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Abstract

Multi-target linear shrinkage is an extension of the standard single-target linear
shrinkage for covariance estimation. We combine several constant matrices - the
targets - with the sample covariance matrix. We derive the oracle and a bona
fide multi-target linear shrinkage estimator with exact and empirical mean. In
both settings, we proved its convergence towards the oracle under Kolmogorov
asymptotics. Finally, we show empirically that it outperforms other standard
estimators in various situations.
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1 Introduction and related work

The covariance matrix plays a major role in numerous machine learning algorithms and statistics.
Just to cite a few, array signal processing [[1], [2], generalized method of moments estimators [3l],
financial portfolio management [4], [5] and forecasting [6]], functional genomics [7]. However, those
algorithms are designed to use the population covariance matrix, which is often unaccessible. The
sample covariance matrix severely fails in many applications: for instance, for Markowitz portfolio
management it does often not beat a naive uniform diversification among the assets [8]].

In the context of Kolmogorov asymptotics, where the ratio of the dimension p,, and the number of
samples n tends to a finite positive constant 22 — ¢ > 0, the sample covariance eigenvalue spectrum
is spread: high eigenvalues tends at being too high, and low ones, too low [9], [10], [L1].

Influenced by the work of Stein on Gaussian mean estimation in 1956 [12]], we focus on a specific
type of regularization: shrinkage estimation. The motivation is to design a covariance estimator that
behaves well in high dimension, with a lower variance than the sample covariance at the cost of an
increased bias. This variance-bias trade-off aims at reducing the overall mean-squared error (MSE)
of the covariance estimator with respect to the population covariance X. Linear shrinkage estimators
linearly combine the sample covariance matrix with a finite set of predefined constant matrices - the
targets.

More formally, we denote by .S the sample covariance, and we consider N € N targets, denoted
(T@)N_,, which are constant matrices of the same size as S. Usually, when there is only one target,
N =1, we chose ") = I the identity matrix [13]. With N = 2 targets, a standard example is the

following. Consider the a diagonal block population covariance ¥ = (?61) (2?2)> . Evenif ¥; and

Yo are unknown, we can leverage our knowledge of the block structure, and chose the following
targets:
Lo (0) (0) (0)
T = ( ! ) and T = ( : 1
©) (0 (0) I M
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where I; and I5 are the identity matrix of same size as, respectively, 21 and ¥5. A linear shrinkage
covariance estimator X is, by definition:

N
=S + Z e; T, where (coy.-yCN) € RY. )
i=1

It is a linear combination of the sample covariance and the targets. The challenge is to estimate

(co, ..., cx) only with the observations in order to minimize the Frobenius norm ||3 — 3|2, where ¥
is the population covariance.

Many single-target shrinkage estimators (STSE) were proposed, just to name a few: Ledoit-Wolf
linear shrinkage [13], its extension for Gaussian distributions named Oracle Approximating Shrink-
age (OAS) estimator [[14], linear shrinkage with factor models [[15], linear shrinkage for elliptical
distributions with unknown mean and known radius distribution [[16].

However, the performance of those algorithms highly depends on the choice of the target and its
similarity to the population covariance . Thus, there is no general ideal choice of target fitting
all covariances X. The use of several targets instead of one can lead to superior classification
performance [17, [18]. The methods to compute multi-target linear shrinkage estimators are less
numerous. With only two targets, an analytic estimator is given in [17]]. The general case for any
number of targets an estimator was proposed for Gaussian distributions in [[19]]. In the distribution-free
case, an implicit analytic estimator was proposed in [[18]], retrieved from solving a strictly convex
problem. Nevertheless, to the best of our knowledge, there is no theoretical analysis of any of those
algorithms comparable to the quadratic convergences we have in single-target shrinkage.

We address the lack of explicit estimators and theoretical results for multi-target shrinkage covariance
estimation. This paper proposes an explicit analytic distribution-free multi-target shrinkage estimator
(MTSE). It provides an asymptotic theoretical analysis, proving its quadratic convergence to the
oracle estimator in the scope of Kolmogorov asymptotics. Experimentally, our estimator outperforms
single-target estimators in the sense of MSE in various situations.

The paper is organized as follows. In section 2, we introduce the notation, definitions and hypotheses
necessary to define and address the MTSE problem. In section 3, we expose the problem, the explicit
oracle and proposed estimator, and show its quadratic convergence. Section 4 presents the numerical
simulations. Finally, section 5 exposes the principal limitations of the approach.

For easier reading, technical proofs of the theoretical results are derived in the appendix, we will only
give the idea of proof for intuition in the main corpus.

2 Notation, definitions and hypotheses

Let us introduce the following notation.

Notation 1 (Observations). We consider a sequence of observation matrices (X, )nen+ with X, €
RP»X"™ of n iid observations on a system of p,, dimensions. Decomposing the covariance matrix,
we denote Y., = FnAanL, where N, is a diagonal matrix and T, a rotation matrix. The diagonal

elements of A,, are the eigenvalues \7, ..., Ap,.» and the columns of I'y, are the eigenvectors Y1, ..., 7, .
Y, =Tt X,, is a p, Xn matrix of n iid observations of p,, uncorrelated random variables (y}, ..., y™).

Notation 2 (Norm). Let A, and B,, be two p,, X p, matrices. We consider the Frobenius norm:
| Anlln = /tr(A, AL) /py, and the associated inner product: (A, By)y = tr(A,BL) /py,. Divid-
ing by the dimension is not standard, it is done to fix the norm of the identity as 1 regardless of the
dimension.

Notation 3 (Convergence). Let (E,,),, be a sequence of euclidean spaces with associated norm
|-|ln- The quadratic convergence of a random variable Z,, € E,, i.e. E[|Z,|/2] — 0, is denoted as
Zn — Q.

q.m

W define the sample covariance in the setting of known and unknown mean, and the set of targets.

