A¢? (#H) can be turned into a mild (logarithmic) dependence on ¢ even when the loss is
unbounded, provided we make light tail (e.g., sub-Gaussian) assumptions on the distribution of ¢(h(x),r) — E(ﬁ*(x), T).
The reader is referred to Appendix C.4 for details.

C.2. The Total Multi-Class Case

We now move on to sketch the tofal multi-class case. In this case the estimator (28) is not legit, as it assumes direct access to
all multi-class aggregate value «, . . ., a.—1. It turns out the total multi-class case we can easily tackle only when the loss
function has the affine form £(h(z),y) = f1(h(z)) + yfo(h(x)), where now, y € {0,...,c— 1}. Notable examples are the
Poisson Log Loss /(h(x),y) = h(z) —ylog h(x), as well as the square loss for regression £(h(z),y) = (y — h(z))?, where
the resulting 32 term can be disregarded, since it is independent of the model’s prediction h(z). Note, however, that neither
the multi-class log loss nor the multi-class square loss (aka Brier score) is an affine function of y. The key observation here
is that the above affine form of the loss coincides with the general form of losses for binary labels we analyzed in Section 3,
the only difference being that now the label y has a wider range than binary. In this sense, the binary label case presented in
Section 3 is simply a special case of the total multi-class case, the bag-level estimator (2) immediately extending to this
multi-class scenario.

From a theoretical standpoint, the corresponding version of Lemma 3.1 will feature an extra ¢? factor in the variance bound,
and so do as a consequence the variance/second moment terms occurring in Theorem 3.2, and Theorem 3.5. This is due to
the need to replace 7(+) in the proof of Lemma 3.1 with E[y|-], whose range of values is as wide as ¢ instead of 1. The easy
details of this adaptation are omitted.

C.3. Proof of Lemma C.1

Introduce the short-hand

c—1 k
o0) = S0 =) £ 300 8.

Recall that 7, (z) = Pp,,, (y = r[r) We want to relate the bag-level expectation of g(h, z) to the population loss at the
individual label level. We have

E(a,y) [€(h(z ZE Eyul{y =r}l(x ZE () ()]
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and
c—1
E. [g(hv Z)] - T,E_:OEZ |:(a7‘ - pr) % ;(gr(ml) - ET)]
1 c—1 k k
=52 ZEZ Z <{yj =r}— pr) Z (Er(%) Er)
r= -le o i=1 Zl -
c—1 i
= % Z Ez Z gj,rzi,r + Z gjw&,r
r=0 | j=i j#i

But when j # i we have E[y; ,{; ] = E[y;,,] E[¢;] = 0, so that the above simplifies as

-1 c—1

B.loth )] = Y [ = L T E[(tr=r} - ) (60) - E)]

=0 r=0

In turn
E[({fy=r}-p) (6@ ~E )| =E[({y =1} =p.) (@) ~E[({y =7} =, )E/]
= B, (@)t (2)] — p,E B
Hence - B
E-lo(h,2)] = 7 S (Bl (0)te(@)] — p/Ey ) = 1 EI(h(@), )] — T Y prEBo

r=0 r=0

AS a Consequence,
t(h,z) = kg(h,z) + me
r=0
=§(ar —pr) 3 (brla) —Er)+§prﬂ£r (31)
r=0 =1 r=0

is an unbiased estimator of E[¢(h(z), y)]. This proves the first part of the lemma.

Consider now the variance of ¢, (h, z). To facilitate the effort, introduce the short-hand notation

ar = Qp — Pr, gr,i = gr(xl) - Er .

For bag z, set B = (z1,...,z), and let us switch to a vector notation.

