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Abstract

We consider the problem of empirical Bayes estimation for (multivariate) Poisson means. Ex-
isting solutions that have been shown theoretically optimal for minimizing the regret (excess risk
over the Bayesian oracle that knows the prior) have several shortcomings. For example, the classical
Robbins estimator does not retain the monotonicity property of the Bayes estimator and performs
poorly under moderate sample size. Estimators based on the minimum distance and non-parametric
maximum likelihood (NPMLE) methods correct these issues, but are computationally expensive
with complexity growing exponentially with dimension. Extending the approach of Barbehenn and
Zhao (2022), in this work we construct monotone estimators based on empirical risk minimiza-
tion (ERM) that retain similar theoretical guarantees and can be computed much more efficiently.
Adapting the idea of offset Rademacher complexity Liang et al. (2015) to the non-standard loss and
function class in empirical Bayes, we show that the shape-constrained ERM estimator attains the
minimax regret within constant factors in one dimension and within logarithmic factors in multiple
dimensions.

Keywords: Monotone estimation, Nonparametric estimation, Offset Rademacher complexity, Con-
vex optimization, Mixture model

1. Introduction

At the heart of modern large-scale inference Efron (2012), empirical Bayes is a classical topic
and powerful formalism in statistics and machine learning. Consider the Poisson model in one
dimension as a concrete example. In a Bayesian setting, the latent parameter 6 is drawn from a prior
7 and the observation X is then sampled from Poi(6), the Poisson distribution with mean 6. In other
words, X is distributed according to the following Poisson mixture p, with mixing distribution 7:

033

pola) = [0S an(0), wez 1)
The Bayes estimator for ¢ that minimizes the squared error is the posterior mean, which can be
expressed in terms of the mixture density as follows:

pﬂ'(l' + 1)

f@) = @+

(@)
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In the empirical Bayes setting, the prior 7 is unknown but we have access to a training sample
X1,...,X, drawn independently from the mixture p,. The goal is to learn a data-driven rule that
produces vanishing excess risk over the Bayes risk, known as the regrer'

~

Regret, () 2 E | (F(X) - 0)*] —E [(#(X) - 0)?]. 3)
The problem of interest in this context is thus:

Can we construct computationally efficient and practically sound estimators of f* with
optimal regret over a class of priors?

Preliminary analyses of the Poisson empirical Bayes problem go back to Robbins (1951, 1956),
who proposed the following rule as an empirical approximation of (2):

Np(X +1)

Fron(X) £ Jron(X; X1y, Xo) = (X + 1) gy

“)

where N, (z) = > 1{x,—4 is the empirical count for each x € Z, in the training sample.
Such an approach is termed “f-modeling” that focuses on approximating the mixture density Efron
(2014). Recent theoretical developments Brown et al. (2013); Polyanskiy and Wu (2020) have
established that the Robbins method achieves the optimal rate of regret when 7 has either bounded
support or subexponential tails. On the other hand, in practice, it is well-recognized that the Robbins
estimator suffers from multiple shortcomings such as numerical instability (cf. e.g. (Maritz, 1968,
Section 1), (Maritz and Lwin, 2018, Section 1.9), (Efron and Hastie, 2021, Section 6.1)) and lack
of regularity properties, including, notably, the desired monotonicity property of the Bayes rule f*
(see Houwelingen and Stijnen (1983)).

In another approach to the empirical Bayes problem, known as “g-modeling” Efron (2014), one
tries to mimic the structure of the Bayes estimator by substituting the prior in the posterior mean with
a suitable estimator. It has recently been shown that optimal regret can be attained by g-modeling
estimators based on the minimum distance methodology that first finds the best approximation pz
to the empirical distribution of the training data under suitable distances then applies the Bayes rule
with the learned prior 77. A prominent example is the nonparametric maximum likelihood estimator
(NPMLE)

n
TNPMLE = argmax HPQ(Xz‘) ®)
Q iz

which minimizes the Kullback-Leibler divergence. Thanks to their Bayesian form, these estimators
inherit the desired regularity of Bayes estimator (such as monotonicity) and lead to more stable,
accurate, and interpretable estimates in practice. Recently, Jana et al. (2022) has shown that a
suite of minimum-distance estimators, including the NPMLE, attain the optimal regret similar to
the Robbins estimator for both bounded or subexponential priors. In addition, when 7 has heavier
(polynomial) tails, the NPMLE achieves the corresponding optimal regret while Robbins estimator

1. In the literature there are multiple ways to formulate the regret in empirical Bayes estimation Zhang (2003). As
opposed to the formulation (known as the individual regret) in (3), where the data are split into the training set
Xi1,..., X, and the test set X, one can consider the total excess risk of estimating the latent parameters 61, ..., 0,
based on X1,..., X, over the Bayes risk. This quantity, known as the total regret, in fact equals to n times the
individual regret (3) (with n replaced by n — 1) as shown in (Polyanskiy and Wu, 2021, Lemma 5).
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provably fails Shen and Wu (2022). However, the downside of g-modeling is its much higher
computational cost. For example, (5) entails solving an infinite-dimensional convex optimization.
Although in one dimension faster algorithms akin to Frank-Wolfe have been proposed Lindsay
(1983); Jana et al. (2022), for multiple dimensions existing solvers essentially all boil down to
maximizing the weights over a discretized domain Koenker and Mizera (2014) which clearly does
not scale with the dimension.

1.1. Empirical Bayes via Empirical Risk Minimization

In this paper we propose a new approach for Poisson empirical Bayes by incorporating a framework
based on empirical risk minimization (ERM) and the needed technology from learning theory, no-
tably, the offset Rademacher complexity, refined via localization, to establish the optimality of the
achieved regret. In contrast to f-modeling and g-modelling that aim at approximating the mixture
density and the prior respectively, the main idea is to directly approximate the Bayes rule by solving
a suitable ERM subject to certain structural constraints satisfied by the Bayesian oracle. We note
that a similar technique has been applied earlier in Barbehenn and Zhao (2022) to the Gaussian
model; however, the theoretical guarantees therein are highly suboptimal.
The benefits of the ERM-based methodology are manifold:

1. Unlike the Robbins method, the constrained ERM produces an estimator that enjoys the same
regularity as that of the Bayes rule, at a small permillage of the computational cost of g-
modeling methods such as the NPMLE and other minimum-distance estimators.

2. The ERM-based estimator is scalable to high dimensions and runs in time that is polynomial
in both n and the dimension d. In contrast, all existing algorithms for NPMLE are essentially
grid-based and scale poorly with the dimension as n®(@.

3. The ERM approach invites powerful tools from empirical processes theory (such as Rademacher

complexity and variants) to bear on its regret.

4. The flexibility of the ERM framework allows one to easily incorporate extra constraints or
replace the function class by more powerful ones (such as neural nets) in order to tackle
more challenging empirical Bayes problems in high dimensions for which there is no feasible
proposal so far.

To summarize, the ERM can be seen as an alternative solution to the empirical Bayes problem,
that excels over the Robbins method in terms of retaining the regularity properties of the Bayes
estimator, and is computationally much efficient than the other existing non-parametric alternatives.
We will also show that theoretically it achieves the optimal regret for certain light-tailed classes of
priors. Whether these guarantees carry over to the heavy-tailed classes of prior, where the Robbins
method is known to be suboptimal and NPMLE is known to be optimal Shen and Wu (2022), is
beyond the scope of the current paper.

Next we describe the construction of the ERM-based empirical Bayes estimator in detail. To
derive the objective function for the ERM, note that using f*(X) = E [0| X], we have

§* = axgminE[(£(X) ~ 0)7] = argminE[(£(X))* 20 (X)

= arg}rcninE [f(X)2 —2Xf(X — 1)] J
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where we get the last step by applying the identity E [0 f(X)] = E[X f(X — 1)] for X ~ Poi(6).
Since f* is monotone, this naturally leads to the ERM-based estimator

Form € argmin E[f(X)? — 2X f(X — 1)], (6)
feF

where IAE[h(X )] £ 23 | h(X;) denotes the empirical expectation of a function / based on the
sample X1, ..., X, and the minimization (6) is over the class of monotone functions F = {f :
f(x) < f(x+1),Vz > 0}. We also note that the solution (6) is only uniquely specified on the set
S&{Xy,..., X} U{X1 —1,..., X, — 1}, which can be easily computed by an algorithm akin
to isotonic regression (see Lemma 5). We then extend this solution to the whole Z in a piecewise
constant manner: for those x < min S, set ferm (x) = 0; for those r > max SL = Xpax =
max{Xi,..., X, }, set f(x) = f(Xmax); for the remaining = & S, set ferm(x) = ferm(max{y €
S :y < x}). This natural piecewise constant extension clearly retains monotonicity.

We note that the above construction of the ERM-based empirical Bayes estimator can be done in
a principled way for other mixture models than Poisson (see Table 1). Indeed, Barbehenn and Zhao
(2022) was the first to apply this approach to the Gaussian mixture model. However, only the slow
rate of w\;f(") is obtained for the regret by applying standard empirical process theory. In addition,
they use extra constraints, such as the ones based on bounded derivatives, bounds on the parameter
space, etc. These constraints can be used to further improve upon the practical performances of
the ERM estimator we use for the Poisson model; however the corresponding analysis is beyond
the scope of the current paper. One of the major technical contributions of the present paper is to

introduce a suitable version of the offset Rademacher complexity Liang et al. (2015) that leads to

the fast rate of %‘)g(”) (even with the optimal logarithmic factors!)
Mixture p(X10) Bayes estimator ERM Objective
Geo(0) 0% (1-0) 1— 22D [E[f(X)? = 2f(X) + 2/(X — 1)1{x)]
NB(r,60) | (Moot | SHECEL [ E[f(X)? - 25 F(X — Dlgxsg)
—0)2 7 ~
N1 | e (-E55) | X+ 2R E[f(X)” — 2Xf(X) +2/'(X)]
Exp(0) | Oexp(—0X) ey E[f(X)? — 2f/(X)]

Table 1: ERM objectives for other mixture models: geometric, negative binomial, normal location,
and exponential distributions.

