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Abstract

In linear regression we wish to estimate the optimum linear least squares predictor for
a distribution over d-dimensional input points and real-valued responses, based on a small
sample. Under standard random design analysis, where the sample is drawn i.i.d. from
the input distribution, the least squares solution for that sample can be viewed as the
natural estimator of the optimum. Unfortunately, this estimator almost always incurs an
undesirable bias coming from the randomness of the input points, which is a significant
bottleneck in model averaging. In this paper we show that it is possible to draw a non-
i.i.d. sample of input points such that, regardless of the response model, the least squares
solution is an unbiased estimator of the optimum. Moreover, this sample can be produced
efficiently by augmenting a previously drawn i.i.d. sample with an additional set of d points,
drawn jointly according to a certain determinantal point process constructed from the input
distribution rescaled by the squared volume spanned by the points. Motivated by this, we
develop a theoretical framework for studying volume-rescaled sampling, and in the process
prove a number of new matrix expectation identities. We use them to show that for any
input distribution and e > 0 there is a random design consisting of O(dlogd + d/e) points
from which an unbiased estimator can be constructed whose expected square loss over the
entire distribution is bounded by 1 + € times the loss of the optimum.

We provide efficient algorithms for constructing such unbiased estimators in a number of
practical settings. In one such setting, we let the input distribution be uniform over a large
dataset of n > d points. Here, we obtain the first unbiased least squares estimator that
can be constructed in time nearly-linear in the data size, resulting in strong guarantees for
model averaging. We achieve these computational gains by introducing a new algorithmic
technique, called distortion-free intermediate sampling, which is the first method to enable
sampling from determinantal point processes in time polynomial in the sample size.

Keywords: volume sampling, determinantal point process, linear regression, unbiased
estimators, random design.

1. Introduction

We consider linear regression where the examples (x7,y) € R? x R are generated by an
unknown distribution D over R? x R, with Dy denoting the marginal distribution of a row
vector x' and Dy denoting the conditional distribution of y given x. In statistics, it is
common to assume that the response y is a linear function of x plus zero-mean Gaussian
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noise; the goal is then to estimate this linear function. We decidedly make no such assump-
tion. Instead, we allow the distribution to be arbitrary except for the nominal requirement
that the second moments of the point x and response y are bounded, i.e., E[||x]|?] < oo and
E[y?] < co. The target of the estimation is the linear least squares predictor of y from x
with respect to D:

wiy & argmin Lp(w), where Lp(w) £ E [(xTw —y)?].
weRd

Here, we assume E[xx "] is invertible so we have the concise formula w}, = (E[xx"]) "'E[xy].
Our goal is to construct a “good” estimator of this target wy, from a small sample. For the
rest of the paper we use w* as a shorthand.

In our setup, the estimator w of w* is based on solving a least squares problem on a
sample of k examples (x{,y1),..., (X, yx). We assume that given x1, ..., Xy, the responses
Y1, - - ., Y are conditionally independent, and the conditional distribution of y; only depends
on x;, i.e., y; ~ Dy, for i =1,... k. However, for the applications we have in mind, the
marginal distribution of x1, ..., xy is allowed to be flexibly designed based on Dy. The most
standard choice is i.i.d. sampling from the distribution Dy of x, i.e., (x],...,x}) ~ Dk.
We shall seek other choices that can be implemented given the ability to sample from Dy
but that lead to better statistical properties for w.

In particular, the properties we want of the estimator w are the following.

1. Unbiasedness: E[w] = w*.
2. Near-optimal expected loss: E[Lp(W)] < (14 €)Lp(w*) for some (small) € > 0.

Together, these properties have many useful implications, such as a bound on the out-of-
sample prediction variance, i.e., Var[x'w] < e for x" ~ Dy, and improved guarantees for
averaging, e.g., E[LD(@)] < (14 §)Lp(w*), where Wy and W are independent copies
of w. The central question is how to sample x1,...,X; to achieve these properties with
sample size k = k(€) as small as possible. Note that while in general it is very natural to
seek an unbiased estimator, in the context of random design regression it is highly unusual.
This is because, as we discuss shortly, standard approaches fail in this regard. In fact, until
recently, unbiased estimators have been considered out of reach for this problem.

An important and motivating case of our general setup occurs when Dy is the uniform
distribution over a fixed set of n points and Dy, is deterministic. That is, there is an
n X d fized design matriz X and a response vector y € R™ such that the distribution is
uniform over the n rows. Here, the loss of w can be written as Lp(w) = 1| Xw — y|2.
This traditionally fixed design setting turns into a random design when we are required
to sample k < n rows of X, observe only the entries of y corresponding to those rows,
and then construct an estimate w of the least squares solution for all of (X,y). Such
constraints are imposed either in the context of experimental design and active learning,
where k represents the budget of responses that we are allowed to observe (e.g., because
the responses are expensive), or to reduce the computational cost of solving the full least
squares problem. Here, an important motivation for unbiasedness is parallel and distributed
model averaging, where we wish to aggragate many independent copies of an estimator. See
Section 1.2 for further discussion of model averaging and experimental design.
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Throughout the introduction we give some intuition about our results by discussing the
one dimensional case. For example, consider the following 2 x 1 fixed design problem:

e 1 oyl . ) *_Zixiyi_§
X = [m: 2] , Y= [W 1] , with target: w* = 721 2 5 (1.1)

Suppose that we wish to estimate the target after observing only a single response (i.e.,
k = 1). If we draw the response uniformly at random (i.e., from the distribution D),
then the least squares estimator for this sample will be a biased estimate of the target:
~1_ 1y ly2 _ 3 4 3
EWl =2 tam =175
The bias in least squares estimators is present even when each input component is drawn

independently from a standard Gaussian. As an example, we let d = 5 and set:
. d 23
XT:(xlw--uxd) 1}\9 N(O') 1)7 yzg(x)+67 where {(X):Z[Bz—i—?’ 6NN<07 1)
i=1

The response y is a non-linear function £(x) plus independent white noise €. Note that it
is crucial that the response contains some non-linearity, and it is something that one would
expect in real datasets. The response is cubic and was chosen so that it is easy to solve
algebraically for the optimum solution w* = argmin,, Lp(w) (see Appendix A).

For this Gaussian setup we evaluate the bias
of the least squares estimator produced for this
problem by i.i.d. sampling of k points. We do 10
this by performing model averaging, i.e., pro-
ducing many such estimators wi, ..., wr inde-
pendently, and looking at the estimation error of

= i.i.d. samples k=10 ~
T = = iid. +volume k=10 g ~
. ~ ~ — i les k=20 ~
the average of those estimators W := £ >°, | Wy: 103 = = 110+ voume k20 ~3
m—— .i.d. samples k=40
= = iid. + volume k=40

estimation error

estimation error:  ||w — w*||% 104 :
10° 10° 102 103
number of estimators T

Figure 1.1: Averaging least squares esti-
mators for Gaussian inputs with d = 5.

Figure 1.1 (red curves) shows the experiment
for several values of k and a range of values of T'
(each presented data point is an average over 50
runs). The i.i.d. sampled estimator is biased for
any sample size (although the bias decreases with k), and therefore the averaged estimator
clearly does not converge to the optimum. We next discuss how to construct an unbiased
estimator (dashed blue curves), for which the estimation error of the averaged estimator
exhibits % convergence to zero (regardless of k). This type of convergence appears as a
straight line on the log-log plot on Figure 1.1

Recently, Derezinski and Warmuth (2018) developed the first method for constructing
unbiased estimators in the case where D is uniform over a fixed design (X, y). This method,
which we will refer to as discrete volume sampling, jointly draws a subset S C [n] of k rows
of the design matrix X with probability proportional to det(X{Xg), where Xg denotes
the submatrix of X with rows indexed by S. For this distribution, the linear least squares
estimator w = XLYS is unbiased, i.e., E[w] = w* = X'y, where X! denotes the Moore-
Penrose pseudoinverse. Indeed, if we volume sample the set S of size 1 in the example

2 2 7.
problem (1.1), then E[w]| = Zm,lﬁ “;;%’1 + 21.23[;2 w;é@ = % =w*.
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1.1 Owur contributions

Contribution 1: Unbiased estimator for random design regression.  Our first contribution
in this paper is proposing a new unbiased estimator for arbitrary distributions D (i.e., not
just uniform over a fixed design matrix). Let the sample x1,...,x; € R? be drawn jointly
with probability proportional to det(Zle x;x; ) DE(x1,...,x}), i.e., we reweigh the k-fold
i.i.d. distribution Df@ by the determinant of the sample covariance. We refer to this as
volume-rescaled sampling from D)’“( and denote it as VSSX. In this general context, we
are able to prove that for arbitrary distributions Dy and Dy, volume-rescaled sampling
produces unbiased linear least squares estimators (Theorem 2.10). This result does not
follow from the fixed design analysis, and in obtaining it we derive novel extensions of
fundamental expectation identities for the determinant of a random matrix. In the process,
we develop a new tool kit for computing expectations under volume-rescaled sampling, which
includes new expectation formulas for sampled pseudoinverses, inverses and adjugates.

Contribution 2: Correcting the bias of i.i.d. sampling The fact that volume-rescaled
sampling of size k > d always produces unbiased estimators of the target w* stands in
contrast to i.i.d. sampling from Dy which generally fails in this regard. Yet surprisingly,
we show that a volume-rescaled sample of any size k£ > d is essentially composed of an
ii.d. sample of size k — d from Dy plus a volume-rescaled sample of size d (Theorem 2.4).
This means that the linear least squares estimator of such composed sample is also unbiased.
Thus, as an immediate corollary of Theorems 2.4 and 2.10 we reach the following remarkable
conclusion:

Even though i.i.d. sampling typically results in o biased least squares estimator, adding
a volume-rescaled sample of size d to the i.i.d. sample eliminates that bias altogether:

.. T T k
i.i.d. sample (x1,91),---, (x4, yx) ~ D
sol. for i.i.d. sample W = argmin E (x]w —y;)?
w i
. 2
d points 7)‘(I7
volume-rescaled sample %],...,%) ~ det| ... |-D% (d-input dimension)
,5(;,
query responses Ui ~ Dyg,, Vi=1.d

sol. for i.i.d + volume W = argmin { Z(X;W —yi)? + Z(fc;w - gi)Z}

% 7

*

Our result: E[w] = w* even though typically E[w] # w

Indeed, in the simple Gaussian experiment used for Figure 1.1, the estimators pro-
duced from i.i.d. samples augmented with a volume-rescaled sample of size d (dashed blue
curves) become unbiased (straight lines). To get some intuition, let us show how the bias
disappears in the one-dimensional fixed design case where Dy is a uniform sample from
{(z1,y1)s- .-, (Tn,yn)}. In this case, reweighing the probability of just the first sampled
point by its square already results in an unbiased estimator. Let w be the least squares
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estimator computed from (z;,, i), ..., (%i,,yi,) with all indices sampled uniformly from
[n]. Now, suppose that we replace i; with 7} sampled proportionally to x?/l , and denote the
modified estimator as w. Due to symmetry, it makes no difference which index we choose
to replace, so

_ 2 1 I~ 22 1 EE,22)w]
E[w]:E[Zjlx?w}:k;}z[zj;?w]:k ;sz .

eps . 1 ~ 1
By definition of the least squares estimator, Elf (3 22)w] = B[+ >, 43, = > TiYjs
from which it follows that E[w] = w*. This simple argument at once shows the unbiased-
ness of w and the composition property discussed in the previous paragraph. In higher
dimensions, the analysis gets considerably more involved, but it follows a similar outline.

Contribution 3: Near-optimal expected loss bound Perhaps surprisingly, volume-rescaled
sampling may not lead to estimators with near-optimal loss guarantees: We show that for
any k > d there are distributions D for which volume-rescaled sampling of size k results
in the linear least squares estimator having loss at least twice as large as the optimum loss
(with probability at least 0.25). However, we remedy this bad behavior by composing a
volume-rescaled sample of size d with an i.i.d. leverage score sample of size k — d. This
composition achieves the following feat: It does not affect the unbiasedness of the estimator
and, and it leads to good approximation properties. Specifically, in Theorem 3.1 we show
that k = O(dlogd + d/€) points are sufficient to construct an estimator w such that:

EW] =w* and E[Lp(W)] < (1+ €)Lp(w").

Note that an analogous loss bound is achievable for vanilla i.i.d. leverage score sampling, but
(1) the estimators produced from leverage score sampling are biased, and (2) the expected
loss bound holds only if we condition on a certain high-probability event (both of those
are significant issues, e.g., in the context of model averaging). To show the expected loss
bound that holds without conditioning and for an unbiased estimator, we break the analysis
into two cases, depending on whether the high-probability event occurs. When it does not,
then our analysis crucially relies on the expectation formulas we develop for volume-rescaled
sampling. Note that the only expected loss bound previously developed for a volume-based
sampling distribution was limited to fixed design, and required d?/e points to obtain an
approximation factor of 1 + € (Dereziniski and Warmuth, 2018). To our knowledge, that
analysis does not easily extend to k& > d, which is why our techniques are radically different.