Define

n0($¢)7 e ’77<:71($Ci)]—r s
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and centered versions thereof

Now,

so that

Further,

and

a=a—p
£;i=4;—F
n; n,—p
k c—1
by(h, z) = Z Z(ar = pr)(lr(zi) — Er)
=1 r=0

Var(ta(h 2)) = E :(ar (szzi)ﬂ _R2 [aT (ZEH

Moreover, for r # s,

so that

and

and

1 /< 1 /e
arag = E(Z{yi =71y = 8})2 ﬁ(Z{yz =ry; = 8})

i.j=1 i

Elava, | B] = kQZm 2 () [(Zm xz)(fjnsuj))—zmmi)ns(m)]
j=1 i=1

i#]

Elaa' |B] = %(0’*(0’*)T — Z*)
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where
k k
ot = Zn o= Zﬁ
=1 i=1
k (c=1)x(c—1) k
o= [Zn (xi)ns(wi)l =Y nin’
=1 =0 =1

But
ko E Tk k- =
() & - (38) (n)- i a yis
=1 =1 j=1 i=1 #£j
and, because of the fact that E[n [Z | = 0, and the variables 2 and 7)., ; are independent for 7 # j, we also have

KD "X n)] (B) it DE[(@7,) | 42000 VE[(@7,) (B7)]

ol

For similar reasons,

[@ m) }+k(k - 1)]EK£71T772)2} .

Hence we conclude that
I (G R CES N = CEA I

D) (€0

(G NE  (CEN N CESICENIE

Also, note that

CEATCEN I EECEAREICENNEHIGENY
since E {(Zfﬁz) 2} —E [(Z;?h) 2} . Plugging back yields

Var(6y(h, ) < E[(Zfﬁl)Q]ﬁ(k_ Y E[(Zfﬁzﬂ . (32)

| =
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Consider now the first expectation in (32). We have

2

(21771)2 = (& ~B)7(n, - p))
= (6 —®)Tn, ~ 6 —B)p)’
<ot —B)m,) +2((6 ~B)p)’
<2(jits ~ Ellslimll ) +2(1&s ~ Ellllpll)

= 4[|6, — E||%

the last equality due to the fact that 17; and p are probability vectors. For the second expectation, the argument is exactly the
same, just replace 1; with n,.

Plugging back into (32) and overapproximating yields the handy upper bound
Var, (6,(h, 2)) < 16E, [Hel - E||§O] . (33)
We can also eliminate the centering by observing the following:

E. {162 - ElIZ] < Ea (1]l + [Elloc)”]
< 9, [|161] 2, ] +2E. [I[E) 2

= 2B, [||&a] % -2/ 1B 1%

< 2K, [||61]|%| +2E, [lwll\io]

(from th_e deﬁniéion of vector E = E,[£;], and the convexity of || - ||2,)

= 4E, ||le1ll3 | -

This results in

Var. (t(h 2)) < 645, ([l 2] = 048, [ (_ max | ehia).m) ]

as claimed.

C.4. Sub-Gaussian Losses for the Full Histogram Multi-Class Case
We can alternatively start from (33) and maintain centered variables. Now, if the loss components ¢(h(z), r) are bounded by
L for all (z,y),and r € {0,...,c— 1}, then clearly,

Var(ly(h, 2)) < 64L2

independent of c. On the other hand, if the loss is not uniformly bounded, but is sub-Gaussian, then observe that £; — E is a
zero-mean vector, and we can use standard inequalities for expectations of maxima of sub-Gaussian variables. For instance,
the following claim comes in handy.

Proposition C.3. Let Xy, ..., X._1 be 0%-sub-Gaussian random variable with zero mean (but not necessarily independent).
Then, for all t > 0,

2
]P(( _fnax 1Xr) > 202(10gc—|— t))g 2¢7t.
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Proof. Let M = max,—o,

ey

Y
<

P((T:él???i_er)QZ 202(log ¢ + t)) = P(|M

thus concluding the proof. O

Now, when M = [|€; — E||oc = max,—o.. 1 |l(h(x1),7) — E.|, with E,. = E.[¢(h(x),r)], and € = 202 log ¢, we have

yeeey

E[M?] = / P(M? > u) du
0
:/ P(M?* > u)du+/ P(M? > u) du
0 €
< 6+20’2/ IP’(M2 > €+ 20°t)dt
OOC
<e+ 202/ 2¢~ ! dt = e 4+ 40% = 20%(log c + 2) .
0
Thus if £(h(x1),r) — E, are o%-subgaussian components of vector £; — E, then
Var(¢y(h,z)) < 12 (202(logc + 2)) ,
hence, with a logarithmic dependence on c.