1.2. Regret optimality

In addition to its conceptual simplicity and computational advantage, the ERM-based estimator
comes with strong statistical guarantees which we now describe. Let P[0, h] denote the class of all
priors supported on the interval [0, h] and SubE(s) the set of all s-subexponential distributions on
R, namely SubE(s) = {G : G([t,0)]) < 2e Wt > 0}. Our main result is as follows:

Theorem 1 (Regret optimality of ERM-based estimators) Let ferm be defined in (6), with F the
class of all monotone functions on Z,. Then there exists a constant C > 0 such that for any
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h,s > 0:

C’max{l,h}3< logn )2

sup Regretﬂ (]?erm ) S log log n

7€P([0,h]) n

sup Regret,r(ferm) < (log n)3.

C max{1, s}3
wESUbE(s) n

The regret bounds in Theorem 1 match the minimax lower bounds in (Polyanskiy and Wu,
2021, Theorem 2) up to constant factors depending on h and s, thereby establish the strong op-
timality of the ERM-based empirical Bayes estimators. Finally, as a side remark, we mention
that, one can show that a monotone projection of the Robbins estimator, given by fmono-Rob =
argmin pc 7 E[(f(X) — frob(X))?], also attains similar regret guarantees as in Theorem 1. This is
outside the scope of the current paper.

1.3. Multiple dimensions

The ERM-based estimator (6) can be easily extended to the d-dimension Poisson model. For clar-
ity, we use the bold fonts to denote a vector, e.g., @ = (01,...,04),0; = (0;1,...,0,4), X =
(Xq1,...,X9), X = (Xi1,..., Xiq), & = (21,...,24), etc. Let 7 be a prior distribution on ]Ri.
Consider the following data-generating process

0.5 X;"Poi(6;;). 7)

Note that the marginal distribution of the multidimensional Poisson mixture is given by

/Heel J d7r ) weZi.

Similar to (3), let us define the regret of a given estimator f : Zi — Ri as

Regret, (f) = E [|I£(X) - 01°] ~E[Ilf*(X) - 0]]°] , (®)
where X ~ p; is a test point independent from the training sample X1, ..., Xniri\(}p,r. For each
f.let f = (f1, -+, fq) where f; : Zi — R,. Denote by f* the Bayes estimator, whose i-th
coordinate f;" is given by

f99 HJ 1€ ixz!dﬂ(a) pr(T + €;)

pw(m) :(.Z'Z'—I—l) pw(az) , 1=1,...,d,

fi(x) = E[0;|] =

where e; denote the ¢-th coordinate vector. Using Cauchy-Schwarz, one can show that the Bayes es-
timator for the ¢-th coordinate is increasing in the ¢-th coordinate of the input if all other coordinates
are fixed, i.e.,

fi@) < filx+e), Vi=1,...,d Vexeczl )
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This leads to the following ERM procedure.

Form = arfgmin E £ 2> X £i(X —ei)]|
eF -

F={f:7¢ - RL: fi(x) < filw+e),Vi=1,-- ,d Ve Zl}. (10)

We again note that ferm is not unlquely defined for all =z € Zd To specify a minimizer, note that

( ferm)], the j-th coordinate of ferm, is uniquely defined on S £ {X;} U {X; — e;}. We may
extend it to Zi in the same manner as the one-dimensional case of (6) in a piecewise constant

manner. That is, for each ¢ S, if there exists y > 0 such that z — ye; € S, we set (ferm)j (x) =

(ferm) (min x0T ye;). Otherwise, set (ferm)j (x) = 0. By convention, we also define
z—ye;

(ferm)j(_ej) = 0.
Theorem 2 The ERM estimator (10) satisfies the following regret bounds:
1. If 7 is supported on [0, h]?, then Regret, (ferm) < O(4 max{cy, czh}d”(%)dﬂ) ;

2. If all marginals of m are s-subexponential for some s > 0, then
Regret, (ferm) < O(f (max{es, cas} log(n))**?),

where cq, co, c3,cq > 0 are absolute constants.

We conjecture these regret bounds in Theorem 2 are nearly optimal and factors like (logn)? are
necessary. Indeed, for the Gaussian model in d dimensions, the minimax squared Hellinger risk for
density estimation is shown to be at least O((logn)¢/n) for subgaussian mixing distributions and
the minimax regret is typically even larger. A rigorous proof of matching lower bound for Theorem
2 will likely involve extending the regret lower bound based on Bessel kernels in Polyanskiy and
Wu (2021) to multiple dimensions; this is left for future work.

Remark 3 (Time complexity) For the statistical rate of ERM in multiple dimensions to be mean-
ingful, we require d to be significantly smaller than n. Nonetheless, even in the dimensions where
the regret in Theorem 2 is vanishing, the ERM method is computationally much more scalable, com-
pared with the conventional approach based on NPMLE or other minimum-distance estimators.

To elaborate on this, ERM is a linear program and has a dedicated solver due to its special form.
NPMLE is an infinite-dimensional convex optimization, and the prevailing solver either discretizes
the domain (at least \/n level in order to be statistically relevant, thus requires a grid of size n®(d)
or runs Frank-Wolfe style iteration, which is only known to converge slowly at % rate Lindsay
(1983) and requires mode finding that is expensive in multiple dimensions. In contrast, the ERM
approach scales much better with the dimension. To evaluate the d-dimensional ERM (10), as we
will demonstrate in Remark 7, if  is the number of distinct vector-valued observations X1, . .., X,
our algorithm runs in O(d¢?) < O(dn?) time (apart from reading the sample of size n). An almost
linear time O(dllog () algorithm (which is how we implemented in the simulations), exists but is
beyond the scope of this paper. (We will describe the basic idea in Appendix C.)

On the empirical side, we demonstrate the multidimensional feasibility of ERM by running a
simulation with 0, . . ., 8, sampled uniformly from a triangle with n = 10° and compute the empir-

ical Bayes denoiser ferm in(10) to X;'~ P01(0 ). Here, we see that ferm can recover the triangular
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(a) Latent 6;’s. (b) Observations X;’s. (¢) Denoised ferm.

Figure 1: A two-dimensional experiment with n = 10°: Left: ;s are sampled uniformly from a
triangle. Middle: the observations X;’s are drawn independently from Poi(6;), with their
empirical distribution shown on the grid Zi (notice that this is also the MLE estimator for
0, hence very different from the empirical Bayes solution). Right: the empirical Bayes
denoised version obtained by applying ferm in (10) to X;’s.

structure of the prior, as in Fig. 1. To further compare the computational costs of ERM and mini-
mum distance methods, we did a comparison in the statistical software R with the popular package
“REBayes” Koenker and Gu (2017) and the results are as follows. With the prior Unif(4, 30) and
sample sizes n = 50,500, 5000, 50000, we ran both REBayes and ERM 100 times and found that
on average the ERM is respectively 21,50,212, 588 times faster. This improvement is even more
pronounced (25, 58,227.5,2160 times) if we supply the empirical distribution to the ERM instead
of the full sample.

Remark 4 (Comparison with f-modelling) While both f-modelling (i.e. the Robbins estimator)
and the ERM estimator ferm are asymptotically optimal, we demonstrate more concretely the ad-
vantage of f;rm over Robbins. The shortcomings of the Robbins method have been widely ob-
served in practice and discussed in the existing literature. Most recently, it has been demonstrated
in Jana et al. (2022) extensively through both simulated and real data experiment. Expanding
on Fig. 1(a), which compares the performance of the multidimensional Robbins method and ferm
under a uniform prior on the 2d triangle, for n = 10F, k = 4,5,6, 7, we found that the Rob-
bins method achieved a regret of 0.356,0.0575,0.00771,0.00116 and ferm achieved a regret of
0.0748,0.0161,0.00276, 0.000463, suggesting a much better performance. On another experiment,
we also compared the methods in dimensions 1,2,3,4 using a product of Exp(2) distributions as
prior, fixing n = 10000. The Robbins method achieved regrets 0.0125,0.0607,0.185,0.427; ferm
achieved regrets 0.00422, 0.0208, 0.0660, 0.161.

1.4. Related work

Empirical Bayes estimation for the Poisson means incorporating shape constraint has a long re-
search thread. However, the majority of the work relies on approximating the Robbins estimator
using monotone functions. For example, Maritz (1966) used linear approximation to the Robbins
estimator and Maritz (1969) represented the marginal distribution p, based on a monotone ordinate
fit to the Robbins and then used it to compute a maximum likelihood estimation of the ordinates.
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Both of these papers focus on numerical comparison of the corresponding error guarantees; see
(Maritz and Lwin, 2018, Section 3.4.5) for a concise exposition. In recent work, Brown et al.
(2013) discussed the numerical benefits of first performing a Rao-Blackwellization on the Robbins
estimator and then using an isotonic regression to impose the monotonicity of the final estimator.
An important theoretical contribution to the monotone smoothing of any given empirical Bayes esti-
mator has been proposed in Van Houwelingen (1977). Using the monotone likelihood ratio property
of the Poisson distribution, it is shown that any estimator (e.g., the Robbins estimator) can be made
monotone without increasing the regret. In contrast, our main estimator is computed directly via
minimizing an empirical version of the regret. It might be possible to use the monotone smoothing
of Van Houwelingen (1977) to further improve the ERM estimator, which is not pursued in this
work.

As mentioned in Section 1.1, the application of empirical risk minimization in empirical Bayes
has been introduced in the one-dimensional normal mean model by Barbehenn and Zhao (2022).
Using the monotonicity of the posterior mean, they construct an empirical Bayes estimator by solv-
ing the ERM under monotonicity constraint (see Table 1). However, the regret bound they establish

polylog(n)
vn

is of the slow rate which is highly suboptimal, compared with the nearly optimal rate

of O(M) by Jiang and Zhang (2009) (based on the g-modeling approach via NPMLE) and
O(M) by Li et al. (2005) (based on the f-modeling approach of polynomial kernel density
estimates). As mentioned earlier, the NPMLE is computationally expensive, especially in multiple
dimensions due to the reliance on grid-based approximation Koenker and Mizera (2014); Soloff
et al. (2021). In contrast, as mentioned before, ERM-based estimators algorithm can be easily
constructed for multiple or high dimensions.