Contribution 4: Accelerated sampling algorithms Our work also leads to sampling al-
gorithms which significantly improve on the state-of-the-art time complexity of volume-
rescaled sampling, both in the fixed and random design settings, with further algorithmic
implications for the broader class of determinantal point processes (see Section 1.2.3). We
achieve this by introducing a new technique called distortion-free intermediate sampling:
We first sample a larger pool of points based on approximate i.i.d. leverage scores and then
down-sample from that pool to construct the volume-rescaled sample. We use rejection
sampling for the down-sampling step to ensure exactness of the resulting overall sampling
distribution. Surprisingly, this does not adversely affect the complexity because of the
provably high acceptance rate during rejection sampling (see Theorem 5.6).
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When distribution D is defined by a fixed design (X,y) with n > d data points, then,
in Theorem 5.9, we improve upon the time complexity of discrete volume sampling from
O(nd?) to O(ndlogn + d*logd). This cost is nearly-linear in the size of the dataset and,
for the first time, better than solving the full least squares problem directly, which takes
O(nd?) time. Importantly, most of the cost in the new algorithm comes from preprocessing,
and the actual sampling takes only O(d?*) time, i.e., independent of the data size, which is
useful when we wish to produce multiple independent samples. Combining this with the
new loss bound, we get the following improvements for obtaining an unbiased subsampled
estimator with loss within 1+ € of the optimum: The sample size k is reduced from O(d? /)
to O(dlogd+ d/¢) and the time complexity from O(nd?/¢) to O(ndlogn + d*logd + d>/e).

Remarkably, we show that ezact volume-rescaled sampling is possible even when dis-
tribution Dy is unknown (and possibly continuous) and we only have oracle access to it.
In this setting, the size of the intermediate sample that is necessary to achieve this grows
linearly with a certain condition number of the distribution (this is likely unavoidable in
general). Finally, in the special case where Dy is a multivariate Gaussian distribution with
unknown covariance, we use a different approach to show that only d+ 2 additional samples
from Dy are needed to modify a sample from Df{, so that it becomes a volume-rescaled
sample of size k.

1.2 Applications of our results

While studying unbiased estimators for least squares regression is an old and classical prob-
lem, our new results have significant implications for modern data science, both from a
computational and statistical perspective. We outline these implications below, along with
some of the recent related work.

1.2.1 MODEL AVERAGING

Model averaging is a standard technique for boosting the accuracy of a subsampled es-
timator by constructing multiple independent copies and then averaging them. This is
particularly effective in parallel and distributed environments, where the computational
cost of constructing multiple estimators is the same as the cost of computing one estimator.
While model averaging has been proposed as a strategy for least squares regression (e.g.,
see Wang et al., 2017a), the bias which arises for commonly used estimators (e.g., based on
ii.d. sampling) constitutes a significant bottleneck for this approach.

Our framework for constructing unbiased estimators with expected loss bounds is uniquely
suited for addressing the problem of estimation bias in model averaging. To see this, con-
sider a least squares estimator w that satisfies both the unbiasedness property, E[w]| = w*,
and near-optimal expected loss, E[Lp(w)] < (1 + €)Lp(w*). It immediately follows that if
we construct m independent copies w1, ..., W,,, of W, then the averaged estimator satisfies:

€ 1 &
E[Lp (% <(1 —)L ) where W=—9 W,
[ D(w)] < (1+ - p(w"), where w m;W
Consider for instance the setting where distribution D is defined by a fixed design (X,y)

with n data points. Here, we can use parallel averaging to boost the accuracy of a subsam-
pled least squares estimator from e to €/m at virtually no additional computational cost.
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However, for this to be practical, (1) the estimator must be unbiased, and (2) the computa-
tional cost of constructing the estimator must be less than O(nd?), the cost of solving least
squares exactly. We develop the first such estimator, by not only providing an improved
expected loss bound for an unbiased estimator, but also reducing the computational cost
to O(ndlogn + d*logd), which is much less than O(nd?) when n is sufficiently larger than
d. Finally, we point out that our volume-based sampling algorithms for model averaging
have recently proven relevant in the context of model averaging for distributed second-order
optimization and distributed ridge regression, among others (Derezinski et al., 2020a).

1.2.2 EXPERIMENTAL DESIGN

A natural application for volume-rescaled sampling algorithms comes in the context of ex-
perimental design (a.k.a. optimal design of experiments; see Fedorov, 1972; Pukelsheim,
2006). Here, the goal is to select a small set of data points for which the least squares
estimator minimizes a given optimality criterion, typically related to some notion of vari-
ance. Classical experimental design imposes statistical assumptions on the response model,
making the least squares estimator trivially unbiased regardless of how we select the set of
points. Volume-rescaled sampling provides a way of preserving the unbiasedness property
while relaxing the assumptions on the responses. In particular, this leads to a fundamental
connection between the expected loss and the prediction variance, a standard optimality
criterion (V-optimality) in experimental design. Namely, for an estimator w such that
E[w] = w*, letting x" ~ Dy, we have:

E[Lp(W)] — Lp(w*) = Var[x'w].

Excess loss Prediction variance

In a recent follow-up work, Derezinski et al. (2019) used these ideas to develop a general
framework for experimental design, which bridges the gap between the statistical perspective
(linear response model) and the setting studied here (arbitrary responses), relying on our
volume-rescaled sampling tool kit (in particular, Theorem 2.4). Furthermore, our strategy
of combining volume-based sampling methods with i.i.d. importance sampling (e.g., leverage
scores) has proven instrumental in developing randomized rounding methods for efficiently
solving a range of experimental design problems (including A/C/D/V-optimal design, and
Bayesian experimental design), drastically reducing their computational cost and improving
the approximation quality, both for discrete (Nikolov et al., 2019; Dereziriski et al., 2020b)
and continuous domains (Poinas and Bardenet, 2020).

1.2.3 DETERMINANTAL POINT PROCESSES

Volume-rescaled sampling of size d (i.e., VSSX, see Definition 2.1) belongs to a family of
distributions called Determinantal Point Processes (DPPs), which has been studied exten-
sively in many computational areas as a tractable model of diverse sampling, including in
randomized numerical linear algebra (Dereziriski and Mahoney, 2021), machine learning
(Kulesza and Taskar, 2012) and statistics (Bardenet et al., 2017); here we cite selected
surveys that provide a thorough literature review. Our results lead to direct improvements
in the computational cost of sampling for an important class of so-called Projection DPPs.
We outline this here for the case where the support of the distribution is a finite set.
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Determinantal point processes are most commonly defined as a distribution over subsets
S C {1,...,n}, parameterized by a positive semidefinite n x n kernel matrix K with all
eigenvalues in [0, 1], so that a sample S ~ DPP(K) satisfies:

Pr(T' C S) =det(Krr), forall T C{l,..,n}.

Here, K71 denotes the |T'| x |T'| submatrix of K indexed by T. When K is a projection
matrix, i.e., all of its eigenvalues are in {0, 1}, then this is called a Projection DPP and
the size of the sampled set S is equal to the rank of K. An alternate parameterization of
a Projection DPP that appears in the literature relies on an n X d matrix X such that the
kernel K = XX is the rank d projection onto the column span of X. By letting Dy be
uniform over the rows of X, we obtain that VSSX is the distribution of Xg for S ~ DPP(K),
up to a permutation of the rows (here, Xg indicates the rows of X indexed by S).

Prior to our work, the cost of generating each sample from a given Projection DPP was
O(nd?), both for the X and the K parameterizations, by using the algorithm of Hough
et al. (2006). Our technique of distortion-free intermediate sampling drastically reduces
these costs when n > d. If we are using the X parameterization, then after an initial
preprocessing cost of O(ndlogn + d*logd), we can sample from a Projection DPP in time
O(d*). When given an n x n projection matrix K of rank d, we can sample from DPP(K) in
time O(d®). Here, the preprocessing step involves simply reading the diagonal of K in O(n)
time. In both cases, these are the first poly(d) time sampling algorithms for Projection
DPPs. Follow-up works (Derezinski, 2019; Derezinski et al., 2019; Calandriello et al., 2020)
have extended distortion-free intermediate sampling to the class of L-ensemble DPPs, and
more recently even beyond DPPs, to larger distribution families such as strongly Rayleigh
measures, which have many applications in machine learning and theoretical computer
science (Anari and Derezinski, 2020; Anari et al., 2022).

1.3 Related work

A discrete variant of volume-rescaled sampling of size & = d was introduced to computer
science literature by Deshpande et al. (2006) for sampling from a finite set of n vectors,
with algorithms given later by Deshpande and Rademacher (2010); Guruswami and Sinop
(2012). A first extension to samples of size k > d is due to Avron and Boutsidis (2013), with
algorithms by Li et al. (2017); Derezinski and Warmuth (2018); Dereziniski et al. (2018),
and additional applications in experimental design explored by Wang et al. (2017b); Nikolov
et al. (2019); Mariet and Sra (2017). Prior to this work, the best known time complexity
for this sampling method, called here discrete volume sampling, was O(nd?), as shown by
Dereziriski and Warmuth (2018). Here, we give an O(ndlogn + d*logd) time algorithm.
As discussed in Section 1.2.3, volume-rescaled sampling of size d is also known in the
literature as a type of determinantal point process, called Projection DPP (to learn more,
see Dereziniski and Mahoney, 2021). Projection DPPs arise in many computational tasks
outside of linear regression, such as dimensionality reduction (Belhadji et al., 2020), nu-
merical integration (Bardenet and Hardy, 2020) and graph algorithms (Guenoche, 1983),
therefore, efficient sampling algorithms for these distributions are of significant interest
(Gautier et al., 2017). More broadly, determinantal point processes have found machine
learning applications in recommendation systems (e.g., Gartrell et al., 2016), data summa-
rization (e.g., Gong et al., 2014), stochastic optimization (e.g., Zhang et al., 2017; Mutny
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et al., 2020), and many others (see Kulesza and Taskar, 2012). The algorithmic technique
of distortion-free intermediate sampling, introduced in this work, has already been applied
beyond Projection DPPs (Derezinski et al., 2019; Calandriello et al., 2020), which makes it
relevant to all of these applications.

The unbiasedness of least squares estimators under volume-based distributions was first
explored in the context of sampling from finite datasets by Derezinski and Warmuth (2018),
drawing on observations of Ben-Tal and Teboulle (1990). Focusing on small sample sizes,
Derezinski and Warmuth (2018) proved multiplicative bounds for the expected loss under
sample size k = d with discrete volume sampling. Because the produced estimators are
unbiased, averaging d/e such estimators results in an unbiased estimator based on a sample
of size k = d?/e with expected loss at most 1 + € times the optimum at a total sampling
cost of O(nd? - d/¢). In contrast, our new techniques achieve an unbiased estimator with
sample size O(dlogd + d/e) and time complexity O(ndlogn + d*logd + d3/¢). Dereziriski
and Warmuth (2018) also showed additional variance bounds for discrete volume sampling
under the assumption that the responses are linear functions of the input points plus white
noise. We extend them here to arbitrary volume-rescaled sampling w.r.t. a distribution.

Other techniques applicable to our linear regression problem include leverage score sam-
pling (Drineas et al., 2006) and algorithms based on spectral sparsification (e.g., Chen and
Price, 2019; Kacham and Woodruff, 2020). Leverage score sampling is an i.i.d. sampling
procedure which achieves loss bounds nearly matching the ones we obtain here for volume-
rescaled sampling, however it produces biased estimators and experimental results (see
Section 6) show that it has weaker performance for small sample sizes. A different and
more elaborate sampling technique based on spectral sparsification (Batson et al., 2012;
Lee and Sun, 2015) was recently shown to be effective for linear regression (Chen and Price,
2019): They show that O(d/e) samples suffice to produce an estimator with expected loss
(14 ¢)Lp(w*). However this method also does not produce unbiased estimators, which is
a primary concern of this paper and desirable in many settings, as discussed in Section 1.2.