C.5. Proof of Theorem C.2

We follow to the extent possible the proof of Theorem 3.2. Yet, extra care has to be taken here when trying to make the
dependence on the number of classes c as small as possible.

Recall the definition of Aly(hy, hy; z) in (30). Let £(h) denote the population loss of model 7 when the underlying loss is
the multi-class loss ¢,

L(h) = E ) [¢(h(z),y)] ,
and set

AL(h1, h2) = L(h1) = L(h2) -
Then, Theorem 2 in (Lugosi & Mendelson, 2019) shows that if m > r = [8log(1/0)], we have

IP’(thhz EHXH ‘Q(hhhz;s) — E.[Aly(hy, ho; 2) | 51752]‘

51,52>

>1-6, (34)

21 2
< (. o)y 2B HE/D)

where 0%(hy, hy) = Varz(ﬁﬁb(hl, he; )| S1,S2), being ﬁéb(hl, hs; z) now defined as in (30), and the probability above
is taken over S3, conditioned on S7 and S5.

Similar to the binary case, we assume the stronger condition m = Q(log(c|#|/9)).

36



LLP for general loss functions

From Theorem 2 in (Lugosi & Mendelson, 2019) one can see that,

~ 21 2/5
P <Vth1,h2 € H x H |Be [AG(hn, ho)] — Eo[AL (hy, o, 2)]|< oo(hr, ha) W) >1-6 (35)
with 02(hy, hg) = Var, (A, (hy, ha; x)), the probabilities being taken w.r.t. S;.
Moreover, since Var (o) = w < £, the same theorem shows that
2p, 1 1)
P (w I W) >1-4, (36)

the probability being over Ss.

Set for brevity

32log(c|H|?/d)

Aé,r(hlah2) = Jr(hl7h2) mk
32p, log(c/d
By (h1, hy) = M )
mk

)

From Lemma C.1 we can write

E.[Al(h1, ha: 2)| S, So] — M(hl,hz)( = [E.[Aly(h1, ho; 2) | S1, So] — EL[Aly(hy, ho; 2)]| -

As in the binary case, we need to upper bound this difference, and we compute the two expectations separately.

For fixed hq, ho, and 7, set for brevity

AET‘ = Er[Agr(hly hQ; :17)] )
AE, = Eg, [Al.(hy, hs)],

Dr :ﬁSQ,r>
k
Y= ZAfr(hh ha; ;) .

i=1

Then
E.[Aly(h1,hai2) | S1, 5] = Z:E (07 = B) (S, — KAE,) |+ 2@ AE,
= CZI(EZ[ar %) = kAR, p, — kD, AE, + kP, AE, )+ S 5. A%,
= =
But

E.[a 3] = ;E[(_ﬁ{yi =1}) (i Al (1, o)) |
=Eq.y) {y = 1} AL (i, o )] + (k — 1)py AR, |
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so that

E.[Aly(hy, ho; 2) | S1, Sa]
c—1

(E(W) [y = 1}AL (b1, ho: 2)] + (k — DprAE, — k AE, p, — kb AE, + kP, KET)

(=)

c—1
+> b AR, .
r=0
Similarly,

E,[Aly(h1, he; 2)]
c—1
(E(m,y) {y = rYAL(hy, ho; 7)) + (k — Dp,AE, — k AR, p, — kp, AE, + kp, A]ET)
r=0

c—1
+ZprA]Er.
r=0

Hence

E.[Aly(h1, ha; 2) | S1, Sa] — EL[Aly(hy, ho; Z)]‘

—

c—

— |k Cz_f((m@r pr = AE,p.) + (AR, p, — AR, ) + (5 AE, — p. AE,) )+ 3 (5, AE, — p, AE, )
r=0 r=0