Definition 1 (Empirical covariance). As we are studying both situations of known or unknown mean,
we will use a different sample covariance Sy, depending on the situation. If we know the mean of the
distribution, for an observation matrix X,, of size p, X n, we define the empirical covariance as:

S, = (X, — E[X])(X, — E[X])T /n. 3)



Otherwise, if we do not know the mean of the distribution, we will use the unbiased sample covariance:

o o 1
Sp =X XTI /(n — 1), with (X)) = (Xn)ir — - ;(Xn)ik/. @)

Definition 2 (Set of targets). For each n, we define the finite sequence of N, € N* targets:

Nn
(T,(Lk)) , where each T,(Lk) is a symmetric matrix of size (py, pn), not necessarily positive. We
k=1

Ny
assume that for each n, (Tygk)) i form a linearly independent family, orthogonal and normalized.
=1

The “orthogonal and normalized” condition is not really a restriction in practice. Indeed, we
can built any linearly independent family Ték) of symmetric matrices. Then, we can use the
Gram-Schmidt algorithm [20]] on this family to make it ortho-normalized, without modifying

Nn -
Span ((T,E’“)) i >, so without changing the space of multi-target estimators of the form X =
—1
oS + sz\; e T, where (g, ...,cy) € RN,
Nn
So, we consider without loss of generality that the family (T,gk)) i is orthogonal and normalized.
=1

We describe now several assumptions, extensions to our framework of the assumptions used in the
linear shrinkage of Ledoit and Wolf [[13], which will be used in the following. The first one is the core
hypothesis in Kolmogorov asymptotics: the dimension can grow along with the number of samples.

Assumption 1 (Dimension). There exists a constant K1 independent of n such that p,, /n < Kj.

Bounded 8-th moments are necessary for the proofs, even if experimentally we will see that bounded
4-th moments seem sufficient for the convergence to hold. For the notation, y;; designates the i-th
dimension of the first sample in Y,,. As all samples are i.i.d., it could be any other arbitrary choice of
sample in [1, n] of course. Similarly, X7 is the first sample, of size p,,, from X,,.

Assumption 2 (Moments). There exists a constant Ky independent of n such that

4
L SPn B [(y1)8] < Ko and for all k € [1, N,], E [<Xf(Xf)T,T,§’“>>J < K.

P Li=1

The number of target N,, can depend of n, while staying negligible compared to n. Intuitively,
each target comes with an additional coefficient to estimate, and the estimation error decreases the
performance of the bona fide estimator.

Assumption 3 (Number of targets). The number of targets N,, verifies that: N,, = o(n).

Already present in [13]], this technical assumption, not really restrictive in practice as argued in the
same article, is still necessary here.

Assumption 4 (Technical covariance assumption). With Q,, the set of all the quadruples that are
made of four distinct integers between 1 and p,,, and for all i € [1,p,], 94 = y? — E[y?], we have:

lim pj y Z(i,j,k,z)eQn(COV[gﬁg?p51?13]?1])2

=0.
n—oo M |Qn]

Finally, for the MTSE problem to have a.s. a unique solution, we need the following characterization.

Ny
In practice, if || S, |12 — > (Sn, Ték)ﬁl =0, i.e. if S,, € Span ((Tfp)k ), simply return .S,,.
=1

Assumption 5 (Well-posed problem). For each n € N*, using the associated probability PP,, of the
distribution indexed by n,

P [[1S0]2 = S (S0, T2 :o] 0.
k



3 Oracle and proposed estimator

Remark 1. As all the estimators in the following are invariant by translation in the case where we
do not know the mean, we can suppose E[X] = 0 to make the notation lighter. Indeed, we only work

with (Xn)zk = (Xn)ik — % w1 (Xn) ik, which is not affected by any change of mean.

Given a sample covariance S,,, we are looking for a minimizer of the 2-norm in the scope of linear
combinations of S,, and T,(l ).

Ny
.. k) _ 5
g+ 3T, ®
The minimizer ¢* € RV~»*1, solve the following equation:
I8]1n (S, T8 ) oo (S, M)
Sy T ) 1 0
Apc* = by, with A, = < " > . © :
. : (6)
(Su, TN) (0) 1
T
= |:<STL7 ETL>TL7 <T7(1,1)7 En>na ceey <T7(1,Nn)7 ZTL>YL
We have:
det(4n) = [I1Sulls = D (S TV)2,
k
1 (S T (S, TN
- SnaTT(Ll) n
com(a,)7 = | BT 7 @
' (Bn)
(5, T)
N, 7
with By = [ [1Sa]1% = 3 (S0, T8N2 | In, +QQ",Q = {(SH,T}L%”} .
P i=1,...,Ny,
Under Assumpnonl A is invertible and we have: A4, ! = det( T )com(An)T.

Remark 2. In the particular case where A,, is not invertible (not supposing Assumption[S), remove
a target Ty(f) such as (Sy, Ty(f)> # 0 and the new built A,, will be invertible.

Previous derivations lead to the following oracle estimators.

Definition 3 (Oracle estimators). The oracle estimators solving the minimization problem[3are, for

i€ [1,N,]:
Nn
= 1 (S Zdn = D (S TS (B, TN | = (S, T ) — €5 (Sny TS Y-
det(An) ) P ) )y e ytn y+tn

(®)
) . N, k
And we define the oracle estimator of covariance Y5, = Pg+ (C’{)Sn +>" CZTT(L )), where Pg+
is the orthogonal projection on the cone of symmetric positive matrices.

The orthogonal projection Pg+ at the end does not strictly follows the definition of linear shrinkage.
However, as ¥,, is symmetric positive, the projection step decreases the distance || X — %,,||,,. This
step is not necessary for the convergence results to hold, but it is a free improvement we recommend.

Nevertheless, the oracle estimator still depends on X,,, and cannot be computed as it is. We propose a
bona fide estimator, and show that asymptotically it converges to the oracle one. The strategy is the
following, both for known and unknown mean:



» Fori € [1,N,],in ¢}, (X,, T7§,“>n is estimated by (S, T7§,i)>n,
* (Sn,En)n is approximated by [|S,[|2 — E [||S,, — £,7]. Note that in expectation both
—_—

V(S’Vl)
objects are equal. V(S,,) is estimated by V(S,,) defined below,

* Similarly, for each k& € [1, N, ], (Sn, T,(Lk)>n(§]n, T,(Lk)>n is approximated by (S, T,(Lk))2 -

n

E [<sn —%,, T,(Lk)),ﬂ LV ((Sn, T,S’“)>n) is estimated by V ((Sn, T,S’“)>n), defined below.