Conference versions of this paper Our work greatly expands and generalizes the
results of two conference papers: Dereziniski et al. (2018, 2019). The first paper introduced
the leverage score rescaling method in the limited context of discrete volume sampling,
developed the new intermediate sampling algorithm, and proved the O(dlog d+d/e) sample
size bound for obtaining an unbiased estimator with a (1 + ¢€) loss bound. Note that
the original loss bound was shown to hold with a constant probability, as opposed to in
expectation, which is a significant obstacle to using it in the context of model averaging.
The second paper showed how to correct the bias of i.i.d. sampling using a small size d
volume-rescaled sample and refined the analysis of intermediate sampling. The current
paper strengthens the loss bound of the first conference paper to the desired in-expectation
form (this requires new technical tools such as Lemma 3.4), and generalizes it to the case of
an arbitrary data distribution D (Theorem 3.1). In the process, we develop new formulas
for the expectation of the inverses and pseudoinverses of random matrices under volume-
rescaled sampling (Theorems 2.8 and 2.9) and characterize the marginals of this distribution
(Theorem 2.7). We also extend the decomposition property of volume-rescaled sampling
given in the second conference paper (Theorem 2.4), thereby greatly simplifying our proofs.
Finally, we give a new lower bound that complements our main results (Theorem 4.1).
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Outline

In Section 2 we give our basic definition of volume-rescaled sampling w.r.t. an arbitrary
distribution over the examples and prove the basic expectation formulas as well as the
fundamental decomposition property which is repeatedly used in later sections. We also
show that the linear least squares estimator is unbiased under volume-rescaled sampling.
The decomposition property is then used in Section 3 to show that volume-rescaled leverage
score sampling produces a linear least squares estimator with loss at most (1+¢€)Lp(w™) for
sample size O(dlogd + d/e). The lower bounds in Section 4 show that i.i.d. sampling leads
to biased estimators and plain volume-rescaled sampling does not have 1 + ¢ loss bounds.

In Section 5 we show that if Dy is normal, then d + 2 additional samples can be used
to construct a volume-rescaled sample of size k. When the distribution Dy is arbitrary
but we are given an approximation of the covariance matrix of Dy, then a special variant
of approximate leverage score sampling can be used to construct a larger intermediate
sample that contains a volume-rescaled sample with high probability. We then show how to
construct an approximate covariance matrix from additional samples from Dy. The number
of samples we need grows linearly with a variant of a condition number of Dy. Finally we
show how the new intermediate sampling method introduced here leads to improved time
bounds in the fixed design case.

In Section 6 we compare the performance of the algorithms discussed in this paper on
some real datasets. We conclude with an overview and some open problems in Section 7.

2. Volume-rescaled sampling

In this section, we formally define volume-rescaled sampling and describe its basic proper-
ties. We then use it to introduce the central concept of this paper: an unbiased estimator
for random design least squares regression.

Notation. Let a] denote the ith row of a matrix A, and let Ag be the submatrix of A
containing rows of A indexed by the set S. Also, we use A_;, A. _; and A_; _; to denote
matrix A with ith row removed, jth column removed, and both removed, respectively.
When A is d x d, we use adj(A) to denote the adjugate of A which is a d X d matrix such
that adj(A);; = (—1)"*7 det(A_; _;). We use Dy to denote the distribution of a d-variate
random row vector x and we assume throughout that 3p, = E[xx "] exists and is full rank.
Distribution D is called (d, 1)-variate if it produces a joint sample (x7, %) where x € R? and
y € R. A random k x d matrix consisting of k independent rows distributed as Dy is denoted

X ~ DE. We also use the following standard shorthand: k% = (kf!d)! =k(k-1)--- (k—d+1).

Definition 2.1 Given a d-variate distribution Dy and any k > d, we define volume-rescaled
size k sampling from Dy as a k X d-variate probability measure VSSX such that for any event
A C R¥*4 measurable w.r.t. D)’@, its probability is

def E[det(XTX) . 1[X6A]}

VSE (A) & here X ~ DE.
SD)(( ) E[det(XTX)} y where v

For k = d, this volume-rescaled sampling is a type of Determinantal Point Process known
as Projection DPP (see Section 1.2.3; to learn more, see Dereziriski and Mahoney, 2021).
The case of k > d can be viewed as an extension of that family of distributions.

10
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Remark 2.2 Distribution X ~ VSSX is well-defined whenever Xp, = Ep,[xx"] is finite
and full rank. Also, for any F : R**? %R, random variable F(X) is measurable if and only
if det(XTX)F(X) is measurable for X ~ DX, and then it follows that

_ Ex[det(X"X)F(X)]  E[det(XX)F(X)]
Ex[F(X)] = XEX[det(XTX)] " k4 det(Spy)

The remark follows from a key lemma which is an extension of a classic result by van der
Vaart (1965), who essentially showed (2.1) below when A = B, but not (2.2). Part (2.1) of
the lemma lets us rewrite the normalization of volume-rescaled sampling VSSX as:

Ex [det(X"X)] = (k%/k%) - det(E[X"X]) = k% - det(Ep,), where p, = Ep, [xx].

Lemma 2.3 If the rows of the random matrices A, B € R¥*? qre sampled as an i.i.d. se-
quence of k pairs of joint random vectors (a;,b;), then

K E[det(ATB)] = k% det(E[ATB)) for any k > d, (2.1)
k1 E[adj(A"B)] = k%L adj(E[ATB]) for any k> d — 1. (2.2)

Proof First, suppose that & = d, in which case det(A"B) = det(A) det(B). Recall that
by definition the determinant can be written as:

d
det(C) = Z sgn(o) ch',ai,
=1

ocES

where .7 is the set of all permutations of (1..d), and sgn(s) = sgn ((1..d),0) € {-1,1}
is the parity of the number of swaps from (1..d) to o. Using this formula and denoting
Cij = (E[ATB])Z,J. = dE[a1;b1;], we can rewrite the expectation as:

d
ddE[det( det(B Z sgn(o) sgn(o HE [d - aigb o
o,0' €5 i=1

d
Z Z sgn(o, o’ Hc
=1

ccSoled
d
=d > sgn(o’) [ cior
e -1

= d!det(E[AB]),

which proves (2.1) for £ = d. The case of £ > d follows by induction via a standard
determinantal formula:

E[det(ATB)] i [ Zf: }:kkdE[det(AIkBk)],

11
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where (x) follows from the Cauchy-Binet formula. Finally, (2.2) can be derived from (2.1):

KT E[adj(ATB)y] = kT T E[(—1)" det (ATB)_j ;)]
= (-1 k¥ 'E[ det(AT_;B. ;)]
using (2.1) = (=1)"" k%=L det(E[AT_;B._])

= k%L (1) det ((E[ATB])_j,—:)

= kL adj(E[ATB])

ij’

where recall that A _; € RF*4=1 denotes matrix A with the jth column removed. |

2.1 Basic properties

In this section we look at the relationship between the random matrix X ~ D)k( of an
i.i.d. sample from Dy and the corresponding volume-rescaled sample X ~ VSSX. Even
though the rows of X are not independent, we show that they contain among them an
i.i.d. sample distributed according to Df(_d.

Theorem 2.4 Let X ~ VSSX and S C [k] be a random size d set s.t. Pr(S | X) oc det(Xg)?.
Then Xg ~ VSSX, X[;ﬂ\g ~ Df(_d, S is (marginally) uniformly random, and the three
random variables Xg, X\s, and S are mutually independent.

Before proceeding with the proof, we would like to discuss the implications of the theo-
rem at a high level. First, observe that it allows us to “compose” a unique matrix X (which
must be distributed according to VSSX) from a d-row draw from VS]%X, a (k—d)-row draw
from D)k(_d, and a uniformly drawn subset S of size d from [k]. We construct X by placing
the d rows at row indices S and the k — d rows at the remaining indices. Another way to
think of the construction of X is that we index the rows of VSSX from 1 to d and the rows

of Df@_d from d 4+ 1 to k, and then permute the indices by a random permutation o:

volume + i.i.d. Xi...Xg Xgi1--- T Xp (2.3)
i ) \
VSh, Xy e e e X, (2.4)

Perhaps more surprisingly, given a volume-rescaled sample of size k from Dy (i.e.,
X ~ VSSX), sampling a set S C [k] of size d with probability o det(Xg)? (discrete
volume sampling) “filters out” a size d volume-rescaled sample from Dy (i.e., Xg ~
VSSX). That sample is independent of the remaining rows in X, so after reordering
we recover (2.3).

We can repeat the steps of going “back and forth” between (2.3) and (2.4). That
is, we can compose a sample from VSSX by appending the size d sub-sample we filtered
out from X with its complement and permuting randomly, and then again filter out

12



UNBIASED ESTIMATORS FOR RANDOM DESIGN REGRESSION

a size d volume sub-sample w.r.t. Dy from the permuted sample. The size d sub-
samples produced the first and second time are likely going to be different, but they
have the same distribution VSSX.

This phenomenon can already be observed in one dimension (i.e., d = 1). In
this case, (2.3) samples one point ; ~ 2% - Dy and independently draws @y, ..., Ty ~
Df(_l. Note that the & random variables are mutually independent but not identically
distributed. Now, if we randomly permute the order of the variables as in (2.4),
then the new variables are identically distributed but not mutually independent.
Intuitively, this is because observing (the length of) any one of the variables alters
our belief about where the volume-rescaled sample was placed. Applying Theorem 2.4,
we can now “decompose” the dependencies by sampling a singleton subset S = {i}
with probability proportional to z?. Even though the selected variable may not be
the same as the one chosen originally, it is distributed according to volume-rescaled
sampling w.r.t. Dy and the remaining k—1 points are i.i.d. samples from Dy.

Proof The distribution of S conditioned on X is the discrete volume sampling
distribution over sets of size d whose normalization constant is det(XTX) via the
Cauchy-Binet formula. Denote S¢ = [k]\\S and let A, B and C' be measurable events
for variables S, Xg and Xge, respectively. We next show that the three events are
mutually independent and we compute their probabilities. The law of total probability
with respect to the joint distribution of S and X, combined with Remark 2.2 (using
X ~ D¥%) implies that:

Pr(SeANXseBAXgeC) =Eg|[Pr(SeANXseBAXgeC | X)]
Ex [det(XTX) - Pr(Se AANXgeBAXg€C | X=X)]

B kd det(Ep, )
det(X
@ E[det(X7X) - Y gc s 505 1xgen Lxseect]
k:idet(EDX)

®) LseaB[det(Xs)? Tixsen) Txseec]
k:idet(EDX)

© 1Al - E[det(Xg)? 1xiyen)] - E[1xmecl]
(5)d! det(=p,)

VS5, (B) - Dy (0).

_ A
O]

Here (a) uses Cauchy-Binet to obtain the normalization for Pr(S|X), which is then
cancelled out in (b). Finally (c) follows because the rows of X ~ D¥ are i.i.d. so Xg
and Xgc are independent for any fixed S, and the choice of S does not affect the
expectation. |

Theorem 2.4 implies that for £ > d, the distributions VSSX and D% are in fact
very close to each other because they only differ on a small sample of size d. Since the
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rows of X are exchangeable, they are also identically distributed. The marginal dis-
tribution of a single row exhibits a key connection between volume-rescaled sampling
and leverage score sampling (when generalized to our distribution setting), which we
will exploit later. Recall that for a fixed matrix X € R™*9, the leverage score of row
x/] is defined as x] (X7X) 'x;. Note that in this case, the n leverage scores sum to
d. The following definition is a natural generalization of leverage scores to arbitrary

distributions.

Definition 2.5 Given a d-variate distribution Dy, we define leverage score sampling
from Dx as a d-variate probability measure Levp, such that for any event A C R'*4
measurable w.r.t. Dy, its probability is

def EDX |:1[xT€A] . XTEB}{X}

L A
eVD)( ( ) EDX [XT 2]5; X}

.
, where x ~ Dy.

Clearly, Ep, [x" 3. x| = d when X, finite.

Remark 2.6 Distribution X ~ Levp, is well-defined whenever X, = E[xx"] is finite
and full rank. Also, for any F : R™*? - R, random variable F(X") is measurable if
and only if F(X") XTEBiX is measurable for X" ~ Dy, and then it follows that

Evevp, [F(X7)] = En, [F(x") x" 35, x] /d.
Theorem 2.7 The marginal distribution of each row vector X of X ~ VSSX 18

%-LeVDX + (1 - %)  Dy.

Proof For k = d, this can be derived from existing work on determinantal point
processes (see Lemma 3.3 for more details). We present an independent proof using
the identity det(B +vv") = det(B) 4+ v adj(B)v and Lemma 2.3. Given X ~ VS ,

E[E[1 7 e det(XTX) [ x,]]
d! det(Xp, )
E [1[x?eA]E[det(XIiX_i + x;%; ) | X,H
d! det(Xp,)
(@ E[1prea Bl adj(XL,X)x; | x]]
d!det(Xp,)
() E[1preq - X{ adj(Ep, )x;]
B iy det (3, )

Pr(x] € A) = (where X ~ D)

DE[Lyren - x5! %] /d.

