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Abstract

Feature-distributed data, referred to data partitioned by features and stored across mul-
tiple computing nodes, are increasingly common in applications with a large number of
features. This paper proposes a two-stage relaxed greedy algorithm (TSRGA) for applying
multivariate linear regression to such data. The main advantage of TSRGA is that its
communication complexity does not depend on the feature dimension, making it highly
scalable to very large data sets. In addition, for multivariate response variables, TSRGA
can be used to yield low-rank coefficient estimates. The fast convergence of TSRGA is
validated by simulation experiments. Finally, we apply the proposed TSRGA in a finan-
cial application that leverages unstructured data from the 10-K reports, demonstrating its
usefulness in applications with many dense large-dimensional matrices.

Keywords: Frank-Wolfe algorithm, Distributed computing, Reduced-rank regression,
Feature selection, Multi-view and multi-modal data

1. Introduction

A computational strategy often adopted for tackling high-dimensional big data is to em-
ploy feature-distributed analysis: to partition the data by features and to store them across
multiple computing nodes. For instance, when the data have an extremely large num-
ber of features that do not fit in a single computer, this strategy is used to circumvent
storage constraints or to accelerate computation (Heinze et al., 2016; Wang et al., 2017;
Richtarik and Takac, 2016; Gao and Tsay, 2023). In addition, feature-distributed data may
be inevitable when the data are collected and maintained by multiple parties. Because of
bandwidth or administrative reasons, merging them in a central computing node from those
sources might not be feasible (Hu et al., 2019). In some applications, data come naturally
feature-distributed, such as the wireless sensor networks (Bertrand and Moonen, 2010, 2014,
2015).

A challenge in estimating statistical models with feature-distributed data is to avoid the
high communication complexity, which is the amount of data that are transmitted across
the nodes. Indeed, because distributed computing systems typically operate under limited
bandwidth, sending voluminous data significantly slows down the algorithm. Unfortunately,
data transmission is often a necessary evil with feature-distributed data: each node by itself

(©2024 Shuo-Chieh Huang and Ruey S. Tsay.

License: CC-BY 4.0, see https://creativecommons.org/licenses/by/4.0/. Attribution requirements are provided
at http://jmlr.org/papers/v25/23-0882.html.


https://creativecommons.org/licenses/by/4.0/
http://jmlr.org/papers/v25/23-0882.html

HuANG AND TSAY

is unable to learn about the parameters associated with the features it does not own. Thus,
algorithms that have lower communication complexities are preferred in practice.

Based on the rationale that the empirical minimizers of certain optimization problems
are desirable statistical estimators, prior works have proposed various optimization algo-
rithms with feature-distributed data. Richtarik and Takac (2016) and Fercoq et al. (2014)
employed randomized coordinate descent to solve f;-regularized problems and to exploit
parallel computation from the distributed computing system. In addition, random projec-
tion techniques were used in Wang et al. (2017) and Heinze et al. (2016) for ¢s-regularized
convex problems. However, for estimating linear models, the existing approaches usually
incur a high communication complexity for very large data sets. To illustrate, consider the
Lasso problem. The Hydra algorithm of Richtérik and Takac (2016) requires O(nplog(1/e))
bytes of communication to reach e-close to the optimal loss, where n is the sample size and
p is the number of features. For data with extremely large p and n that do not fit in a mod-
ern computer, such communication complexity appears prohibitively expensive. Similarly,
the distributed iterative dual random projection (DIDRP) algorithm of Wang et al. (2017)
needs O(n? + nlog(1/€)) bytes of total communication for estimating the ridge regression,
where the dominating n? factor comes from each node sending the sketched data matrix to
a coordinator node. Thus it incurs not only a high communication cost but also a storage
bottleneck.

This paper proposes a two-stage relaxed greedy algorithm (TSRGA) for feature-distributed
data to mitigate the high communication complexity. TSRGA first applies the conventional
relaxed greedy algorithm (RGA) to feature-distributed data. But we terminate the RGA
with the help of a just-in-time stopping criterion, which aims to save excessive communica-
tion via reducing RGA iterations. In the second stage, we employ a modification of RGA
to estimate the coefficient matrices associated with the selected predictors from the first
stage. The modified second-stage RGA yields low-rank coefficient matrices which exploit
information across tasks and improve statistical performance.

Instead of treating TSRGA as merely an optimization means, we directly analyze the
convergence of TSRGA to the unknown parameters, which in turn implies the communica-
tion costs of TSRGA. The key insight of the proposed method is that the conventional RGA
often incurs a high communication cost because it takes many iterations to minimize its
loss function, but it tends to select relevant predictors in its early iterations. Therefore, one
should decide when the RGA has done screening the predictors before it iterates too many
steps. To this end, the just-in-time stopping criterion tracks the reduction in training error
in each step, and calls for halting the RGA as soon as the reduction becomes smaller than
some threshold. With the potential predictors narrowed down in the first stage, the second-
stage employs a modified RGA and focuses on the more amenable problem of estimating
the coefficient matrices of the screened predictors. The two-stage design enables TSRGA to
substantially cut down the communication costs and produce even more accurate estimates
than the original RGA.

Our theoretical results show that the proposed TSRGA enjoys a communication com-
plexity of Op(sn(n + dy)) bytes, up to a multiplicative term depending logarithmically on
the problem dimensions, where d,, is the dimension of the response vector (or the number
of tasks), and s, is a sparsity parameter defined later. This communication complexity
improves that of Hydra by a factor of p/s,, and is much smaller than that of DIDRP and
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other one-shot algorithms (for example, Wang et al. 2016 and Heinze et al. 2016) if 5,, < n.
The RGA was also employed by Bellet et al. (2015) as a solver for ¢;-constrained problems,
but it requires O(n/e) communication since it only converges at a sub-linear rate (see also
Jaggi, 2013 and Garber, 2020), where € is again the optimization tolerance. Hence TSRGA
offers a substantial speedup for estimating sparse models compared to the conventional
RGA.

To validate the performance of TSRGA, we apply it to both synthetic and real-world
data sets and show that TSRGA converges much faster than other existing methods. In
the simulation experiments, TSRGA achieved the smallest estimation error using the least
number of iterations. It also outperforms other centralized iterative algorithms both in
speed and statistical accuracy. In a large-scale simulation experiment, TSRGA can effec-
tively estimate the high-dimensional multivariate linear regression model with more than
16 GB data in less than 5 minutes. For an empirical application, we apply TSRGA to pre-
dict simultaneously some financial outcomes (volatility, trading volume, market beta, and
returns) of the S&P 500 component companies using textual features extracted from their
10-K reports. The results show that TSRGA efficiently utilizes the information provided
by the texts and works well with high dimensional feature matrices.

Furthermore, we propose some extensions of TSRGA. First, we extend TSRGA to big
feature-distributed data which have not only many features but also a large number of
observations. Thus, in addition to separately storing each predictors in different computing
nodes, it is also necessary to partition the observations of each feature into chunks that
could fit in one node. In this case, the computing nodes shall coordinate both horizontally
and vertically, and we show that the communication cost to carry out TSRGA in this setting
is still free of the feature dimension p, but could be larger than that of the purely feature-
distributed case. Second, the idea of TSRGA can be extended beyond linear regression
models. In Appendix D, we show how TSRGA can be applied to the generalized linear
models.

For ease in reading, we collect the notations used throughout the paper here. The
transpose of a matrix A is denoted by AT and that of a vector v is v'. The inner product
between two vectors u and v is denoted interchangeably as (u,v) = u'v. If A|B are
R™*" (A, B) = tr(A"B) denotes their trace inner product. The minimum and maximum
eigenvalues of a matrix A are denoted by Apin(A) and Apax(A), respectively. We also
denote by o;(A) the [-th singular value of A, in descending order. When the argument is
a vector, || - || denotes the usual Euclidean norm and || - ||, the ¢, norm. If the argument
is a matrix, || - || denotes the Frobenius norm, | - ||,, the operator norm, and || - ||« the
nuclear norm. For a set J, §(.J) denotes its cardinality. For an event &, its complement is
denoted as £¢ and its associated indicator function is denoted as 1{£}. For two positive
(random) sequences {z,} and {y,}, we write z, = 0,(yy) if lim,, oo P(2y,/yn < €) =1 for
any € > 0 and write z,, = Op(yy) if for any € > 0 there exists some M, < oo such that
limsup,, oo P(zn/yn > M) < €.

2. Distributed framework and two-stage relaxed greedy algorithm

In this section, we first introduce the multivariate linear regression model considered in the
paper and show how the data are distributed across the nodes. Then we lay out the imple-
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mentation details of the proposed TSRGA, which consists of two different implementations
of the conventional RGA and a just-in-time stopping criterion to guide the termination of
the first-stage RGA. The case of needing horizontal partition will be discussed in Section 6.

2.1 Model and distributed framework

Consider the following multivariate linear regression model:
Pn
yt:ZB;fom—l—et, t=1,...,n, (1)
j=1

where y; € R% is the response vector, xt; € R9 a multivariate predictor, for j =
1,2,...,pn, and Bj is the (gn,j x dpn) unknown coefficient matrix, for j = 1,...,p,. In
particular, we are most interested in the case p, > n and ¢, ; < n. Clearly, when d,, =
dni = ... = qnp, = 1, (1) reduces to the usual multiple linear regression model. Without
loss of generality, we assume y;, X; ; and €; are mean zero.

There are several motivations for considering general d, and g, ;’s. First, imposing
group-sparsity can be advantageous when the predictors display a natural grouping structure
(e.g. Lounici et al. 2011). This advantage is inherited by (1) when only a limited number
of B}’s are non-zero. Second, it is not uncommon that we are interested in modeling more
than one response variable (d,, > 1). In this case, one can gain statistical accuracy if the
prediction tasks are related, which is often embodied by the assumption that Bj’s are of
low rank (see, e.g., Reinsel et al. 2022). In modern machine learning, some predictors may
be constructed from unstructured data sources. For instance, for functional data, x; ;’s may
be the first few Fourier coefficients (Fan et al., 2015). On the other hand, for textual data,
X¢,;’s may be topic loading or outputs from some pre-trained neural networks (Kogan et al.,
2009; Yeh et al., 2020; Bybee et al., 2021). Finally, model (1) can also accommodate the
so-called multi-view of multi-modal data, which have also received considerable attention
in recent years.

Next, we specify how the data are distributed across computing nodes. In matrix nota-
tions, we can write (1) as

Pn
Y => X,;Bj+E, (2)

j=1
where Y = (y1,...,y.) ", X; = (ij,...,xn,j)T € R"*ni for j = 1,2,...,pn, and E =
(€1,...,€,)". Asdiscussed in the Introduction, since pooling the large matrices Xy, ..., Xy,

in a central node may not be feasible, a common strategy is to store them across nodes. In
the following, we suppose that M nodes are available. Furthermore, the i-th node contains
the data {Y,X; : j € Z;}, for i = 1,2,..., M, where UM,Z;, = {1,2,...,p,} := [py]. For
ease in exposition, we assume a master node coordinates the other computing nodes. In
particular, each worker node is able to send and receive data from the master node.

2.2 First-stage relaxed greedy algorithm and a just-in-time stopping criterion

We now introduce the ﬁrst—stageARGA and describe how it can be applied to feature-
distributed data. First, initialize G(©) = 0 and U® = Y. For iteration k = 1,2,..., RGA
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finds (ji, B 5.) such that

U Bj,) € arg max (UFD, X;B;), (3)
IB;1-<Ln

where L, = d}/ 2L0 for some large constant Ly > 0. Then RGA constructs updates by

where )\, is determined by

|- ()

A € arg min Y = (1-3)GH D - 2X; B,
RGA has important computational advantages that are attractive for big data com-
putation. First, for a fixed j, the maximum in (3) is achieved at B; = Louv', where
(u,v) is the leading pair of singular vectors (i.e., corresponding to the largest singu-
lar value) of X]-Tﬂ(k_l). Since computing the leading singular vectors is much cheaper
than full SVD, RGA is computationally lighter than algorithms using singular value soft-
thresholding, such as the alternating direction method of multipliers (ADMM). This fea-
ture has already been exploited in Zheng et al. (2018) and Zhuo et al. (2020) for nuclear-
norm constrained optimization. Second, A is easy to compute and has the closed-form
Ak = max{min{Ay ¢, 1},0}, where

Ak,uc =

is the unconstrained minimizer of (5).

When applied to feature-distributed data, we can leverage these advantages. Observe
from (3)-(5) that the history of RGA is encoded in G*). That is, to construct G*+1 which
predictors were chosen and the order in which they were chosen are irrelevant, prov1ded G®)

is known. In particular, each node only needs >\k+1 and Xjk 1Bjk , to construct GHHD - Ag

argued in the previous paragraph, X]k+1]§§'k+1 is a rank-one matrix. Thus transmitting this
matrix only requires O(n+d,,) bytes of communication, which are much lighter than that of
the full matrix with O(nd,,) bytes. In addition, each node requires only the extra memory
to store G*) throughout the training. This is less burdensome than random projection
techniques, which require at least one node to make extra room to store the sketched
matrix of size O(n?).

The above discussions are summarized in Algorithm 1, detailing how workers and the
master node communicate to implement RGA with feature-distributed data. Clearly, each
node sends and receives data of size O(n + d,,) bytes (line 4 and 15) in each iteration. We
remark that Algorithm 1 asks each node to send the potential updates to the master (line
15). This is for reducing rounds of communications, which can be a bottleneck in practice.
If bandwidth limit is more stringent, one can instead first ask the workers to send p. to the
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Algorithm 1: Feature-distributed relaxed greedy algorithm (RGA)
Input: Number of maximum iterations K,; L, > 0.
Output: Each worker 1 < ¢ < M obtains the coefficient matrices {B] :j €L}
Initialization: B; = 0 for all j and G =0
1 for k=1,2,..., K, do
2 Workers ¢ =1,2,...,M in parallel do
3 if £ > 1 then
4 Receive (c*, /\k,l,aﬁ.kil,u

A N - 31@71’}/51#1
5 GFD = (1-N_)GF2D 4 N o u: v]

Jk—1 Jk=1 Jr_1

) from the master.