V((8n.T))
Definition 4 (Known mean - Variance estimators). We suppose the mean to be known. We define:

V) = ot S o
k=1

Leti € [1, N, ]. We define:

&)

n

R ) 1 2
V(S TE) = gy D (XA ()T = 80, T (10)

nin—1 =

Definition 5 (Unknown mean - Variance estimators). We suppose the mean to be unknown. We
2
)

define:
i (1) s,
" (1)

1 9 n—1 9
n P N ¢ ) n;I n*
HS Hn n(n _ 2)(n . 3)p <S I)n>

n_

9 _ (n - 1)2 72
V(Sn) = (n—2)(n—23) b = n(n — 2)

Leti € [1,N,]. W define:
<xn (%3)" .1y >>n 5,10, 108,

)bT( )n + q(l) <SnTr(Ll)7Trgl)Sn> - QSLQ) <Sn7T7(Ll)>ia (12)

n

M:

bT()n:(nT

:/‘\ Il

7((5,.79)) =4
NN Gt ) Y (R et NN > N ek e

" pn(n—2)(n—3)""" pan(n —2)"7" n(n —2)(n —3)
Remark 3 (Implementation trick). bTo) can be made fast to compute in Python with Numpy. We
use a complex matrix square root of Ty, ), denoted RS ),

We have a O(p3 + npy,)-complexity formula:
n T 2 n 2

3 <X’,; (X’,;) ,T,gf‘>> S Z (Z RO X)’ k) . (13)

k=1 n ” k=1

Lemma 1 (Coordinate estimators). Under Assumptions 1 to 3, for all k € [1, N,], (S, T,Sk)>n

is an unbiased estimator of (¥, T(k)> . Moreover, it exists M € R, independent of n such as

Zk:’”l E [(Sn — X, T,(Lk)>n} < %KlKg, where Ky and Ky are defined in Assumptions 1 and 2.

The proof works around the fact that (Tflk)> is an orthonormal family to use Assumption 2 then.
k

Theorem 1 (Variance estimators). Denoting V(S,) = E[||S,, — ¥,|/2] and V ((S’n, Tfp}n) =
E [(Sn - Zn,Ty(Li))ﬂ, under assumptions 1 to 4, in both situations where the mean is known
or unknown for all i € [1,N,], V(S,) and V((Sn,T,(f)>n) are unbiased estimators of
V(S,) and V((Sn,T,(li)M) respectively.  Moreover, E[(@(S@—V(S@)Z} — 0 and

E {(zjvq (S, T ) — V((Sn,TT(f)>n)1 0.



The proof of this theorem resides in carefully developing for the first part. The convergences are
proven by making appear the assumptions 3 and 4 by Cauchy-Schwarz and Jensen inequalities.

Definition 6 (Bona fide estimator). The bona fide estimators c for the minimization problem[3|are

defined, for i € [1, N, ], as:
(6572 (<SmT,$k>>n))> ,

(14)

N,

3

s o 1
co =min ((ég)4, 1), withég = dot(A,) <||Sn||i -
" k=1

= (1= c0){Sn, T,
The MTSE is defined as: S}, = Pg+ (CoSn + (1 —co) Zf\;l ciT,(f)> .

The truncation of ¢y between 0 and 1 theoretically does not change the asymptotic behavior of the
estimator. Geometrically, it ensures that S is a convex combination between .S,, and the matrix

Ziv:"l ciT,(Li). Empirically, it improves the robustness of the estimator, particularly in small sample
size.
Immediately from Theorem 1, we have the following result.

Corollary 1. Under assumptions 1 to 4, we have (¢1 — i) det(A,) — 0.
q.m

Theorem 2 (Loss convergence). Under assumptions 1 to 5, S}, quadratically converges to the optimal
estimator ¥, i.e. S;, — X7 —> 0. Consequently, S}, has asymptotzcally the same loss as X3, 1.

n’

The idea of the proof is to prove the convergence on the estimators without the projection step onto
the cone of positive matrices, and use the Lipschitz property of projection to conclude. The initial
convergence relies on the Lemma A.1 in [[13]. The check of the hypotheses for the use of the Lemma
comes essentially from the previous results we proved.

E {5 - all2 - 125 -

4 Experimental results

This section illustrates the practical consequences of the choice of targets on the estimation, the
robustness of the estimator to heavy tails, and an application to real non-stationary time series. The
experiments were computed on a Lenovo laptop, Intel i5, 32Go Ram. The performance is measured
with the Percentage Relative Improvement in Average Loss (PRIAL):

E[[|Sn — Sullz) = E[lISn — Sullz]

(15)
E[[|Sn — Znll3]

PRIAL(S,) =

4.1 Target set impact: Usefulness of a target

We fix the dimension at p = 50, and n = 25, and we study the impact of the number of targets N,,.
The population covariance 3 is designed to clearly exhibit a choice of useful targets, and compare
the role of targets that give information on the population covariance - i.e. that improve significantly
the oracle PRIAL-, to those which give less. X is built as follows: this is a block diagonal matrix
composed of 10 block matrices (B;)!2, of shape (5, 5). For each i € [1,10], B; is drawn from a

Wishart distribution with 5 degrees of freedom and /11 — i[5 as scale matrix.
By (0)
3= (16)
(0) Bio
The underlying distribution of X is a multivariate t-distribution with v = 9.

We consider two sets of targets: one set of “aligned” targets (77 )(*), and one set of “misaligned” ones
(T5)™. The first one is built as following: the first target T° 1(1) = I, to match Ledoit-Wolf STSE [13]],
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Figure 1: (left) PRIAL of the MTSE, and the oracle, with target sets 1 and 2, and the Ledoit-Wolf
STSE as reference, in function of the number of targets in the experiment of target usefulness.

Figure 2: (right) PRIAL difference between the oracle MTSE and Ledoit Wolf linear shrinkage one
(MTSE_o - LW) in orange, and estimator MTSE and Ledoit Wolf linear shrinkage one (MTSE - LW)
in blue, in function of the number of targets in the setup of the experiment of target set impact.

and for ¢ € [[2, 10], the target Tl(i) is block-diagonal; where X has the block B;, Tl(i) has an Identity
block; elsewhere Tl(t) has null values.

(O . 0)
=1t (blocki )l a7
(0) .. 0)

The set of target is orthogonalized with the Gram-Schmidt algorithm.

For the second set of targets (Tg)(i) , we break the perfect alignment between Tl(i) and the block B;.
For that, we apply a permutation o on both rows and columns of T(l), where o is defined as:

o:j€[l,p] — (j+2) mod p. (18)

For the target i € [1,10], at index (k, 1) € [1,p]?, we define (TQ(i))o(k),o'(l) = (Tl(i))kyl.