The rest of the paper is organized as follows. Section 2 provides a regret upper bound on the
ERM-based estimator in one dimension in terms of the offset Rademacher complexities, and a proof
sketch for Theorem 1. Section 3 contains the analysis for the multidimensional ERM-estimator and

a proof sketch of Theorem 2. Omitted proofs are provided in the appendices.

2. Regret guarantees for the ERM estimator via Offset Rademacher complexity

As mentioned in the last section, our proposed estimator is based on ERM framework. In many sta-
tistical problems, the statistician intends to find a function f that approximates a target statistic s(X)
in order to minimize the error E [¢ (s(X), f(X))] for some suitable loss function ¢. In the ERM
framework, the population average is replaced by the empirical average E [¢ (s(X), f(X))] over the
training sample. There is a rich literature on using such methods to approximate nonparametric tar-
get functions. See, for example, Nemirovskii (1985); Van de Geer (1990) for regression problems,
Barron (1991); Barron and Cover (1991); Barron (1994) for penalized empirical risk minimization,
Birgé and Massart (1993); Lugosi and Zeger (1995) for consistency results of general nonparamet-
ric ERM-estimators, etc. In this paper, we aim to approximate the nonparametric target function
f* (the Bayes rule) by minimizing E [(f*(X) — f(X))?]. As shown in Section 1.1, in the Poisson
mixture model, this can be equivalently expressed as minimizing E [f(X)? — 2X f(X —1)] and
we minimize the corresponding empirical loss over the class of all monotone functions. Isotonic
minimization of such quadratic loss is easy to compute; Best and Chakravarti (1990) showed that
monotone projection can be done in linear time. Next, we present a general optimization result to
any well-formed quadratic loss function.
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Lemma 5 Leta; < --- < a, be a sequence of non-negative integers and {v;}7_,, {w; }1'_, be two
non-negative sequences with vy, > 0 and max{v;, w;} > 0 for all i. Consider the iterative b;

1 1=0

i = ;}*zbi_l Wi

1 + argminbi71<i*<n i 7 Z 1
- - Zi:bifl Vs

where the fraction is +00 whenever the denominator is 0, and where tie exists at argmin, choose
biggest such i*. We stop at b,, = n + 1. Then the solution to

n
Jerm = argmin Z Uif(ai)z - 2wif(ai)
fer i
is given as
bm+1—1
D il Wi
b -1 ’

Remark 6 Making the restriction v; > 0 and v,, > 0 ensures that our solution will be well-formed.

Vi=1,--- ,mVz:by <x <bpti: ﬁ_rm(ax) =

To apply this algorithm to estimate feym, let {ay,--- ,ar} C {1,--+, Xmax} be such that either
N(a;) > 0or N(a; + 1) > 0. Here, v; = N(a;) and w; = (a; + 1)N(a; + 1). Our choice of a;’s
fori=1,... k ensures that max{v;, w;} > 0, and also vi, > 0.

Remark 7 Lemma 5 can be applied to compute the ERM estimator (10) for the multivariate case.
Recall that the function class F dictates the following form of monotonicity: for each vector ' =
(T 3@ g, 204, xq) of length d — 1, we define

Cj(x) & {x e RY : z; = 2, Vi # j}. an

Then f € F if and only if for each j € [d], f; restricted on each C;(x') is monotone in the j-th
coordinate of the argument. Since the objective function E[||f(X)|? — 2 2?21 X;fi(X — ej)]

is separable, for each j we may determine (]”;rm) j by partitioning the samples X1,--- , X, into
classes of C;j(x'), and then apply Lemma 5 to each class.

To bound the regret of such ERM-estimators, we used the technique of Rademacher complex-
ities. The Rademacher analysis, popularized by Koltchinskii (2001); Mendelson (2002); Bartlett
et al. (2002), etc., uses a symmetrization argument to bound the error using the supremum of an em-
pirical process of the form sup ¢ » % i €g(X;), where €1, . .., €, are iid Rademacher random
variables, and F is some suitable function class. The complexity of such a function class is often
characterized by the VC dimension or the covering numbers. An immediate bound on the complex-
ity is produced by the uniform convergence bound when F is chosen to be the class of all possible
candidate functions. However, this has been shown to guarantee only a slow rate of regret (ﬁ),
which is the case in the prior work Barbehenn and Zhao (2022) that applies the ERM approach to
the Gaussian model. An improvement on this is made by restricting F to be a smaller class, for
example using the techniques of local Rademacher complexities Bartlett et al. (2005); Koltchinskii
and Panchenko (2004); Lugosi and Wegkamp (2004) which analyzes the complexity within a small
ball around the target function, the empirical minimizer, etc. We employ a similar technique of
using function classes with smaller complexity. Note that the empirical minimizer in (6) satisfies
the following regularity property.
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Lemma 8 LetAfAerm be the ERM-estimator defined in (6). Let Xyax = max{X1y,...,X,}. Then
mMaXo<z< Xmax ferm (I) < Xmax-

A proof of the above result has been provided in Appendix C. When X7, . .., X,, are generated from
the Poisson mixture with either a compactly supported or subexponential prior, the above result
implies that the value of ERM-estimator is at most O (polylog(n)) with high probability. This, in
essence, dictates the required complexity of the function class. In other words, Lemma 8 shows that
ferm coincides with the ERM over the following more restrictive class

Fi 2 {f : fis monotone, f(Xmax) < max { Xmax, [*(Xmax)}} - (12)

Note that F, is a (random) class that depends on the sample maximum. Furthermore, since it
depends on the unknown ground truth f*, it is not meant for data-driven optimization but only for
theoretical analysis of the ERM (6). In addition, our work utilizes the quadratic structure of the
empirical loss to obtain a stronger notion of the Rademacher complexity measure, which closely
resembles and is motivated by the offset Rademacher complexity introduced in Liang et al. (2015).

Theorem 9 Let F be a convex function class that contains the Bayes estimator f*. Let X1, ..., Xy
be a training sample drawn iid from p;, €1, . . . , €, an independent sequence of iid Rademacher ran-
dom variables, and f the corresponding ERM solution. Then ]ior any function class Fp,, depending
LN~ | Ox, that includes f and f* we have

on the empirical distribution p, = -

Regret (f) < %Tl (n) + %Tg(n) (13)
where
= 1
Ti(n) =E = X)) = FX))? 14
() [feifﬁf%;(f X - 17 >>] (14)
To(n) =E| sup > &(f*(X)(f*(Xi) - f(X0))
f€Fpn U‘Fp% =1
1
- Xi(ff(Xi —1) = f(Xi — 1)) — g(f*(Xi) - f(Xi))2] ; (15)
and .7-"7'3” is defined in the same way as JF,, with respect to an independent copy of X1, ..., X,.
Proof Define
R()=E[f(X)? -2Xf(X ~1)]. R(H=E[f(X)?-2Xf(X-1]. (16
We first note that fsatisﬁes the following inequality, thanks to the convexity of F:
R(h) =R(f) 2 El(h— f)?], VheF. )

To show this claim, since F is convex,for any € € [0,1], (1 — e)f—i— eh is inside the class F, so with

A~ o~

R(f) <R((1— €)f + €eh) we have

IR~ F + eh) = 2B[(A(X) — X))~ FX) 4+ eh(X)) = X(h(X 1) = F(X ~ 1))

10
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By the ERM minimality of f such derivative must be nonnegative when evaluated at 0. That is,
E[(h(X) = F(X))F(X) = X (WX = 1) = f(X =1))] = 0 (18)

Therefore, evaluating the difference gives us

R(h) — R(f) — E[(M(X) — f(X))?]
=E[(h(X)? - f(X)?) — 2X (W(X — 1) — f(X — 1))] - E[(A(X) — f(X))?

= 2B[A(X)f(X) - F(X)* = X(M(X —1) = f(X =1))] >0 (19)
as desired. Then using Regret_(f ) (f) R(f*) we get

~

Regret,. ( )

+E[(f* — ) - 2Bl — )]
= E |-ER2/"(X)(f*(X) = F(X)) = 2X(/*(X = 1) = (X = 1))

FEI2f(X)(F*(X) — F(X)) — 2X(F*(X — 1) = FX — 1) — (I ~ P+ Bl — )
(20)
+E [jE[(f*(X) ~ Fe0 - TRl 0 - Foy | 1)

We separately bound the two terms (20) and (21) in the above display first by the suppremum
over all choices of f over F),,. We then bound the suppremums in terms of the Rademacher com-
plexities using the following symmetrization result. A proof of this lemma is provided in Ap-
pendix C.

Lemma 10 Let ey, - - - , €, be independent Rademacher symbols. Let T, U be two operators map-
ping f(z) to T f(x) and U f(x). Then

E [ sup [E[Tf(X)] — E[Tf(X)] — (E[Uf(X)] + E[Uﬂxm]]

fE€Fpn

SiE[ sup Zele Uf(x )]

fE]'—pn U]:p/ i=1
where p), is an independent copy of the empirical distribution p,.

As f € Fp,,, applying the last lemma to previous display above, with the choice for the first expec-
tation (20)

Tf(x) = =2 (@) (f* (@) = f(@)) = 22(f*(z = 1) = flz = 1)), Uf(z)=

and the choice for the second expectation (21) T'f(z) = 3(f*(2) — f(2))%, U f(z) = 1(f*(z) —
f(z))?, we get the desired result. [

11
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2.1. Proof of Theorem 1

We apply Theorem 9 with the function class 7, = F defined in (12). Denote by F,, = F| its
independent copy based on a fresh sample X7, ..., X/. Let us define the following generalization
of (14) and (15): for b > 1,

n 1 .
Ti(b,n) =E [fes}"lig}‘; ;(fi - fX) — f (Xz))Ql 7 (22)
T2(b7 n) =K fESfliBfi ; 2€z(f*(Xz)(f*(Xz) - f(Xz))
—&U%erw—ﬂ&—lm—2uw&maﬂ&»1. 3)

Then we have the following bound on the complexities. See Appendix A for proof.