6 Bj = (1 — Ak—l)Bj for j € 7.
7 if ¢ = c¢* then
8 B.oo =By +M-1B-
Jr1 Je21 Je=1
9 end
10 end
11 Uk-b =y - G*k-1)
~e) B = —
o G Bw) €argmax er, (U0, X;Bj)|
N _Bjll<Ln
-1
13 pe = |(Uk ),X3(5>BA,<C>>|
k Tk ~
14 Find the leading singular value decomposition: X,y By = Uqc)u@(cwj(c)
Ie ™ Ik Je” Ik dg
15 Send (0+(c), Wa(e), Va(e), pe) to the master.
Ji Tk Ik

16 end
17 Master do
18 Receives {(03(6),u3(c> SFICE pe):e=1,2,.... M} from the workers.

k k k
19 ¢’ = argmaxi<.<n pe
20 Ujk = U;}(ﬂc*)uu‘}'k - uj(,c*) 3 v.}'k == Vj]ic*)
21 GH) = (1 - X\)GE-D 4 )\kajkuj.kv;, where )\, is determined by

k

\ i Y —(1-— SkE=1) - us vl %

A, € arg ouin, [ (1-MNG Ao u; v |5

* 3 ~ ~ ~
22 Broadcasts (c 7)\k70jk’ujk7vjk) to all workers.
23 end
24 end

master. After master decides ¢*, it only asks the ¢*-th node to send the update, so that
only one node is transmitting the data.

Although the per-iteration communication complexity is low for RGA, the total com-
munication can still be costly if the required number of iteration is high. Indeed, RGA
converges to arg min2§'21 1B, <z, 1Y — ?il X;B;||% at the rate O(k™1), where k is the
number of iterations (Jaggi, 2013; Temlyakov, 2015). There are many attempts to design
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variants of RGA that converge faster (see Jaggi and Lacoste-Julien, 2015; Lei et al., 2019;
Garber, 2020 and references therein). Instead of adapting these increasingly sophisticated
optimization schemes with feature-distributed data, we propose to terminate RGA early
with the help of a just-in-time stopping criterion. The key insight, as to be shown in The-
orem 1, is that RGA is capable of screening relevant predictors in the early iterations. The
stopping criterion is defined as follows. Let 67 = (nd,) '||Y — G®||2.. We terminate the

first-stage RGA at step l;‘, defined as

52

A9
h=mind{l<k<Kp:—k >1-t,, (6)
Ok—1

and k = K, if 6% / (3,%71 < 1—t,, forall1 <k < K, where t,, is some threshold specified later
and K, is a prescribed maximum number of iterations. Intuitively, k is determined based on
whether the current iteration provides sufficient improvement in reducing the training error.
Note that & is determined just-in-time without fully iterating K, steps. The algorithm is
halted once the criterion is triggered, thereby saving excessive communication costs. This
is in sharp contrast to the model selection criteria used in prior works to terminate greedy-
type algorithms that compare all K,, models, such as the information criteria (Ing and Lai,
2011; Ing, 2020).

2.3 Second-stage relaxed greedy algorithm

After the first-stage RGA is terminated, the second-stage RGA focuses on estimation of
the coefficient matrices. In this stage, we implement a modified version of RGA so that the
coefficient estimates are of low rank.

For predictors with “large” coefficient matrices, failing to account for their low-rank
structure may result in statistical inefficiency. To see this, let J = jk be the predictors
selected by the first-stage RGA, and let B j»J € J, be the corresponding coeflicient estimates
produced by the first-stage RGA. Assume for now ¢, j = ¢,,. If min{q,,d,} > 7 = Zjei T,

where 7; = rank(]gj), then estimating this coefficient matrix alone without regularization
amounts to estimating d,q, parameters. It will be shown later in Theorem 1 that 7; >
rank(B7) with probability tending to one. Since dng,, < min{dn, gn}(qn +dn) > 7(qn + dn),
estimating this coefficient matrix would cost us more than the best achievable degrees of
freedom (Reinsel et al., 2022).

To avoid loss in efficiency for these large coeflicient estimators, we impose a constraint
on the space in which our final estimators reside. Suppose the j-th predictor, j € J , satisfies
min{qy ;,dn} > 7. We require its coefficient estimator to be of the form 2;1Uj SVjT7 where

flj = n_lX;rX]-; Uj = (u1,...,us5) and V;j = (vi4,...,v; ;) form the leading 7 pairs of
singular vectors of X;—Y, and S is an 7 X 7 matrix to be optimized.

The second-stage RGA proceeds as follows. Initialize again G = 0 and U©) = Y.
For k=1,2,..., choose

(jk: Sk) € arg max (U1, x;3710;8V]), (7)
J
IS1+ <L
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where the maximum is searching over S € R™" if # < min{gy;,d,}. For j such that
7 > min{gy j,d,}, we define U; and V; to be the full set of singular vectors and the
maximum is searching over S € R%i*% Next, we construct the update by

Ak) 1 Y\ (kB-1) \ w1y, & T
G —(1 )\k)G + )\kakzj,k Ujkskvjk,

8
UW —y — G, ®)

where )\, is, again, determined by

% 9)

3 : A (k—1 S—1 & v T

A € arg min Y — (1= NGHED — AX;, 31U SV
At first glance, the updating scheme (7)-(9) may appear similar to those proposed by Ding
et al. (2021) or Ding et al. (2020), but we note one important difference here: the matrices
U; and V; are fixed at the onset of the second stage. Thus our estimators’ ranks remain
controlled, which is not the case in the aforementioned works. More comparisons between
TSRGA and these works will be made in Section 3.2.

We briefly comment on the computational aspects of the second-stage RGA. First, sim-
ilarly to the first-stage, for a fixed j the maximum in (7) is attained at S = L,uv ", where
(u,v) is the leading pair of singular vectors of U;—flj_lX;—fJ(k_l)Vj, which can be com-
puted locally by each node. As a result, the per-iteration communication is still O(n + d,,)
for each node. For j € J with # > min{gy,_j,dy}, since U; and V; are non-singular, the
parameter space is not limited except for the bounded nuclear norm constraint. Indeed, it
is not difficult to see that for such j,

F7(k—1) N1y T
”Sr‘ﬂangn(U X2 U8V

is equivalent to

gk-1) xX.»-1B 1
”BrﬁaSXLJU , X3 B) (10)

with the correspondence B = UjSV;r. Thus, for such j, it is not necessary to compute the
singular vectors U; and V. Instead, one can directly solve (10). Finally, it is straightfor-
ward to modify Algorithm 1 to implement the second-stage RGA with feature-distributed
data. We defer the details to Appendix A.

It is worth mentioning that the idea of two-stage RGA can be employed beyond the linear
regression setup. For example, by replacing the squared loss with log likelihood function,
we can use TSRGA to estimate generalized linear models, which include logistic regression
for classification tasks and Poisson regression for modeling count data. The details of the
modified algorithm are deferred to Appendix D, where we also examine its performance
through simulations.

2.4 Related algorithms

In this subsection, we consider TSRGA in several contexts and compare it with related algo-
rithms. By viewing TSRGA as either a novel feature-distributed algorithm, an improvement
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over the Frank-Wolfe algorithm, a new method to estimate the integrative multi-view re-
gression (Li et al., 2019), or a close relative of the greedy-type algorithms (Temlyakov,
2000), we highlight both its computational ease in applying to feature-distributed data and
its theoretical applicability in estimating high-dimensional linear models.

Over the last decade, a few methods for estimating linear regression with feature-
distributed data have been proposed. For instance, Richtarik and Takac¢ (2016) and Fercoq
et al. (2014) use randomized coordinate descent to solve ¢1-regularized optimization prob-
lem, and Hu et al. (2019) proposes an asynchronous stochastic gradient descent algorithm,
to name just a few. These methods either require a communication complexity that scales
with p,, or converge only at sub-linear rates, both of which translate to high communication
costs. The screen-and-clean approach of Yang et al. (2016), similar in spirit to TSRGA,
first applies sure independence screening (SIS, Fan and Lv, 2008) to identify a subset of
potentially relevant predictors. Then it uses an iterative procedure similar to the iterative
Hessian sketch (Pilanci and Wainwright, 2016) to estimate the associated coefficients. While
SIS does not require communication, it imposes stronger assumptions on the predictors and
the error term. In contrast, the proposed TSRGA can be applied at low communication
complexity without succumbing to those assumptions.

TSRGA also adds to the line of studies that attempt to modify the conventional Frank-
Wolfe algorithm (Frank and Wolfe, 1956). RGA, more often called the Frank-Wolfe algo-
rithm in the optimization literature, has been widely adopted in big data applications for
its computational simplicity. Recently, various modifications of the Frank-Wolfe algorithm
have been proposed to attain a linear convergence rate that does not depend on the feature
dimension p,, (Lei et al., 2019; Garber, 2020; Ding et al., 2021, 2020). However, strong con-
vexity or quadratic growth of the loss function is typically assumed in these works, which
precludes high-dimensional data (n < p,). Frank-Wolfe algorithm has also been found use-
ful in distributed systems, though most prior works employed the horizontally-partitioned
data (Zheng et al., 2018; Zhuo et al., 2020). That is, data are partitioned and stored across
nodes by observations instead of by features. A notable exception is Bellet et al. (2015),
who found that Frank-Wolfe outperforms ADMM in communication and wall-clock time
for sparse scalar regression with feature-distributed data, despite that Frank-Wolfe still suf-
fers from sub-linear convergence. In this paper, we neither assume strong convexity (or
quadratic growth) nor limit ourselves to scalar regression, and TSRGA demands much less
computation than the usual Frank-Wolfe algorithm.

Model (1) was also employed by Li et al. (2019), and they termed it the integrative
multi-view regression. They propose an ADMM-based algorithm, integrative reduced-rank
regression (iRRR), for optimization in a centralized computing framework. The major
drawback, as discussed earlier, is a computationally-expensive step of singular value soft-
thresholding. Thus, TSRGA can serve as a computationally attractive alternative. In
Section 4, we compare their empirical performance and find that TSRGA is much more
efficient.

Other closely related greedy algorithms such as the orthogonal greedy algorithm (OGA)
have also been applied to high-dimensional linear regression. OGA, when used in conjunc-
tion with an information criterion, attains the optimal prediction error (Ing, 2020) under
various sparsity assumptions. However, it is computationally less adaptable to feature-
distributed data. To keep the per-iteration communication low, the sequential orthogonal-



HuANG AND TSAY

ization scheme of Ing and Lai (2011) can be used with feature-distributed data, but the
individual nodes would not have the correct coefficients to use at the prediction time when
new data, possibly not orthogonalized, become available. Alternatively, one needs to al-
locate extra memory in each node to store the history of the OGA path to compute the
projection in each iteration.

3. Communication complexity of TSRGA

In this section, we derive theoretical guarantees on the communication complexity of TSRGA.
Specifically, we show that the communication complexity of TSRGA does not scale with
the feature dimension p,,, but instead depends on the sparsity of the underlying problem.

3.1 Assumptions

For the theoretical analysis, we maintain the following mild assumptions of model (1).
(C1) There exists some 0 < p < oo such that with probability approaching one,

_1 . 2 2
< Amin(355) < A Y <
1% =~ 151%;“ mm( j) > 12}%}; max( j) = W,

where 3, = n_lX;er with X being defined in (2).
(C2) Let £ = maxi<j<p, HXjTEHOP. There exists a sequence of K, — oo such that
Kot = Op(ndi/?).

(C3)

lim P N Amin(n X () TX() > p7t) =1,
Jim. <ﬂ(Jr)rl<ngn (nX(J) X(J)) > p

where X(J) = (X] ] c J) c RnX(ZjeJQn,j)_

(C4) There exists some large L < oo such that dj /> 25t IBj . < L. Moreover, there
exists a non-decreasing sequence {s,} such that s2 = o(K,) and

o2 (-1/2 -1
i (1°87) 2
where J, = {1 < j < p, : B # 0} is the set of indices corresponding the relevant
predictors, and r} = rank(B}).

These assumptions are quite standard. (C1) requires the variances of the predictors to be
on the same order of magnitude, which is often the case if the predictors are normalized. £g
in (C2) is typically regarded as the effect size of the noise. Through auxiliary concentration
inequalities in the literature, we will verify (C2) in the examples following the main result.
(C3) assumes a lower bound on the minimum eigenvalue of the covariance matrices formed
by small subsets of predictors. Note that (C3) could hold even when p, > n and the

10
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observations are dependent; we refer to Ing and Lai (2011) and Ing (2020) for related
discussions on (C3). s, in (C4) imposes a lower bound on the minimum non-zero singular
value of the (normalized) coefficient matrices d, Y 2B;'f. Since (C4) implies f(J,,) < sal °L, it
can be interpreted as a measure of sparsity of the underlying model.

Next, we introduce two assumptions that are important to the feature-distributed prob-
lem. Let Y = ?11 X;B7 be the noiseless part of Y.

(C5) Let 7; = rank(XjTY) and J, = J, N {j : min{gy ;,dn} > 7j}. There exists ¢, > 0
such that {g = op(nd,) and with probability approaching one,

. T~
5161}]12 07 (X; Y) > ndp.

(C6) (Local revelation) If the column vectors of U; € R %7 and V; € R%*7i are the
leading pairs of singular vectors corresponding to the non-zero singular values of X;-FY,
then with probability approaching one, there exists an 7; X 7; matrix A; such that

3B =U;A; V] (11)
for all j € J,.

(C5) and (C6) are assumptions that endow the local nodes sufficient information in the
feature-distributed setting. Both assumptions concern relevant predictors that are “large”
such that their dimensions g, ; % d,, satisfy min{g, ;,d,} > 7;. Intuitively, (C5) requires,
for relevant predictors which are of large dimension, the marginal correlations between
these predictors and Y are sufficiently large. The local revelation condition (C6) assumes
each node could use its local data to re-construct ﬁljB; for j € J,. This would simplify
information sharing between the nodes. Although they are key assumptions used to derive
a fast convergence rate for the second-stage RGA, they are not needed for establishing the
sure-screening property of the just-in-time stopping criterion (see Theorem 1). In addition,
these two assumptions are vacuous when all predictors are of small dimensions. For instance,
for scalar group-sparse linear regression, min{d,,qn;} = min{l,¢,;} = 1 < 7;. Hence
J, = 0 and the two assumptions are immaterial.

To better understand (11), consider the following example.