We consider the PRIAL of the MTSE (MTSE_1 and MTSE_2 respectively for target set 1 and 2), the
oracle ones, and the Ledoit-Wolf STSE (LW), in function of the number k of targets used, between
k = 1, which is equivalent to the STSE, and k£ = 10 where the sets of targets (Tl(z))f:1 and (Té’))le
are used completely. The results, with 50000 draws, are shown in Figure[I] The maximum standard
deviation is 4 x 10—, error bars were removed.

It confirms the intuition about what is a useful target: the “aligned” set (Tl)(i) presents a significant
better PRIAL than the second misaligned one (7%)(*). This comprehension of what makes a target
useful is of utter importance to design the target set in a practical use case. The second conclusion is
that even if the misaligned targets are not optimal, they still present a better PRIAL than the STSE
using only one target.

4.2 Target set impact: Adding useless targets to a good target set

We keep the previous setting for p, n, 3 and the samples X but we change the set of targets.

The first target is the identity matrix I, to match with Ledoit-Wolf STSE. For ¢ € [2,10], T ig
designed according to Equation For target 7 > 11, the target is drawn from a Wishart distribution
with p degrees of freedom and I, as scale matrix. The latter are supposed to be “useless” regarding
the structure of 3. The set of targets is then orthogonalized with the Gram-Schmidt algorithm.

We ran the experiment for 5000 times, the maximum standard deviation on any point of the figure
is 7 x 10~%, we did not plot the boxes for readability. We plot the differences of PRIAL between
the MTSE and the Ledoit-Wolf STSE, which has only one target. We do the same for the MTSE
oracle. While the difference of PRIAL is positive, it means that adding additional targets improved
the PRIAL. The result can be seen in figure
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Figure 3: (right) Convergence of ||S% — X* ||2 for different values of v, where v is the degree of
freedom of a multivariate t-Student distribution.

Two distinct behaviors emerge from this experiment. The first 10 useful targets results in a significant
improvement of the PRIAL. For the random targets, they can be tagged as useless as they do not
improve significantly the oracle PRIAL. The interesting conclusion is that the estimator PRIAL is
only slightly negatively affected but stays above the STSE PRIAL. Consequently, adding good targets
gives a high reward, and adding useless targets comes at a low price.

4.3 Heavy-tails robustness

In the case of Ledoit-Wolf STSE, Ledoit and Wolf empirically argue that Assumption 2 about finite
eighth moments is in practice not necessary, only finite fourth moments would suffice [13]]. Thus, we
study the convergence of .S}; towards X7, in a setting of heavy tails. For that, we consider multivariate
t-Student distributions with v > 2 degrees of freedom, for different values of v.

We consider X block diagonal with 5 blocks of same size drawn independently from Wishart
distributions of p//5 degrees of freedom, and the set of targets is made of 5 block diagonal matrices,
target 7 with the Identity as block ¢ and 0 elsewhere. We compare, for 20000 independent experiments
using t-Students with v € {20000, 8,4, 3,2.5} degrees of freedom. v = 20000, verifying all
Assumptions, is a reference; v = 8 is at the edge of Assumption 2, v = 4 is at the edge of
the empirical conjecture of Ledoit and Wolf, v = 3 is what we found the be the frontier for the
convergence to hold, and v = 2.5 is an extreme case.

This experiment, which results are in Figure 3] strengthens the hypothesis of Ledoit and Wolf [[13]
saying that bounded fourth moments is experimentally enough.

4.4 Application to non-stationary time series

>

In order to give the practitioner a real example on an application of the MTSE where a “structure’
prior is known and can be used, we consider a classical portfolio management problem in finance.

We use daily log-returns of 323 assets that stayed in the S&P500 between 2010 and 2022[1_1 We recall
that the log-return r; at day ¢ of a price s, is defined as the log-increment: r; = log(s;) — log(si—1).
So we have a 300-dimensional time series, with one vector per day.

Those 323 assets, are classified in 11 industrial sectors, known as the GICS sectors. The general
structural idea we want to use is that log-returns of different GICS sectors are less correlated than
within the same sector. We expect to have a covariance structure similar to a stochastic block matrix,
not as perfect as in Equation [I6]due to other mechanisms, but we expect to take advantage of it.

To evaluate the performance of different covariance estimators, we used the General Minimum
Variance - GMV - portfolio problem, a standard method to compare covariance estimators. The idea
of GMV is to determine at the beginning of each month T a weight vector wy € R323, as there are
323 assets here, and invest w; 7 on the asset ¢ for one month: this is our portfolio.

At each day ¢ of the month T, around 20 business days, we collect the log-returns of our portfolio
R; = wkry, and at the end of the month we store the empirical variance of our portfolio during the

"Data were retrieved from YahooFinance using yfinance package.


https://github.com/ranaroussi/yfinance

Estimator 3 months 4 months 6 months 9 months 12 months 15 months
MTSE | 740x103 | 713x10%|730x10 3| 749x10%|812x10 3| 803 x10°3
LWO 760x1072 | 734x107% | 751 x 1072 | 770 x 10~% | 857 x 1072 | 827 x 1073
OAS 763 %1072 | 742x10°° | 7.74x 1072 | 824x10°° | 9.63x 1072 | 9.52x10~°
ANS 762x 1072 | 7.41x1072% [ 756 x107°% | 7.91x 1072 [ 1.15x 1072 | 2.14 x 102

QIS 3.73x1072 | 783 x107% | 856 x 1072 | 1.04x 1072 | 1.68 x 1072 | 4.90 x 102
S 555 x 1072 | 728 x 1072 | 5.84 x 1072 | 6.89 x 1072 | 895 x 1072 | 4.04 x 10~ T

Table 1: GMV Cumulative Variance for different estimators and number of months to fit them.

month: vy = V[{R; tT;ﬁO] The weight vector wy is designed to minimize this variance v, under
constraint that wh1 = 1. There is closed-form formula, where ¥ is the covariance matrix of the

-1 . . . .
random vector r¢: wp = 17227,%1 The pseudo-inverse is used when not invertible.