c—1

‘kz (AE, — AE,) +§(pT£ET—pTAET>

r=

S k:g: AﬂET__ZSEL' Dr _'ﬁ; +'j£: ﬁ;ZSEL‘_'pT
r=0

c—1

-1
= ki{:ZAET__ZSET ]%'_iﬁ *‘2{:
o o
S kji: AﬂET__ZSET pr"iﬁ +'§E:( T
r=0 r=0

iLZSET__prZSET_%pTZSET__pT

2 — Dr )-

AE, — AE,

We use (35) to bound ‘EET — AE ‘ 1 — 36 over the

generation of S and S, uniformly over hq, ho,

EL[A0 (1, hi2) | S1, 8] = Ea[Aly (R, b 2)]|

c—1 c—1
< kY As(hnsho) Bsr(hnsho) + 3 (Br Ao (b, ho) + |AE, | Bay (i, ha))
r=0 r=0

:O<\/log(C|H|/5) \/logfi/(S CZIUT hl,hz)f>

=0

+O<\/ Log( C‘H‘/(S Zprar hi, ho >+O<\/ log(c/ Z|AE \F)

We apply the upper bound

Vlog(c%/&) wogw/& _ log(c|H|/9)

m m m ’
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and then focus on the three sums “Y " _/ 1" above. We have

c—1 c—1
Y or(hi, ha)y/pr < maxor(hy, ho) (Z fp,.)
r=0 r=0

< \ﬁ maXJT(h17 h2) y

c—1 c—1
> prov(hy, ho) < max ay.(hi, ho) (Zm)

r=0 r=0
= mraxar(hl, ha) ,

and similarly
c—1
> IAE,|ypr < Ve max|AE,| .
s
r=0

‘We have therefore obtained

EL[Ay (1, hoi2) | S1, 8] — Eo[Ay (R, b 2)]|

O<<\/Elog7(;|7-[|/6) N 1og(;|;£|/6>> U(hl,h2)> +O<W mraX|A1ET|> :

where o (hy, hy) = max, o,.(h1, h2). But clearly, from (35)

R log(c |H|/6
|AE,| < |AET|+A5,T(h1,h2)=IAEr+0<0r(h17h2) Og(cmk;/)> ’

which we replace back into the previous display. This results in

E.[Al(h1, ha: 2)| S1, So] — EL[Aly(hy, ho: z)]’
o((ﬁlogf;”{'/é) + 10g(c|%|/5)> a(hl,h2)> +0< ¢ 08l¢/0) 1051(]:/5) m3x|AIEr|> . 37)

mk

As for Var, (Aly(hy, ho; 2) | S1, S2), we again observe that in the conditional space where S; and S, are given, the bound
on this variance can be obtained by adapting the argument contained in Lemma C.1, as specified next.

Let z = (B, &), with B = (x4, ..., ), and introduce the short-hand notation

[

ﬁ: [ﬁOa"'aﬁc—l]T

AL; (h17h27$z) s Aoy (h1, hos )] T
]Ec 1]T7

770( ) et ()] T

- 7ac—1]T

Q

I
Q
2

and its (approximately) centered versions

a=a-p
AE =AY, — AE
n,=mn— p-
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With this notation, we have

c—1 k c—1
Rby(ha, hai2) = (o = Boar) D (Al (h1, hajw) = B, [A (i, ho)] )+ Y Bl B, [Al (. o))
r=0 =1 r=0

k
~T N ) ~T
(; A&) +p AE

Thus, following the corresponding steps in the proof of Lemma C.1, in the conditional space where S; and .S, are given (we
again omit from the notation the conditioning on .S; and S5 for notational comfort), we can write

Var, (&éb(hhh%z)) SE{(; ££i>T aa' | (zj: H

with

where

k k
U*ZZTIw &*:Zﬁz
i=1 i

(e=1)x(c—1)

k
= lz nr(xi)ns(zi)l => "nm".

r,s=0 =1

As a consequence, as in the proof of Lemma C.1,

Var, (M,(hl,hg, )< ~E

(=)