Here (a) follows because det(X,X_;) = 0, and in (b) we use Lemma 2.3 and the fact
that E[X",X_;] = (d—1)-Xp,. Finally (¢) employs the identity adj(A) = det(A)A~*

14
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which holds for any full rank A. The case of k > d now follows from the case k = d
combined with Theorem 2.4. [ |

The key random matrix that arises in the context of volume-rescaled sampling is not
X itself but rather its Moore-Penrose pseudoinverse, X' = (X"X)~*X 7. Its expected
value is given below.

Theorem 2.8 Let X ~ D% and X ~ VSSX for any d-variate Dy and k > d. Then
E[X'] = (BE[X"X]) 'E[X]".

Recall that we assume E[X"X] = kXp, is full rank throughout the paper. The
proof of Theorem 2.8 is delayed to Section 2.2 where we give a slightly more general
statement (Theorem 2.10). We can compute not only the first moment of X, but
also a second matrix moment, namely E[XXT]. Even though X may not always be
full rank, X is full rank almost surely (a.s.), so we can write X'X™ = (X7X)~L.

Theorem 2.9 Let X ~ D% and X ~ VSf5 for any d-variate Dy. If rank(X)=d a.s.,
then

. S * k
EXIX =E[(X'X)] ¥ ° .

If rank(X) < d with some probability then (x) becomes a positive semi-definite in-
equality <.

Proof For a full rank d x d matrix A we have A~' = AT and adj(A) = det(A)A L.
When A is not full rank but psd, then det(A)AT = 0 < adj(A). Thus Lemma 2.3
implies that

—

(EX7X])™".

E[(X7X)1] E[det(X"X)(X"X)']
E[det(XTX)]
[adj(X"X)]
[det(XTX)]
(K=1/k11) - adj (E[X X))
(k2/k?) - det (E[XTX])
k
T k—d+1
where (%) becomes an equality if X" X is full rank with probability 1. |

) E
<
—E

(Lemma 2.3) =

(EXTX])

2.2 Unbiased estimator for random design regression

In fixed design linear regression, given a fixed k£ x d matrix X and a k-dimensional
response vector y, the least squares estimator X'y = argmin,, || Xw —y||? is a canon-
ical solution. When the response vector is random, then the least squares solu-
tion satisfies E[X"y] = X'E[y] = argmin,, E, [||[Xw — y||?], i.e., it is an unbiased

15



DEREZINSKI, WARMUTH AND Hsu

estimator of the minimizer of the expected square loss. In random design regres-
sion, where each row-response pair is drawn independently as (x",y) ~ D from
some (d,1)-variate population distribution D, the matrix X ~ DX also becomes
random. In this context, the minimizer of the expected square loss is defined as
argmin,, E[(x"w —y)?] = ! E[xy]. Note that our assumption that rank(Xp,) = d
comes without loss of generality because the redundant components of vector x can be
removed, reducing dimension d to match the rank of ¥p,. The least squares solution
X'y may no longer be an unbiased estimator of the optimum under the random de-
sign model (in most cases it is not). We show that volume-rescaled sampling provides
a natural way of correcting the distribution D% so that the least squares estimator is
always unbiased.

Theorem 2.10 Let (x',y) ~ D be (d,1)-variate. Then for X ~ VSSX and ; ~
D)}\xziw

E[X'y] = argmin E[(x"w — y)?] = w".

w

Proof Let (X,y) ~ D*. We first prove the theorem for k = d. In this case, Cramer’s
rule implies that since X is a d X d matrix, we have

det(Xéy)
det(X" X)Xy = det(X) adj(X)y = det(X) - : ,
det(X(iy)

where X<iy is matrix X with column ¢ replaced by y. It follows that:
E[(X'y);] = E[djl(i;(}g(xw)i}
: DX)
E[det(X) det(X < y)]
- dl det(Zp, )
det(Ep[x (x<-y)7])
B det(Ep, )
det(EDXé]E[x yl)
T det(Tpy)
= 25; E[xy] = argminE[(x"w — y)*].

(Lemma 2.3)

where we applied Lemma 2.3 to the pair of d X d matrices A = X and B =X na y.
The case of k > d follows by induction based on the following lemma shown by
Derezinski and Warmuth (2018):
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Lemma 2.11 For any matriz X € R¥* where k > d, denoting I_; =1 — e;e;

;. we
have

k
1
det(X™X) X = — D det(XTIX) I X)".
=1

Suppose that the induction hypothesis holds for X ~ VSS; and y; ~ Dyjx—%,. Then,

E[det(X"X) XTy]
kddet(Xp, )
E |l Yh det(X LX) (LX) Ty
k4 det(Xp, )
1 38 E[det(XTI,X)(I,X)ty]
k—d kd det(Zp, )
w k (k—1)4

= E[X'Y] = S5 Exyl,

E[X'y] =

(a)

where (a) follows from Lemma 2.11, while (b) follows because the rows of X ~ D
are exchangeable, so removing the ith row is the same as removing the last row. B

The expected value of random matrix X' (Theorem 2.8) now follows by setting y = 1:

Proof of Theorem 2.8 The columns of X', equal (X7X)~!%;, are exchangeable, so

*) 1 -1

. 1 ( -1
E[(X'X) %] = T ~E[XT1,€} = (Exx"]) Elx] = (E[X'X]) E[x],
where (%) is Theorem 2.10 with y = 1. The desired formula is the matrix form of the
above. [

We now briefly discuss the implications of our method in the case when the response
variable is linear plus some well-behaved noise. More precisely, when the response
values are modeled as y; = x] w* + &;, where E[¢;] = 0, Var[¢;] = 02 and w* € R,
then the covariance matrix of the least squares estimator in fixed design regression is
given by Var[X'y | X] = ¢?(X"X)! (here X is fixed). The covariance matrix of the
volume-rescaled sampling estimator in random design regression takes a similar form.

Theorem 2.12 Let (x',y) ~ Dy be (d, 1)-variate. Suppose that E[y|x] = x"w* for
some w* € R? and Varly — x'w* | x] = 0% almost surely. Then for X ~ VSSX and
Yi ~ D)J|x:ici;

Var[X'y] w k——]jiqu -o? (E[XTX])_l, where X ~ DY,

as long as rank(X) = d almost surely, otherwise () is replaced by inequality <.

17



DEREZINSKI, WARMUTH AND Hsu

Proof Since E[X'y| = E[X'E[y | X]] = w*, denoting £ = y — Xw*, we have

Var[X'y] = E[XT(Xw*+ &)(Xw*+ £)"XT] — w*w*"
=E[X'E[¢¢"X] X | + E[X'Xw*w* " (X'X)T] — w*w*"
=0 E[X'X']
k -1
SPAr 7 (EXTX)
Here, (%) uses Theorem 2.9. It is replaced by =< when rank(X) < d with positive
probability. |

3. Loss bound for an unbiased estimator

For any distribution D defining a regression problem (x",y) ~ D, the quality of a
vector w € R? is measured by the expected square loss over D:

Lp(w) =E[(x"w —y)*].

How many samples do we need to use to produce an unbiased estimator w such that
the expected loss of W is no more than 1+ € times the optimum loss for the problem?
Concretely, given the input distribution Dy and € > 0, our goal is to find the smallest
k for which there is a k x d-variate distribution V{§ and an estimator w(y|X) such
that

E[w(y|X)] =w*, and E[Lp(W(y|X))] < (1+e€)L(w"),

where w* = argmin,, Lp(w), X ~ V£ and 3 ~ Dyjx—x,. Theorem 2.10 suggests
that a natural candidate for the sampling distribution VSX of the k points is volume-
rescaled sampling VSSX paired with the estimator X'y. Surprisingly we will show
that this estimator can have very large loss. Since the estimator does not depend on
the ordering of the rows of X, it follows from Theorem 2.4 that it can be equivalently
constructed from a volume-rescaled sample of size d and an i.i.d. sample of size k — d
from Dy. We denote such a sample as VSSX . D)k(_d. Even though this estimator is
unbiased, most of the samples are coming from the input distribution Dy, so if this
distribution is particularly ill-conditioned then we may not draw a point with high
leverage until a large number of samples were drawn. In the next section, we present
Theorem 4.2 which implies the following lower bound: For any k > d, there is a
(d, 1)-variate distribution D such that if X ~ VS} . then Lp(X'y) > 2+ Lp(w*) with
probability at least 0.25.

The standard solution for avoiding the case when the examples have drastically
different leverage scores is to replace the input distribution with the leverage score
distribution Levp, . If the k points are sampled i.i.d. from LeV’BX then it is known
how to construct a biased estimator which satisfies the 1 + € loss bound for size
k = O(dlogd+ d/e). In the below result we use a sampling distribution consisting of
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a size d volume-rescaled sample and a leverage score sample of size k — d, i.e., the k
points are drawn from VSSX~ Lev%}d to achieve both unbiasedness and the loss bound
with sample size k = O(dlogd + d/e€). The proof is broken down into two parts. The
first part shows that the loss bound holds when conditioned on a high probability
event which indicates when the leverage score sample is sufficiently well conditioned.
This part follows similarly to the standard analysis of leverage score sampling, except
we must additionally account for the negative dependence between the samples drawn
by volume-rescaled sampling. The second part of the proof analyzes the expected loss
when the high probability event fails. Here, standard analysis fails, and to address
this, we use a novel decomposition of the loss, relying on an expectation inequality for
volume-rescaled sampling (Lemma 3.4), which is potentially of independent interest.
In what follows, we use [, = XTZB;X to denote the leverage score of point x.

Theorem 3.1 Let Dy be a d-variate distribution. For any € > 0, there is k =
O(dlogd + d/e) such that for any Dy, if we sample X ~ VSf, - Levlf);d and §; ~

2

Dyx=x, then the estimator w = argmin,, ZZ | T L(x]w — 1;)? satisfies:

E[W] = argmin Lp(w) and E[Lp(W)] < (1+€)- nai/n Lp(w).

w

Proof Let X" ~ Levp, and § ~ Dyx—x jointly define distribution (X",7) ~ D and
1 1 ~
x,)=(—=Xx", —=7y| ~ D.

By Remark 2.6, D and D define the same loss function up to a constant factor:

Ls(w) = ELeva[i]Eg[(iTw ~5?18]| =En [~ ll ("W — ) 1] Jd = Lo(w) /d.

Similarly, it follows that ¥z = %[EDX' The key prope}:ty of distribution Dy is that
it has uniform leverage scores, implying that Levy = Da:

STy -1 1 ST d ST

'Y X=— EDx—— EDXx—d (3.1)

x Iz x Iz

Let X and y be distributed as in the theorem. Note that we can write the estimator
w as follows:

= (PgX)'Pgy, where Px = Z e;e; € RF*F,

\/_
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For any measurable function F(PgxX,Pxy), using Remarks 2.2 and 2.6, as well as
det(Px)? =[], l - and det(Xp, ) = det(3g )d?, we obtain

Epy, [Ey [F(PxX, Pxy) | X] - det(X(g)? TTi gy b

_ Y _ o _ k
 Epg [Ey [F(PxX, Pxy) | X] - det(Px,, Xiq)? [T, ]
B d! det (X5 )d? dF—
By [By[F(PX, P¥) [ X] - det(Pg Xiq)?] %.9) ~ D"
- didet(Ty, ) Y ’
 Ep, [E5[F(X,5) | X] - det(Xia)?] &5~ B
- ddet(S5) Y

This means that PgX ~ VS%X- ﬁlj(_d and Pg,7; ~ ]53;|x:pii,—ci. So, since the losses Lp
and Lg are the same up to a constant factor and the estimator w = (PxX)'Pxy is

distributed identically to the corresponding estimator for D, proving the result for D
immediately implies the same for D. Thus without loss of generality we can assume
from now on that distribution D is the same as D, i.e. we assume that [, = d a.s. for
x ~ Dy. This implies that Levp, = Dy and W = X'y. Also by Theorem 2.4, matrix
X ~ VSSX- D% after randomly reordering the rows becomes distributed as VSSX.
Thus by Theorem 2.10, E[X'y] = w*, where w* = argmin,, Lp(w), showing the
unbiasedness property of w.

We are now ready to prove the loss bound. Note that E[(x"w*—y) x| = E[xx"|w*—
Elxy] = 0, because w* = X, E[xy]. We use this to perform a standard decomposi-
tion of the square loss:

Lp(w) :ED[ (x'w —y) 2] 0
=E[(x"(w - w"))’] +E[x (x'w" —y)](w - w") + E[(x"w" —1)?]
=E[(x"(w *)2}+LD( )
= (w— W) Exx"](w — w*) + Lp(w*) = || S (w — w*)||* (w").