This problem depends only on the covariance and is perfect to compare different estimators. The
experiment goes as following: at the beginning of each month 7', for each estimator X, we estimate it

S—1
on the last K months, i.e roughly 20K data points, and we compute the weight vector wp = 17‘227—111
. At the end of the month we store the empirical variance 9. We do this procedure over 135 months,
between 2010 and 2022, and we compare the Cumulative Variance over every months 21T3:51 v, the

results are shown in the Table The better the estimator i, the lower is the Cumulative Variance.

The number K of months used to fit the covariance estimators varies between 3 and 15. The estimators
we compare, along with sample covariance .S, are:

* MTSE, where the 11 targets are chosen to be the Identity matrix on the sub-selection of
assets belonging to the same GICS sector, and 0 on the other indexes of the matrix,

* two STSE: LWO, the corrected Ledoit-Wolf estimator in the setting of unknown mean [21]],
and OAS, the Oracle Approximated Shrinkage estimator [14],

e two non-linear shrinkage: ANS, the Analytical Nonlinear Shrinkage estimator [22]], and
QIS, the Quadratic Inverse Shrinkage estimator [23]].

The first remark is that increasing the number of samples, from 3 to 15 months, does not improve
the numerical performance of the estimators we consider. That comes from the non-stationarity of
financial time series, one of its stylized facts [24]. It virtually makes the number of samples low.

In this setting, the additional information we plug in MTSE makes the difference in the experiment,
as it consistently has a lower Cumulative Variance than the other considered algorithms.

5 Limitations

The strongest assumptions made in the theoretical analysis are that we have n i.i.d. samples and
bounded eighth moments. In practice, the i.i.d. assumption is hard to assess, particularly in time
series analysis, as we saw in the financial dataset. Eighth moments can be a limitations, even if we
saw that experimentally the convergence seems to hold for lower moments.

As in single-target estimation, the central point for performance in a task is a meticulous choice of
targets, and general methods to design them still lack in the literature to the best of our knowledge.

6 Conclusion

We derived the oracle estimator solving the multi-target linear shrinkage covariance estimator and
proposed an explicit analytic estimator of it. The main result of the contribution is the proof of the
convergence of the estimator under Kolmogorov asymptotics, while the number of targets remains
negligible compared to the number of samples.

The numerical simulations highlight the gain in performance to add useful targets to the estimation.
Experimentally, we argue that the estiamtor convergence holds with only bounded fourth moments.
The experiment in a non-stationary setup underlines the potential of adaptability of multi-target
estimation in those situations, compared to other linear or non-linear shrinkage methods.
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7 Theoretical proofs

In this appendix, we develop the proofs of the theoretical results of the work.

7.1 Proof of Lemma 1

By linearity of the expectation, for all & € [1,N,], (Sn,T, ék)>n is un unbiased estimator of
(S T4 )

For the second part of the lemma, let & € [[1, N,,] and let denote T' = 7). The following proof
relies upon the Proposition 1 and its method of graph construction from indices in the Preliminary
combinatorial result in [21]]. We recall the method and the proposition here.

Let K € N*, and K indices (k1, ..., kx) € [1,n]¥

Let’s associate a graph with K vertices V = {1,..., K'} to this set of indices. The set of edges
£ is built as following: there is an edge between the node ¢ € V and b € V, a # b (we don’t
allow self-loops), if the corresponding indices are equal, i.e if k, = k;. We finally define our graph

G=W9).
Proposition 1 (Proposition 1 from [21]]). Let G = (V, &) a graph with K vertices generated from

some indices (k§0), . kﬁg)) € [1,n]X with the procedure described previously. Suppose G has C' €

[[1}; .Iil]]hconnilcted composents. }z"gen, there are HZC:*Ol(n — i) set of indices (ki, ..., kx) € [1,n]¥
which have the associated graph G.

Known mean When the mean is known, choosing M’ € R the number of graphs with 4 nodes
and 2 connected components, we have:

1
47 n n\T
E[(S—SnDii]=— Y. E I1 <Xm (xm)T — Zn,T>n
k1,ko, ks kg me{kl,k27k3,k4}
M’ -1 2
B[S, ~ S 1i) < P00V [0 oy -, 192) 4 LR [k )T -3,
(19)
Moreover, we have:
N, r 2
E[(xp ()" - 20, T0)E] <B <§:¢¥?@YHT-Em7§”ﬁ>
k=1 k
- . A
<k | oy -5
- "
<k |xr ey
) 4
_ 1 E 2
2 Zyu (20)

Z

B [(x7 (X1)T = S0, T)E] < p2 K.
1

E
Il

11



SoB[oxp ()™ 709)2]” < max (B [(x7 <X?>T,TS>>%:) E[(xp (xp)" T2

ﬁﬁmﬁ

Smax(]E :<X{L(X{’)T,T(i)>2:) 1xr (xm)T ]

N, ) ) o
> E (X ()" T2 < max (B [0 (1) T2 ) puv/Ke.
k=1 ) )
(2D
For any of the targets 7', we have with Assumption 2: E [(X nxm” ,T),ﬂ < V/K>. Finally, using

M = M’ + Ky, we have:

N,

" M+ K M
Y E [<S7,, - E,,,,T,E’”}ﬂ < %Kll{z = KiK. 22)
k=1

Unkown mean When the mean is unknown, we have a larger decomposition. We use the same
technics as in the known mean setting, with more terms and cross-products to handle:

E[(S, — . T)n] =

n

4
1 T
T 3 IT (xe (xi)" - En,T>n Term (1)
k1,k2,k3,ka s=1
K, KD kLK
r 3
_4E H <Xk (xp)" - Z,L,T> <X;;4 Xk, 5k4:,ﬂzn,T> Term (2)
- 4 . (23)
+6E H <Xk (xp)" - Z,L,T> <th (X,?;) - 6kt=k22n,T> Term (3)
s=1 "t 3 n
T
_4E <X,?1 (xp)" —En,T> <th (X,’j;) —5kt:k;2n,T> Term (4)
"i=2 ' n
T
I1 <X}; (X,?J - 5kt=k;En,T> Term (5)
t=1 n

We prove the higher bound of the form M" K K5 /n term by term, in absolute value, summing over

all targets (Tr(l ))k ;- For that, we decompose each term and bound them by expectations we can
control.