Lemma 11 Let 7 € P[0, h| with h being either a constant or h = slogn for some s > 0. Let
M := M(n,h) > h be such that

* SUPrep(on]) Pxaps [X > M] < 7.

* For X; iiflpm E [Xk’ ] < c(k)M* for k = 1,. .., 4 and absolute constant ¢ > 0.

max

Then there exists a constant co(b) > 0 such that
T1(b,n), Ta(b,n) < co(b) (max{1, h*} M + max{1,h} M?). (24)

The first condition on the probability is an artifact of the proof. In general, any tail bounds on the
random variable X that decay polynomially in n, such as the ones satisfied by bounded priors or
priors with subexponential tails, are good enough for our proofs to go through.

We use the above result to first prove the regret bound for priors in P ([0, #]). Note that there
exist constants c1,co > 0 such that for any fixed h > 0 such that M = max{co,c1h} - log)ﬁ) gn
satisfies both conditions in Lemma 11 (see Lemma 15 and Lemma 16 in Appendix B for a proof).
Hence we get O(max{nl’hg} (1 Og)ﬁ)gn)z) bound on the regret.

Next we extend the above proof to the subexponential case. Given 7 € SubE(s) define the
truncated version 7. ,[0 € -] = 7w[@ € - | § < clogn| for ¢ > 0. Then we have the following

reduction.

Lemma 12 There exists constants c1, ca, c3 > 0 such that

max{ca, c3s}

Regretﬂ(ferm) < Regret%lsyn (ferm) + -

Proof Let m € SubE(s), then there exists a constant c(s) = 11s by the definition of SubE(s) such
that 1

=P[H > 1 < — O~ 25

e = B0 > c(s)logn] < 15, O~ es)

Denote, also, the event £ = {6; < c¢(s)logn,Vi = 1,---,n}; we have P[E°] < n~". Let

Te(s)n De the truncated prior me(q) [0 € -] = 7[0 € - | 0 < ¢(s)logn]. Define mmse(r) <

12
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miny Eg[(f(X) — 0)?] (i.e. the Bayes error). Then we may use (Polyanskiy and Wu, 2021,
Equation 131) to obtain

Regretﬂ(fe,m) < Regret, (ferm) + mmse(7. ) — mmse(m) + Eﬂ[(ﬁ,m (X) — 9)21{Ec}] (26)

By (Wu and Verdu, 2012, Lemma 2), mmse(7.,,) — mmse(r) < y=-mmse(r) < 2¢ whenever

€ < . In addition, Lemma 8 entails that ferm (X) < Xmax, then one can show that E[fg‘rm(X )] <
E[Xfﬁax] < O(max{1,s*}(logn)?*), see Lemma 18 in Appendix B for a proof. Meanwhile, for

all 7 € SubE(s) we have E;[0%] € O(s*). This means EW[(};rm — 04 <, (logn)*. Thus by
Cauchy-Schwarz inequality

max{1, s}

Er[(Farm (X) =021 (1)) < \/PIEE [(Farm(X) — 0)] < /09 [(Ferm(X) — 0)%] S

n

Given the above result, it suffices to bound Regret, (ﬁ_,m ). Then one can show (see Lemma 17
and Lemma 15 in Appendix B for a proof) that there exist constants c1,co > 0 such that M =
max{ci, cos} log n satisfies both the requirements in Lemma 11. Hence we get the desired regret

bound ofO(M).

n

3. Regret bounds in multiple dimensions

We first extend Lemma 8 to the multidimensional setting in the following manner: For each 7 =

,d, the j-th coordinate (ferm); Of ferm satisfies (ferm);(X;) < Xjmax foralli =1,--- n,
where X nax = max{Xi;,---,X,;}. Given a sample X, ..., X,, with empirical distribution
Dn, define the sample based function class

]:*Z{fE.’F:fj(Xi)Smax{ff(Xi),m%f(Xij}, jzl,...,d,izl,...,n}. (27)

Then using the quadratic structure of the regret, the convexity of the class of monotone func-
tions, similar to (20) and (21) in one dimension, applying Lemma 10 (details deferred to Ap-
pendix D) yields

Regret,. (ferm)

<l5| s SOsalfX) - PO - LX) - f*(Xi)IIQI

n fe.?-'*uf; 1

e | s 3O 20070060 — K0 — Xy (Ki— ) — (0 — )

n | feFLFLIT T

—in*(Xn - f(X»HQ] : (28)

13
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The above bound can be simplified as the sum of the following offset Rademacher complexities:

d
Z 3U1 .]7 +4U2(]7n))
1

j=
IE[ sup /Z - = fg i) — f]( z))2]

3\'—‘

Regret . ferm ) <

||D

FEFUF, i=1

J2E| sup Zel X)) (f1(X) — £i(X0) — Xij (f1 (X — €)

fEF.UF,

(X~ e) - §<f;<xi> - £%)7] 9)

We bound these 2d Rademacher complexities to arrive at the results. Note that as we want to an-
alyze the supremum over all possible prior distributions whose marginals are subject to the same
tail assumption (either supported on [0, h] or s-subexponential), by the inherent symmetry on the d
coordinates, it suffices to consider only a single coordinate, say, the j-th, when bounding the offset
Rademacher complexity. The final regret bound then includes an extra factor of d over this single in-
stance of Rademacher complexity. Note that in our problem the function class . is supported over
the hypercube H 1[0, max?* ; X;;]. The high-level idea for our analysis is that the effective size
of this hypercube correspondlng to different classes of priors, controls the Rademacher complexity
and hence the regret upper bound. See Appendix D for the technical details.
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Appendix A. Bounding (offset) Rademacher complexities (Proof of Lemma 11)

We consider the following notations.

n n
N(@) =) lix—ay  €l@) =) €&lix,—a (30)
i=1 i=1
where €1, - - - , €, are independent Rademacher symbols.

Bound on 75(b,n): Using f(—1) = 0 we note that

D 26(f(X)(FH(X0) = F(X0) = Xa(f*(Xi = 1) = f(Xi = 1)) — %(f*(Xi) — f(X))?
=1

= 2e(@)(f*(2)(f* (@) = f(2)) —a(f*(@—1) = flz = 1)) - ()~ f(x))?
x>0

= 37 2Aelw) 1 (w) — (+ el + D))~ F) — ()~ pa)? G
x>0

In view of the above, we can bound T5(b, n) using the sum of the following two terms

M) (o) @) )

ti(n) £E{ sup [ 2(e(x)f* (@)~ (z+1)e(z+1))(f*(2)—f(x))—

feEFUF, >0

to(n) = E{fei‘lig]-'; [g% —2(z + De(z + )(f* (@) = f (@)1 {n(2)=0} }-

For analyzing the term ¢;(n), since N (x) > 0, using 2ax — bx? < % for any a, z and b > 0 we get

x>0

ti(n) <b-E {Z (e(x) f* (=) —]Erai;; De(z 4 1))2 1{N(x)>0}] (32)

Using E {e(z)| X1, ..., Xn} = 0and E [(e(2))?| X1, ..., Xn] = N(z) we get

“(2)e(x) — (z + De(x + 1))? z+1)*N(z +1
L) e A Dl Oy | = [( e+ SR ]

Using the results that

E

(P1) N(z) ~ Binom(n,p,(x)) and for absolute constant ¢’ > 0 (Polyanskiy and Wu, 2021,

Lemma 16)
1 1
(N@>0} | _ 4
2 [ Moy < it e

(P2) conditioned on N (z), N(x + 1) ~ Binom(n — N(z), =),

(P3) f*(:E) — (SU + 1)1%(1‘)1) = [E[0|X = x] < hforall z > 0,

18
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(P4) Since for every z > 0, ¢~ < yye 2 \/QITy (Stirling’s), we have

p y /2 y’ y Y

we continue (32) to get

2npr(z +1) - [ Y N@)>0)
ftl )<E D @) Lnwsop | + > _(x+1)? T, (mE[ N
>0 >0 i

(1) = [Lvo>0) L{N(@)>0}
< A2E 1 + Xmax] + " IE[ +n) (x+1)%p.(z+1E | 220
[ X 4 T B | vy | T el U | T

C/pﬂ(l) / : 2
+cdhYy (z+1)min{ (npg(z))=,1}.
(RO tmpela))" 1)

< hPE[1 4 Xpax] +

Let M > h be as in the lemma statement. For the second term notice that u_p’”{% <
max {1, h}. For the third term, we use the bound

hZ(m + 1) min { (npr(2))?, 1} < hM*+h Z (z + 1) min { (npx(z))?, 1}
z>1 z>M
2 2 2@ o 2,2 2, 207
<hM? +20°h Y w(pe(x))? < hM? + 20°BPxp [X > M] < 2(RM* + =), (34)
n
z>M

where (a) is due to that zp, () = f*(z — 1)pz(x — 1) < hfor all x > 1. We finally note that since
h is either constant or in the form O(slogn) for some constant s, the term Z—z can be neglected.