(3.2)
Substituting w = X'y = (X"X)"'X 7y for w, we additionally obtain:
2XTX) X (y - Xwh)?
== ‘1/2XTX2‘1/2> 'Sh X (y - X2 B[S )|

|2, (%

Note that, without loss of generality, we can replace the distribution x" ~ Dy by the
distribution of XTEB;/ * so from now on we will let ¥p, = I, in which case it suffices
to bound E[||w — w*||?] = E[|[(X"X)"1X7(y — Xw")||?]. A key step in the analysis
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is to ensure that the inverse (X7X)~! is bounded. We can ensure that this is true
with high probability by relying on standard matrix Chernoff bounds, such as the one
stated below, essentially due to Ahlswede and Winter (2002). The particular version
we use is adapted from Chen and Price (2019).

Lemma 3.2 There is a C > 0, such that for any Dy satisfying XTZB}(X < K for all
x € supp(Dy), if X ~ DY and m > CKe ?logd/§, then

1
(1—¢€)%p, < EXTX = (1+¢€)Xp, with probability >1—.

Applying Lemma 3.2 for Dy with K =d, m = k — |k/2] and € = 1/2 we obtain
that if k > d+4Cdlogd/é then the following event holds with probability 1 —¢ with
respect to X ~ VS - Dy ¢ (where, recall that we let Xp, = I):

et o k
& X[ Xge = 1 I, wheres=|k/2]. (3.3)

We next decompose the expectation E[||w — w*[|?] into two components, depending
on whether event £ occurs:

El|w — w*|[*] = Pr(€) - E[|[W — w'||* | €] + Pr(=€) - E[|w — w*[|* | =€].  (3.4)

The intuition here is that when &£ succeeds then this ensures a strong control over
the inverse (X7X)~! through matrix concentration thanks to the i.i.d. sampled part
of the matrix, i.e., X[S]c ~ D% whereas when & fails, then we can still control the
inverse by relying on the volume-rescaled sample X[S] ~ VSSX ~Df{d. Here, thanks to
the exponentially small failure probability, Pr(—€), we can rely on looser bounds for
the expectation.

Part 1: Event £ succeeds We start by bounding the first term in (3.4), using a
standard error decomposition (see Lemma 1 of Drineas et al., 2011):

Pr(E) B[l — w'l? | €] < PrER[|(X X)X (y — Xw)[? | €]
< HPHEE[IX (v — Xw') || €]
< LB{IX (5 - Xw)|].

where we used that [|(X7X) ™| < [[(X[Xge) || < 4/k, when conditioned on E.

We next bound the expectation E[||XT(y — Xw*)||?]. Unlike with i.i.d. leverage
score sampling, this requires controlling the pairwise dependence between indices
because of the jointness of volume-rescaled sampling. Denoting ¥ = y — Xw*, and
observing that vectors X[Td]f'[d], Xgi1Tds1, - - - » XiT) are independent and mean zero, we
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have

E[X7e"] = E[|Xfgral’] + 3 Efliir]?]

i€[d]¢
- Z E[r7x %;] + (k= d)E[d (y — x"w*)?]
i,5€d]
= d(d—1) E[172%]{ %] + d*Lp(W*) + (k — d)d Lp(w"). (3.5)

The only difference in using volume-rescaled sampling rather than just DX is the pres-
ence of the first term in (3.5), which would be zero if the rows were fully independent.
We will show that due to the negative dependence of VSSX this term is in fact non-
positive. We rely on the following lemma which describes the marginal distribution of
subsets of rows in volume-rescaled sampling of size d by relying on known properties
of determinantal point processes (see Proposition 19 in Hough et al., 2006).

Lemma 3.3 The marginal distribution of t rows of X ~ VSEI)X indexed by T C [d] is
PI(XTEA) = ED)t( [1[XT€A] - det (XTEBiX;)} /di,
where A C R is measurable w.r.t. Db

We apply Lemma 3.3 to the set 7' = {1,2} and compute the determinant of a 2 x 2
matrix:

det(Xp X5 X 1) = I, lx, — (%] Bp1%2)%,

Recall that we assumed Ix = d for x ~ Dy, and ¥p, = I. We next show that the
first term in (3.5) is non-positive, so the pairwise dependence between the rows in
volume-rescaled sampling can only improve the bound. Denoting r; = y; — x;/ w*, we
have

d(d—1) E[F172%{ X2 = d(d—1) Epz [r172%]{ %2 det(XTEB;X;)]/dz
— Eps [rirax] xo (@ — (x]x2)?)]
= || Ep[x (y — x"w")] (= Ep2 [rirs(x %))

v ~

0 E

E can be written as a sum > Ep2|[f.(x1,v1) fe(x2,92)] = Y (Ep[fe(x1,v1)])* > 0,
where f.(-) is some expression of its arguments, because (xi,7:1) and (Xg,¥y2) are
independent and identically distributed.

Altogether, we obtained that E[[|X"F||?] < kd Lp(w*), which in turn implies that

-~ * 12 42d *
Pr(€) - Ef[|w —w|" [ €] < == Lp(w?).

22



UNBIASED ESTIMATORS FOR RANDOM DESIGN REGRESSION

Part 2: Event £ fails Let us again use the notation of r = y — Xw*. To bound the
second term in (3.4), we use a somewhat different decomposition of |[w — w*|| than
we did in Part 1:

1% — Wl = IXTE? < KR - el = (KTX) ) - (gl + (e
< (T X) ™) - (1 + IeelP).

So, taking expectation, and noting that X[s} and r[, are independent of &, we have:

’)

E[[w —w* | ~&] < B[or((XgyX) )T 7] + E[tr((X g X)) E[lIFge ] | ~£].

’

Thus, we are able to restrict the conditioning on —& to only the term E[Hf[s]c

—é'}, which allows us to analyze the remaining terms as if they were distributed
according to volume-rescaled sampling, without the distribution being distorted by
the conditioning. In particular, using Theorem 2.9 we obtain that:

o d 3d
T —1 < - < —_—.
EW«XMXM))]_S_d+1__k

Next, with a slight abuse of notation, assume that the rows of X[s] are permuted (i.e.,
that X(g ~ VS, ) so that they are identically distributed. Then, we have:

E[tr(X[X @) DIrgll?] = Y B[ tr(XX) )] = s - E[r? tr((X[ X))
i=1
To apply Theorem 2.9 again, we must disentangle the trace from 7“?, which is addressed
in the following lemma proven at the end of the section.

Lemma 3.4 If X ~ VSSX, where Xp, =1, then for any f : RY — Rsq and i € [k],

®) d d—1

E[/() tr(X7X) )] < - Eo [10)] + 1 =gy B [0,

as long as the right-hand side is well-defined, where (x) becomes an equality if X ~ D¥
is a.s. rank d. If we also assume that ||x||* = d a.s. for x™ ~ Dy, then we get
d

B[ (%) (X X) )] = ELf(=)JBlr(X X)) = -

Ep, [f ()]

Using the lemma with f(x,) = E[r? | X,], we conclude that:

sd

Eftr(X5X ) Dlrgl?] € ———
[ (X X)) DlleglP) < =7

It remains to bound the final term, E[||Fj||? | =€]. To that end, we define an
additional event &£’ as follows:

- - k
& X1 p- 1 X st 1k—1] = 1 L
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Note that £ implies £, and we can easily use Lemma 3.2 to bound its failure proba-
bility. Also, observe that, since the marginal distribution of each vector x; for i € [s]°
is the same, and the event £ is invariant under permutation of the indices of these
vectors, the marginal distributions of 7 = (g; — x] w*)? conditioned on —& are the
same for each i € [s]°, so:

k

= 2 —2 —2 E[?’i ) 1ﬂ8]
E(|[tgell® | ~€] = > E[F} | ~€] < k-E[F} | ~€] = kw
i=s+1
E[r? - 1_¢/] E[r2]Pr(=&) Pr(=&")
<k =k toe) g ENIHTC) I ) e
=" Tpr(=E) Pr(—&) pr(oe) LW

where we used the fact that £ is independent of 7. Putting everything together, we
conclude that:
3d | Pr(=&)

Pr(=€) - E[|W — w'||* | €] < Pr(=&) - (24 Lp(w") + & - k PeE b(w"))

< Pr(=&")5d Lp(w™).

It remains to note that, setting § = 1/k in Lemma 3.2, we can ensure that Pr(=£’) <
1/k for k > C'dlog(dk) with sufficiently large constant C’. This can be easily con-
verted to a condition of the form k > C”dlogd. Under this condition, combining
Part 1 and Part 2, we obtain the following bound:

9d 5d 14d

E[Lp(W)] = Lp(w") = E[|W — w’["] < == Lp(w") + —= Ln(w") = —— Ln(w"),

which concludes the proof. [ |

Note that, using Markov’s inequality, we can convert the expected loss bound to
a bound that holds with high probability. Namely, sample size O(dlogd + d/(€d))
suffices to obtain that Lp(w) < (1 + €) Lp(w*) holds with probability 1 — 4.

The above result can also be achieved if we replace the exact leverage score sam-
pling distribution with its approximation. As discussed in Section 5, producing sam-
ples from such approximation can be more practical in settings where exact leverage
scores are too expensive to compute.

Lemma 3.5 Theorem 3.1 still holds if we replace ly with any le such that %lx <

I, < %lx for all x™ € supp(Dy) and also replace Levp, with the following d-variate
distribution:

s By [Txren A _
Ep, [Ix]

The proof presented in Appendix B, follows a similar outline as for Theorem 3.1,
however it has some additional steps because when Lev # Levp, then the marginal

Lev(A)

24



UNBIASED ESTIMATORS FOR RANDOM DESIGN REGRESSION

distribution of volume-rescaled sampling VSSX (which is still Levp,,, see Theorem 2.7)
is no longer Lev.

Proof of Lemma 3.4 Since the rows of X are exchangeable, without loss of gener-
ality assume that ¢ = 1. By definition of volume-rescaled sampling, we have:

E[f(x1) tr(adj(X"X))]

E[f(x1) tr((XX) )] < E[det(X™X)]

for X ~ D¥.

We next derive a recursion for the numerator in the above expression. To that end,
let F(k) = E[f(xl)tr(adj(XTX))]. As a simple consequence of the Cauchy-Binet
formula, we have adj(X"X) = — d+1 Z _, adj(X,X_;) for any k > d, so:

F(b) = s SO Ef6x) tr(adi (XX )]

Eftr(adj(X",X_0))] k1

=E[f(x1)] F—dt1 —— B () tr(adi(X LX)
—tr(adj(Sny ) k—1

(a) (k—d)! X

= Bl s e

® (k—1)! kE—1

= deDx[f(X)] + mp(k —1)

(@ (k—1)! k—1

Bl + (7, ) i)

where in (a) we used Lemma 2.3, (b) follows because of the assumption that ¥p, =1,
and in (¢) we unroll the recursion on F(k) for as long as the Cauchy-Binet can be
applied to the adjugate matrices. To compute F(d — 1), we use the definition of the
adjugate matrix, together with the formula det(A + vv'") = det(A) + v' adj(A)v.
Suppose that X ~ Dfé_l, and let j € [d]. Before we compute the desired expectation
formula for the trace, we first derive the expectation formula for the jth diagonal
element of the corresponding matrix:

E[f(x1) adj(X"X);;] = E[f(x1) det((X77) "X )]

E

E[f(x1) det((X™ >T 1+x70q7)7)]
E[f(x1)(x;7) "Eladj((X 7)) "X )]x;7]
2 (d— 2) E[f(x1) (x77) " adj(Ta-1)x,]
= (d —2)! En, [f(x)[x 7],

where x 7 denotes vector x without the jth entry and X~/ denotes matrix X with-
out the jth column, (a) follows because det((X~])"X"{) = 0 and (b) comes from

—
)
~

=
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Lemma 2.3. Finally, to compute the trace, we sum up over j:

F(d—1) = E[f(a)tr(adj(X7X)] = 3 E[f(x1) adj(XX) ;]
= (d=2)! Y En, [fx)Ix 7] = (d = 2137 Y B [£(x) ()]
j=1 J=1 I#j

= (d=2)! (d = 1) Ep, [f(x)[Ix[I"] = (d— 1)!Ep, [f(x)[x]*].