But
Al;=At; — AE+(AE-AE), #,=n,—-p+(p-p),
so that
Eoo k g
(;M) & = <;(A£i—A]E)+k(A]E—EE)) (;(m—p)+k(p_ﬁ))
k k

—
/N
&Mw

(Y@t —am) (Sm—p)k (a6 - 28) p-5)

i=1 i=1 i=1

+k (AE—AE)T(i(m —10))+/<i2 (AE—KE)T(p—ﬁ) ,
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and, using (a + b + ¢ + d)? < 4a® + 4b + 4¢? + 4d?,

((ZZ;M)TE*Y g4<(zk:(u _AE )T(Z )>2+4k2 ((XE (AL — AE)) (p;;)>

=1 i=

2

1
k 2

+4k2<<AE AE)T( 1 )>2+4k4<(AE£E)T(pﬁ)>
<4<(§:(A£i—AE))T(

i=1 i

(n; —p))> +4k? Hi(Mi - AE)HEHP—T)II%
i=1

'MW

1

) (11)

ok 9 2 2
+4#2 || a8 —AE|| IS, — )|, +-44* ] xR ]p 3],
=1

(II1) v

Plugging back,

Var, (Mb(hl,hz;z))g % E[(I)}—F kl E[(U)} le ]E[(III)}—F% E[(IV)} .

We treat the four terms separately. For the first term, we can immediately apply the variance bound in Lemma C.1, leading to
1 2
S E [(1)} <64E [mrax (Amhl, ho a:)) } .

We know from (36) that

10g(€/5)) 7

mk

lp - D3 < Z Bsr(h1, h2)) =O<
r=0

and, from (35), that

1

HA]E A]EH C A(;}T(hl,hg)f:O(bg(c'W §Uf(h1,h2)> .

mk
r=0 r=0

Moreover, since the vectors A¢; — A E and the vectors 1, — p are centered,

HZ (ae, _M;M

( (AL (hy, ho; i) — A]Er)ﬂz k z_:af(hl,hg)
=1 r=0

and

c—1

E

[l =[5

=k iVar(nr(x))
r=0

S (e - m)Z]

r=0 =1

c—1

S k Zpr(]- 7pr)
r=0
c—1

<k pr=kK.

r=0
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Hence

% E[(U)} -0 <1°g1(;/5> i)ﬁ(m,m))
0 <1°g(i'ff'/ ) §03<h1,h2>>
kQ {(IV)} 0 (<log c|H|/6) ) CZO' hl,h2> ‘

Piecing together, and leveraging the condition m = Q(log(c|#|/d)) yields

=
| —
—
~
~
~
—
[
Il

X 21 log(c|H|/6) $~
VarZ(AEb(hl,hg;z)>:O E[mgx(Mr(hl,hz;x)) }+TZar(h1,h2) . (38)
r=0

We are now ready to combine (34), (37), and (38). If we assume that S; and S5 have been drawn in such a way that both
(34) and (37) simultaneously hold for all hy, ho € H, we conclude that

]P’<Vh1,h2 EHxH ’Q(hlyhz; S) — Aﬁ(hhhz)‘

-1

gO(\JE{maX(AET(hl’hQ;f)>2} log CI”H|/5 Z log([#1/5)

r m

c log(c/9) maxM))
mk r

>1-34.

Similar to the proof of Theorem 3.2, we define

Cé(h17h27 ‘H‘7m7kvc)

- O(JE[mf"(ﬁgr(hhh%x)f]*w S o2t ha) | 22D

m m
c log(c/0) maxMM)
mk r

and make further overapproximations to simplify the above expression. In particular, we set
AE = [Ey,...,E._1]" = [E[Aly(h1, ho; x)], ..., E[Ale_1(h1, ho; 2)]]T = E[AL],

with
AL = [Aly(hy, ho;@)], ..., Aley(hy, ho;x)]] T

Then note that, by the convexity of || - ||co»
m3x|A]Er| = ||AE||oe < E[||AL|oo] = E, m3x|A€r(h1,h2;x)|} .
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Then
05(h17 h27 ‘H‘,m7 k7 C)

:O( E[maX(Aﬁr(hl,hg;l«))Q} log C|7'l|/5 §a log(|H[/6)

T m
r=0

clog(c/9)
mk

E, [m?XAfr(hl,hg;l‘)q) .