Next, we evaluate to(n). As |e(z +1)| < N(x + 1) and N(z + 1) = 0 for x > Xnax We get

to(n) <E > 2@+ 1)N(x+1) sup |f*(z) - f(@)| 1{n()—0)
>0 fEFLUFL
-Xmax_l
< E Z 2(1‘ + 1) (f*<1') =+ Xmax + Xllnax) N(I‘ + 1)1{N(x)20}] . (35)
L x=0

Let M > 0 be as in the lemma statement and A = {Xpax < M, X, . < M}. Then P[A°] < n%

max
via the union bound argument. Thus we have, for some absolute constant ¢ > 0,

Xmaxil
E Z 2(33 + 1) (f*(x) + Xmax + Xr/nax) N(QZ + 1)1{N(a:):O} . 1{Ac}]
=0
Xmax 1
<E | Xmax(h + Xmax + Xxlnax Z N(x+ 1)1{N(x)0}1{AC}]
=0

(a) ( ) M2

< D [(Xmax) - (7 + Xinax + Xoa) Lpacy] < \/ [(h + Xnax + XL) ] JPAT < cn2 .
(36)
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with (a) follows from S~ N(z 4+ 1) < 3°2° N(x) = n, and (b) uses the Cauchy-Schwarz
inequality and E [ X ] < c(2)M*™.

For each x < M, define ¢, p(z) £ [P’Xpri%)x(L]\/[}‘ Note that P [N (z) = 0|4] = (1 — qrm(x))"
~pPm —

and conditioned on the set A and { N (z) = 0}, the random variable N (z+1) has Binom (n, %)
distribution. This implies

Xmax—1
E| > 2@+ 1) (f(®) + Xmax + Xinax) N (@ + D)1y A
M_leO
< 3" 20z 4+ 1)(h + 2M)E[N(z + 1)|N(z) = 0, A|P[N(z) = 0|]
x=0
M-—1

nQﬂ,M<x + 1)

20+ 1)(h+2M)

(1 = gmpa(2))"

IA
i{ng

T

= 2(h + 2M) f* (z)nge s (@) (1 — grar (@)™ ! (%) 2Mh(h +2M).

xT

I
o

where (a) uses f*(z) < h for all z, and also nw (1 — w)" ! < (1 — Lyn=l <1 forallw € [0,1].
We conclude our proof by combining the above with (36).

Bound on 77 (b,n): Denote m; = b+ 1. Conditional on the sample X1, ..., X, and X1,..., X,,
given any f € F, U F, define

v(f) = min{min{z : f(z) < mph}, Xmax} -

Then using the above definition we get for each f € F, U F., conditional on the samples,

P CE 1)(f(Xz') —[X))P =D (elw) - 1J\T(Oﬁ))(f(x) — [*(2))?
b b
i=1 x:N(z)>0
v(f) Xmax 1
=D+ D | (e - ;N (@) (f(z) - [ (@)
z=0  a=v(f)+1
Xmax

< m2h? max < €(x) — 1N(;c)7 0 37)
e 3 max{ele) - N0
+ S¥ ) - LN @) () - 1) 38)
020 | mohefeme | b v ‘

For the first term (37), we invoke the following lemma, to be proven in Appendix C.
Lemma 13 For each x and b > 1, conditioned on X' we have

1

E[max{e(z) — %N(:ﬂ),()}] R

1
e- D(*5E||%)
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_1
For brevity, we denote N, £ % This gives us
e-D(—2[3)
X
max 1
E |mgh? ) max {e(x) — bN(a:),O}|X{L] < NymZh?E[(1 4 Xmax))]- (39)
=0

For the second term (38), we note that for any f with values in [mph, Xax|, we have mj;l—;l f<
f — f* < f and hence

<dm2Nuwuu»ﬁ@mzsmw{(dm2N@Q,<m;;ﬂ2G@»iN@Q}fuﬂ
(40)

Now given that — N (z) < e(z) < N(z), define function g : [—1, 1] — R given by

g(OC)Zmax((x—2),(m;’n;1>2(a:—ll))> 1)

Since g is the maximum of two linear functions, it is convex, and therefore bounded by the line

2
joining their endpoints, (=1, —(3 + 1) - (%) )and (1,1 — 1). Now define:

=30 () ()
(o3 (5) = 0-3)] - ma

using the fact that my, = b + 1. Note that 0 < § < «. Then we have g(z) < ax — f for all
x € [—1,1]. Hence, we have

(e(z) — %N(ﬁ))(f(x) ~ f*(@))* < (ae(z) — AN (2)) f(2)? (42)

Hence (38) can be bounded by, modulo a constant multiplicative factor c2(b) depending on b,

Kmax
wp{ sup {}:@@O—iN@DU@O—fW@F}}

'UZO mthfSXmax

Kmax
< ca(b) [ig% {m W { > (e(x) - iN(x))f(x)z} }] . (43)

Note that the above f-based maximization problem is a linear programming of the form

k
wp S v (b < < ay < (o)

at,...,ak i=1

)
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with £ = Xyax + 1. The optimization happens on the corner points of the above convex set, that
are given by X< + 1 length vectors of the form

{(mbh)Q, e ()2, (Xma)? s - (XmaX)Q} .

This implies we can bound (43) by

( h)zxzmix {()—’BN()O}+(X )? {szfx(()—ﬁ ())} (44)
my max < €(x o T), max) Sup e(x 5 T .

=0 v20 >

The bound of the first term, conditional on the data, is given as per Lemma 13 as m2h?Ny(1 +
Xmax)- For the second term, we first note the following result.

Lemma 14 Let ¢ > 0 be given. For e = (€1, - - , €,) n independent Rademacher symbols, denote
J
Le(e) = Jnax. {Z; 6 — cj} (45)
Then B[Lc(¢)] < M, where M, 2 1 + (1 — exp(—D(<E2[|11))) 72

2 12

The proof of the above result is provided in Appendix C.
Therefore, using Lemma 14, we have

KXmax
E [SUP{ Z (e(x) — iN($))}‘ X{L] <E[ sup (ewt1+- - +€n)— g(” —w)] < ¢(b)

v>0 z>v w:0<w<n

for some constant ¢(b) > 0 via Lemma 14. Thus we get

E

Xmax
(Xmax)2sup{ > (e(x) - gN(x))} ‘Xl, e Xn] <eb)(1 4 Xmax)?.  (46)

v=0 xTr>v
n

<es3(b) (F*(1 + Xmax) + (1 + Xmax)?) (47

Combining (43), (44), and (46) we get

KXmax
E[sup{ sup {Z(e(x)—ll)N(x))(f(x)—f*(w))z}}

UZO mthfSXmax >v

for a constant c3(b) depending on b. Then taking expectation on both the sides and using the
definition of M in the lemma statement we finish the proof.
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Appendix B. Moments of Poisson mixtures

Lemma 15 Consider a random variable W. If there exists a function p(n) such that for all integers
¢ > 1, P(W > ep(n)) < n=¢ then for each integer m > 1 there exists a constant ¢(m) such that
foralln > 2,

37 ) p(n)™

E[w™ 1{W>p(n)}] (2 +(10gn)m+1 n

Proof Denote the event £, = {kp(n) < W < (k+ 1)p(n)}, then for all n > 2, we consider the
expansion of P(m,n) as per the claim to get

oo o0
(k+ 1 < ()" (k—1)™
E[W™1 (15 p(n) ZE (W™ 1p,] < )™ Z 2 > i
k=1 =1 k=2
(48)
Using the Gamma integration we bound the last term in the above display using
o0
Z L) i k_l) < / z"n"dr = / gmeTlogngy — T T
— 0 0 (logn)
Plugging this bound back in (48) finishes the proof. |

Lemma 16 There exist constants c1, ¢ such that for all h > 0,k > 1 and © € P([0, h]), Xax on
n > 3 samples have the following bound:

1
P[1 + max X; > max{cy,c1h} - kjﬂ] <n7k
loglogn

Proof Consider A € [0, h]. Then for x > h we have the following approximation for X ~ Poi(\)
via Chernoff’s bound (Mitzenmacher and Upfal, 2005, p.97-98):

(eX)Te A < (eh)Te™"

(49)

PX > z] <

SUI

(eh)Te~h
xx

xx

Therefore for X ~ p, and x > h we have P(X > z) <
Now choose ¢q such that ¢g > max{4, h}, and for all n > 3,

1
loglogn + log cg — logloglogn —logh — 1 > iloglogn

That is, denoting L = sup,,>3 {logloglogn — 3 loglogn}, we take logcy > logh + 1 + L.
Notice that this mean we may take ¢y = max{4, max{1,exp(1 + L)} - h}. Then for all & > 1,

coklog’ign > ¢ logji gn > co > h given that n > log n for all n > 1, so the tail bound in (49) can

be applied. Setting x = cok

logn
loglogn?

we have

h)®e~" 1
log(ﬁ) =—-h+ cokﬂ(l + log h — log ¢y — log k — loglog n + logloglogn)
loglogn
logn 1
< —h+4k——(—=logl
+ loglogn( 2 oglogn)
< 2klogn, (50)
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which implies that P[X > coklog)ﬁ)gn] < n~2*_ Finally, taking ¢ = 2cy = max{8, max{2, 2 exp(1+
L)} - h}, we have

1 (a) 1 (b) 1 (c)
P[l + Xpnax > ch—p ] < nP[1+ X > ch—2 "] < nP[X > coh—p '] < nF
loglogn loglogn loglogn
where (a) is union bound on X7, - -+ , X,,, (b) is using logjign > 1forall n > 3 and log)lgognk(c -

cp) > cok > ¢cop > 1forallk > 1,and (c)is 2k — 1 > k forall k > 1.