Term (1) This term is equal to ﬁﬂi [<S7(lknown mean) En,T>ﬂ. Supposing 1 > 4, we have
(n 1)4 < 4, so, with M{" = 4M, we have:

1"

M
LK K.
n

[T (i (x)" = a.7)

s=1

<

n (24)

k1,k2,k3,ka
AN AN AN A
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Term (2) For this term, we have the following development, when discarding 0-expectation terms:

3

ﬁ > [T (e ()" ==a1) <X,’;4 (X,;Z)T S S, T>

kl,kz,kg,k?4 s=1 n
KK K kY
< A remy + —2 |k <X{‘ xm’ -, T>2 <Xg xH’ - %, T> <X{1 (xm” T>
- n (Tl — 1)3 ’ n ’ n ’ n
4 24 T 173/2 ro\2

< % x |Term(1)| + ﬁ <3E [<X? xmt - 2T>j +E KX{L (X?)T’T>2]2> .

(25)
At this point, we recall that we have to sum over each target (T,(Lk) )2[:"1 and then bound by a term of
the form M4 K K5 /n for some MY € R. Term(1) is obviously controlled by the previous part. For
the rest, we use the two following inequalities:

* from the proof in the known mean setting, we have that:

Nn 4
> E [<X? (X" = 20, T ] < pr S, (26)
k=1 "
e and:
N 2
n\T )
SB[y ()", 102 < max (B X7 (), ) DZE[Xl (xp)" T3]
k=1
<max (B[ 5 o) Té”X{L(X?)TT#’XgDE[HX{L(X?)TH,%]
1 . .
< max < (BT, TS, ) ) P/
() Pn n
1 112
< max < Eanj) )pn\/Kg
) Pn n
< [1Znlln pnv/Eo
Nn

27)

Supposing n > 4, with MY = M{' + 54K, we then have:

4 n AT " " T
> Y F— > 11 <st (X1)" =%, T>n <Xk.4 (ng) - 5k4=,ﬂ2n,T>
k= k1,ko, ks kg s=1 n
k',ké,k‘é,kll
1
2 K1 Ko.

(28)
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Term (3) Similarly for this term, we obtain:

Y | T )" - mr) H<Xk (x3) —5kt_k,zn,T>
nt(n —1) k1, ka ks, ka s=1 — n
KLk Kl
< S22 )
n
m E _<X (X0 En,T>i <X; (XD —En,T> }
m E <X1 xmT En,T>n <X —En,T>n <X (X2) ,T>n <X2 xmT, >n}
+ 771(”2:1 5 [E _<X1 xmT En,T>n <X - Zn,T>n <X xm” T>j
+ n(n27:ll)3 E [<X1 (X7) —En,T>i <X : >j
< 6(2n 1)

< [Tem)| + 24 <]E (xp(xXp)" = 2,7) }JrIE [<X{‘ (XSL)T’T>4]>

| n
+ m (IE [<X1 (X7 szru [<X{” (xmT 7T>2r> .

n

(29)
We use the two following inequalities to finish the work, combined with the two ones we used for
Term (2):

¢ from the proof in the known mean setting, we have that:

Ny, 272
> E [<X? (xp)" - zn,T,S’“M < puko, (30)
k=1

e and:

N, Na 2
S E[(x (xp)" T <E (Zm (x5, Tmz)
k=1 k=1
|
4
(Z yilyi2>
‘ (€29
1
< Pi; Z E [yi19;)
1
< Pi; Z E [@/181]

E[(xr (x3)" 1] < p2ke.
1

<k ||t copy”

2

n

>
Il

Supposing n > 4, with M4 = 3M} + 86K + 1, we then have:

N, 2 4

- 6 n n T n n T
) niln —1)2 > B <st (X)) - EmT>n I1 <th (Xk;> - 5kt=k;2n,T> ] ‘
k=1 k1,ko k3, kg s=1 t=3 n

Kk kg k)

M//

< 2K K.
n

(32)
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Term (4) For that one, we have:

%_14 Z E <X’:'L1 (XZ}])T - E”’ T> H <X/:'Lt (Xl?;)T - 6kt=kézn7T>
" (7’L ) k1,k2,k3,ka iZa n
ki K ke kel
< Wxﬁerm@ﬂ
80 o (x50 - 57), XKD ), (35 07, (550617
96(n — 2) " on o on 2
i B[ (8 007 =), e 7), (o) |
24 "o 3
e B (51 007 - 2), (x0T )
< w x |Term(3)| +
n

oo <3E (o)™ 7)) | (o) -9, 7)) | 2)

Supposing n > 4, with M} = M} + 47K, + 4, we then have:

(33)

4 n\T n = n n T n
Z 714(77, _ 1)4 Z E <X’?1 (Xkl) - En’TIE )>n H <Xkr (Xké) - 6k‘t,=k';zna TIE )> ]
k=1 k1,k2,ks,ka t=2 n
kKb ks kY
1
< A K Ks.

(34)

Term (5) Following the same idea, we have for the last term:

1 ! n n T
o 2 |B H<th (xi) —5kt_k;2n,:r>

daide "
< n3+£f—— X|Tanm4ﬂ4_ﬁ365%f5§ E[<X?(A3wT’T>:
= [ <X;>T7T>i<xrb <Xs>T7T>i]
e j<X1 o T,Tm s T,T>n (x3000".7)
W E[(X7 (X3 T,T>n (x3 (x5 T,T>n (xz (XZ)T,T>n (xz (Xf)T,T>n]
< % x [Term(4)| + =g 72”+8 [Xl (X2) T,T>j
2

(35)
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Supposing n > 4, with MY = M} + 11K + 2, we then have:

Ny, 4

1 n n T " M//
>, > B () szl ] <SR )
k=1 kl,kQ,k3,k4 = n

NN A
Finally, combing the 5 terms, we have with M" = Zle M/
N, M
S E[(S0 - Tu T)E] < S KK, (37)
n
k=1

which concludes the proof for the unknown mean.

7.2 Proof of Theorem 1

Known mean When the mean is known, V(Sn) is trivially unbiased when developping.

. 2
E [(V(Sn) - V(Sn)) ] — 0 is a consequence of Lemma 3.4 in [[13] about the quadratic mean
convergence of b2 — 32 = %V(Sn) — V(Sp).

V((Sn,TT(Li)M) is trivially unbiased when developing. Let’s prove that

E {(zi (S, TS ,) — V((S,, T#‘>>n))1 0.