We then apply Proposition B.1 with h; = h € Hg,4 and hy = ﬁ*, and following the same argument as in the proof of
Theorem 3.2, we conclude that the resulting sample complexity is

2
. O(M%H) log([#1/5) , B(H) log(clH|/5) , © (a16170) tos(e/ 5>> |

B2 8 B2k
where
~ 2
2090 _ *.
AP(H) = maxE, {m3x<A£r(h,h ,x)) } ,
AlY|(H) = r}{leagEm [mﬁX’AET(h,h ,x)H ,
and
c—1 N
— 2 *
E(H) max 2 o2(h,h*) .

We further simplify the above expression by noting that

(A|€|(H))2 - (maxEx {mrax‘AET(h,ﬁ*;a:)

heH

IN

max E, [(m;ax‘Aﬁr(h, /ﬁ*; x)

= max E, [m;iix <A€r(h,ﬁ*; x))Q}
= AP(H).

Plugging back and rearranging concludes the proof.

D. Experimental Setup for Section 4 and Further Experimental Results

This appendix contains further details on our experimental setup, as well as test set results based on the Area Under the
Curve (AUC) metric.

D.1. Datasets and Models

MNIST: MNIST (LeCun et al., 2010) is a multi-class image prediction task where each example contains a 28 x 28
grayscale image of a hand-written digit and the label indicates which digit it is. The data consists of 60,000 training images
and 10,000 test images. We consider a binarized version of MNIST where digits in {0, 2, 4, 6, 8} are positive examples and
digits on {1, 3,5, 7,9} are negative, so that the task is to predict whether the digit is even or odd. The model we use for
MNIST is a Convolutional Neural Network (CNN) with the following layers: Convolution with 32 filters, max pooling with
2 x 2 window and stride, Convolution with 64 features, dropout layer with rate 0.5, and finally a fully connected layer with
a single output. The two convolutional layers are followed by ReL.U activations, while the final output has no activation so
that it outputs a logit.
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CIFAR-10: CIFAR-10 (Krizhevsky, 2009) is a multi-class image prediction task where each example contains a 32 x 32
color image which belongs to one of the following classes: AIRPLANE, AUTOMOBILE, BIRD, CAT, DEER, DOG, FROG,
HORSE, SHIP, or TRUCK. The training data consists of 50,000 images and 10,000 test images. We consider two binarized
versions of CIFAR-10: Animal-vs-Machine, where the positive labels are BIRD, CAT, DEER, DOG, FROG, and HORSE, and
Cat-vs-Rest, where CAT is the only positive label. We use the same CNN architecture for CIFAR-10 as was used in MNIST.

Higgs: The Higgs dataset (Baldi et al., 2014) is a simulated dataset where the goal is to distinguish between processes
that produce Higgs bosons and a background process that does not. The dataset consists of 11,000,000 examples and we
split them into training and testing by taking the first 10,000 examples as test examples with the remaining examples as
being training examples. Each example has 21 features which are a mix of directly measured properties of the system and
hand-crafted high level features. Our model class is a fully connected model with 4 hidden layers each having 300 neurons
and ReL.U activations followed by a fully connected layer with 1 output and no activation so that it outputs a logit.

Adult: The Adult dataset (Kohavi & Becker, 1996) is a dataset derived from the 1994 US Census Database where the
goal is to predict whether an individual’s income exceeds $50,000 per year or not. The features include several categorical
and numerical features describing the individual. We pre-process the data by one-hot encoding all categorical features
and rescaling each numerical feature so that the values fall within the interval [0, 1]. Our model class is a fully connected
network with a single hidden layer with 32 neurons and ReLU activation, followed by the output layer with no activation.