Lemma 17 There exist constants c1,co > 0 such that for all s > 0,k > 1 and m € P([0, slogn]),
Xmax onn > 2 samples has the following bound:

]P[Xmax > max{cg, ClS}k‘log TL] < nk

Proof Again, consider the following argument via Chernoff’s bound (Mitzenmacher and Upfal,
2005, p.97-98): for x > slogn and X ~ p, we have

(eX)Te=A < (eslogn)Te—slosn

PX > 2] < sup : -
0<A<slogn z z

= exp(—slogn+x(1+log(slogn)—logx))

Now, choose ¢y = max{2 + s, e2s}. Then for k > 1 and = = kcg log n we have

— slogn + (kcglogn)(1 + log(slogn) — log(kco logn))

(logn)(—s + kco(1 + log s — log k — log cp))

(logn)(—s + kco(1 — logk — 2))

< (logn)(=s — k(2 +s)) < (logn)(=2k) < (logn)(—(k +1)) (51

Therefore P[X > ¢oklogn] < n~(*+1),

Take c3 = co(1 + @), we have 1 + cgklogn < czklogn for all & > 1. Therefore, union
bound gives P[1 + Xpax > c3klogn] < nP[1 4+ X > csklogn] < nP[X > coklogn] < n~F. It
then follows that we can take ¢; = e*(1 + )and c2 = 6(1 + [

1 1 )
log 2 log2/°

. iid . . .
Lemma 18 Given X1,--- , X,, ~ pr 2 Poion. Let k > 1 be an integer. Then there exist constant
co(k), c1, 2, c3, cq such that:

o E[(1+ Xmax)¥] < co(k:)(max{cl,CQh}log)lgogn)kfor all m € P([0, h]).

o E[(1 4 Xmax)¥] < co(k)(max{cs, cys} logn)¥ for all m € P(]0, slogn]).

Proof For m € P([0,h]), choose ci,cy according to Lemma 16 and use Lemma 15 to obtain

the constant co(k) = (28 4 2Fk!) with p(n) = max{cl,CQh}logign and W = 1+ Xpax.

For 7 € P([0, slogn]), choose c3, cy4 according to Lemma 17 and use Lemma 15 with p(n) =
max{cs, cqstlognand W =1+ Xyay. [ |
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Appendix C. Technical Identities

Proof of Lemma 5

S wi
S vi
for s < i < t. Denote, also, the cost function G(f) £ Y. | v; f(a;)® — 2w, f(a;). We restrict our
attentlon to estabhshlng fe,m (a1); the rest follows similarly. Let i3 be the maximum index such that

Throughout the solution, for s < t we denote m(s,t) = , where m(s,t) = oo if v; = 0

ferm (a1) = = ferm (/C\LZQ) for some io > 1.
We first claim that ferm(a1) = m(1, 042) Indeed, for each real ¢, and integer j = 1,--- , k, we
t 1<:<y
define the following function f; ¢(a;) = () £t 18 =7 Then by the maximality of iy,
f erm () otherwise

for some small € > 0, f;, ¢ is still monotone for some ¢ € (—e, €). In addition,

oG g
éf” 22 0i( ferm(ai) + ) — w;) . (52)

Since ferm = argmin G(f), %h:o = 0. Therefore,

.]/c;.rm (al) Z Vi = Z ferm az U = Z wj . (53)
=1

Since max{v;,w;} > 0 and each v;, w; is nonnegative, we cannot have > >, v; = » 2, w; = 0.

It then follows that ferm (a1) = % =m(1,1z).
vi

It now remains to show that m(1,i2) < m(1,j) forall j = 1,--- , k, and the inequality is strict
for j > i9. Now for any j with 1 < 5 < k, for some small € > 0, fj,t is still monotone for some

t € (—¢,0]. Given also ferm = argmin G(f), %‘tzo < 0. Since ferm(a;) > ferm(a1) for all 4,

we have R
ferm(al Z = Z ferm az v; < Z Wi (54)

1<i<y 1<i<y 1<i<y

which implies that (1, ) > ferm(a1) = m(1, i2). To show that m(1, j) > m(1,iz) forall j > i,
suppose otherwise. Then m(1, j) = m(1,43). This means the inequality in (54) is an equality. In

particular,
J J

ﬁrm (al) Z Uy = Z f;rm (ai)vi (55)
i=1 i=1

In view of (53), from 23:1 ]?erm(ai)vi = 23:1 w; we have
Z Jerm(ai)vi = Z w; . (56)
i=io+1 i=10+1

By the maximality of i2, we have ferm(az) > ferm (a1) for all i > iy. Given that v; > 0 for all 4,
(55) then implies v; = 0 for i = i + 1,--- , j. This would imply that Zl i1 Wi = 0,ie. w; =0
foralli =19 + 1,--- ,j. This contradicts max{v;, w;} > 0 foreachi =1, --- n.
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Proof of Lemma 8

Recall that fe;m is characterized by piecewise constancy, where for each maximal interval I on
which ferm is constant (maximal in the sense we cannot extend [ further), we have

2 wer tN(2)

Now that we have defined ferm (x) = fAerm (Xmax) for all z > Xy, it suffices to show that
Serm(Xmax) < Xmax- Indeed, there exists an i* < X, such that

Vl’o cl: ferm(lto) =

max . Xmax ;
ZXmaX (’L + 1)N(2 + 1) (a) ZZ Z*+1 ZN(Z) < ZZ:Z*+1 XmaxN(’L) < X
Xmax Xmax N = Xmax ) > Amax
> i N () > i N (1) Yo N(3)

where (a) is due to N(Xpax + 1) = 0.

J/C;rm(k) -

Proof of Lemma 10

Here, we note that the symmetrization technique has been introduced in (Liang et al., 2015, p.11-
12). However, given that we are taking a supremum over a data-dependent subclass of F, some
extra care need to be taken.

FEFpUF,,
=Bl s ST(R(X) - T()(X) ~ U)X ~ U)X
N f9€Fp, UFy =1
+29)(X) = T(6)(X) = U(6) (X:) = U(g) (X))
< o Bl i, 3 Z T(91)(X:) = T()(X0) = U()(X) = Ulgn) (X))

S LB s S T(D — T (X)  U(R)XD - Ulgn) (X))

N f2.92€Fp, UF, 2
—E[  sup ZT(Q)(Xi) = T(f)(Xs) = U()(Xi) = Ulg)(Xy)]
" L9EFe UF, T

® 1

© 2 n
< EE[feJ-‘SpSBIP% ; &T(f)(Xi) = U(f)(X3)] (57)

where (a), (b) are symmetry and (c) is Jensen’s inequality.
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Proof of Lemma 13

Recall that conditioned on X', e(z) ~ 2 - Binom(N (z), 3) — N(x). Since b > 1, it then follows
that

E[max{e(z) — %N(m), 0}] = E[(e(x) — %N(x))l{e(x)>%N(ac)}]

<(1- %)N(x)[?[e(x) > %N(z)]
(a) 1 (b) _1
< (1- DN exp(~N@D( g I15) £ — L

2 143
e D(=*[3)

where (a) is from (Polyanskiy and Wu, 2022+, Example 15.1, p.254) and (b) is using the fact that
foralla > 0and y > 0, yexp(—ay) < --.

Proof of Lemma 14

We will bound P[L.(¢) > k]| for each integer k € [0, n]. First, we see that Zle e—cj<(l—c)j
(i.e. we'll only consider j > k) and for this sum to be positive we need > 7_; ¢ > cj. If X; ~
Binom(j, 3) we have

J
P e > ef] = PIX; > (2] < exp(—iD(C 1)
=1

by (i.e. Lemma 13). Now denoting D(}||3) = ¢1 > 0, we have

P[Le(e) > k| =P[3j > k : Ej:ei —cj > K]

i=1
< n P : > k| < 3 ] < eXp(—Clk) 58
S2FD e 2K <) ep(ja) S g2 om0y 6B)
j=k i=1 j=k
Therefore we have
1 — exp (1 —exp(—c1))?

as desired.

An ERM algorithm with O (X,,x log X,,ax) time complexity

The algorithm in Lemma 5 is quadratic in O(X2,,). We now describe an algorithm based on
stack that does O(Xax 10g Xmax), with this log factor only used in sorting {(X, N (X))} for X =
0,1, , Xmax-

Let W < --- < Wy, be the distinct elements in {X1,--- , X, } U{X; —1,--- , X,, — 1}. We
consider a stack S, initialized as (), with each element being the triple (I, w,t) where I denotes
the interval of piecewise constancy, w = 3, . N(Wy) and t = > . /(W + 1)N(Wj, + 1). The
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invariant we are maintaining here is that the ratio % is nondecreasing (this ratio is considered as
+oo if w = 0).

Ateachstept =1,--- , k we do the following:
* Initialize a = ([t, ], N(Wy), (Wi 4+ 1) N(W; + 1)), the active element;

* Suppose, now, a = (I, w,t). While the stack is nonempty and the top (most recent) element
= (I,w,t) w't < wt’ (in particular, when w, w’ > 0 we have the ratio - S t,) we pop
a’ from the stack, and seta = (I U I',w + w',t +t').

¢ Push a onto the stack.

Then for each element in the form ([a, b], w,t) we have Ferm () = L forallz = Wo, -+, W
Notice that the largest element, W, has N(W;) > 0, so the solution will always be well-formed.

To justify the time complexity, we see that there are at most k pushes into the stack. Each pop
decreases the stack size by 1, so that cannot appear more than % times either. Assuming that each
computation (e.g. calculating w't and wt’) is O(1), this stack operation takes O(k).