Finally, recalling from Lemma 2.3 that Epg [det(X"X)] = ﬁ det(Xp, ), we obtain
that for X ~ DX:

E[f () tr(adiX X)] _ Gian G il
E[det(XTX)] - (ké!d)! o)l + (kﬁ'!d)! (=1, [f< I }
d d—1 2
= FEn S+ g gy Bow [F00II)

which completes the proof of the claim. Note that, analogously as in Theorem 2.9,
under the assumption that rank(X) = d almost surely, we can replace the inequality
in the statement by an equality. If we additionally let ||x||> = d almost surely for
x ' ~ Dy, which due to the assumption that 3, = I corresponds to the distribution
Dy having uniform leverage scores, then the result can be stated in a simpler way:

~ En £ r—

= By [/ By [r((X7X) 7)),

which implies that random variables f(%;) and tr((X7X)~!) are uncorrelated. |

4. Lower bounds

In this section we present lower bounds demonstrating the limitations of the least
squares estimator under certain random designs, starting with X ~ D{ which samples
k points directly from the data distribution. The key shortcoming of the least squares
estimator X'y in this context is that it is usually biased. In particular, this means
that the loss of the mean of that estimator, Lp (E[X'y]), is larger than the minimum
loss L(w*), where w* = argmin,, Lp(w). We next show that for some distributions
D this bias can be quite significant.
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Theorem 4.1 Let (x",y) ~ D be a (d, 1)-variate distribution s.t. (x",y) = (Ze}, Z?)
for Z ~ N(0,1) and J ~ Uniform([d]) drawn independently. Then, for any k > 0
and (X,y) ~ D,

EX'y] = (1-94) - w* and  Lp(EX'y]) = (1+26%) - Lp(w™),

2d i d-1 1\ k41
here §— —4 . (1- 4 a1 Ly
where ( e (7 3) )

Proof Since E[xx'] = (1/d)I and Elyx| = E[Z%e;] = (3/d,...,3/d), it follows
that w* = (3,...,3). For any ¢ € R, the loss of (1 —¢)-w*is Lp((1 —¢) - w*) =
E[(Z% —3(1 —¢)Z)*| =64 9¢* = (14 3¢*/2) - Lp(w*).

It remains to show that E[XTy] = (1—0)-w*, i.e., each entry of X'y has expectation
3-(1—19). Let us write x; = Z;ey, and y; = Z? for i = 1,..., k, where (ZZ», Ji) for
i =1,...,k are independent copies of (Z, J). Furthermore, let S; :={i € [k] : J; = j}

for 7 =1,...,d. Then X"X is a diagonal matrix whose (] 7)- th entry is ZzeS

and X"y is a vector whose j-th entry is >_._ Z!. Therefore, the j-th entry of XTy

18

1€S;

ZZES Z4
ZZES Z2

Here, we use the convention 0/0 = 0 to handle the possibility of S; = 0.

We first condition on S;, and then take expectation with respect to the Z;’s. For
notational convenience, assume S; = {1,...,m}. Recall that the joint distribution of
(Z1,...,Zy) is the same as that of L - u, where L? is a x? random variable with m
degrees of freedom, u = (uy,...,u,) is uniformly distributed on the unit sphere in
R™, and L? and u are independent. Then

Zz 124 L4le 'L
Zz IZQ LQZzl z

Above, (a) uses the fact that Y ;" u? = 1; (b) uses the independence of L* and u,

symmetry, and the fact E[L?] = m; and (c) follows from Proposition A.1 Therefore,
returning to the original notation, we have

E[(X'y), | 5] =3 (1—@'%) |

(Note that this is consistent with the case where S; = 0.)

Now we take expectation with respect to S;. Observe that |S;| is Bernoulli-
distributed with k trials and success probability Pr(J = j) = 1/d. Therefore, using
the probability generating function for |S;|, which is given by G(t) := (1—1/d+t/d)*,
we have

(X'y); =

2 3

) @R |12 O B Ym? —2
Zu Bl = m m(m + 2)

2
1551 +2

! d(k —d+2)+ (d—1)%(1 — 1/d)*
—Q/Ot-G(t)dt:2- G012 =0
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(see, e.g., Chao and Strawderman, 1972). So we conclude E[(X'y);] =3 (1 —4). &

In Section 2.2 we showed that a random design based on volume-rescaled sampling,
X ~ VSSX, makes the least squares estimator unbiased for all distributions D. Recall
that by Theorem 2.4 the same estimator can also be obtained from X ~ VSSX -DE,
Despite offering unbiasedness, this random design does not guarantee strong loss
bounds. This forced us to combine volume-rescaled sampling with leverage score
sampling in Section 3, obtaining distribution VSSX ~Levlf);d. The following lower bound
shows that the loss bound obtained for this random design (Theorem 3.1) cannot be
achieved by vanilla volume-rescaled sampling VSSX. This general lower bound can
also be easily adapted to the previously studied variants of discrete volume sampling
from finite datasets (Avron and Boutsidis, 2013; Derezinski and Warmuth, 2018).

Theorem 4.2 Let (x",y) ~ D be a (d,1)-variate distribution for which:

(x",y) = {(ef, 1) for each i € [d] with probability ,
’ - . . . -5
(vel,0)  for each i € [d] with probability +3°.

For any k > d, there is v, € (0,1) such that if X ~ VSEX and §; ~ Dyjx=x,, then

Pr(Lp(X'y) = 2- min Lp(w)) > 0.25.

Note that the above statement immediately implies a lower bound for the expected
loss of the estimator X'y, namely, that E[Lp(X'y)] — Lp(w*) > 0.25- Lp(w*). This
shows that the guarantee in Theorem 3.1 cannot be established for vanilla volume-
rescaled sampling with € < 0.25.

Proof First, we find Lp(w*). Simple calculations show that:

_d+9°(1-9) . _ 0
EDX = TI and w' = mldy 50
2
* T g Tw* 751_6
Lp(w*) =6 (1 —e{w")* + (1 -9) (ve[w )2_#(1—)5)'

Let Ax denote the event that there exists j € [d] such that no vector X; is equal to

e;. If Ag holds then the jth component of X'y is 0 so, setting 72 = 2d(ffé)’

Y26(1 — ) S v26(1 — )
) 0+ 7%(1-9)

J
Lp(X'y) > 7= 2 =2Lp(w") (conditioned on Ax).
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It remains to lower bound the probability of Ax. We use Theorem 2.4 to decompose
X into Xg ~ VSD and Xge ~ Dk 4 Setting 6 = we obtain:

Pelax,) (1-5)

(-t
( 1+721 1+ 2Lo)id )(1—2) K
( 1+2d )(1_g>k_d

©) 1 k—d 1 3 1
—< 1+1>< d ) =34 4

where (a) follows because if some unit vector e; is missed by X and it is not selected
by any of the & — d i.i.d. samples then Ag holds. In (b), factor d!(g)d is the proba-
bility of selecting some row-permutation of the identity matrix in D%. Finally, (c) is
Bernoulli’s inequality applied twice. [ |

4k:’

(

S
N

Pr(Ax)

v

—
=
=

—

5. Algorithms

We present a number of algorithms for implementing size d volume-rescaled sampling
VSSX under various assumptions on the distribution Dy. Theorem 2.4 implies that

we can then construct VS{; by combining VSS with an i.i.d. sample D% We

can also combine VSS with a leverage score sample Levk 4 or its approximation
(see Theorem 3.1 and Lemma 3.5) to obtain an unbiased estlmator with strong loss
bounds. Efficient algorithms for approximate leverage score sampling were given by
Drineas et al. (2012), as discussed in Section 5.4. Our discussion of volume-rescaled
sampling algorithms starts with the Gaussian random design (Theorem 5.2). We
then propose a more general algorithm for arbitrary distributions (Theorem 5.6),
based on a novel idea of distortion-free intermediate sampling, and we adapt it to
some practical settings. Perhaps the most important setting from the perspective of
computer science is when distribution Dy is defined as uniform over a given finite set
of n row vectors in d dimensions, where n > d. In this case, we improve the time
complexity of discrete volume sampling from O(nd?) to O(ndlogn + d*logd).

5.1 Volume-rescaled Gaussian distribution

In this section, we obtain a simple formula for producing volume-rescaled samples
when Dy is a centered multivariate Gaussian with any (non-singular) covariance ma-
trix. We achieve this by making a connection to the Wishart distribution. The main
result follows.
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Remark 5.1 For this theorem, given a p.d. matriz A, we use Alé t(l) denote the
unique lower triangular matriz with positive diagonal entries s.t. Az(Az)" = A.

Theorem 5.2 Assume Dy is the normal distribution, i.e., x ~ Ny(0,3p, ). If X; ~
D% and Xy ~ D2 are jointly independent, then X (XTX,) " 2(XIX,)2 ~ VSSX.

The remainder of Section 5.1 is dedicated to proving Theorem 5.2, so we assume that
matrix X ~ DX consists of centered d-variate normal row vectors with covariance
¥py- Then matrix ¥ = XX € R¥? is distributed according to Wishart distribution
Wa(k, Xp, ) with k degrees of freedom. The density function of this random matrix is
proportional to det(X)k—4-1/2 exp(—%tr(EB}(E)). On the other hand, if ¥ = XX is
constructed from X ~ V&’;X, then its density function is multiplied by an additional

det(X), thus increasing the value of k in the exponent of the determinant. This
observation leads to the following result.

Lemma 5.3 If x ~ Ny(0,3p,) and X ~ VSf , then X"X ~ Wy(k + 2, Zp,,).

Proof Let ¥ =X"X ~ Wy(k,Ep,) and ¥ ~ Wy(k + 2, Xp,). For any measurable
event A over the random matrix XX, we have

E[1x7xca) det(XTX)]

Pr(X'XeA) =
H(XTXe4) Efdet (X X)]
E[lzeqdet(E)] (o &
= = Pr(X¥eAd
E[det(3)] r(Zed).
where (*) follows because the density function of Wishart distribution 3~ Wy(k +
2,3, ) is proportional to det(X) det(3)*~4"D/2 exp(—1tr(ZpL ). |

This gives us an easy way to produce the total covariance matrix XX of volume-
rescaled samples in the Gaussian case. We next show that the individual vectors can
also be recovered relying on the following lemma proven in the appendix (Lemma C.1).

Lemma 5.4 For any ¥ € R¥™?, the conditional distribution of X ~ VSSX given
XX = X is the same as the conditional distribution of X ~ DX given X™X = X.

Proof of Theorem 5.2 Let 3y ~ Wy(ky, Xp, ) and Xy ~ Wy(ks, Xp, ) be indepen-
dent Wishart matrices (where ky + k2 > d). Then matrix

U= (Z+5) 25, ((Z+%,) 7))

is matrix variate beta distributed, written as U ~ By(ki, ky). The following was
shown by Mitra (1970):

Lemma 5.5 (Mitra, 1970, Lemma 3.5) If ¥ ~ Wy(k,Xp, ) is distributed inde-
pendently of U ~ By(k1, ka), and if k = ki + ko, then

B=3:U(22) and C=3:(1-U)(%:)’
are independently distributed and B ~ Wy(ky, Xp, ), C ~ Wy(ka, Ep,).
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Now, suppose that we are given a matrix 3 ~ Wy(k, Xp, ). We can decompose it
into components of degree one via a splitting procedure described in Mitra (1970),
namely taking U; ~ By(1,k—1) and computing B; = E%Ul(E%)T, C,=%X-3 as
in Lemma 5.5, then recursively repeating the procedure on C; (instead of 3) with
U, ~ By(1,k—2), ..., until we get k& Wishart matrices of degree one summing to X:

B, = X:U,(%3)’
B, = 2%(1—Ul)%/Uzg(I—Ul)%)T(E%)T

(.

~~

% AT
Ci (Ct)
B, =3:(1-U;1)2...Up... (I-U,)2) (22)]
Ci (Ci )’

The above collection of matrices can be described more simply via the matrix variate
Dirichlet distribution. Given independent matrices ¥; ~ Wy(k;, Xp, ) for i = 1..s,
the matrix variate Dirichlet distribution Dirg(ky,. .., ks) corresponds to a sequence of
matrices

V=27 5(37)], i=1ls, =) 3
i=1

Now, Theorem 6.3.14 from Gupta and Nagar (1999) states that matrices B; defined
recursively as above can also be written as

B, =3X:V,(23), (Vy,..., Vi) ~Dirg(1,...,1).
In particular, we can construct them as B; = Xx;x;, where
%; = X2(X'X) 2x; for X ~ DE.

Note that since matrix X is independent of vectors x;, we can condition on it without
altering the distribution of the vectors. The conditional distribution of matrix B;
determines the distribution of x; up to multiplying by +1, and since both X; and
—%; are identically distributed, we conclude that the matrix X formed from rows x|
conditioned on X"X = ¥ has the same distribution as X conditioned on X™X = X.
So, applying Lemmas 5.3 and 5.4, if we sample ¥ ~ W,(k + 2,3p, ), then we obtain
X ~ VS, . u

5.2 Volume-rescaled sampling for arbitrary distributions

In this section, we present a general algorithm for volume-rescaled sampling which
uses approximate leverage score sampling to generate a larger pool of points from
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which the smaller volume-rescaled sample can be drawn. The strategy introduced
here, called distortion-free intermediate sampling, has since proven effective for sam-
pling from other determinantal sampling distributions (Derezinski, 2019; Derezinski
et al., 2019; Calandriello et al., 2020).