2
2

N <Z (n—1) Z< ) Z"’T’Ei)>

_ nxmT -5, T 2]
k EKX,C(X,C) S, T, >n

n

T (Z (X0 =5, 10) B (X075, Tsx‘>>j>

i

= ﬁ . [Z (xpxp)T - ZTL,T,Si)>i (38)
7B | X (),
= 7(:?[;)2}(12}(2
And,
E (Z n i 1 <Sn - En,T,Ei>>i ~E {ni - <5n - E”’T’gi)ibz
< (n]jinm E;IE [<Sn - Z”’Tf(f)ﬂ 39
W (Lemma 1)

Which concludes the proof when the mean is known.

Unknown mean When the mean is unknown, V(Sn) is unbiased thanks to Lemma 9 in [21]].

. 2
E {(V(Sn) - V(Sn)> ] — 0 is a consequence of Lemma 9 in [21]] about the quadratic mean
convergence of b2 — 32 = V(S,,) — V(S,,).
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V((S,, T7(Li)>n) is unbiased thanks to Lemma 8 in [21]] and the development of the variance. Let’s

A . . 2
prove that E {(Zl V(S TSY,) — V((Sn,T#)M)) } — 0. For that, we need to prove the

convergence of three terms:
1) V [ty S0 D (KR (3T, T2 — o,
L) V[ 5 2 (Su T, TS| — 0,

(IIL.) V

Ly N (s, T)2 } 0.

Term (I) We first show that V [ﬁ SN SR (XX T, Té%%} — 0.

o

IN
=

<
=1 k=1 ]
N, n
- Nn E : Xr(xmT N2 g xr(xmT @y xrxmT
- (n_1)42 Z< k( k) n> < k( k) s 4n >71< k( ) ’
=1 k=1
+AXPXMT, TN + (XXM, T2 — (X (X™)T, T
2
+2<X;?(X;?)T,Tn”>n<X"(X")T,T(’)>n) ]
6N, n n 2
< e | (Do)
=1 k=1

3

2
7T:>>n<xs<xn>T,T,si>>n)

Nn
eI (Z4<X2<X::>T
i= =1

3

2
4HXPX™T Tﬁ)i)

3

3

<k 1
N,
6N, ~
* (n—1)* ZE <
= k=1
2
k=1

3

2(X5 (X7)

) n

N 2
+(n6_Nr1l)42]E < Ty, (xm(xm” T(Z)))

k=1

Term (I.1)

Term (1.2)

Term (1.3)

Term (1.4)

Term (1.5)

Term (1.6).

(40)

With this decomposition, we have 6 distinct terms, and we prove the convergence to 0 of each one.
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Term (I.1)

on, Ju o [(& 2 ouN, o
n n T (@) ()4
(n_1)4 ;]E <;<X (Xk) 7Tn >7> > (n—l 4ZE|:X1 (Xl) ’Tn >n:|
6nN,p? Ko
~ (n—1)2 D
6N, o [[& ]
i E (Z (X (X", 1), ) — 0.
i=1 k=1 ]
Term (1.2)
2
6Nn il . n (2) n/vn (3)
(n_1)4 ZE 4<Xk(Xk) ’Tn > <Xk(X ) aTn >
i=1 k=1
N
6 x 16N, <= ; 6 x 16N, . ,
= n(n,1)4ZE[<X{‘(X1> T)s }+ﬁZE[X”(X") T2 (xn(xmyT, T0)2
=1 =1
96n N, 96n N,
S (n_1)4K12K2+mK1K2—>0
(42)
Term (1.3)
6N, N, | 2
(n—1)% Z <Z4 Xp(X™T, T2 )
i=1
96n2N,, < e
S L CAC QR
=1
96N, o ngyn\T i)\ 4 neyn\T 2/ yn(xym\T 7(6)\2
= iy 2 B ORI 4 6 = DO ()T T ()T T
i=1
+3(n— 1)(n = 2)(XT(X3)T, T)a (X7 (X)) T, )
+4(n — D(XT (X)L T (X7 (X)) T T)S,
< QGMKIKQ—)O
(n—1)*
(43)
Term (1.4)
6N, o= " , )\
(n—ri)4 > E ( (X"(X")T,Tr(j)ﬁ)
i=1 k=1
6N, n> N, " on ; 2
- (n— 1)4 ZE[(<X (X )T?T'r(l.)>$l) ]
i=1
) , 44)
6N, 2 [ o 2] M S ¢
< —9 Z]E ((X (xmT - zn,T£)>n) Y E ((ngé)ﬁ)
(n—1) — v n
= M X (term 5, Lemma 1)
6N, n? 4 ppy Ko
s (O K 2 ) <o

using M{' from Equation
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Term (1.5)

N, n 2
6Nn - n n 7 n n )
_ 4 E 4<Xk (X )T7Tn)>n<X (X )T7T7(L)>n
(n—1)
=1 k=1
6 x 16N, = a ’ )
X n niyn 7
- S2S e (S | —o
1=1 k=1

Nn 2 " 9
12Nl 1 <Z X?(Xﬂ)?n%) +E <Z<X”<X")T,T7g;>>gl> o
n —

<
k=1 k=1
(46)
The convergence to 0 of each one of the 6 terms leads to the convergence of term (I)
N, n
1 n ~
XpXMT, 12| — 0. 47
[(n_l)gl_lkzﬂ< k( k) ’ n>n ( )
Term (I) We then show that V [np SV (5, T TS, ] o
1 & 1 (& i
T | = (2 )
N, Nn Nn
< S5 OB D (ST, TS,
ZEp] SEEE N
Nﬁ >
1 Np ) ) N2
\ @;wn@gz),m)gm < B (150 = Zall2 + 11Zal12] -

Thanks to Lemma 1 [21], particularly in the proof of the Lemma 1 equations (16) and (17) about 32 =
E [[ISn = 2a3], we have that ~E [||.S, — 2, ]|3] is bounded. Additionnally, ||S,.[|; < 2=/K,.
So:

N,
1 - . )
\Y Z(SnT,(j),TT(L‘)Sn>n] — 0. (49)
Pn i
Term (III) We finally show that V [ Z 1 (Sh )%}
N. Ny,
1 <= N,
VIS (S I < = Z [ (S, TE)4]
i=1 i=1 (50)
1 o . N,
N4 EZ<S"’T()>’21 < FE[HSnHﬂ
i=1

Thanks to the proof of Lemma 3 [21]], equation (54), we have that V [||S,,||2] is bounded. More-
over, from Lemma 1 [21]], we have that E [||S,[|2] is bounded too. So E [||S,|[#] is bounded.