Appendix D. Proofs for the multidimensional Case

To prove the regret bound for the multidimensional estimator f = (J?l, cee fd) we use the approxi-
mation error for the different coordinates. In particular, similar to (16) we define

R(f) £E ||If(X —QZXfZ —ez], R(f)2E |[If(X —2Zsz —e;)
(59)
and note that
Regret (form) = E [R(form) — R(F*) (60)

As mentioned before, in the multidimensional setup our estimator is produced by optimizing over
the class of coordinate-wise monotone functions F in (10) and f* € JF as well. Using the quadratic
structure of the regret and the convexity of F, we can mimic the proof of (??) to get

~ ~

RO -RP ZE|IF-fIP], feF 61)
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Then following a similar argument as in (20), (21), using (60) we have
~ ~ ~ ~ 412
Regret,(Fom) < B [R(F) = R(P) + ()~ R - B 17 - 7] }

=E|E

d
_ E[Z 245 (X)(f1(X) — Fi(X)) — 2 (F1(X — e5) — Fi(X — e»)}

L E®[15 - FI?] + B0 - f<X>||2]>] (62)
B | SE11L () - FOOI - JELF (0 - FXO) (63)

As Lemma 10 is still directly applicable in the multidimensional setting, applying it with

d

T(f(x) = =Y 12f; (@) (f; (@)~ fi(2))—22;(f; (x—ej)~fi(z—e;)], U(f(x)) = illf*(w) -

J=1

to bound (62) and with T'(f(z)) = 3| f*(z) — f(z)|* U(f(z)) = 3| f*(z) — f(z)|]* to bound
(63) we get: for any function class .7-' »n depending on the empirical distribution p,, of the sample

X1, ...,X, that includes j?erm and f* and its independent copy F, based on an independent
sample X71,..., X,
~ 3 = 1 . )
Regret, (ferm) < —E sup > (& — g)(fj(Xz‘) — f7(X3))
N feFpUF, T
4 ~ ; :
+ Bl sup Dl (X (f(X0) = £(X0) = Xi(f5 (X — e)
f€7an.7:p/ i—1
e
— [i(Xi —ej))) — é(fj (X5) — fj(Xi))2] (64)

To achieve the best possible bound we choose F,, with low complexity. Note that the objective
function R defined in (59) is separable into sum of individual loss functions. Thus, given the defini-
tion of F in (10), for each coordinate j and each class C'j(x") defined in (11), we have

(Jirm)j‘cj(w/) = aI]‘cgEI;:linE [f](X) — 2Xjfj(X — ej)]X S Cj(m’)} ’ N = R‘j__l.
1

where F7 is the class of all one-dimensional monotone function from Z, — R . Considering this
for all classes C'j(«’) and from Lemma 8, we have

(Ferm); (Xi) < Xjamaes Xjmax £ mix Xig, j=1,....d. (65)
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Given the sample X7, ..., X, define the sample based function class

2{feF: f;i(Xi) <max{f(Xi), Xjmax}, Jj=1,....di=1,...,n}.  (66)

Let ", be an independent copy of F . Then simplifying (64) with F,, = F,., F,, = F. we get

d
Regret, (ferm) < 1112 (3U1(4,n) + 4Ua(4,n))

* g=1
Uz(j,n) =E | sup Zﬁz (ff (X Xi) = [i(X0)) — X4 (f7 (Xs — e5)
FeF.UF, ;4
—[i(Xi —€5))) — %(f;(Xi) - fj(Xi))z] : (67)

We bound these 2d Rademacher complexities to arrive at the results.

D.1. Bounding Rademacher Complexity for Bounded Prior

Here we first prove a bound for the generalization of the Rademacher complexities in (67) for b > 1:

. A = 1 *
Ul(b7]7n) =E fej’ligfi ;(51 - 5)(fj(X’L) - f] (Xl))2]
Uy (b, j,n) = sup Z 26;(f7 (Xa)(f7 (Xy) — f3( X)) — Xij (f7 (Xi — e)
FfEFUF, T4
(X~ ) - %(fﬂxi) - 1% (68)

We have the following result similar to Lemma 11.

Lemma 19 Let m € P|0, h] with h being either a constant or h = slogn for some s > 0. Given
X1, ..., X, beiid observations from py, let M := M (n,h) > h be such that

* For each coordinate j = 1,--- ,d, we have the j-th coordinate X; of X satisfying
1
77 .

sup  Px~p, [X; > M] <
mEP([0,h])% n

» For 8 =1,2,3,4, constants c1(f3) depending on 3 and absolute constant ¢ > 0

d
E [(Xj,max)ﬂ < CM4, E J max H 1 + Xk max < Cl(ﬁ)Md_H—ﬁ-

k=
k#
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Then there exists a constant r(b) > 0 such that for all n > d,

Ur(b, j,n), Ua(b, j,n) < r(b) {max{1, h?} + max{1, h}M} (1+ M), (69)

Proof At ahigh level, using the monotonicity of JF, for a target coordinate j we partition the samples
X1, -+, X, such that samples in the same class differ by (possibly) only the j-th coordinate.
Then for each class, using monotonicity, we mimic the proof for the one-dimensional case. Before
proceeding with the proof we define the following notations forall j = 1,...,d and 2’ € Z‘fr_l

Ci(x)2{xeZl v =a}Vi<j—landw; =, Vi>j+1},
Ni(@') = > N(@){gec, @)} (70)

xeZd
In addition, we will use multiple times that by union bound we have

d

sup  Pxnp, [X ¢ [0, M]d} < Z sup  Pxnp, [X; > M] <

d
meP([0,h])4 i—1 m€P([0,h])4 n

Bound on U (b, j,n). Denote m; = 1 + b and note that for each f € F, and for each class
C;(x'), as f; is monotone over the j-th coordinate of all z-s in Cj(z'), there exists v £ v(f;, ')
such that for all x € Cj(2’), fj(x) < mph if and only if z; < v. Using the above we can write

su ne-—1 (X)) — fi(Xi)P = su ea:—laz () — fi(x))?
o Ezj( ) %0 - £x0) e 3 (o) = @)U~ )

=YY (elw) - pNE@) ) — f (@)

feF..UF, x':Nj(x')>0 xeCj(x’)

— s Y >+ (e(w) - 3 N @) (@) — f(@))?

!
feF.ur z:N;(x')>0 \zeCj(z'),xz;j<v xeCj(a’),z;>v

< s <m§h2 > max{0,e(@) - N@)}+ Y <e<m>2N<w>><fj<m>f;<x>>2>

FEFLUT L 31N, (a)>0 w0 (@), weC; (@),
z;<v z;>v
1
< mih? Z max{0, e(x) — EN(ac)}
N(x)>0
1 x
Y s L Y () N ) - @) an
x’':Nj(x')>0 Ncigz*gu;*r’nax v(2)20 z€C; (=),
’ zj>v(m’)
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As there are at most H?Zl (14X max) vectors & with N'(x) > 0, we apply Lemma 13 to bound
the expectation of the first term in the above display as

1
mih’E| Z max{0, e(x) — EN(a:)}|X1, ce X0
N(x)>0

(a)
SmghQE[ Z 1‘X1>'~-, n] < Tl h2H ]max (72)
N(x)>0

1-1/b
eD(H32|3)"

For the second term in (71), note that for the vectors in the set C'j(«’), the only coordinate that
takes different values is the j-th coordinate, and the function f; is monotone when we condition on
the coordinates {1,...,7 — 1,5 + 1,...,d}. It follows that conditional on X1, ..., X, for this
class Cj(x'), we can mimic the proof for (47) in one dimensional case of 77 (b, n) to bound the
innermost term as

where (a) followed from Lemma 13 with r;(b) =

Elswp s 4 S max(0, (elw) - 5 N(@)(f(e) - f; (@)} |X?
v fEFLUF, weC; (@),

<r9(b) (F*(1 + Xjmax) + (1 + Xjmax)?)

for a constant ¢(b) depending on b. Finally, the number of such classes with N;(z’) > 0 is bounded
above by H k 1 (1 4+ X max)- Therefore, summing over all classes and taking the expectation, and

including (72) we get the bound

Ul(b,j,n):E[ sup i(ei_i)(.

fEF.UF!

* =1
d d
< r1(b)ym?n*E H (1+ Xjmax) | +7r20E [ JT( + Xrmax) + (B2Xmax + X7 o)
= i
< (r1(b) + 72(0) (1 (1)R% 4 ¢ (2) M) M<. (73)

Bounding Uz (b, j,n). As per the one dimensional case, we bound the Rademacher complexity
term Us (b, 7, n) with to(n) + t1(n), where

ti(n) £E| sup 2(2(6($)ff($) — (zj + De(z + e;))(f] (x) — fj(z))

| fFEFUF, ¢

—Néx) (ff () = f5(2)* LN (@)>0} (74)
to(n) £ E feiligfizm: Je(@ + ;) (f5 (@) — fi(2)) 1N (2)=0) (75)
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We first analyze t1 (n). Using the inequality 2ax — bx? < % for any b > 0 we have

e(x)f¥(x) — (z; e(x +e;))?
R R 16)

T

Using the facts
* Ele(x)| X1,...,X,] =0, Ele(x)e(x + ;)| Xq,..., X, =0
s Ele(x)?|X1,..., X,] = N(=), and,

* E[N(z +ej) | N(x)] = "N 2Irelotes)  npa(oie)

we continue the last display to get

1
Jti(n) < B[ <

xr

zj+ 1)%npr(x+e;) Lin@)=o
<E[Zh21{N(m)>o}]+E[Z(j rpr(@ + e;)  Liv@)>0),

X5 2 X €,
fi(@)? + e & 13V](\;() i ])> LN (@)>0]

4 1= po(@) N(x)
) T 2npy(x + e .
E[Y  h*1in()so)] +C"Z( ’ +11)— p]jr((m)+ - winfrp (o), e (@)
z;+1)f; (x ]
Zh21{N >0y + /.Zm.mm{um(m))?}
d c *
L REITT0 4 Ximae] + {0 g 46 S ) min{1, (nps ()2}
+ px(0 =

(77)
(here ¢ is an absolute constant), where:
* (a) is due to Property A in the analysis of T5(b, n);

. . * ~(x+e; .
* (b)is using f7(z) = (z; + 1)E p(w(:c?) =E[§;|X == <k

* (c): for the first term, we use the fact that the number of vectors « with N (x) > 0 is bounded
by H;'l:1 (1 4+ X max); for the third term, for each  # 0 we may choose a coordinate k with
xp, > 0. Thus setting pr, as the marginal distribution of x;, we have by Stirling’s inequality,
again,

grre=0  aRem "k 1 1
x) < Tr) < supPy.psioy| X = x| = su = < <
p7r( ) — pﬂ'k( k) — 0213 X POI(Q)[ k] 9218 xk' xk' = 27T$k = \/ﬁ

1 1
and therefore — = < - < O(1).
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Now, the first term in (77) is bounded by h2¢(1) M. For the second term, using pr(ej) < 1—px(0)
11(0) [

we have 12, 765 < 5] = 5e(0) 5O
7(0) { f;(0) 1 }
J < min J ) < 2max{f7(0),1} < 2max{h,1 (78)
= (0) = p(0)" p2(0) 50,1} th 1)

given that f* is bounded by h in each coordinates. Finally, the third term in (77) has the following
bound:

> (@ + 1) ff (@) - min{L, (npr())*}
x#0
<h Z (zj +1) +n?h Z (zj +1) - pr(x)?
xel0,M]? xZ[0,M]?