Theorem 5.6 Given & € R™? and i.i.d. samples from a d-variate distribution
Levg , such that

~ 1
(1 — G)EDX j > j (1 -+ E)EDX, where € = \/—Z_d, (51)
, TS-1x
and Levg (A) € Ep, |17 X—A for any event A, 5.2
E,X( ) Dx | H[xT€A] tr(Sp, 51 (5-2)

there is an algorithm (Algorithm 1) which returns X ~ VSSX, and with probability at
least 1 — & uses O(d? log %) samples from L and has time complezity O(d*log %)

The algorithm relies on a rejection sampling step (line 4) to ensure exact sampling.
Then, to obtain the target sample from the intermediate sample, it uses “reverse
iterative sampling” (Dereziriski and Warmuth, 2018) as a subroutine (see Algorithm 2
for a high-level description of this sampling method). Curiously enough, the efficient
implementation of reverse iterative sampling (not repeated here) is again based on
rejection sampling: It samples a set of k points out of n in time O(nd?) (the time
complexity is independent of k and holds with high probability). The key strength
of our sampling method is that it reduces the distribution Dy to a small sample of
t vectors on which the reverse iterative sampling algorithm is performed. We show
that this reduction can be done efficiently for t = 2d?. Even when distribution Dy
is a finite discrete distribution, for example based on a population of n vectors, our
algorithm can be used to accelerate reverse iterative sampling when n = Q(d?).

Algorithm 1 Distortion-free intermediate sampling ~ Algorithm 2 Reverse iterative sampling
(Derezinski and Warmuth, 2018)

: Input: 2, Levg t

—_

¢ a7 1: Input: X € R™*? and k > d
2 repea 2. S+ {l.n}
Y d t
3 X<+ [ TE 'XiTLxd where X ~ Levi’x 3. while |S| > k

A det(X 5\, Xs\4)
(IS]=d) det(X § Xs)

5 Sample i ~ (gi)ies

6: S« S\{i}

7.

8:

dct(%)N(T)NC)> Vies @i+

Sample Acc ~ Bernoulli( TS

4
5. until Acc = true

6: S < Algorithm 2 for matrix X and k = d
7

: return Xg

end
return S

Proof of Theorem 5.6 The distribution Levg , integrates to one because for
X' ~ DX:

E[XTf]*lx] = E[tr(xxTifl)] = tr(EDxifl).
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Next, we use the geometric-arithmetic mean inequality for the eigenvalues of matrix
%XTXEY1 to show that the Bernoulli sampling probability is bounded by 1:

WS<%U(X XX )) —(E;mtr(xixii) )) = 1.

Let X ~ Dz be distributed as a row vector of X as sampled in line 3 The distribution
of matrix X returned by rejection sampling after exiting the repeat loop changes to:

det(%iTi)

ED; [1[5(@1]

i.e., volume-rescaled sampling from Dsz. Now Theorem 2.4 implies that )NCS ~ VSd)?.

In particular, it means that the distribution of Xg is the same for any choice of t > d.
We use this observation to compute the probability of an event A w.r.t. sampling of
X (up to constant factors) by setting ¢ = d:

d
1~ ~ .
Pr(A) o< Epg [1[X€A] det(ZXTX) : Hx; 2—14

* det(XTX)
(:)]E |:1[X€A] ¢ HXTE Xl:|
(DL S 1% i

o VS5, (4),

where (x) uses the fact that for ¢ = d, det(X"X) = det(X)? is the squared volume

of the parallelepiped spanned by the rows of X. Thus, we established the correctness
of Algorithm 1 for any ¢ > d, and we move on to complexity analysis. If we think of
each iteration of the repeat loop as a single Bernoulli trial, the success probability
Pr(Acc=true) equals E[det(} X7X)/ det()] where X ~ Ds. Note that

! d dt
E X; X = — = ———>p..
Z [Tz Ix; } Ztr(EDXE—l) T (B, s Y

=1 =1

So, using Lemma 2.3 on the matrix X we obtain that:

. {det(%f@i)} (/1) - det(GEXTX])  (#4/t) - det (S, )
det(X) det(3) (1tr(Sp, E-1))4 det(2)
(Tt det(Ep, ) Cd\? det(Zp, 57
B (11 t )(étr(EDxil))d - (1 t) (Ltr(Zp, S-1))d
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Let Aq,..., A\ be the eigenvalues of matrix 225; The approximation guarantee for

3. implies that all of these eigenvalues lie in the range [1—e¢, 14¢€]. To lower-bound
the success probability, we use the Kantorovich arithmetic-harmonic mean inequality.
Letting A(-), G(-) and H(-) denote the arithmetic, geometric and harmonic means
respectively:

det(Sp, &) I 5 :(H(Al,...,)\d))d
(Fr(So, =) G ) NGO Aa)

=

—)\1’:: _' ’Ad))d (g ((1—6)(1+6))d = (1 — %)d

since € = ﬁg’ where (a) is the geometric-arithmetic mean inequality and (b) is the
Kantorovich inequality (Kantorovich, 1948) witha =1—€e¢and b=1+e€:

A, \) A(a,b)\?
A, = <G(a,b)) :

For 0<a<A, ..., )\ <0,

Now setting t = 2d? we obtain the following lower bound for the acceptance proba-
bility:

1IXTX 2d
M%(l 1) Zi

Pr(Acc=true) = E — R —
( ) [ det(3) 2d

So a simple tail bound on a geometric random variable shows that the number of
iterations of the repeat loop is 7 < In(3)/In(3) w.p. at least 1 — 4. We conclude
that the number of samples needed from Levg , Is O(d*log 3) w.p. at least 1 — 4.
Note that the computational cost per sample is O(d?) and the cost of Algorithm 2 is
O(d*), obtaining the desired complexities. |

5.3 Distributions with bounded support

Theorem 5.6 requires some knowledge about the distribution Dy, namely the approx-
imate covariance matrix 3 and i.i.d. samples from an approximate leverage score
distribution Levg . In this and the following section we show that these can be
computed efficiently in certain standard settings. For this section, suppose that dis-
tribution Dy has bounded support. We use a standard notion of conditioning number
for multivariate distributions (see, e.g., Chen and Price, 2019).

Definition 5.7 Let Dy be a d-variate distribution with bounded support set supp(Dy) C
R4, The conditioning number Kp, of this distribution is defined as:

def ] ~
Kp, = sup X' Zplx

X ~
xesupp(Dy)
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We next show that when the conditioning number Kp, is bounded by some known
constant K, then all input arguments of Algorithm 1 can be computed from a small
number of independent draws from Dy. In the following result the term sample
complezity refers to the number of i.i.d. samples from Dy used by an algorithm.

Theorem 5.8 Suppose that Kp, < K. Then for any 6 € (0,1) and positive integer
¢, there is an algorithm with sample complexity O(cKdlogd/§) and time complezity

O(cKd?logd/8) which succeeds w.p. at least 1 — & and returns a matriz 3 satisfying
(5.1) and X ~ Leviy,.

Proof Setting ¢ = \/%71 in Lemma 3.2, we observe that the sample complexity of

obtaining 3 with desired accuracy is m = O(Kp,dlogd/d), and computing it takes
O(md?) = O(Kp,d*logd/s). Sampling from Levg , can be done via rejection sam-
pling as follows:

x' ~ Dy, acc ~ Bernoulli((l —6)-x'E7'x /K)
We can lower bound the acceptance probability as follows:

TSi-1 $-1 _
x' ¥ 'x :(1_E)tr(EDXE )21 e.i'
K K l1+e K

Pr(acc=true) = (1 —¢) - E{

We conclude that with probability at least 1 — ¢ the number of samples from Dy
needed to obtain cd” samples from Levg , is O(cd*(K/d)log1/) = O(cKdlog1/d).
Computing each acceptance probability takes O(d?), which concludes the proof. M

5.4 Sampling from finite datasets

For this section we assume that Dy is a uniform distribution over a set of n > d
vectors {xi,...,X,}. In this case, the distribution VSSX corresponds to sampling a
set S C [n] of size d such that Pr(S) oc det(Xg)?, i.e., discrete volume sampling. The
input arguments for Algorithm 1 can be computed efficiently using standard sketching
techniques, which leads to the first algorithm for discrete volume sampling that (for
large enough n) runs in time o(nd?).

Theorem 5.9 Let X € R™? be a fized matriz. For any 6 > 0 there is an algorithm
with time complezity O(ndlogn + d*logd) - polylog1/§ that succeeds w.p. at least
1 — 4, and then returns a random set S C [n] of size d such that Pr(S) o< det(Xg)?.

Proof Naturally it suffices to show that the inputs for Algorithm 1 can be constructed

efficiently. First note that ¥p, = %XTX, and we can compute an e-approximation

3 of this matrix in time O(ndlogn + d3¢~2logd), where € = ﬁ, using a sketching
technique called Fast Johnson-Lindenstraus Transform (Ailon and Chazelle, 2009), as
described in Drineas et al. (2012). Now, we need to produce samples from the leverage
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score-type distribution Levg ,,, which in this setting corresponds to a discrete distri-
bution over the index set [n]. Using a different sketch of the data, an approximation
L = (Ly,...,L,) of this distribution can be computed in time O(ndlogn + d®) as

shown in Drineas et al. (2012), which satisfies [A/Z > %:;_1)

rejection sampling to get i.i.d. samples from Levg . All of the above randomized pro-
cedures succeed w.p. at least 1 — 9, where the time complexity scales with poly log 1/.
Conditioned on them succeeding, Algorithm 1 samples exactly from the distribution
VSE)IX in time O(d*) - polylog1/6, concluding the proof. [ |

Then we can use

6. Experiments

Subsampling from large datasets is an important practical application of our meth-
ods. In this context, distribution D is defined via a fixed matrix X € R™*? and a
vector y € R" by sampling a row-response pair (x;,y;) uniformly at random. The
square loss for this problem becomes Lp(w) = %HXW —y|*>. A commonly used
approach in this problem is leverage score sampling (Drineas et al., 2006). In Sec-
tion 3 we propose a hybrid sampling scheme which combines leverage score sampling
with volume-rescaled sampling. We will call it here leveraged volume sampling. As
discussed in Section 5, this method can be implemented very efficiently (see also Fig-
ure 6.1), with time complexity similar to leverage score sampling. In the following
experiments we evaluate the loss Lp of the estimators produced by both methods,
showing that if the sample size is small, then leveraged volume sampling performs
significantly better than leverage score sampling. We also contrast this with the esti-
mators produced by a previously proposed variant of discrete volume sampling, given
by Derezinski and Warmuth (2018), which for larger sample sizes does not perform

as well as the other two methods. Overall, the three estimators we tested are:

volume sampling: W = (Xs)lys, — Pr(S) ~ det(X3Xs), Se€ ([n])

k
k
S (P PLS =% k _ 1 AT
leverage score sampling: w = (PgX)'Pyy, X ~ Levp,, Px= Z \/l_ezei ,
i=1 ’

leveraged volume sampling: W = (PgX) Py, X ~ VSSX : Lev]f);d.

For the latter two estimators, the response vector is constructed from Dy, i.e.,
to match the selected row vectors. Both the volume sampling-based estimators are
unbiased, however the leverage score sampling estimator is not. The volume sam-
pling method proposed in prior work is very similar to our distribution VSSX defined
w.r.t. uniform sampling from the dataset, except for the fact that the former does
not allow the same row from the dataset to appear more than once in the sample
(because S is a set). For large datasets that difference does not have any practical
impact on the estimator. In particular, as discussed in Section 4, our lower bound
from Theorem 4.2 can be easily adapted to hold for this method as well.
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Dataset | Instances (n) | Features (d)
bodyfat 252 14
cpusmall 8,192 12
mg 1,385 21
abalone 4,177 36
cadata 20,640 8
MSD 463,715 90

Table 6.1: Libsvm regression datasets (Chang
and Lin, 2011). We expanded the features in
mg and abalone to all degree 2 monomials,
and removed redundancies.
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Figure 6.1: Runtime comparison of algorithms
for discrete volume sampling on the MSD

For each estimator we plotted the loss
Lp(w) for a range of sample sizes k, con-
trasted with the loss of the best least-
squares estimator w* computed from all
data. Plots shown in Figure 6.2 were av-
eraged over 100 runs, with shaded area
representing standard error of the mean.
We used six benchmark datasets from
the libsvm repository (Chang and Lin,
2011), whose dimensions are given in Ta-
ble 6.1.