Criteo: The Criteo Display Advertising Challenge (Tien et al., 2014) is a competition where the goal is to predict whether
a given ad impression will result in the user clicking on the ad. Each example is described by a total of 39 features, 13 of
which are integer “count” based features, and 26 of which are categorical features. To preserve privacy, Criteo pre-processed
the dataset by hashing each of the categorical features into 32 bit hashes, and they do not provide high-level descriptions
of what the original feature values corresponded to. We use only the training data which consits of 37M ad impressions
together with whether they were clicked or not. The examples are ordered by ad impression time and come from a span of 7
days. An important characteristic of this dataset is that the click rate changes periodically. The model class we use for the
Criteo dataset is a Deep Embedding Model, which works by mapping each feature value to an embedding vector and then
applying several fully connected layers to the concatenated embeddings. To embed the integer-valued features, we first
discretize each feature into buckets using logarithmically-spaced bucket boundaries with 40 boundaries. Then, each bucket
is associated with a learned embedding vector. For each categorical feature, we map the hashed value to an integer bucket by
mapping hashing again and taking the modulus with a per-feature number of buckets. For all integer features, we use 40
buckets and an embedding dimension of 10. Table 1 shows the number of buckets and embedding dimension used for the
categorical features. In general, the number of buckets was chosen to be a round number approximately equal to the number
of distinct values that appeared at least 100 times in the training data. Once the features are embedded, the model uses three
fully connected hidden layers with 256, 128, and 64 neurons respectively, all using ReL U activations. The final output layer
has no activation as it outputs a logit.

D.2. Instance-level Losses and Label Smoothing

For completeness, in this section we briefly define the instance-level losses that we use in our experiments. These losses are
transformed into bag-level losses via the recipes for each of GENERALUPM, EASYLLP, and PM.

In the online Criteo learning experiment, we instantiate each LLP loss for the binary cross-entropy instance-level loss. That
is, when the model predicts a logit § € R for an example with label y € {0, 1}, the loss is given by

lee(9,y) = —ylog(a(y)) — (1 —y)log(1 — (7)),
where o is the logistic function. We use the optax (DeepMind et al., 2020) implementation of the cross entropy loss which is
implemented in log space to avoid numerical issues.

For the batch learning experiments, we modify the cross-entropy loss to use label smoothing, which is a common technique
for preventing models from becoming overly confident over long training runs. Concretely, this corresponds to defining a
new loss

gces(ga y) = lee (ﬂ7 (1 - E)y + 6/2)7

where € is a parameter controlling the strength of the label smoothing. In our batch experiments we simply choose € = 0.1.

44



LLP for general loss functions

Feature Name Number of Buckets | Embedding Dimension
categorical-feature-14 700 30
categorical-feature-15 500 30
categorical-feature-16 10000 70
categorical-feature-17 10000 70
categorical-feature-18 200 22
categorical-feature-19 20 10
categorical-feature-20 10000 70
categorical-feature-21 400 30
categorical-feature-22 10 10
categorical-feature-23 10000 70
categorical-feature-24 5000 50
categorical-feature-25 10000 70
categorical-feature-26 5000 50
categorical-feature-27 50 10
categorical-feature-28 5000 53
categorical-feature-29 10000 70
categorical-feature-30 10 10
categorical-feature-31 5000 50
categorical-feature-32 5000 50
categorical-feature-33 10 10
categorical-feature-34 10000 70
categorical-feature-35 10 10
categorical-feature-36 10 10
categorical-feature-37 10000 70
categorical-feature-38 10 20
categorical-feature-39 10000 70

Table 1. Criteo Categorical Feature Specifications

Note that we do not actually modify the labels of the training data. We just apply EASYLLP, GENERALUPM and PM to
the 108S £ q.
D.3. Bag-level Loss Implementations

In this section we review the definitions of EASYLLP and PM, together with details of how our implementations estimate
the quantities p, E[f1(x)] and E[f2(x)] appearing in the definitions of EASYLLP and GENERALUPM. Throughout this
section, fix a bag z = (B,«) = ((¢1,...,2k),a) and instance-level loss function ¢ (like £ or .5 from the previous
section).
Proportion Matching (PM). The bag-level log loss for PM is simply defined as

pr(h, Z) = é(h(B), a)

where

=

EASYLLP (Busa-Fekete et al., 2023). Starting from an instance-level loss ¢, the bag-level Easy LLP loss is defined as

w\»—

EEAsyLLP h Z

k
Z +p) - Uh(@i), 1) + (k(p — &) + (1 = p)) - ((h(z;),0).