(a)

<h(1L+ MY+ 0Py, | X ¢ [0, M%) Exep, [X; +1)

(b)

<h(1+ M)™ 4 hdn = (1 4 ¢ (4)V4M) (79)
where (a) followed as there are (1 + M)? elements in [0, M]?, and (b) is due to the assumptions

in Lemma 19 and E[X; max + 1] < {E[(Xmax + 1)*]}"/*. Thus, summarizing (77),(78),(79), we
have

ti(n) <c’-b (hQCl(l)Md + max{h, 1} + h(1 + M) + hdn_4M)
< 2" (max{l, RY(L + M) 4 max{1, A2}er (1)(1 + M) + hdn*“M)
for an absolute constant ¢, as desired. Since d < n, hdn™*M < hn™3M < h(1 4+ M)¢, and can
therefore be negleected.

Next we analyze to(n). Since we have |e(x +e;)| < N(x +e;) and N(x + e;) = 0forall x
withz +e; ¢ HZ:1[07 X max), We get

ton) =E | sup S [=2(x; + De(@+ e))(f; (@) — (@)L n )0}1]

| fEF.UF, ¢

<E 3 2x;+1)N(x+ej) sup |ff(@) — fi(@)| Lin(@)=o}
3 fEFLUF

_m—‘rejGHk:l[O,Xk,max]
<E 3 2(zj +1) (ff (@) + Xjmax + Xj max) N (@ + €)1 {n(@)=0)

_:l:-i-ejEHZ:l[Oka,max]

(80)
where X', j max 18 the maximum of j-th coordinate on n samples independent of X, - -, X,.
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Define A = {X;, X € [0, M]%,Vi=1,--- ,n}. We have P[A] < 2¢ via union bound. Then
we have for an absolute constant ¢} > 0

E S 2(xj + 1) (ff (@) + Xjmax + X max) N (@ + €)1 {n@)=0} - 1{ac}
_:I:-i-EjEHZ:l[Oka,max]

<E | 2(Xmax + 1) (B + Xjmax + Xl mmax) > N(x + €)1 {n(a)=0} - L{ac}
:I}—‘re]'GHz:l[O,Xk,max}

(2)
< nE [(Xjmax + 1) (b + Xjmax + X max) 1{ac}]

(b) 2 2072 () o hM2
én\/E[(h+Xj,max+X;,max) (Xj,max+1>2] VT L

n

where (a) is using Zm+ej€HZ:1[0,Xk,max] N(z+e;j)1iN@)=0} < 2 N(x) = n, (b)is via Cauchy-
Schwarz inequality and E[(Xj,max)‘l],]E[(Xj’-ymax)‘l] < cM*, and (c) is because d < n by our
assumption.

Next, we condition on the event A. Similar to the proof of bound on 75(b,n) in the one-

dimensional setup, we define g r(z) £ %. We have P[N(x) =0|4] = (1 —
~pPm ’

¢r v ()", and conditioned on the set A and {N(x) = 0}, N(z + e;) ~ Binom (n, %).
Therefore:

E Z 2(1'] + 1) (f]*($) + Xj,max + X]/',max) N(Q)‘ + 8])1{]\[(1;):()} A
z+ej€HZ:1[07Xk,max}
< 3 2w+ )(h+2ME[N(m +e;){N(x) = 0}, A P[N(@) = 0|4]
€] Try[0,M]
nqu(:B + ej)

< >y 2(:Ej—|—1)(h—|—2M)1_qﬂM(w)

@e[T7_,[0,M]4

QST 2(h+ 2M) i @ngear(@) (1 — grng (@) < 20M + 1) h(h + 2M).
ze[1¢_,[0,M]2

(1 = grpa(x))"

% and the definition of ¢ 7(z + e;), and for the
last inequality, we used the fact that na(1 — )"~ < (1 —1)"~1 <1 forall z with 0 < = < 1 and

f; () < h. Collecting terms and using M > h, we therefore have

where (a) followed using f7(z) = (z; +1)

hdl/2 M2
to(n) < CET + h(M + 1) < yh(M + 1)4H1 (82)
for absolute constants ¢}, ¢, as required. [ |
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D.2. Proof of Regret bound in the multidimensional setup (Theorem 2)

We start by describing the bounds on E[H 1 (14X max)*/] in this multidimensional setting, which
we claim the following.

Lemma 20 Given any s,h > 0 and integer f > 0 there exist constants c(3),c1,ca,c3,¢4 > 0
such that

d—1+p
1. Forallmw € P([0,h]%), E [(1 + Xjmax)? [0 (1 + Xk,max)] < c(B) (max{cl, czh}log’i(g()n)) ;
k£

2. Forallw € P([0,slogn]?), E [(1 + X max)® T4 (1 + Xk,max)] < ¢(B)(max{cs, cys} log(n))4—1+5.
kot

Proof We note that conditioned on 61, - - - , 84, the coordinates X, - -- , X4 are independent (dis-
tributed as X; ~ Poi(6;)). It then follows that

d d
E ]max H 1+kaax | 017 aan = HE |:(1+Xi,max)ﬁi|91ia"' aem'
i=1

where here (; is § if ¢ = j and 1 otherwise.
For the bounded prior case, i.e. 7 € P([0, h])¢ for some h > 0, we may mimic the proof
of Lemma 16 to obtain, for some absolute constant c(h) £ max{ci, coh}, P[1 + Ximax >

kc(h) log)ign | 14, , 0, < n~* (given that & < h). Thus we may then adapt Lemma 15 to

yield E[(1 + X max)? | 014, , Oni] < co(Bi)(c(h) 1o§i§n)ﬂ" for some absolute constant co(/3;)

that depends only on the exponents 3;. Since this inequality holds regardless of 61;,- - ,6,; (so
long as they are in the range [0, h]), the desired bound now becomes

. o log n d—1+8
E (14 X [T+ Kima) | < co(B)eo()*" ( elh) 2
(=
log d—1+8
< co(B) (c(h> maxtl, co(1)} loglogn)

Likewise, for the case 7 € ([0, s logn]¢), we may mimic the proof of Lemma 17 to obtain, for
some absolute constant ¢/(s) = max{cs, csh}, P[1 + Ximax > ke(s)logn | 614, -+ ,0pi] < nk,
Using Lemma 15 again, E[(1 + X; max)® | 014, -+, 0ni] < co(B:)(c/(s)logn)Pi. Considering all
6y, ,0, we then get

d
E [ (1+ X, max) H 1+ Xjmax) | < co(B) (c’(s) max{l,co(l)}logn)d_prﬁ

k=1
ki
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For 7 € P([0,h])?, by Lemma 20, there exist constants ¢, co such that we may take M =
log(n)
log log(n)

1
4 max{cy, cah}H( logoi(g&l) )a+L,
Now assume that each marginals of 7; are of SubE(s) for some s > 0. We now show that the
multidimensional version of Lemma 12 applies here.
Here, we choose ¢ = ¢(s) £ 11ssuchthat foreachj = 1,- - - ,d, we have P[X; > c(s) log(n)] <

nlO This means that we now have

max{ci, coh} into Lemma 19. This gives the overall regret bound as

d
—PX ¢ [0, c(s) log(n)]4] < S P[X; > c(s) logn] < %
=1

(83)

the middle inequality via union bound on each coordinate.

Define the event £ = {X; € [0,c(s)log(n)]?,Vi = 1,--- ,n}, and we have P[E¢] < dn~?.
Again we define the truncated prior 7., [X € -] = 7[X € - | X € [0, ¢(s) log(n)]%]. Then, similar
to (26) in the one-dimensional case, the following equation applies:

Regretﬂ(j?e,m) < Regretﬂcyn (j?erm)qtmmse(wc,n)—mmse(Tr)qLIE,T,C[Hji,m(X) —0||21{Ec}] (84)

Given that jA’]() < X max, We have IE[(E) ] < E[X;lmax] < O(s*(logn)*) by Lemma 17, and

E, [0;*] < O(s*log*n) from the properties of subexponential priors. The logic E,|( fi— ;)4 <
O((slogn)*) and

. 2,71/2
Ew[(ferm( ) 1{E8 \/P EC ferm( )_ 0]')4] S nZ Vi=1,2,---.d

then follows from there. This gives E; | f.
coordinates.
2d?

The identity mmse(m.) — mmse(7) < ;=-mmse(m) < 2de < <% still applies here in the

following sense. Let f, be the Bayes estimator corresponding to 7. Then denoting M £ ¢(s) log(n)
here we have

mmse(7) = E[|| f*(X) — 0||*]
= Eomr[Ex~poio)[[| F*(X) — 6]]%]/6]
> Egrr [Ex ~poi(a) [l f*(X) — 9||2]1{oe[o,M]d}|0]
=P[O € [0, M]d]EGNﬂ[EXNPOi(G)[Hf*(X> - 0H2]1{ee[0,M]d}‘9]
> (1 — e)mmse(me,) (85)

(X) = 0]?1ipy] <

and that mmse(7) < d given that the naive estimation of fig(x) = « achieves an expected loss
of d (i.e. 1 for each coordinate). This shows that we also have Regret_(f*) < Regretﬂm( )+
O(dZSQ) < Regret,  (f*) + O(dnig) in this multidimensional case (given that d < n). Thus, it
suffices to work on prior 7 ,, for some ¢ = ¢(s) where ., € [0, clog(n)]<.

Now under this truncated prior, by Lemma 20 there exist absolute constants c3, ¢4 such that
we may take M = max{cs3, c4s}logn and substitute into Lemma 19. This gives an overall regret

bound of 4 (max{cs, css}log(n))4+2.
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