Yt = BTTXt,l + B§Txt,2 + €,
where B%, B} are rank-1 matrices such that Bf = ujvi' and B} = ujvi'. In matrix
notation, we write Y = X1B7] + XoBj + E. Suppose ¢,,1 = ¢n2 > 2, and consider

* T
oy v
XY = (X{Xju] X]Xou}) (v%T) :

J

A
B

It is not difficult to show that (11) holds (for j = 1) if A and B are of full rank. Since y; =
(x;’r v+ (x;r oU3)V3, one can interpret f;; = XZ ;u; as the predictive factor associated

with predictor j, for j = 1,2. f;; has differential effects on each element of y;, which
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are determined by v;f. Hence, that B has full rank translates to that the two factors f; 1
and f; 2 have distinct impacts on y;. On the other hand, A has full rank if and only if
u} # oX] X;) 71X Xou} for any « # 0. This implies the factor f;; must not be equal to
the projection of f;o onto the space spanned by X;. Therefore, (11) can be interpreted as
requiring the factors f;1 and f; o are truly distinct and make distinguishable contributions
to the response vector. Moreover, if (11) fails, the marginal product X]—Y may no longer
be useful, because the signals are contaminated by possible collinearity.

3.2 Main results

We now present some theoretical properties of TSRGA, with proofs relegated to Appendix
B. In the following, we assume L,, the hyperparameter input to the TSRGA algorithm, is
chosen to be L, = d711/2L0 with Lo > L/(1 —€g), where 1 —ef, < pu=2/4.

Our first result proves that RGA, coupled with the just-in-time stopping criterion, can
screen the relevant predictors. Moreover, it provides an upper bound on the rank of the
corresponding coefficient matrices.

Theorem 1 Assume (C1)-(C4) hold. Suppose there exists an M, < oo such that M, ! <
(nd,)"YE||% < M, with probability tending to one. Write G*) = ?ll Xjf’)§-k), k=
1,2,..., K,, for the iterates of the first-stage RGA. Ifl% is defined by (6) with t, = Cs,?
for some sufficiently small C > 0, then
lim P (rank(B}‘) < rank(ng)) for all j) =1. (12)
n—oo
Although Theorem 1 only provides an upper bound for the ranks of BJ’s, it renders a
useful diagnosis for the rank of the coefficient matrices for model (1). When p,, = 1, Bunea
et al. (2011) proposed a rank selection criterion (RSC) to select the optimal reduced rank
estimator, which is shown to be a consistent estimator of the effective rank. However, rank
selection for model (1) with p, > 1 is less investigated. Moreover, we can bound k by the
following lemma.

Lemma 2 Under the assumptions of Theorem 1, k = Op(s2).

Lemma 2 ensures the just-in-time stopping criterion is triggered in no more than O(s2)
iterations, which is much smaller than O(K,) by (C4). Thus compared to the model
selection rules using information criteria that iterate K,, steps in full, the proposed method
greatly reduces communication costs.

Next, we derive the required number of iterations for TSRGA to converge near the

unknown parameters, which translates to its communication costs. With a slight abuse of
B

notation, we also write the second-stage RGA iterates as G*) = Zjej X;B;".

Theorem 3 Assume the assumptions of Theorem 1 hold, and additionally (C5) and (C6)
also hold. If &g = Op(&,) and my, = [prn log(n?d,/€2)] for some sequence {&,} of positive
numbers, where p = 64u° /7% with 0 < 7 < 1 being arbitrary, and

Ky = jj(j) max{ max (qn; A dp), fl{jo #+ @}} ,

je€J—Jo
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with a Ab = min{a,b} and J, = {j € J : # < min{gn;,dn}}, then the proposed second-stage
RGA satisfies

2 Qd é—
S =, (i e e+ S

Since the per-iteration communication cost of TSRGA is O(n+d,,), Theorem 3, together
with Lemma 2, directly imples the communication complexity of TSRGA, which we state
as the following corollary.

Corollary 4 If k, = Op(s,) for some sequence {s,} of positive numbers, then TSRGA
achieves an error of order

n2 2dn
Op( gnlognQ + 2521{J 7&@})

n

with a communication complexity of order

O, ((n+d )sp log gd )

Thus, the communication complexity, up to a logarithmic factor, scales mainly with
sp. In general, Lemma 2 implies s,, = Op(sh). Thus s, is also a measure of the sparsity
of the underlying model. Moreover, in the important special case when the response is a
scalar, s, = O,(s2) since d,, = 1 and J, = (. To demonstrate this result more concretely,
we discuss the communication complexity of TSRGA when applied to several well-known

models below.

Example 1 (High-dimensional sparse linear regression) Consider the model

Y = Z?ll Bjxtj + €. Under suitable conditions, such as {e} being i.i.d. sub-Gaussian
random variables, it can be shown that g = Op(v/nlogpy) (see, for example, Ing and Lai,
2011 and Ing, 2020). Then TSRGA achieves an error of order

on - s2 logp
>o15s - 4y = 0 () (13)
j=1

with a communication complexity of

Op <ns721 log lognp > .
n

To reach e-close to the minimizer of the Lasso problem, the communication complexity
of the Hydra algorithm (Richtérik and Takéa¢, 2016) is

NPy 1
Pn o =
0 (MT 08 e> ’

where M is the number of nodes and 7 is the number of coordinates to update in each
iteration. Given limited computational resources, 7M may still be of order smaller than
Pn- Thus the communication complexity of TSRGA, which does not scale with p,,, is more
favorable for large data sets with huge p,. In our simulation studies, we also observe that
TSRGA converges near (S, ..., 3,,) much faster than Hydra-type algorithms.

13
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Example 2 (Multi-task linear regression with common relevant predictors) Suppose
we are interested in modeling T tasks simultaneously. Let y1,y2,...,yr be the vectors of n
observations of the T responses, and X be the n x p design matriz consisting of p predictors.
Consider the system of linear regressions

Yt :th—i—et, t= ].,...,T, (14)

where b; = (Bi1, Bigy- -+, Bip)L, fori=1,2,...,T, and e;, for 1 <i < T, are independent
standard Gaussian random vectors. Let x; be the j-th column vector of X. Then we may
rearrange (14) as

Y1 €1

y2 P e
S=>xBi+ | T (15)
: = :

yr er

where Bj = (51,5, 52,5, - - - ,BTJ-)T and X; = Iy ® x;, where Ip is the T x T identity matriz
and A ® B denotes the Kronecker product of A and B. Now (15) falls under our general
model (1). Sparsity of the B;’s promotes that each task is driven by the same small set of
predictors, or equivalently, b;’s in (14) have a common support. By a similar argument used
in Lemma 3.1 of Lounici et al. (2011), it can be shown that ég = Op(\/nT(1 + T 1logp)).
Hence Corollary 4 implies that TSRGA applied to (15) achieves an error of order

p 2
D 112 _ Sn logp
> 1B~ By1* =0, (S "20)) (16)

with the communication complexity

nT
@) Ts?log———— ).
p<” " °g1+Tllogp>

Notice again that the iteration complexity scales primarily with the strong sparsity
parameter s,, not with p. As illustrated by Lounici et al. (2011), (14) can be motivated from
a variety of applications, such as the seemingly unrelated regressions (SUR) in econometrics
and the conjoint analysis in marketing research.

Example 3 (Integrative multi-view regression) Consider the general model (1), which
is called the integrative multi-view regression by Li et al. (2019). Assume E has i.i.d. Gaus-
sian entries, and for simplicity that g1 = qn2 = ... = Qnyp, = qn- Then by a similar
argument used by Li et al. (2019) it follows that {g = Op(v/nlog pn(vVdy + /@n)). Suppose
the predictors X, for j = 1,2,...,py, are distributed across computing nodes. TSRGA
achieves

1 & ) s3(dp 4 qn) log p (dn + qn) log p
4 B* — B, 2 —0 n\dn n n n n n 17
77 218 Bl e e e

with a communication complexity of

ndy,
Oy <(n—|—dn)sfllog (@ g Toap )

14
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Although Li et al. (2019) did not consider the feature-distributed data, they offer an
ADMM-based algorithm, iRRR, for estimating (1). However, updating many parameters in
each iteration causes significant computational bottleneck. In our Monte Carlo simulation,
iRRR is unable to run efficiently with p, > 50 even with centralized computing and a
moderate sample size, whereas TSRGA can handle such data sizes easily.

In general, the statistical errors of TSRGA in the above examples ((13), (16), and (17))
are sub-optimal compared to the minimax rates unless s, = O(1), in which case the model
is strongly sparse with a fixed number of relevant predictors. One reason is that Theorem
1 only guarantees sure-screening instead of predictor and rank selection consistency. In
Examples 1 and 2, the statistical error could be improved if one applies hard-thresholding
after the second-stage RGA, and then estimates the coefficients associated with the survived
predictors again. This would not hurt the communication complexity in terms of the order
of magnitude since this step takes even less number of iterations. Nevertheless, in our
simulation studies, TSRGA performs on par with and in many cases even outperforms
strong benchmarks in the finite-sample case.

Another reason for the sub-optimality comes from the dependence on §, in the error.
In the second-stage, TSRGA relies on the sample SVD of the (scaled) marginal covariance
XJ-TY to estimate the singular subspaces of the unknown coefficient matrices. How well these
sample singular vectors recover their noiseless counterparts depends on the strength of the
marginal covariance, which is controlled by d,, in Assumption (C5). This is needed because
we try to avoid searching for the singular subspaces of the coefficient matrices, a challenging
task for greedy algorithms. Unlike the scalar case, for the multivariate linear regression the
dictionary for RGA contains all rank-one matrices and therefore the geometric structure is
more intricate to exploit. For example, the argument used in Ing (2020) will not work with
this dictionary.

Recently, Ding et al. (2020) and Ding et al. (2021) proposed new modifications of the
Frank-Wolfe algorithm that directly search within the nuclear norm ball, under the assump-
tions of strict complementarity and quadratic growth. These algorithms rely on solving
more complicated sub-problems. To illustrate one main difference between these modifica-
tions and TSRGA, note that for the usual reduced rank regression where min{d,,, gn 1} > 1
and p, = 1, one of the leading examples in Ding et al. (2020) and Ding et al. (2021),
our theoretical results for TSRGA still hold (though in this case the data are not feature-
distributed because p, is only one). In this case, (C5) and (C6) automatically hold with

5, < i/ / (/Ls;/ 2). Consequently, Corollary 4 implies the error is of order Op(ffgfﬁ log "23”)
using O, (s2 log “zgln) iterations, regardless of whether strict complementarity holds. This

advantage precisely comes from that TSRGA uses the singular vectors of X{ Y in its up-
dates in the second stage instead of searching over the intricate space of nuclear norm ball
in each iteration.

4. Simulation experiments

In this section, we apply TSRGA to synthetic data sets and compare its performance with
some existing distributed as well as centralized methods. We first examine how well TSRGA
and other algorithms estimate the unknown parameters. Then we apply TSRGA to a large-
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scale feature-distributed data to measure its prowess in speed. In both experiments, TSRGA
delivered superior performance.

4.1 Statistical performance of TSRGA

In this subsection, we compare the effectiveness of TSRGA in estimating the parameters.
Specifically, it is applied to the well-known high-dimensional linear regression and the gen-
eral multi-view regression (2).

Consider first the high-dimensional linear regression model:

Pn
*
Yt = § /Bj$t,j+6t7 t:]-)"'7n7
Jj=1

which is sparse with only a,, = Lp}/ 3J non-zero 3;’s, where [« | denotes the integer part of z.
We also generate {€;} as i.i.d. t-distributed random variables with five degrees of freedom.

To estimate this model, we employ the Hydra (Richtarik and Taka¢, 2016) and Hydra?
(Fercoq et al., 2014) algorithms to solve the Lasso problem, namely,

n

2
] o S
min TZ, ye— > Bz | +AD 1Bl ¢ (18)
{/Bj j=1 n j=1 7=1

t=1

The predictors are divided into 10 groups at random; each of the groups is owned by one
node in the Hydra-type algorithm. The step size of the Hydra-type algorithms is set to the
lowest value so that we observe convergence of the algorithms instead of divergence. As
a benchmark, we also solve the Lasso problem with 5-fold cross validation using glmnet
package in R. To further reduce the computational burden, we use the A selected by the
cross-validated Lasso in implementing Hydra-type algorithms.

Choosing the hyperparameter for RGA-type methods is more straightforward, but there
is one subtlety. It is well-known that the Lasso problem corresponds to the constrained
minimization problem

1 n Pn 2 Pn
min 23 (0= X s | subiect to 30181 < L.
(B}t 4 3 j=1 Jj=1

Moreover, setting L, to ?il \ B; |, which is nonetheless unknown in practice, would yield the
usual Lasso statistical guarantee (see, e.g., Theorem 10.6.1 of Vershynin, 2018). However,
our theoretical results in Section 3.2 recommend setting L, to a larger value than this
conventionally recommended value. To illustrate the advantage of a larger L,,, we employ
two versions of RGA: one with L,, = 500 and the other with L, = ?21 |B7]. For TSRGA,
we simply set L,, = 500 and ¢, = 1/(10logn), and the performance is not too sensitive to
these choices.

For Specifications 1 and 2 below, we consider three cases with (n, p,,) € {(800,1200), (1200, 2000),
(1500,3000)}. In Specification 1, we simulate the predictors as independent, ¢-distributed
data. Together with the t-distributed errors, this specification simulates the situation where
heavy-tailed data are frequently observed.
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Specification 1 In the first experiment, we generate x;; as i.i.d. #(6) random variables,
forallt=1,2,...,n,and j =1,2,...,p,. Hence the predictors have heavy tails with only 6
finite moments. The nonzero coefficients are generated independently by 87 = zju;, where
z; is uniform over {—1,+1} and w; is uniform over [2.5,5.5]. The coefficients are drawn at
the start of each of the 100 Monte Carlo simulations.

[ nd
o

log estiemation error
>

log estimation error

0 200 . N 400 600 0 200 . N 400 600
iteration iteration

(a) n = 800, p, = 1200 (b) n = 1200, p,, = 2000

5.0

n
2]

Methods

- TSRGA

= = RGA (L=500)

= RGA (oracle L)

= Hydra (25%)

= = Hydra (50%)
Hydra2 (25%)
Hydra2 (50%)

= = Lasso

log estimation error
o
o

0 200 . . 400 600
iteration

(¢) n = 1500, p,, = 3000

Figure 1: Logarithm of parameter estimation errors of various methods under Specification
1, where n is the sample size and p,, is the dimension of predictors. The results
are averages of 100 simulations.