Consequently,
N,
Z Sn, T2 | — 0. (51)
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Backing up, the convergences of Term (I)-(III) prove that:
2
(ZWSn,TrS%) —V<<Sn,T#>>n)> — 0. (52)

7.3 Proof of Theorem 2

‘We denote:

a? = cydet(A,), o, = ¢ det(A,),d> = det(A,),62 =E |||S, — Z(Zn,Ték)%Ték)

k

n

u? = (a2 — a,)?.

(53)
2
} — 0 and deduce that E [HS; — E;Hi] — 0 by a property

n

-5
of the orthogonal projection.
We have:

E [ S —

Firstly, we have thanks to Lemma 1:

ZV[SH,T(") } Z]E[S —En,T(’“)>}
szﬁ (50 - 20, 7]
\/ ZIE w T4 (55)

IN, MK K5
- n

>V [(Su, T}Lk>>n] — 0.
k

Then, we have that d2 — 62 — 0. Indeed:
q.m

We will first prove that E U

=

e [@] T vfsmen] 5o

&= 5% = IS5~ BISIE = 3 (8, T~ (5., TE0)7) 56)
k

So, we have:

Z<En - Sanrgk)ﬁl

k

E[(@2-82)"] <2v[Is|2] +2v

k 567

2
<2V [|S|2] + 2E [(Z@n = Sn7T£’“>>i> ]

< 29 [ISI2] + 2Na B (%0 — 50, T3]
k

E [(di - 53)2} <ov[Is|2] + 2Nn@. (Lemma 1)

A\ [HS’HEL] — 0 from the proof of Lemma 3 in [21] and from the proof of Lemma 3.3 in [13]. So we
have d2 — 62 — 0.
q.m
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Now, let’s prove a2 — E[ay,] P 0.
Firstly, let’s remark that 0 < E[ ] < 02, Indeed:

E[an] =E <Sn7 Zn>n - Z<Sanr(zk)>n<EmT¢(Lk)>n
k
=1Znll2 = (En, TH)2
k (58)
2
= (=0 =D (E0, T, T
k n
Ela,] >0
And,
2
52 =E ||[Sn = (S, TF), 1K)
k: n
=E[ISal2] =D (S, TR (59)
k
:]E[ ] +E [||5n—2n||i]
62 > Efay]

So, we have 0 < E[a,] < 2.
Let’s find a lower and an upper bound for a2 — E[a,]. For the upper bound:

ay, — Ela,] = min((éd}) 4., d7) — Elas]
< (¢1dp)+ — Elon,]

(60)
< |€1d121 — E[ay]| (as E[a,] > 0)
» — Elog] < max (jéid}, — Elay]|,[d}, - 67])
For the lower bound:
ay — Elay] = min((é1d) 4 — Elan],dy — Elay])
> min((éd;) 4 — Elay], d;, — &7) (as Efon] < 67) 61
> min (—|01d2 Ela,]], ~|d;, — &71)
aj, — Elay] > — X(|Cld%_an|v|di_52|)
So,
E [(ai - E[an])ﬂ <E [max (|e1d2 — o), |d2 — 52|)2}
(62)

<E[(ad - an)’] +E (@ - 82)’]

From Corollary 1, E [(c}dfl — an)2] — 0, and we proved above that E [(d% — 52)2] — 0. So,

a? — Elay,] — 0. Then, let’s prove that V [ar,] — 0.
q.m

Vo] = Vet det(Ay)]

=V <Sn» En>n - Z<SH?TT(7.k)>n<En7TT(Lk)>n

k

(63)

Vian] <2V [(Sn, Sn)n] + 2V [ > (Sn, T (8, T,

k

V[(Sn,Xn)n] — 0 from the proof of Theorem 3 [21] for the unknown mean and the proof of
Theorem 3.3 [13]] for the known mean.
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For the second term, we have:

V{3480 T (80 T) 0
k

—E <Z<Sn,T£’“>>n<EmT£’”>n> —<Z<EmT£’”>%>
k

k
N, MK, K, "
< g 2 o, TFN2 ) (B
<y = <Zk:< : ) (Eq[53)
N, MK, K
<y 2213, 12
n
VY (S0, T (B, T | — 0
k
(64)
So, as both terms converges to 0, we have that V[a,,] — 0.
Easily, we have then that E[u?] — 0as E[u2] < 2 (E[(a2 — Elo])?] + Viaw]).
Moreover, let’s check that 0 < 2z < 2(d2 + 67).
o] = [(Sns Zndn = > _(Sn, T )0 (80, T
k
= (S =) (Sn, TN T, 2 = (8, T, T
. . . (65)
k n k n

|| < dpb.

And, by construction, 0 < a2 < d2, ’2'0 < 2(d? + 42).

Backing up, we proved that d? — §2 = 0, E[ 2] — 0,and 0 < =2 < 2(d2 + 02). We then can

=

ﬁ SN‘S M

apply Lemma A.1 from [13] with 71 = 2, 75 = 0, which proves that

[

Backing up again, it proves that S . Z* —> 0.
Finally, P+ is 1-Lipschitz for the norm |- ||n, so Sk —Xr — 0.
qg.m

The second part of the theorem follows:

* 2 *
E IS5 - =all} - Iz -

all2]] = E(S: - =, 85 + 25 - 250,
< VETIS; - ZaRIVETIS: + = — 250

(66)
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Moreover, E [[|S;; — %,[/2] is bounded. In fact:

E[IS; - Sal2] <E[I15; — Sall2]
2

<E [2]S, — S| +2 Z<Sn»T7(Lk)>nT7gk) -y,

k

n
2

+23 "V (S0, T

n k
E[|1S; — Salln] < 2B [[ISn — Sull2] + 20 5all2 +2>V [<ER,T,§’C)>,,}
k

= 2B [||Sn — Snll2] +2(|Zn = D (S, T T

k

(67)
E [[|Sn — 2n2] and |2, |2 are bounded from Lemma 3.1 in [13] and Lemma 1 in [21], and

YLV [(Zn, T,(Lk)>n} — 0,0 E [||S; — £, |2] is bounded. So, using the first part of the Theorem 2

we’ve just proved, we have that: E [ 155 = S| — 12 = 2,12

| o
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