R‘\H

Implementation of Parameter Estimation. The definitions of both EASYLLP and GENERALUPM require estimates of
the label marginal p = P(y = 1), which is the probability of observing a positive example from the underlying distribution.
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Figure 3. Average test log loss when training using each aggregate loss in the batch setting for all bag sizes. For each bag size we report
the lowest log loss achieved over all learning rate and stopping epoch combinations. Error bars indicate one standard error in the mean
across repetitions.

Beyond this, GENERALUPM also requires estimates of E[f; ()] and E[f2(z)]. In this section we describe how those
quantities are estimated in our experiments.

Label Marginal p. In our batch learning experiments we estimate p to be the average label proportion among all the bags in
the training data. This calculation is done once before training begins and the same value of p is used in every evaluation of
the LLP loss functions. For the online Criteo experiment, as described in the main body, we process the data in chunks
containing 2'¢ examples. After reading each chunk, we estimate p to be the average label proportion among all bags in
the chunk, and that value is used in every evaluation of the LLP loss function for that chunk alone. This is essential for
achieving good performance on the Criteo dataset because the actual click rate (i.e. value of p) changes over time due to
changes in the set of users interacting with ads at different times of the day, new ad campaigns launching, etc.

Model’s Average Loss. Recall that f1(z) = £(h(x),0) and fa(z) = £(h(x),1) — £(h(x),0) correspond to the model’s loss
on example z if the true label were 0, and the difference in loss between label 1 and 0, respectively. Since these quantities
depend on the model parameters, we cannot estimate them once at the beginning of training and treat them as a constant. In
particular, their values change during training, but also the gradient of these terms with respect to the model parameters
is non-zero. To estimate the expected value of f; and f> on a random x drawn from the data distribution we employ the
following scheme: Each SGD training batch consists of at least B > 2 bags. When evaluating the GENERALUPM loss on
one bag within a batch, we estimate the expected value of f; () and f2(x) by averaging their values over the feature vectors
contained in the remaining B — 1 bags. This results in unbiased estimates that are uncorrelated with the other components
of the LLP loss for that bag. The variance of the resulting estimate depends on the relative size of the bag and batch size,
since when the bag size approaches the batch size, we have fewer examples for estimating the expectations.

D.4. Complete Log Loss Plots

Figure 3 shows the complete set of results for the batch experiments reporting the testing average log loss (including bag
sizes smaller than 2* and bag size 2'1).
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Figure 4. Average test AUC when training using each aggregate loss in the batch setting. For each bag size we report the highest AUC
achieved over all learning rate and stopping epoch combinations. Error bars indicate one standard error in the mean across repetitions.

D.5. AUC Plots

Figure 4 and Figure 6 present results that are identical to the setting of Figure 1 and Figure 2 except that we report the AUC
of models rather than the average log loss. Also Figure 5 contains AUC results for all bag sizes in the batch setting.

The conclusions based on AUC are essentially the same as those from log loss with the exception of the Online Criteo
experiment, where we find that when performance is measured by AUC, EASYLLP also out-performs PM at large bag sizes.

D.6. Computing Resources

All experiments were conducted on a cluster of virtual machines using NVIDIA Tesla p100 GPUs. Each machine was
equipped with 64GB memory and a virtualized CPU.
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Figure 5. Average test AUC when training using each aggregate loss in the batch setting for all bag sizes. For each bag size we report the
highest AUC achieved over all learning rate and stopping epoch combinations. Error bars indicate one standard error in the mean across
repetitions.
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Figure 6. The left figure depicts the average chunk AUC for each LLP loss and bag size. The right figure shows the per-chunk AUC
during online training for bag size 2*!. Error bars indicate one standard error in the mean across repetitions.
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