17



HuANG AND TSAY

Figure 1 plots the logarithm of the parameter estimation error against the number of
iterations. The parameter estimation error is defined as Z?Zl (87 — Bj)2, where { BJ} are the
estimates made by the aforementioned methods. In the plot, the trajectories are averaged
across 100 simulations. TSRGA (black) converges using the least number of iterations. Since
the per-iteration communication costs of TSRGA and Hydra-type algorithms are similar
(O(n) bytes), this serves as a proxy for a smaller communication overhead of TSRGA. In
addition, the parameter estimation error of TSRGA is also the smallest among the employed
methods. RGA with L, = 500 (dashed red) follows the same trajectories as TSRGA in
the first few iterations, but without the two-step design, it suffers from over-fitting in later
iterations and hence an increasing parameter estimation error. On the other hand, RGA
with oracle L,, = ?Zl 87| (solid red) converges much slower than TSRGA due to a sub-
linear convergence rate. For Hydra (blue lines) and Hydra? (green lines) algorithms, we
consider two implementations: updating 25% of the coordinates in each node (solid), and
updating 50% of the coordinates in each node (dashed). Hydra converges to the centralized
Lasso (dashed magenta) at a faster rate if 50% of the coordinates were updated in each
iterations than the 25% counterparts. However, Hydra? converges much slower.

In the next specification, we generate the predictors so that they are correlated and the
correlations are the same between any two predictors. This simulates the situation where
one cannot simply divide groups of variables that have weak inter-group dependence into
different computing nodes to alleviate the difficulties caused by feature-distributed data.

Specification 2 In this experiment, we generate the predictors by
Te; =1 t+wej, t=1,....,n; J=1,...,pp,

where {1, } and {w; ;} are independent N (0, 1) random variables. Consequently, Cor(z; k, x¢ ;)
= 0.5, for k # j. The coefficients are set to 87 = 2.5+1.2(j—1) for j = 1,2,...,a, = Lpi/gj.
The rest of the specification is the same as that of Specification 1.

Figure 2 plots the parameter estimation errors under Specification 2. TSRGA remains
the most effective method for estimating the unknown parameters, which converges within
100 iterations in all cases. It is worth noting that the Hydra-type algorithms display a
substantially deteriorated rate of convergence compared to the previous specification, high-
lighting their sensitivity to the dependence between predictors, and potentially high com-
putational expenses in certain scenarios.

It is also important to study the performance of these methods in terms of elapsed time
and out-of-sample performance. To save space, we postpone the discussion to Appendix E,
as most conclusions drawn above remain valid in examining the elapsed time and prediction
performance.

Next we consider the general model:

Pn
Yt :ZB;TXt7j+€t, t= 1,...,n, (19)
j=1
where y; € R% and x¢; € RI, for j =1,2,...,p,. We generate € as i.i.d. random vectors

with each entry having independent ¢(5) distributions. In the following cases, the model is
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log estimation error
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= Hydra (25%)

= = Hydra (50%)

~—— Hydra2 (25%)
Hydra2 (50%)
"""""""""""""""""" = Lasso

log estimation error

0 200 . . 400 600
iteration

(¢) n = 1500, p,, = 3000

Figure 2: Parameter estimation errors of various estimation methods under Specification 2,
where n is the sample size and p,, is the number of predictors. The results are
averages of 100 simulations.

sparse with a, non-zero B;-’s, each of which is only of rank 7,. In particular, we generate
B, for j < ap, independently by

Tn
* T
B‘7 = E O'k7nu1€7jvk7j, <20)
k=1
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where {uy, ;},", and {vy ;},*, are independently drawn (g,- and d,-dimensional) orthonor-
mal vectors and {oy ,,} are i.i.d. uniform over [7,15].

We employ the iRRR method (Li et al., 2019) to estimate (19). To select its tuning
parameter, we execute iIRRR with a grid of tuning parameter values and opt for the one
with the lowest mean square prediction error on an independently generated validation set
of 500 observations. Although centralized computation is used to implement iRRR, it is too
computationally demanding to implement the algorithm for the two cases with n = 600 and
n = 1200. Therefore, we use the least squares estimator with only the relevant variables as
another benchmark. For TSRGA, L, is set to 10°, and we hold one third of the training
data as validation set to select the tuning parameter ¢, for TSRGA over a grid of values!.

Since iRRR is not a feature-distributed algorithm, we directly report their parameter
estimation errors (averaged across 500 Monte Carlo simulations) defined as

Pn
> IB; - B3, (21)
=1

where {lgj} are the estimated coefficient matrices. Additionally, the out-of-sample predic-
tion performance of these methods are evaluated on an independent test sample of size
500, measured by (|[Y — Y||%/(nd,))"/2. We consider the cases (n,dn, Gn, Pnsn,Tn) €
{(200, 10, 12,20, 1, 2), (400, 15, 18, 50, 2, 2), (600, 20, 25,400, 3, 2), (1200, 40, 45,800, 3, 3)}.

Specification 3 In this specification, we consider (19) with the predictors generated as in
Specification 1. Note that {B} : j < a,} are drawn at the start of each of the 500 Monte
Carlo simulations.

Table 1 reports the results of the methods averaged over 500 Monte Carlo simulations
of data generated under Specification 3. TSRGA achieved the lowest estimation error in all
constellations of problem sizes. On the other hand, iRRR yielded larger estimation error
than the least squares method using exactly the relevant predictors when n = 200, but when
n increases, iRRR outperforms the least squares method. However, the computational costs
of iRRR became so high that completing 500 simulations would require more than days,
even when parallelism with 15 cores is used. TSRGA circumvents such computational
overhead and delivers superior estimates. The figures in the parentheses are p-values for
testing equality between each method’s errors and those of the least squares. They show
that TSRGA indeed significantly outperforms the least squares in parameter estimation.
Nevertheless, the difference in prediction capabilities is less discernible.

Specification 4 In this specification, we generalize (19) to group predictors as follows.
Let {vy:t=1,2,...} and {w;; : t =1,2,...;5 =1,2,...,p,} be independent N(0,1,,)
random vectors. The group predictors are then constructed as x; ; = 2vy +wy ;, 1 <t < n,
1< j <p,. Hence E(xtij;—i) =4I,,, for 1 <1i < j < py,. Note that Corr(xs;,x¢ ;) = 0.8
for i # j, 1 <1< gy, where x4; = (z41,..., xm,qn)T. Hence, the I-th components in each
of the group predictors are highly correlated.

1. t, is selected among t = (0.01,0.07,1.10,1.39,1.61,1.79,1.95,2.08, 2.20, 2.30) / log n.
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Parameter estimation Prediction
(n,dp, Gny Dns Ay T) TSRGA iRRR Oracle LS TSRGA iRRR Oracle LS
(200, 10, 12, 20, 1, 2) 0.666 0.929 0.851 1.318 1.339 1.331
(0.000)  (0.000) (0.000)  (0.000)
(400, 15, 18, 50, 2, 2) 0.858 1.245 1.287 1.322 1.351 1.355
(0.000)  (0.000) (0.000)  (0.000)
(600, 20, 25, 400, 3, 2) 1.223 - 1.787 1.361 - 1.381
(0.000) (0.158)
(1200, 40, 45, 800, 3, 3) 1.388 - 2.378 1.345 - 1.371
(0.000) (0.069)

Table 1: Parameter estimation and prediction errors of various methods under Specification
3. Figures in the parentheses are the p-values for testing if the errors are different
from their Oracle LS counterparts. We do not report the results for iRRR with
sample sizes of 600 and 1200 since the computation required for these cases is ex-
cessively time-consuming. In the table, n, d,, ¢,, pn, @, and r, are the sample size,
number of targeted variables, dimension of predictors, number of predictors, num-
ber of non-zero coefficient matrices, and rank of coefficient matrices, respectively.
The results are based on 500 simulations.

Parameter estimation Prediction
(nydn,y Gy Prs Qny Tn) TSRGA iRRR Oracle LS TSRGA iRRR Oracle LS
(200, 10, 12, 20, 1, 2) 0.401 0.616 0.460 1.324 1.337 1.330
(0.000)  (0.000) (0.000)  (0.000)
(400, 15, 18, 50, 2, 2) 0.562 0.993 1.172 1.345 1.344 1.354
(0.000)  (0.000) (0.584)  (0.000)
(600, 20, 25, 400, 3, 2) 0.812 - 1.817 1.362 - 1.379
(0.000) (0.478)
(1200, 40, 45, 800, 3, 3) 0.751 - 2.419 1.310 - 1.371
(0.000) (0.000)

Table 2: Parameter estimation and prediction errors under Specification 4. Figures in the
parentheses are the p-values for testing if the errors are different from their Oracle
LS counterparts. We do not report the results for iRRR with sample sizes of
600 and 1200 since the computation required for these sample sizes is excessively
time-consuming. The same notations as those of Table 1 are used. The results are
based on 500 simulations.

Table 2 reports the results for Specification 4. As in the previous specifications, TSRGA
continues to surpass the benchmarks. When n = 400, iRRR gains an advantage over the
least squares method, despite of a high computational cost. The results in Tables 1 and 2
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Figure 3: Logarithm of the average parameter estimation errors at each iteration of TSRGA,
plotted against the average time elapsed at the end of each iteration. Various
number of processes are employed for feature-distributed implementation. 10
simulations are used.

suggest that TSRGA is both a fast and a statistically effective tool for parameter estimation
for model (19).

4.2 Large-scale performance of TSRGA

In this subsection, we apply TSRGA to large feature-distributed data. We have an MPI
implementation of TSRGA through OpenMPI and the Python binding mpidpy (Dalcin et al.,
2005; Dalcin and Fang, 2021). The algorithm runs on the high-performance computing
cluster of the university, which comprises multiple computing nodes equipped with Intel
Xeon Gold 6248R. processors. We consider again Specification 4 in the previous subsection,
with (n,dn, qn, Pn, an, ™) = (20000, 100,100,1024,4,4). In the following experiments we
employ M /4 nodes, each of which runs 4 processes and each process owns p,, /M predictors,
with M varying from 16 to 64. When combined, the data are approximately over 16 GB of
size, exceeding the usual RAM capacity on most laptops.

There are two primary goals for the experiments. The first goal is to investigate the
wall-clock time required by TSRGA to estimate (19). The second goal is to examine the
effect of the number of nodes on the required wall-clock time. Each experiment is repeated
10 times, and we average the wall-clock time needed to complete the k-th iteration as well
as the parameter estimation error (21) at the k-th iteration.

Figure 3 plots the (log) estimation errors against the wall-clock time of TSRGA itera-
tions. When using 16 processes, TSRGA took about 16 minutes to estimate (19), and the
time reduced to less than 5 minutes when 64 processes were employed. The acceleration
primarily occurred in the first stage, because solving (3) becomes faster when each process
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Figure 4: Logarithm of the estimation errors of TSRGA (running with 16 processes) and the
oracle least squares. The oracle least squares method is performed by applying the
second-stage RGA with exactly the relevant predictors and no rank constraints.
10 simulations are used.

handles only a small number of predictors. After screening, there is a spike in estimation
error due to re-initialization of the estimators but subsequent second-stage RGA runs ex-
tremely fast in all cases and yields accurate estimates. Indeed, Figure 4 shows that the
estimation error of TSRGA quickly drops below that of the oracle least squares in the sec-
ond stage. We remark that with more diligent programming, one can apply the advanced
protocols introduced in Section 6 of Richtarik and Taka¢ (2016) to TSRGA, using both
multi-process and multi-thread techniques. It is anticipated that the required time will be
further shortened.

5. Empirical application

This section showcases an application of TSRGA to financial data. In addition to the
conventional financial data, we further collect the annual 10-K reports of firms under study
to extract useful features for augmenting the predictors. Thus, in this application, both
the response and predictors are multivariate, and the predictors may consist of large dense
matrices, leading to potential computational challenges in practice.

5.1 Financial data and 10-K reports

We aim to predict four key financial outcomes for companies in the S&P 500 index: volatility,
trading volume, market beta, and return. We obtain daily return series for each company
from 2010 through 2019, calculate the sample variances of the daily returns in each month,
and transform them by taking the logarithm to get the volatility series {Vii(m) : m =
1,2,...,12} for the i-th company in the m-th month of year ¢ € {2010,...,2019}. Next,
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we regress each company’s daily returns on the daily returns of the S&P 500 index for each
month and use the slope estimates as market beta, {Bj(m) : m = 1,2,...,12}. Finally,
we also obtain data of the monthly returns series {R;;(m) : m = 1,2,...,12} and the
logarithm of the trading volumes {M;(m) : m = 1,2,...,12}, for the ith company. All
series are obtained from Yahoo! Finance via the tidyquant package in R.

After obtaining these series, some data cleaning is performed to facilitate subsequent
analysis. First, the volume series exhibits a high degree of serial dependence, which could
be due to unit-roots caused by the persistence in trading activities. Therefore, we apply
a year-to-year difference, i.e., AMy(m) = M;(m) — M;—1(m) for all 7, 1 < m < 12, and
t = 2011,...,2019. Additionally, we remove companies that have outlying values in these
series.

In addition to these financial time series, we also make use of the information from
a pertinent collection of textual data: 10-K reports. Publicly traded companies in the
U.S. are required to file these annual reports with the aim of increasing transparency and
satisfying the regulation of exchanges. The reports are maintained by the Securities and
Exchange Commission (SEC) in the Electronic Data Gathering, Analysis, and Retrieval sys-
tem (EDGAR), and provide information about a company’s risks, liabilities, and corporate
agreements and operations. Due to their significance in communicating information to the
public, the 10-K reports are an important corpus in finance, economics, and computational
social sciences studies (Hanley and Hoberg, 2019; Kogan et al., 2009; Gandhi et al., 2019;
Jegadeesh and Wu, 2013).

The corpus utilized in this application is sourced from the EDGAR-CORPUS, originally
prepared by Loukas et al. (2021). Our analysis specifically focuses on Section 7, titled “Man-
agement’s Discussion and Analysis.” To process the reports, we preprocess each document
using the default functionality in the gensim package in Python and discard the documents
that consist of fewer than 50 tokens. As a result, we have data of both the financial time
series and 10-K reports of 256 companies over the period from 2011 through 2019.