The results confirm that our pro-
posed leveraged volume sampling is as
good or better than either of the base-
lines for any sample size k. We can see
that, in some of the examples, standard
volume sampling exhibits bad behavior
for larger sample sizes, as suggested by
the lower bound of Theorem 4.2 (espe-
cially noticeable on bodyfat and cpusmall
datasets). On the other hand, lever-
age score sampling exhibits poor perfor-
mance for small sample sizes due to the
coupon collector problem, which is most

dataset, varying the data size n by taking row

noticeable for abalone dataset, where we
subsets of the full data matrix.

can see a very sharp transition after
which leverage score sampling becomes
effective. Neither of the variants of volume sampling suffers from this issue.

Finally, in Figure 6.1, we compared the computational cost of implementing dis-
crete volume sampling using our new distortion-free intermediate sampling (Algo-
rithm 1) to the prior state-of-the-art method of Dereziniski and Warmuth (2018),
reverse iterative sampling (Algorithm 2). Note that the output samples from the
two algorithms are identically distributed according to VSSX, where Dy denotes the
uniform distribution over the dataset, and both of the volume sampling distributions
considered in our experiments can be implemented using either of these algorithms.
In the figure, we distinguished between the “total” cost and “sampling” cost: the
sampling cost excludes any preprocessing steps that can be avoided during repeated
sampling (see Section 1.2 for the motivations of repeated volume sampling). The pre-
processing cost for both methods involves computing the leverage scores of the data
matrix. The experiments were performed on MSD, the largest dataset considered in
this empirical evaluation. We varied the data size by taking subsets of the full data
matrix. The results were averaged over 5 runs, with the shaded area representing
standard deviation. For the total cost, Figure 6.1 shows that both methods scale
linearly with n, however our intermediate sampling approach is considerably faster

37



DEREZINSKI,

WARMUTH AND HSU

bodyfat cpusmall
- T T : 500 F % T T T —
—===leverage score sampling A —=== leverage score sampling
= = volume sampling i = = volume sampling
leveraged volume sampling 400 it i —leveraged volume sampling | |
loss of optimum \ ‘-‘ loss of optimum
P P L %
1%} ‘D 1
[o} ] \
= — 300 1
] £ ’
2 8
______ 200
001 L L L L L 1 00 L L L L L 1
20 30 40 50 60 70 20 30 40 50 60
sample size (k) sample size (k)
mg abalone
1 - w - -
0.1 i | - 351 i Z— m
A —=-=leverage score sampling i everage score sampling
\ — = volume sampling 30 : — = volume sampling |
0.08 - \ \ —leveraged volume sampling | | {} ——leveraged volume sampling
2 \ \ loss of optimum loss of optimum
o i n 251
1] \ 7]
jte] \ kel
I 0.06 - \-\\ 1 s 20+
2 N 2
Ny, D 15
0.04 + e,
== 10}
0021 ‘ s ) s | 5¢ ; ; ‘ i ; ; 3
30 40 50 60 70 80 40 60 80 100 120 140 160 180
sample size (k) sample size (k)
x10'° cadata <10° MSD
h - 41 ]
\ —-=leverage score sampling “‘ —-=-leverage score sampling
1.4 i — = volume sampling i 35¢ \ — = volume sampling 4
‘.‘ _:z:rz?zdt\i/nitjrre sampling 3h \ —— leveraged volume sampling | |
” \ P ” oy loss of optimum
8 : g25
5 £ 2
) )
15¢
1t
0.5 4
20 25 30 35 40

45 100 105 110 115
sample size (k)

120
sample size (k)

Figure 6.2: Comparison of loss of the subsampled estimator when using leveraged volume
sampling vs using leverage score sampling and standard volume sampling on six datasets.

for large data sizes, up to a factor of 3 in this experiment. When we look at the
sampling cost, the gap between the two approaches becomes much larger because
the cost of reverse iterative sampling still grows linearly with n, whereas the cost of
intermediate sampling stays flat. As a result, for the full MSD dataset we observe
at least an order of magnitude difference. This is consistent with our analysis, since
Algorithm 1 effectively reduces the dataset down to an intermediate sample with
size independent of n, and then runs reverse iterative sampling on that intermediate
sample. Thus, the vast majority of the total cost of intermediate sampling involves

the preprocessing step of computing the leverage scores. It is worth noting that for
even larger datasets, further computational savings in the preprocessing cost can be
achieved by computing the leverage scores approximately (see Section 5.4).

38



UNBIASED ESTIMATORS FOR RANDOM DESIGN REGRESSION

7. Conclusions

We showed that for any input distribution and € > 0, there is a random design consist-
ing of O(dlogd + d/e€) points from which an unbiased estimator can be constructed
whose expected square loss over the entire distribution is bounded by 1 + € times
the loss of the optimum. However, two main open problems remain. First, can the
sample size bound be reduced to O(d/e)? This has already been done with a biased
estimator by Chen and Price (2019), but finding an unbiased estimator of the smaller
size remains open.

Second, the least squares estimator combined with i.i.d. leverage score sampling
already achieves loss 1 + € times the optimum with O(dlogd + d/¢) points. The re-
sulting estimator is biased. However, in our preliminary experiments the bias of exact
leverage score sampling is small and decreases rather quickly (unlike for uniform sam-
pling, or even approximate leverage score sampling, where the bias can be significant).
Thus, one of the key open problems is to quantify the bias of this method.
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Appendix A. Exact calculation of w* for the i.i.d. Gaussian experiment
of the introduction and a technical proposition

Since in the setup ¥p, = I, the least squares solution can be computed as:

w" = argminE[(xTw y)?] = 3, E[yx]

E[321 + 23] 2

i [3:11:1—1—3:Z ]: | = ||

E[3a] + z2] 2
Here the second to last equality uses the fact that the cross terms are 0 due to

independence and the last equality follows from the fact that E[z*] = 3 and E[z?] = 1,
for z ~ N(0,1).

Proposition A.1 (Theorem 2 of Cho, 2009) Letu = (uq,...,uq) be a uniformly
random unit vector in R?. For any ky, ..., kg >0,

o] IS T(k+3) (9
E{H’“j’ }_F(ijlkj+§) oW

j=1
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Appendix B. Loss bound with approximate leverage scores

In this section we describe the changes needed for the proof of Theorem 3.1 to be
extended to approximate leverage score sampling, as described in Lemma 3.5. Below,
we state the result in its full generality. Recall that we denote a leverage score of
point x as lx = x' 3p ! x.

Theorem B.1 Let Dy be a d-variate distribution. Assign to every x" € supp(Dy) a
real-valued ly such that %lx <[ < %lx and define the following d-variate distribution:

d:ef EDX [1[xT€A] Zx]

Lev(A) N

for any Dy-measurable A.

For any € > 0, there is k = O(dlogd + d/e€) such that for any Dy, if we sample

- ~ k—d
X ~ VSSX- Lev  and §; ~ Dyjx—x, then W = argmin,, S L(xTw — ;)2 satisfies:

zll

E[w] = argmin Lp(w) and E[Lp(W)] < (1+¢) - min Lp(w).

w

Proof The reduction described at the beginning of the proof of Theorem 3.1 pro-
ceeds almost unchanged, except that now distribution D is defined in terms of the
approximate leverage scores:

. 11 A) -
) = = y T = ND7
&= (%

where X ~ Lev and § ~ Dyjx—g. Denoting d = Ep,[ly] € 5d, 2d], we have X5 =
3./ d. Also, the leverage scores of D are approximately uniform:

A~

- ol do
Xngix — Z—XTEﬁix = Z—XTED;X € [d/3, 3d].

Following the same steps as for Theorem 3.1, we conclude that without loss of gen-
erahty it suffices to show the result w.r.t. loss L for the estimator XTy drawn from
X ~ V8¢ D& and 3 ~ Dyjs—s,.

Usmg “the above reduction, from now on we assume that I, € [d/3, 3d] a.s. for
x ~ Dy, and we consider the estimator X'y, where X ~ VSSX -Df@‘d. Now, the unbi-
asedness of this estimator follows immediately from Theorems 2.4 and 2.10. Again,
without loss of generality, we can replace the distribution x" ~ Dy by the distribu-
tion of XTE]S;/ ?. 50 from now on we will let ¥p, = I. The loss bound reduces to the
following, same as before:

Lp(®) — Lp(w*) = | — w*|? < [[(XTX) Y2 - | X7 (5 — Xw")||”

(B.1)
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Applying Lemma 3.2 for Dy with K = 3d, m = k— |k/2] and € = 1/2 we obtain that
if k> d+12Cdlogd/d then X ~ VSSX - D%~ with probability at least 1 — d satisfies

oo k
E: XigjeXsje = . I, where s = |k/2].

We now decompose the expectation into two terms depending on whether the event
& occurs or not:

E[|[W — w*||°] = Pr(&) - E[|W — w*|[* | ] + Pr(=€) - E[||W — w*[|* | =€],  (B.2)
and the proof is divided into two parts, for handling the two terms.

Part 1: Event £ suceeds We use the upper bound from (B.1). Event £ implies
that ||(XTX)7!|? < 42/k%. The second term in (B.1) is decomposed similarly as in
(3.5), however bounding each of the obtained components will require a bit more care.
Denoting T = y — Xw*, we have
E[IX7E)"] = Y E[rrxx] + > E[lxml?] + Y B[]
{i.5}<(d] i€ld] i€ld]e
= d(d—1)E[F7%{X2] + dE[Filz, | + (k — d) Ep, [(y — x"w*)?Ly].

Since Iy < 3d, the last component above can be immediately bounded by 3d(k —
d)Lp(w*). Invoking Theorem 2.7, we know that X; ~ Levp, so the second term
can be bounded as follows: dE[r}ls,] = dEp[(y — x"w*)iZ]/d < 9d*Lp(w*). The

remaining term is computed by invoking Lemma 3.3. Denoting r; = y; — x; w*, we
have

d(d—]_) ]E[fffgi{f(g] = d(d—l) ]ED2 [T’ﬂ"gXIXg . (lxllx2 Xl X2 )} /d2
3

= [|Enl(y —x"w)ox]|| — Epz [rira(x; x2)*]

(*) >0
< Ep [(y — XTW*)li] < 9d2LD(W*),

where (%) is implied by the following more general property of the random vector
x' ~ Dy when X¥p, = I: for any random variable b jointly distributed with x we have
|E[bx]||> < E[b?]. This follows because E[xx"| = I, so the components of x, treated
as scalar random variables, form an orthonormal basis of a d-dimensional subspace
of the Hilbert space H of square-integrable random variables. Thus, ||E[bx]||?, which
is the H-norm of the projection of b onto that subspace, is no more than the H-norm

of b itself.

Part 2: Event £ fails This part follows identically as in the proof of Theorem 3.1,
except that when applying Lemma 3.4, we use the fact that ||x||*> < 3d, obtaining:

. d . d—1 )
Bl (R D] < - (- o) + gy - B [l
3d(d —1
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With the remaining steps same as in Theorem 3.1, this concludes the proof. |

Appendix C. Volume-rescaled sampling conditioned on the covariance

In this section we present the proof of a lemma used to construct volume-rescaled
samples when Dy is a centered multivariate Gaussian distribution.

Lemma C.1 (restated Lemma 5.4) For any X € R4 the conditional distribu-
tion of X ~ VS{SX giwen XX = 3 is the same as the conditional distribution of
X ~ D% given XX = X.

Proof Since we are conditioning on an event which may have probability 0, this
requires a careful limiting argument. Let A be any measurable event over the random
matrix X and let Cg £ {B € R¥™? : |B — | < ¢} be an e-neighborhood of %
w.r.t. the matrix 2-norm such that Pr(X"X € C% > 0). We write the probability of
X € A conditioned on XX € Cf; as:

_ o X X "X ¢ El1 1 o det(XTX
Pr(XeA|X'XeCy) = Pr(Xed n XTXeCs) — [Lixealxrxeog) det( )]

Pr(X7XeCy) E[1xTxecg) det(XTX)]
< E[I[XEA]]-[XTXECEZ] det(2)(1 + €)4] - E[l[XeA]l[xTXecgﬂ (1 + e)d
a E[l[XTXGCi] det(X)(1 — €)d} E[l[XTXeC;:ﬂ l1—e

:Pr(XeA|XTXeC§)G+€

d
) A pr(Xed|X'X=3).

We can obtain a lower-bound analogous to the above upper-bound, namely Pr (X €

AlX™X € Cf) (ﬁ)d, which also converges to Pr(X € A|X"X = %). Thus, we

1+€
conclude that:

Pr(XeA|X'X=%) =lim Pr(XeA|X'Xe(Cs) =Pr(XeA|X'X=X),
e—0

completing the proof. [ |
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