To extract features from the textual data, we employ a technique called Latent Semantic
Indexing (LSI, see, e.g., Deerwester et al., 1990). We first construct the term-document
matrix as follows. Suppose we have D documents in the training set, and there are V'
distinct tokens in these documents. The term-document matrix @ is a V' x D matrix,
whose entries are given by

®;; =(number of times the i-th token appears in document j)x
D
#{1 < k < D : the i-th token appears in document k}’

log

for 1 <i<V,1<j<D. The entries are known as one form of the term-frequency inverse
document frequency (TFIDF, see, e.g., Salton and Buckley, 1988). Then, to extract K
features from the text data, LSI uses the singular value decomposition,

© =UpXeVy,

and the first K rows of EeVg are used as the features in the training set. For a new
document in the test set, we compute its TFIDF representation 8 € RY, and then use
X = U[T(O as its textual features, where U is the sub-matrix of the first K columns of Ug.
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5.2 Results

For each of the four financial response variables, we estimate the following model.
Vie=Bo+A{viy 1+ A m; 1 +AJbi AT+ Al X1+ €, (22)

where y;t = (yit(1),...,v:¢(12)) " is the response variable under study, v;; = (Vi¢(1),..., Vit(12)) T,
my; = (AMy(1),...,AM;(12)7, by = (Big(1),..., Bi(12)) 7, vt = (Rue(1), ..., Rip(12)) T,

x;; € RE is the extracted text features, and {Bo, A1,...,As} are unknown parameters.
When predicting each of the four financial outcomes, we replace y;; in (22) with the cor-
responding vector (v;, mg, by, or ry), while keeping the same model structure. Since
predicting next-year’s financial outcomes in one month is related to predicting the same
variable in other months, it is natural to expect low-rank coefficient matrices. (22) can also

be viewed as a multi-step ahead prediction model, since we are predicting the next twelve
months simultaneously.

When applying TSRGA to (22), we use a hold-out validation set from the training sam-
ple to select the just-in-time threshold ¢,, from the grid (0.1,0.2,...,1.0)/logn. In addition
to TSRGA, we employ several benchmark prediction methods, including the vector autore-
gression (VAR), reduced rank regression (RR; see, e.g., Chen et al., 2013), the integrative
reduced rank regression (iRRR, Li et al., 2019), and the Lasso. For VAR, we concatenate
all response variables and estimate the model

zit = Az 1 + ey,
where z; = (v;,, m};, b} r})T € R¥®. Alternatively, we can implement VAR in a group-
wise fashion (gVAR henceforth). Specifically, we separately estimate the model

yit = Alyii 1+ e, (23)

for each response variable y;; € {vj, m;, by, rii}. The reduced rank regression also es-
timates (23) with an intercept term and an additional rank constraint on the coefficient
matrix A in (23). We use the generalized cross validation (GCV, Gene H. Golub and
Wahba, 1979) to select the optimal rank. For Lasso, it is applied separately to each row of
(22); namely, it estimates

12 12

yir(m) = Bo+ > _jaVie1(§) + Y j2AM;; 1(j)
=1 =1

12 12
+ Y 3B () + D ajaRii1(f) + e,
i=1 =1

for m =1,2,...,12. Finally, we also apply the iRRR method of Li et al. (2019) to (22).
Table 3 presents the root mean squared prediction errors (RMSE) for different methods
on the test set, for which we reserved the last year of data. The results show that gVAR
consistently outperformed the usual VAR in all four financial variables, suggesting using
simple least squares could be harmful in prediction when including many financial series
as predictors. RR provides a slight improvement in predicting volatility, but performs
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similarly as VAR and gVAR in predicting other targets. In the case of predicting volatility,
the text data proved to be quite useful, and TSRGA, iRRR, and Lasso have all outperformed
gVAR by more than 5% with different number of textual features K (except for Lasso with
K = 50). TSRGA and iRRR, utilizing both the text information and low-rank coefficient
estimates, yielded the smallest prediction errors. In some cases, they achieved 10% reduction
in RMSE compared with gVAR and RR. In Appendix E, we also report the p-values for
testing if the methods outperform gVAR for volatility and return (see Tables 5 and 6).
The result suggests the advantages of Lasso, iRRR, and TSRGA in predicting volatility
over gVAR are quite significant, whereas the differences in predicting the return are not as
strong.

Volatility Volume Beta Return

VAR 0.782 0.323 0.583 0.077

gVAR 0.750 0.319 0.556 0.073

RR 0.732 0.325 0.555 0.071
K =50

Lasso 0.718 0.310 0.574 0.075

iRRR 0.688 0.318 0.568 0.072

TSRGA 0.702 0.345 0.572 0.072
K =100

Lasso 0.700 0.308 0.574 0.074

iRRR 0.677 0.316 0.566 0.072

TSRGA 0.678 0.330 0.571 0.072
K =150

Lasso 0.693 0.308 0.571 0.073

iRRR 0.667¢ 0.314 0.566 0.072

TSRGA 0.681 0.332 0.573 0.072
K =200

Lasso 0.684 0.309 0.574 0.073

iRRR 0.663“ 0.314 0.567 0.072

TSRGA 0.654%"  (.345 0.574 0.072

Table 3: Root mean squared prediction errors on the test dataset. Entries in boldface are
at least 5% below gVAR; @ means 10% below gVAR, and ® means 10% below RR.

In addition to the prediction performance, we make two more remarks on the empirical
results. First, our finding that textual features are useful in predicting volatility is consistent
with previous studies. For instance, Kogan et al. (2009) reported that one-hot text features
are already effective in predicting volatility in a scalar linear regression, and Yeh et al.
(2020) also observed gains of using neural word embedding to predict volatility. Our results
suggest an alternative modeling choice: text data could explain each month’s volatility via a
low-rank channel. Second, low-rank models may not be suited for the trading volume series.
The RR selected a full-rank model and TSRGA iterated more steps before the just-in-time
stopping criterion was triggered.
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The data set used in the application is relatively small, and can fit in most personal
computer’s memory. However, incorporating more sections of the 10-K reports or other
financial corpus may pose computational challenges due to the increased number of dense
text feature matrices. TSRGA can easily handle such cases when feature-distributed data
are inevitable.

6. Horizontal partition for big feature-distributed data

In this section, we briefly discuss the usage of TSRGA when the sample size n, in addition
to the dimension p,,, is also large so that storing (Y,X;) in one machine is infeasible. In
this case, we also horizontally partition the (feature-distributed) data matrices and employ
more computing nodes.

To fix ideas, for h =1,2,..., H, let

Y(h) = (ymh—lJrl’ e ,ymh)—r, and Xj,(h) = (th71+17]’, e ,thJ)T

be horizontal partitions of Y and X, 7 =1,...,p,, where 0 =mg <my < ... <mpyg =n.
In the distributed computing system, we label the nodes by (h, ¢), so that the (h, ¢)-th node
owns data Y ;) and {X; 1) : j € Z.}, where h € [H], ¢ € [M] and UgcpZe = [pn]. For ease
in 1llustrat10n We further assume {Z. : ¢ € [M]} forms a partition of [p,]. Therefore, each
computing node only owns a slice of the samples on a subset Z. of the predictors as well as
the same slice of the response variables. Moreover, let I(j) = {(h,c) : j € Z.} be the indices
of the nodes that have some observations of predictor j.

We call the nodes that own the h-th slice of data “segment h”. That is, {(k,c) : k = h}.
Note that each segment is essentially the feature-distributed framework discussed in the
previous sections. In what follows, quantities computed at nodes in segment h carry a
subscript (h). For example, ﬁljj( )y =N, X] (h)X [(h)> Where ny = mp—my,_1. For simplicity,
we also assume nj; = ... = ng in this section. Finally, we again assume there is at least one
master node to coordinate all the computing nodes {(h,c) : h € [H],c € [M]}.

To estimate (2) with the horizontally partitioned feature-distributed data described
above, we suggest the following procedure. First, we obtain a set of potentially relevant
predictors J and their respective upper bounds on the coefficient ranks 7; by running the
first-stage RGA with the just-in-time stopping criterion. This can be done by applying
Algorithm 1 to one segment. Alternatively, one can apply it to multiple segments in parallel
and set J = Ny, j(h) and 7; = miny, 7 (). In either case, Theorem 1 ensures the sure-screening
property as nj — oo if (C1)-(C4) hold in each of the segments. By Lemma 2, this step costs
Op(s2(n1 + dy)) bytes of communication per node in the segment(s) involved.

Next, for each j € J, each node (h,¢) € I(j) computes XjT’(h)X%(h) and, if g, jAdy, > 7 =
Z 7j, additionally computes XT( )Y(h) Then, send these matrices to the master node.
The master node computes E ! (Zh 1 Xj 1) X (h))_l and the leading 7 singular vectors
of Y H he 1 Y(h) which form the column vectors of U; and V;. Then (Z ,Uj,V;) (or

just Ej 1f qn,] A d, < 7T) are sent back to I(j). This step costs Op(ZjEJ{qn,j (gn,jdn +
7(gn,j + dn))1{gn ; N dn > 7}} bytes of communication per node.

Now we can start the second-stage RGA iterations. Initializing GE% = 0 and ﬂgg)) =
Y () for each computing nodes. At iteration k, for each j € J, nodes in I (j) send
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UjTﬁj-_lXJT(h)ﬂEz)_l) V; to the master. The master aggregates the matrices

k—1 . A
{ J_ZU 37X Ugh) )Vj:]ej},

and decides jj, = arg max . j o1(P;) and SkA: Ly,uv', where (u,v) are the leading singular
vectors of P, . The master node sends Sy to the nodes in I(ji). Sending the matrix
U/lsXT
bytes otherw1se Each computing node also receives O(7) or O(gy ; +dy,) bytes of data from
the master, depending on whether ¢, 5 A dy is greater than 7.

(h)fJE n) )V requires O(72) bytes of communication if ¢,, jAd,, > 7, and O(gy, jdn)

To compute Ay, each node (h,¢) € I(ji) computes and sends to the master

=D T 5 117, & v _ rke-DT @&(k=1)
Ap=Uu " X5 085105 Sevi = UG G,

and

_ e & T D
an = 1%, 035105, 86V, = Gy 7

The master then is able to compute A\, = max{min{j\km, 1},0}, where

A tr(Zh 1 Ah)
kauc =
Zh 1ah
A (k—1)

Subsequently, A is sent to all nodes. In this step, because G,
sending Ay, costs O(dy,(k A dy,)) bytes of communication.
Finally, each node (h,c) € I(jr) updates

is of rank at most k — 1,

A (k) AVGE-D S x o117, &, v
Gy =(1 = M)Gpy 7+ X5, )3 U5 8KV
r(k) (k)
U(h) - ( )~ G(h)
3F) 1 _ 3 B% Y L Ly-lu. .V
Bj =(1 )‘k)Bjk + /\kzjk Uijijk,
(

k
D=1 -ABY Y, G e i)

and also sends (possibly via the master node) the matrix X (h)ij_lUj'kSkvak (which is
’ k
of rank one and costs O(n; + d,,) bytes of communication) to the nodes {(h,c) : ¢ # c}.

Then the node (h,d) ¢ I(j) is able to update GEZ%, ﬂg:;, and ng) as above.

It can be verified the above procedure implements the second-stage RGA. Moreover, the
communication cost for node (h,c) at the k-th iteration is at most

O Y. (P{guy Adn > 7} + gnjdnl{gn A dn < 7}) + dnk + 1
jeJnZ,

As a result, the above procedure to implement TSRGA has the following guarantee.
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Corollary 5 Suppose J and {rj:j¢€ J} satisfy the sure-screening property (12) as ni —
0o, and assume (C1)-(C6). If maxi<j<p, gn;j = O(n{), then the above procedure achieves
an error of order

n? dp, fr%

with a communication complexity per computing node of order

I = on 4 5,62 n2d, &
L3I - Byl = 0 (550" + 1 2 0))

& &n &

The proof of Corollary 5 is an accounting on the communication costs shown above, whose
details are relegated to Appendix C. The communication complexity is still free of the am-
bient dimension p,, but the dimension of the predictors maxi<j<p, ¢n; comes into play,
which was not a factor in the purely feature-distributed case. The additional communica-
tion between segments could inflate the communication complexity compared to the purely
feature-distributed case. If « < 0.5 and s, = O(1), the communication complexity, up to
poly-logarithmic factors, reduces to Op(n1 +n{'d, + dy,), which is no larger than the purely
feature-distributed case O,(ny + dy,) if d, = O(ni~®). On the other hand, if & > 0.5 and
sn = O(1), the communication complexity becomes O,(n?* + n¢d,) (again ignoring poly-
logarithmic terms), which is higher than the purely feature-distributed case. These costs are
incurred in the greedy search as well as in the determination of M. Finally, we note that the
above procedure is sequential, and certain improvements can be achieved with some care-
fully designed communication protocol. However, methods or algorithms for speeding up
convergence or lowering communication of the proposed TSRGA with horizontal partition
is left for future research.

max{2a,1} 2 2 « nzdn 10 "I’Lan 8 n2dn 2
Op | my st + (spnfd, +n1)log + 8y, log —5— + dns,, | log .

7. Conclusion

This paper presented a two-stage relaxed greedy algorithm (TSRGA) for estimating high-
dimensional multivariate linear regression models with feature-distributed data. Our main
contribution is that the communication complexity of TSRGA is independent of the feature
dimension, which is often very large in feature-distributed data. Instead, the complexity
depends on the sparsity of the underlying model, making the proposed approach a highly
scalable and efficient method for analyzing large data sets. We also briefly discussed apply-
ing TSRGA to huge data sets that require both vertical and horizontal partitions.

We would like to point out a possible future extension. In some applications, it is of
paramount importance to protect the privacy of each node’s data. Thus, modifying TSRGA
so that privacy can be guaranteed for feature-distributed data is an important direction for
future research.
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Appendix A. Second-stage RGA with feature-distributed data

The following algorithm presents the pseudo-code for the implementation of the second-
stage RGA with feature-distributed data.

Algorithm 2: Feature-distributed second-stage RGA

Input: Number of required iterations K,, L, > 0, pre-selected J.

Output: Each worker 1 < ¢ < M has the coefficient matrices {Bj :j € .} to use for
prediction.

Initialization: ]:%j =0, for all j, and GO =9

1 fork=1,2,...,K, do
2 Workers ¢ =1,2,..., M in parallel do
3 if k> 1 then
a Receive (c*, )"f—l’aﬁk_l’uik_l’vﬁ_l) from the master.

A (k—1) _ 3 A (k—2) 4 % N N T
5 G = (} - )‘kfl)G( ) + Ak*lojkflujkflvﬁﬂ'

Bj = (1 — Ak—l)Bj fOI‘j ceZ.NdJ.
7 if ¢ = ¢* then

A _h. 3 -1 17 Q@ yT
s Bjo, = B M1 Ui SicaVie,
9 end
10 end
11 ﬂ(k_l) =Y — G(k_l)
12 (G17,8) e argmax ;. ; (UF-D X, 35710;8,V]))|
[ISkll+<Ln ©
— k-1 x_ . =1 q7.  Qle)yT
13 Pc ‘<U ,le(;) Ej,(:)Ujl(cC)Sk V§£L)>|
14 Find the leading singular value decomposition:
-1 & T _ T
X;I(chj,iC)Ua.l(cc)Sk(c)Vj_l(cC) = Uiz(cC)ujz(cC)vﬁy(f)
15 Send (0:(e), Wae), V(o) Pe) to the master.
Tk Tk Tk
16 end
17 Master do
18 Receives {(Uj(@ YW, Vi), pe)ic=1,2,..., M} from the workers.
k k k
19 c* = argmaxi<c<M Pe
20 ij = J;ée*),uik = ujl(cc*),vjk = le(cc*)
21 Gk = (1- )\k)G(k_l) + )\koj-kuikv;;, where )\ is determined by
3 : _ _ ~(k—1) _ o T2
Ak € argoggl Y —(1-MG /\ajkujkvijF.

22 Broadcast (c*, e, Uj‘k7uj‘k7vﬁ‘k) to all workers.
23 end
24 end
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Appendix B. Proofs

This section presents the essential elements of the proofs of our main results. Further
technical details are relegated to Appendix C.

The analysis of TSRGA relies on what we call the “noiseless updates,” a theoretical
device constructed as follows. Initialize G =0 and U® =Y. For 1 < k < K, suppose
(. B 5. ) is chosen according to (3) by the first-stage RGA. The noiseless updates are defined
as

GH =(1 - \)GH Y + N X B | (24)
where
: Y o ~(k—1) .2
Ak € argorsn/\lgl Y —(1-X)G X B |7 (25)

Recall that Y = §Z1 XjB; is the noise-free part of the response. Thus G*) is unattainable

in practice. Similarly, we can define the noiseless updates for the second-stage RGA, with
B; replaced by 25_1U5k SkV;c in (24) and (25). By definition of the updates, for first- and
k

second-stage RGA,

1Y - G® |3 <Y — GW|3 + 2(E,GP — GgW)
<Y = GEDZ 4 2B, GF — G (26)

Recursively applying (26), we have for any 1 <1 <k,

!
IV = GO3 <V - GED|2 423 (B, G-I+ — gl-ren), 27)
j=1

(27) bounds the empirical prediction error at step k by the empirical prediction error at
step k — [ and a remainder term involving the noise and the noiseless updates up to step [.
This will be handy in numerous places throughout the proofs.

Two other useful identities are

Pn
max (A, X,;B;) = sup <A, ZXij> (28)
e,
ill-< S, I1Bsll- <L
and
max (A,Xjﬁ]j*lUjSV;” = sup <A, ijﬁlleijV;r> ; (29)
Islesr ZjesISille<hn \ s

where A € R"*% is arbitrary. These identities hold because the maximum of the inner

product is attained at the extreme points in the ¢; ball. The proofs are omitted for brevity.
We first prove an auxiliary lemma which guarantees sub-linear convergence of the em-

pirical prediction error, whose proof makes use of the noiseless updates introduced above.

31



HuANG AND TSAY

Lemma 6 Assume (C1)-(C2) and that 325", || B« < dt*L. RGA has the following uni-

form rate of convergence.

(nd,) 7YY - G®|2
1<KEK,, k1 = Op().

Proof Let 1 <m < K, be arbitrary. Note that for any 1 < k < K,

~

(Y -G+ x. B. — GHk-D)
PR Ik
:<Y — G(k_l) XA- Bﬁ — G(k_1)> — <E Xf B. — G(k_1)>
Jk Ik

> max {(Y - G(k D X;B; — GF)) — 21,65
1<j<pn
B, <L,

> max {(Y - G* D X,;B; - G} — 41,65
1<j<pn
1Bl <Ln

Put

- i v — QU-) X.B., — GQU-Dy 5 741/2
En(m) nin 12%2%);71 Y -G ,X,;B; - G ) > Td/“ER
IBjll«<Ln

I

for some 7 > 4Lg. It follows from (28) and (31) that on &,(m), for all 1 < k < m,

<Y~' . G(kfl),Xf ]:D)A- — G(k71)>

4L
_ Ao (k—1) (k1)
2(1-— )lg}gn{w GED X;B; - GHY))
1B« <L
>(1- 220)¥ - GO

¥~ GV
>0

where 7 =1 — 4Lg/7. This, together with Lemma 10(iii) in Appendix C, implies
VvV _ (1 (k—1) LR, _ (k-1
(Y - Gt X, B, — GH-D)

Ak = = A
N PO k—1)112
1X;,B;, — GEDIZ

(30)

(31)

(32)

for 1 <k <mon &,(m) except for a vanishing event. This, combined with (26) and (33),

yields
IY - GW7 <|Y - GW|F +2(E,GW —aW)
=Y - G* V- \(X; B; — GED) L+ 2(E, G — GW)
v _ k- xR G-1))\2
Sy - Y0 R S a6

IX;,B;, — GE=U]

Gy

]
<|I¥ ék”%{lT”Y Gt “‘}+maé®e®> (34)

IX;,B;, — GO
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for all 1 <k < m on &,(m) except for a vanishing event. By (C1), with probability tending
to one, [|X; B: — GE=D2 < 4L2npu and | Y% < (1 —ez)?L2nu. Now by Lemma 11 and
Lemma 10(ii) in Appendix C, we have

4L p (E,GY —G0)]
HY GM|E < 0 52 Z
» ~(I—-1
1+ mr2 nd,,
AL3u 8 mé,

“1+mr?2  1—e¢pn?d,’ (35)

on &,(m) except for a vanishing event. Note that by (C2), m&%/(n2d,) <m™! (KngE/(nd}Lﬂ))2 =

Op(m™'). Furthermore, it is shown in Appendix C that on S(m) except for a vanishing
event,

TEE 8mé%,
— Y - G + . 36
ST -G < Ty S (36)
Combining (35) and (36) yields the desired result. [ |

Now we are ready to prove the main results.
Proof [PROOF OF THEOREM 1] Since dy/*L > 3%, [|Bf ||, > £(Jn) minje,, o, (B3) and
sp, = o(K32), it follows that #(.J,) = o(K,), and by (C3), with probability tendlng to one,
Amin (X (Jp U Jn) TX(J, U Jp)) > npt, for all 1 < k < K,,, where J = {J1,J2, ..., jx}. Let
= {there exists some j such that rank(B}) > rank(ng )}. Then on G, except for a
vanishing event, it follows from (28), (C3), Eckart-Young theorem and (C4) that

min  max (Y — G(m),Xij — GW)) > min HY - é(m)H%

1<m<k 1<7<pn 1<m<k
IB;ll-<L -7
>np~! min_[|B} - B3
1< m<k
S| 2
>np min - B|%
rank(B)<r;
nd
>, (37)
HSn

By (37), (C2) and (C4), we have lim,,_o0 P (gn N 55(1%)) < Nimposoo P(ndy? < #usnén) = 0,

where &,(-) is defined in (32). Hence it suffices to show limy, o P(G, NE,(k)) = 0. By (37)
and the same argument as in (34), on G, N &, (k) except for a vanishing event,

b L
I%;,B;, — GOV

725_1

2,2
LO

1Y = GWE <Y — GEDE {1 - } +2(E,G" - GW)

<I¥ -Gt {1 - T a6 - o),
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and thus
-1

nd,oi < |[Y — GE-D|2, <1 - W
0

) +|E|% +2(E, Y — G®))

for 1 < k < k. Tt follows that

67 _(nd,) Y = GEVE + (nda) Bl + 4Lo€e/ (ndi/?)
Gie1  (ndy) H[Y = GE-D 3+ (ndy) L[ B[3 — 4Lo&p/ (ndy?)
(ndn) Y| Y = GE-D |2
k

AL (ndy) LY — GD |2+ (ndy) L[ B|% — 4Lofp/ (ndY)
:=Ay — By, (38)

for 1 < kAg kon G, N Sn(l%) except for a vanishing event. We show in Appendix C that on
Gn N En(k) except for a vanishing event, for all 1 < k < k,

12M L
Ap <1y 2UIEE (39)
ndy,
and
2
2 1 AM Lot
B ! 1— . 40
k2> 4L2M2 Sn ]_—i—,LLM.Sn ( nd711/2 ) ( )
By (38)-(40), max, ; _; 62/6%_ | <1—5,2Cy, where
72 1 AML s2
Cr =3 (1~ 1‘;§E —12M L, ”ff;
ALGp® pM + sy, ndy, ndy

By (C2) and (C4), it can be shown that there exists some v > 0 such that €}, > v with
probability tending to one. Therefore, by the definition of k,
P(Gn N En(k)) <P(k < Kn, Go N En(k)) +P(k = Kn, G N En(k))

<P(max 62/6% | <1—ws;2k < K,)+P(k = Kn,GnNE(E)) +0(1)
1<l~c<l<:

=P(k = Ky, G N En(k)) + o(1), (41)

if ¢, = Cs,‘t% in (6) is chosen with C' < v. In view of (41), it remains to show P(k =
K,,G,NEL(k)) =o(1). Since s, = o(K,,) by (C4), it follows from (37) and Lemma 6 that

n

:P(< )Y - G ) +ol)
K, ,usn

P = K 6) <P (L IV =GR = 1) o)

=o(1),
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which completes the proof. |

Proof [PROOF OF LEMMA 2] Letting a,, = | Ds2 | for some arbitrary D > 0, we have

. 52
P(k > a,) <P | 5%~ <1-Cs}
o

anp—1
—P 08_2 O-an—l CZ (Aan - 4721)
" C2 + a —1 C721
. L -¢ ALoEpn~\dy "
<P|[Cs,? < O + A +o(1). 42
( M—1462 = M-'+062 | —(? (1) (42)
Put A, = {62 _; — (2> 0}. Then (42) implies

an 1 Cn 4L05727,€E
Csp? C’nd,ll/2 ’

2 4Ly s2€p
<P(M'<z,—>n n 1
< < < C(an—1)+ c ndi/z +o(1),

P(k > an, Ay) <P <M +62 - < An> +0(1)

where

7~ max [(ndy) Y — GW|12 — 2|
" 1<k<K, k-1 '

Since |(nd,) " Y[Y — G®|2 = 2| < (nd,) MY — G®|2 + 4Loepn~1d,"/?, where (2 =
(ndy,) Y| E||%, it follows from Lemma 6 that Z,, = O,(1). Thus limsup,,_,., P(k > an, A,) —
0as D — 0. On A¢, it is not difficult to show that

- <2 a -1 C727, S O
and

4LoéE
nd%/ 2

max{w GV, ¥ - GO rF}

It follows that on AS,

~2 ~2 )

Uan _ _O-anfl Uan

G 1 G 1
)
T @ 4Logpn
o 1 16Loép

(2 — ALotpn~tdy ' ndy?
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By (C4), we have

" 1 16L
P(k > ap, A%) <P [ Cs2?% < 6LoSE ) _ 1),
G2 — ALotpn—td,'"* ndy*

which completes the proof. |

Before proving Theorem 3, we introduce the following uniform convergence rate for the
second-stage RGA, which is also of independent interest.

Theorem 7 Assume the same as Theorem 1, and additionally (C5) and (C6) hold. The
second-stage RGA satisfies

(nd,) MY = GM3,
1meK 2\ (mtra)&E | & -
It >An (]_ - 64}]]5&”) + n2dn + 672177/2 1{JO # @}

Op(1), (43)

where 7 < 1 is an absolute constant.

Proof By Theorem 1, we can assume rank(B}'f) < #; holds for all j in the following

analysis. Let 1 < m < K, be arbitrary. Observe that for the second-stage RGA, each G®*),
k=1,2,..., lies in the set

CL=CH=) X;5'U;D;V] :> |Djll. < L . (44)
jed jed
By (29) and a similar argument as (31)-(33), we have, for all 1 < k < m,
v (1 (k-1) oy —1lyT. & T  A(k-1)
(Y -G , X5 Ej,k U; SiV; -G )
T Galk— - T Ak
>r max (Y - GFD X;301U;8v]) - GEY)

jGJfC
[S[l+<Ln

=T sup (Y —GED g - G(k_1)>, (45)
HeCp,

where 7 =1 —4uLy/7T and 7 > 4uLy on the event

_ : o _ Gk-1) o s-1r.avT - @1y o = 1/2
Fn(m) 1§11glgnm ?271( (Y -G XX U8V, -G ) > Td,/“ER
IS« <Ln
Define
9ndnLg

B={H=Y X;£'U;D,V] :|Y - H|% <
]'Ejfc

1613k,
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where

Y=Y X;S'ULAR V) + > XB;, (46)
j€Jo jed—J,

in which J, = {j € J 7 < min{gn j,dn}}, A; are defined in (C6), and L;, R; are
7 X 7; matrices such that LjTLj =1I; = R?Rj to be specified later (recall that 7 > 7; =
rank(X;rY) because of Theorem 1). We claim that

lim P(BCCp) =1, (47)

n—o0

whose proof is relegated to Appendix C. Now put HO = GO + (1 4+ o;)(Y — GO) for
l=1,2,..., where

_ 3v/ndy,Lg 0
P fin X — GOy~

07/

Then (47) implies that P(HY € Cp,1=1,2,...) — 1. Thus by (45),

(Y - GFY x. si7tu, S, v — Gy
> (Y — G gk _ G-1)y (48)

for all 1 < k < m on JF,(m) except for a vanishing event. Put H,(m) = (Y = Y|r <
27  minj<j<p Y — GUD|| £} On Fp(m) N H,(m) except for a vanishing event, (48) and
Cauchy-Schwarz inequality yield

(¥ - G0 X, £, §vT - Gl
Ik g Ik Ik

>7(Y — G D _ G-y

>7(1+ ) {1V = GEVE = Y = Y e ¥ = GV |

>7'(1 + ap_1)

i el
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for all 1 < k < m. Notice that [|[¥ — G*=D|p > (2/3)[¥ = G*D||p for all 1 < k < m on
Hy(m). Hence, by Lemma 10(ii), (iii), and a similar argument used in (34),

v _ Gk x. s, &, vT _ Gk—1)y2
(Y - G*-D.X; 32105 §,vT — G-

Y -GW2 <y - GFD|2 — - , -
Jk Ik Jk Ik

+2(E, G — g#)y
720} — G k1) G(k71)>2

<IIY - GED - +2(B, GO - GW)

dnpL?2
~ ~ 2 1+ an_ )2 _ o ~
<7 @k _ Tt a-)T o aw-e o @R g®
<| I - oo 4+ 2B, )
B . 2 Y_G(k—l)n?
<Y — (k—1)2_7|| F

Q S177. & vl A(k—1
+ 2()\k - )\k)<E, X}kzjk UijkV3k — G( )>

- s T2 8u &2
<Y — G2, <1_64#4K >+1_€Lf
n

for all 1 <k < m on F,(m) N Hy(m) except for a vanishing event. It follows that, on the
same event,

~ R N 2 m 2
HY—GM%SHW%@. " ) S my

— 4
641Ky, 1—er n (49)

By (29), on F5(m) N H,(m) there exists some 1 < k < m such that
a2 2(F — G, HED _ G
>(1+ ap1)(Y = GED ¥ — G

>—(1+ap)|Y — GF Y2

>V Y — G
_8/1/3/2\/@“ HF7

which implies

8u_ (m—k)&g

¥ — @M < ¥ — GE-D|2
[ I% <l I+

8u_ (m— k)&
—€r n
2
HY _ G(kfl)H% + 8 (m — k)gE
1

— €, n

160723 Su £2
( oL? mn+1_6L(m—k)> FE (50)

<2Y = Y|} +2)¥ - GEV 4 -

<

| Ot

IN
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Next, on H¢(m), there exists some 1 < k < m such that [|[¥Y — G*=D|2, < 4||[Y - Y|%. By
(27) and the parallelogram law,

Y = GM|% <Y = GE DR +2) (E,GV) - GW)
j=k

8 (m—k)&3
1—¢p n

<10|Y — Y||% + (51)

on H¢(m) except for a vanishing event. Finally, note that (49)-(51) are valid for any choice
of L and R; so long as LjTLj =1y = RjTRj, J € J. In Appendix C, we show that L;, R,

Jj € jo, can be chosen so that

LHY—YH? < 8@2i =0 &k (52)
ndy, = (nd, —€p)* P \n20%)"

Hence, by (49)-(52), the desired result follows. [ |

Now we are ready to prove our last main result.
Proof [PROOF OF THEOREM 3] Note first that C;, (defined in (44)) is a convex compact
set almost surely. Thus we can define Y* to be the orthogonal projection of Y onto Cy.
Since G(™) ¢ Cr, and 6%1 < 67271” for m > m,,, it follows that for m > m,,,

IY* = G =Y = GMF - [Y = Y5 +2(Y" - Y, Y - G™)
<Y = G| — Y - Y*[|F
=Y* = G2 — (Y — Y*, G —Y*) — 2(E, G™) — Y
<2 Y* = GU|F + YT = Y7 — 2(E, G — Y7, (53)
Note that if H, G arein Cr, with H = 3. _; X; 37 'U;SHV and G = 3 ; X, 271087 V],
then by Proposition 8 and (C3) we have

2

n
IH - G% > B > lIst - sl
" ed

Hence

1o Kn
IH - G| (54)

n

(E.H-G)| <pép ) 81 -S|, <¢p
jed

Combining (53) and (54) yields

s

IY* = G E < 20 = GU|f + | Y* = Y[} + 26/ =Y = G
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Since 2% < ¢ + bz (x,b,¢ > 0) implies z < (b+ Vb2 + 4c)/2, we have
IY* = G < 2y — Y[+ 4] — GO 45k 55
rs F b ok, (55)

By (55) and repeated applications of the parallelogram law, it is straightforward to show

a
nd,

1 ~ ~(m O * Y, ~(m /1/5an2
V=G < ST Y Y - G

for some absolute constant C'i. The right-hand side does not depend on m, so the inequality

still holds if we take supremum over m > m,, on the left-hand side. Moreover, by (C3) and
Theorem 1, we have

1 o * > 1 Y * Y A :U‘SK‘ 62
sup > 185 B3 = 0, (- (Y - Y4 1Y - GO+ S )
(et

m>mn Tdn
(56)
By Theorem 7 and the choice of m,, we have
1 v A(min) (12 ﬂngr% n2dn 5121
n—dnHY—G( % =0, (nan log e +n25% . (57)

By (C6), it is not difficult to show Y, defined in (46), is in Cy,. It follows from the definition
of Y* that

Y = Y*|5 =Y = Y*[7 - [E|F - 2(E, Y - Y¥)
<Y - Y| - |ElF - 2(E, Y - Y)
=Y - Y|% +2(E, Y* - Y). (58)
By (54) again,

* N/ M5H7’L 1/2 ¥, *
(B Y = Y)[<&p | — 1Y = Y*||F. (59)

Now if [|[Y — Y*||r > 2||Y — Y*||r, then ||[Y — Y*||p < 2|[Y — Y||#. This, together with
(58), (59), and (52), yields

5 1/2
¥, * Y, ¥, HK Y Y
¥ =Yl <Y - Y1 +age () 1Y - Ve

2
- K
<O~ Y|} + 4° E

ndné% 5
— 2 14
(non —€p)2

On the other hand, if ||[Y — Y*||p < 2|[Y — Y*||p, then (58) and (59) imply

Rn 6%

<16uL3 (60)

5 1/2
- . - - UK ~ .
¥ =X <Y - Vi age (52) Y - Y
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By a similar argument used to obtain (55), this and (52) yield

~ . K 52 - _
1Y = Y7 <16p°=E +2/|Y = YI7

Kn&? nd, &2
<161°25E 4 16yl ——"E 1
= 6,u n + GM 0 (n(;n 7 é—E)Q (6 )
In view of (56), (57), (60), (61) and (C5), the deisred result follows. [ |

Appendix C. Further technical details

In this section, we present some additional auxiliary results along with the proofs of (36),
(39), (40), (47), (52). Some existing results that are useful in our proofs are also stated
here for completeness with the references to their proofs in the literature. These results are
stated in the forms that are most convenient for our use, which may not be in full generality.

Proposition 8 (Ruhe, 1970) Let A, B be matrices with size m xn and n X p respectively.
Then

ZU ) > |AB|% > Z% (M) (B).

7j=1

Remark 9 One consequence of this inequality we frequently use is o3 (A)||B||% > |AB||% >
02(A)||BJ/%. Note also that by transposition the roles of A and B can be interchanged on
the left- and right-most expressions.

Lemma 10 Assume (C1)-(C2) and that 375", ||Bj |« < L. Suppose L, = di/*Lg is chosen
so that Lo > L/(1 —er) with 1 —er, < 1/(4u?). Then for first- and second-stage RGA, with
probability tending to one,

(i)
L (k=1)112, > (1 — 2
,g;fm 1%, B, = GHVIE 2 (1 — el (62)
gfmeX 3105 Se VS — GEVIE > (1 — ep)uli (63)
(ii)
. 2 $E
sup [Ap — Mgl < 64
kZIi)’ k k‘ _(]. *EL)LO nvdn ( )
(iii)
< 1.
(B, e )
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Proof We shall prove the results for the second-stage RGA. The corresponding proofs
for first-stage RGA follow similarly and thus are omitted. It is also sufficient to prove (i)-
(iii) assuming the condition described in (C1) holds almost surely because the event that
the condition holds has probability tending to one. It will greatly simplify the exposition
(without repeating that the inequalities holds except on a vanishing event). Note that

o1y 7. & T v _ A(k-1)
(X;, 2105, 8V Y - GEY)

J
=X, ¥71U. §,;vI Y - Gy —(x. 71U S v
_<Xjk Ej‘k Ujk Sij‘kaY G ) <Xjk Zj'k Uijijk,E>
A1 & ~rT

= = (X525, U3 SV, B

1T & T
> — szk Xﬁ'kE||°pHU5kSkV3kH*
> — pLnék,

where the first inequality follows because <X5'k 2;1U3kSkV§T Y — (A}(kfl)) > 0 with prob-
k k

ability one and the second inequality follows because the dual norm of the nuclear norm is

the operator norm. By Proposition 8, we have

X, ﬁzj—klUj.kSkvi - GED2,
>|X; ﬁlj‘:UijijTk = 2<X3kﬁ:5fk1U3kSkV£, G-y
>np U5, SkV 17

+ 2<X3kf33;1U3kSijTk,? — Gy 2<X3.k$3;U3kSijTk,?>
>np L2 — 2uL,fp — 2<X3kﬁ);U3kSkV5Tk,Y),

where the last inequality follows from the fact that S, is rank-one with singular value
L,. Thus, by writing S, = L,ab” for some unit vectors a, b, we have ||U3kSkV5TkH%7 =

LiHUjkabTVg; |2 = L2. Next, observe that

Pn
£ & T v Syl @ v o)X LR
(X5, 25105 8,V] Y| =) (X, 2105, 8.V X Bj)
j=1
Pn
* T o1 —1 S T
< Z ||B]||*HXJ ngzjk U}‘kskvikHOp
j=1
<(1—e)Linp.

Therefore,

v, 171, @ vT _ Ak-D12 <, ~172 _ o1 _ 2 e
(ndy) HXjkEj‘k Uijijk G |72 >p "L —2(1 —er)Lgp QMLOn\/a
e

ndn

>2(1 — eg)LEp — 2uLg
Since £ = op(ny/dy) by (C2), (63) follows.
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_ For (64), note first that if the solutions to the line search problems (9) and (25) (with
B;, replaced by Ej,_lUijkV;) for second-stage RGA are not constrained to be in [0, 1],
k k

then they are given by
Ak=1) x. 111, & vT _ Gk-1
(Y — G( >,Xjkzjk U;, SkV G=1))y
Ly 1T, @ VT Ak=1)2
IX;, 2. U5, SV G113,
v _ () (k-1) oy—lyT. & T _ (k-1
(Y — G( X;, 2105 SV -G ))
sl & vT L Guk=1)]2
I1X;, 2 105, SV G*-1)2,

i

)\k,uc =

)‘k,uc =

Since GO can always be expressed as GO = 3. iei X E 'UA; VT with e | A« < Ly,
it follows that

\<E,X;§:§U3k§kvﬁ — G-y
HXjkEj_ker Si VT — G112,
2LnM§E
HX 2 v, skvT — Gk-D)2,
2§E
_ndiﬂ(l — eL)LO’

’Xk - )\k’ < ’Xk,uc - Ak,uc’ -

with probability tending to one, where the last inequality follows from (63).
For (65), it suffices to prove that lim,, o P(Ey) = 1, where E;,, = {maxi<p<x, Aguc < 1}
On E¢, there exists some k such that, by Cauchy-Schwarz inequality and (27),

X5, 32105, 8, Vi~ GEVIE <l - G
k—1

<IY[E+2) (B,GHI) - gl
7j=1

>_A

=Y +2 Z - \)(E,X; 21058V - GOY)

<|[Y|? N — Al
<[[Y[|z+ 4KnLnM§E max RYEP (66)
It is easy to see that
. P
IXlr= (> X;Bj|| <(1—eL)lny/np. (67)

Thus, by (63), (64) and (66)-(67), we have

]P)(E'rcl) < P <(1 B GL)L(Q)’LL{l n (1 N EL)} = 1-— €L n2dn

where the last equality follows from (C2). [ |
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Lemma 11 Let {ay,} be a nonnegative sequence of reals. If

anmfl
ap < A, and apm < gy (1 - + b,

A
form =1,2,..., where by, > 0 with by = 0, then for each m,
A m
< — by. 68
“ _1+m§2+kz:0k (68)

Proof We prove by induction. When m = 0, (68) holds by assumption. Suppose now that
(68) holds for some m > 1. Then

2,

Amt1 <am <1 - §A > + byt
<
Tam +E2/A

bm+1
1
S ]
(ﬁ +2 ko bk) +£%/A
Trome? T o b

= 2
A m+1

+ bt

+ bm+1

<2 Ny,
“14 (m+ )& kz_:o’“

where the second inequality follows from 1 —z < 1/(1 + z) for z > 0. |

Remark 12 Lemma 11 is a slight modification of Lemma 3.1 of Temlyakov (2000).

Proof [PROOF OF (36)] On £S(m), there exists some [ < m such that

7d,%¢p > max (Y -GV X;B; - GUY) > Y - GUY|E.
>J)SPn
IBjll<Ln

By (27) and Lemma 10(ii), it follows that, on £¢(m) except for a vanishing event,
1Y~ G <Y - GOV 2 (B, GW - a®)

k=l

~

k=l
2
<Fdy/*¢p + M,
n(l — GL)
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which is the desired result.

Proof [PROOF OF (39) AND (40)] Note first that for any D > 0, (D+z)/(D—x) < 1+3z/D
forall 0 < < (1 —+/2/3)D. It is not difficult to see that

4Lo& 2 e . _ .
pI AL < (1 [2) (nd) Y~ GO+ () BIE) 1 <k < g,
ndn/ 3

ALo€ 2.
21@{ nd(jl/f <(1- \[B)M 1} —o(1)

—1.

Thus, on G, except for a vanishing event,

1/2
1 -
A <1+ ] 2L9§E/(nd )
(ndy) Y — GB35, + (nd,) | E[ 7

<1+ 12ML0%,
ndy,

for all 1 < k < k. This proves (39). We now turn to (40). Since for any positive A and

B, A/(B+zx) > A(l —x/B)/B for all x > 0, it follows from (37) that on G,, except for a
vanishing event,

s (ndn) 'Y — GE|I3
" TUL2 (nd) LY — GED |2 (ndy) L |E1%

X (1 - ALoEp/ (ndi/*) )
(ndn) MY — GE=DZ + (ndn) [ Ef5

- 251 1 | AMLoSp
TALZp2 1+ pM sy, nd/?

for 1 < k < k, which proves (40).

Proof [PROOF OF (47)] Let

H=> X;¥'U,D;V] € B.
jeJ
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Note that Proposition 8 and (C3) imply

IY —H[% >np~" ¢ Y 170, (LAR] —D) VI R+ Y |37'UD,; V] - B[
jedo jed—Jo

_ T Ty *
>np? § Y ILAR] = DylE+ > [[U/EB;V; - Dj%
jejo jej—jo
2
n

>
3k

> ILAR] Dyl + > |[U/%,B;V, — Dy,
jedo jed—Jo
Since H € B, we have

2

. 9d,L% 9L?
S OIL AR Dyl + Y U/ EB;V, - Dl < 1n6 0= ETR

jedo jed—J,

By the triangle inequa}ity, wehave 37 7 [Djlls < 3Ln/4+37 5 1A 1425055, \|§JJB;J|*
Becauserf (C6), and J, C J, (with probability tending to one), >~ 5 [[A;ll+>2,c ;5 5 [15;Bjl« <
> iei BBl < (1 —er)Ln < 4=y~ 'L, < L,/4. Hence Zjej,; |Dj|l« < Ly, which
proves H € Cy. [ ]

Proposition 13 Let A* be an m X n matriz and A = A* + E be its perturbed version. Let
U.X. V] and UXVT be their truncated SVD of rank r., respectively. If o, (A*) = o,, >
Or.+1(A*) =0, and if |[E|op < or,, then

\/imaX{HETU*HOp, HEV*”O;D}
or, — [|Elop

Y

max{dist(U,, U), dist(V,, V)} <

where dist(Q, Q«) = ming [|QR — Qxllop for any two orthogonal matrices Q, Q* with r
columns, where the minimum is taken over all r x r orthonormal matrices.

Remark 14 Proposition 13 is a consequence of the perturbation bounds for singular values
(Wedin, 1972). A proof can be found in Chen et al. (2021).

Proof [PROOF OF (52)] Note first that

Y -Y =) X3 N UL - Uj)A V]
j€Jdo
+ X3 UL A (VR - V)T
i€Jo

46



FEATURE-DISTRIBUTED MULTIVARIATE LINEAR REGRESSION

By triangle inequality,

IY =Y|r <vnp | D Allr {ng IU;L; — Ujllop + max IV;R; — V~jHop} - (69)
.5 J&Jo J&Jdo
J€Jo

Let U7 and Vi be sub-matrices of U; and V; consisting of column vectors that
correspond to the leading 7; singular vectors. Write U; = (Ujz,U; ) and V; =
(Vi V). Since X]Y = XTY — XTE, it follows from Proposition 13 and (C5)

that there exist 7; x T; orthonormal matrlces L and R such that with probability tending
to one,

L L V2 max{[|E"X;Ujlop, | X]EV; 0}
max{||U-7—.L‘—U‘|| IVim R = Vi }S ]
g, g gllops 1V j,7j Hbj Jilop noy — HXJ'TEHOp

. V2%
_nén - §E

Set L] = (L, 05,4 (7—r,)) and R} = (R],0; «(5_s,) for j € J, in (69). Then by (C4) and
(C6), 1t follows that

2 2
* 2\/§§E 2 6125'
Y — A ——— | < 8ul*nd,——*=——.
Jj€Jo

Proof [Proof of Corollary 5] By Lemma 2, () +# = O,(s2). Thus running the first-stage
RGA with the just-in-time stopping criterion costs

Op(sp(n1 + du)) (70)

bytes of communication per computing node. In addition, preparing {ﬁ);l 1 j € J } and
(U;,V;) for j € J with g, ; A dyn > 7 costs

Op Z{Qi,j + (qn,jdn + 7(qng + dn))1H{qn; Ndn > 7}}
jeJ
=0,(n3%s2 + nSd,s2 + sp(nf + dy)). (71)

Since the communication costs per node at the k-th iteration of the second-stage RGA is
at most

O, Z (7&1{(]11,]' ANdp > 7} + Qn,jdn]-{Qn,j ANdy < ’Iﬁ}) + dpk + 11
jeJ
=0, (s + nfdps? + dp k—l—m)
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running my, = O, (s} log(n?d,/€2)) iterations (see Theorem 3 for the definition of m,,) costs

n2 2 2
O, < 8 + s2nfdy, + nq)sp log gdn + dpsS <log ng;ln> > (72)
n n

Combining (70)-(72) yields the desired result. |

Appendix D. TSRGA for high-dimensional generalized linear models

In this section, we apply the idea of TSRGA to and propose a modified algorithm for
estimating the generalized linear model (GLM). Focusing on the case of a scalar response
yt, the GLM postulates that the probability density function f of y; (or the probability
mass function if y, is discrete) belongs to the exponential family. In particular,

f(y;0) = explyb — r(0) + h(y)],
and

Pn

E(yeleea, . wep,) =1 Z 5}‘%&,3‘

Jj=1

where 0 is called the natural parameter; r, h are known functions, and r’ is the derivative
of r, which is also known as the inverse of the link function (see, e.g., Dunn and Smyth,
2018; Han et al., 2023). To maximize the log-likelihood function, scaled as y6 — r(6), one
can minimize the following loss function

n Pn Pn
1
= E : e\ D Bireg |+ | D Biweg | |
t=1 j:l j:l

where L, (1) =n~! Sori(yere — (1)) for 7= (71, ... o).
Interpreting y; — 7’/ (Z?Zl Bjxt ;) as the residual, we can implement RGA as follows.
First initialize G(® = 0. Then for k = 1,2,..., K, find

¢ (k=1)
jk € arg II;EL}I()" - ; (yt ( G’ )) Ty j (73)
and update
G(k) = (1 — Xk)é(kil) + S\kLSijk, (74)

where G = (@gk), . ,CA},(lk))T, L > 0is given, z; = (z1,... ,mnvj)—r,

Sk = sgn (; Z (yt - T’(ng_l))) %ﬂ) )

t=1
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and \; is determined by

A = arg min L, (1 — NG* Y 4 \Lspz- ).

S SV X0 ll ) ¥25,)
It is not difficult to see that (73) can be easily solved for feature-distributed data and
constructing G*) in each node requires a communication cost of O(n) bytes. The second-
stage RGA can be implemented similarly with the set of predictors considered in (73)
restricted to J, the set of predictors chosen by the first-stage when the just-in-time criterion

is met. Finally, since £, could take negative values, we modify the just-in-time criterion
(6) as

gn(é(k))

-~ . .. 1
[,n(G(k_l))

l%:min{lgkgKn:

< tn} . (75)

In the same spirit as (6), (75) terminates the first-stage RGA as soon as the improvement
in the loss function is below certain threshold, which would save some communication costs
and speed up the algorithm.

Next, we examine the performance of this version of TSRGA ((73)-(75)) using simula-
tions. In the following experiments, the predictors x; ; are generated as in Specification 2.
We consider the following two specifications.

Specification 5 (Logit model) The response y; takes only values in {0, 1} and is generated
via
1

]P) = == yl_ -y =
(Y = y,00) = 6/(1 = 6:), 6 1+ exp(= 302, Bjwrs)

where (87, 85, 83, 81, B5) = (—2.4,1.8,-1.9,2.8,-2.2), 87 = 0 for j > 5. For this model, we
have r(6) = log(1 4 exp(h)).

Specification 6 (Poisson model) The response y; takes values in {0,1,2,...} and is gen-
erated via

Gfe_et on "
P(y; = y,0:) = M 0 = eXP(Z Biwj)
=1

and (B}, 53, 5. 55, B2) = (0.15,-0.25,0.35, —0.45,0.55), 87 = 0 for j > 5. For this model,
we have 7(0) = exp(f).

As a benchmark, we compare with the ¢1-regularized GLM which solves

min Ln(XB) + A8l (76)

with A selected by 5-fold cross validation. Table 4 reports the parameter estimation error
183 — B*||2, the number of irrelevant variables selected (false positives, FP) and the number
of relevant variables not selected (false negatives, FN). For the logit model, we additionally
report the out-of-sample prediction accuracy on a test set of size 500. For the Poisson model,
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Logit n=800,p=1200 n = 1200,p = 2000
TSRGA /;-GLM TSRGA  (-GLM
IB—pB*l. 0698 2185  0.689 2.036
FP 0.018  82.808 0  105.070
FN 0 0 0 0
Accuracy 0.901 0.888 0.901 0.892
Poisson
I8 —B*l2 0135 0190  0.060 0.144
FP 6.638 25470  1.830 25.146
FN 0.114  0.008  0.020 0
RMSE 1.324  1.363  1.283 1.329

Table 4: Simulation results for estimating high-dimensional GLMs. ¢;-GLM is defined in
(76). The results are based on 500 simulations.

the out-of-sample prediction error is measured by RMSE. All these figures are averages over
500 independent simulations.

The results show that for both the logit and Poisson models, TSRGA yields parsimonious
and accurate coeflicient estimates, with comparable out-of-sample prediction accuracy to
the ¢1-GLM defined by (76). In particular, the low FP and FN values of TSRGA may be due
to its variable selection properties. Though we expect the general conclusions about TSRGA
in this paper, such as the sure-screening property, to hold under the GLM framework, the
rigorous mathematical treatment is left for future work.

Appendix E. Complementary empirical results

In this section, we present some additional simulation results regarding Specifications 1 and
2, and supplementary results associated with the real data example.

Figures 5 and 6 plot the parameter estimation error, as in Figures 1 and 2, against the
elapsed time. Clearly, TSRGA converges within the least amount of time. In particular,
its second-stage only takes a very short amount of time, thanks to the dimension reduction
after the just-in-time stopping criterion. Other methods behave similarly as those in Figures
1 and 2, as their implementation cost scales directly with the number of iterations.

Figures 7 and 8 plot the out-of-sample prediction error (measures by the root mean
square prediction error on an independent test sample) of the methods under Specifications
1 and 2. For Specification 1, the final prediction accuracy of TSRGA, cross-validated Lasso,
and Hydra are similar. However, for Specification 2, TSRGA clearly is the most desirable
prediction tool among the methods under consideration.

Tables 5 and 6 report the p-values of testing, for each month, whether Lasso, iRRR, and
TSRGA produced smaller errors compared to the group-wise VAR when predicting volatility
and return respectively. A smaller p-value indicates the method outperforms gVAR with
higher confidence. See Section 5 for the description of the data and the experiment. For
volatility, the results show that the methods achieve statistically significant improvements
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over gVAR in most months, consistent with the much smaller RMSEs reported in Table
3. For return, the results are more mixed. For example, TSRGA performed well only on
January, February, July, September, and December, which implies the differences in RMSEs
reported in Table 3 might not be significant.

5.0

N
»

log estimation error
°
=

log estimation error

0 1 3 4 0.0 75 10.0

elapsed time (sec)

5.0
elapsed time (sec)

(a) n = 800, p,, = 1200 (b) n = 1200, p,, = 2000
5.0
. 2.5 Methods
= — TSRGA
e - - RGA (L=500)
;g = RGA (oracle L)
g —— Hydra (25%)
:.a 0.0 = = Hydra (50%)
; Hydra2 (25%)
o Hydra2 (50%)
25 0 e TE— e -
0 12

8
elapsed time (sec)

(¢) n = 1500, p, = 3000

Figure 5: Logarithm of parameter estimation errors of various methods against the elapsed
time under Specification 1, where n is the sample size and p,, is the dimension of
predictors. The results are based on 100 simulations.
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Figure 6: Logarithm of parameter estimation errors of various methods against the elapsed
time under Specification 2, where n is the sample size and p,, is the dimension of
predictors. The results are based on 100 simulations.
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log RMSE
log RMSE
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Figure 7: Logarithm of out-of-sample prediction errors of various methods under Specifi-

cation 1, where n is the sample size and p,, is the dimension of predictors. The
results are based on 100 simulations.
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Figure 8: Logarithm of out-of-sample prediction errors of various methods under Specifi-

cation 2, where n is the sample size and p,, is the dimension of predictors. The
results are based on 100 simulations.
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Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

K =50
Lasso 0.50 097 0.00 072 046 1.00 0.00 0.22 0.00 0.02 0.09 0.00
iRRR 0.00 0.55 0.00 0.01 097 1.00 0.00 1.00 0.00 0.00 0.00 0.00
TSRGA 0.00 0.59 0.00 0.01 0.98 0.95 0.00 1.00 0.00 0.00 0.02 0.00
K =100
Lasso 0.26 0.72 0.00 061 028 099 0.00 0.33 0.00 0.01 0.01 0.00
iRRR 0.00 0.01 0.00 0.00 097 099 0.00 1.00 0.00 0.00 0.00 0.00
TSRGA 0.00 0.00 0.00 0.02 0.85 0.62 0.00 0.92 0.00 0.00 0.00 0.00
K =150
Lasso 0.0r 042 0.00 047 045 099 0.00 0.61 0.00 0.00 0.01 0.00
iRRR 0.00 0.00 0.00 0.00 1.00 0.90 0.00 1.00 0.00 0.00 0.00 0.00
TSRGA 0.00 0.00 0.00 0.07 1.00 1.00 0.00 0.84 0.00 0.04 0.00 0.00
K =200
Lasso 0.14 0.22 0.00 045 0.24 099 0.00 0.52 0.00 0.00 0.00 0.00
iRRR 0.00 0.00 0.00 0.00 099 098 0.00 1.00 0.00 0.00 0.00 0.00
TSRGA 0.00 0.00 0.00 0.02 1.00 0.97 0.01 1.00 0.00 0.00 0.00 0.00

Table 5: p-values for testing against the alternative hypotheses of whether the methods
yield smaller errors in predicting volatility compared to the gVAR.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

K =50
Lasso 0.87 0.00 0.80 1.00 0.08 0.056 0.00 099 1.00 1.00 0.16 0.33
iRRR 1.00 0.00 0.34 1.00 0.00 0.55 0.00 1.00 0.05 0.91 0.01 0.00
TSRGA 0.00 0.00 0.09 0.92 1.00 1.00 0.00 0.84 0.00 0.98 0.72 0.00
K =100
Lasso 0.93 0.00 070 1.00 0.63 0.01 0.00 098 1.00 1.00 0.00 0.14
iRRR 1.00 0.00 0.39 1.00 0.00 0.56 0.00 1.00 0.04 091 0.01 0.00
TSRGA 0.00 0.00 0.09 0.92 1.00 1.00 0.00 0.84 0.00 0.98 0.72 0.00
K =150
Lasso 0.03 0.00 085 1.00 096 0.02 0.00 099 0.99 1.00 0.00 0.02
iRRR 1.00 0.00 0.52 1.00 0.00 0.71 0.00 1.00 0.07 0.91 0.00 0.00
TSRGA 0.00 0.00 0.09 092 1.00 1.00 0.00 0.84 0.00 0.98 0.72 0.00
K =200
Lasso 0.02 0.00 066 1.00 098 0.03 0.00 098 0.99 1.00 0.00 0.01
iRRR 1.00 0.00 0.58 1.00 0.00 0.76 0.00 1.00 0.13 0.91 0.00 0.00
TSRGA 0.00 0.00 0.09 092 1.00 1.00 0.00 0.84 0.00 0.98 0.72 0.00

Table 6: p-values for testing against the alternative hypotheses of whether the methods
yield smaller errors in predicting return compared to the gVAR.
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