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Abstract

Representation multi-task learning (MTL) has achieved tremendous success in practice.
However, the theoretical understanding of these methods is still lacking. Most existing
theoretical works focus on cases where all tasks share the same representation, and claim
that MTL almost always improves performance. Nevertheless, as the number of tasks grows,
assuming all tasks share the same representation is unrealistic. Furthermore, empirical
findings often indicate that a shared representation does not necessarily improve single-task
learning performance. In this paper, we aim to understand how to learn from tasks with
stmilar but not exactly the same linear representations, while dealing with outlier tasks.
Assuming a known intrinsic dimension, we propose a penalized empirical risk minimization
method and a spectral method that are adaptive to the similarity structure and robust
to outlier tasks. Both algorithms outperform single-task learning when representations
across tasks are sufficiently similar and the proportion of outlier tasks is small. Moreover,
they always perform at least as well as single-task learning, even when the representations
are dissimilar. We provide information-theoretic lower bounds to demonstrate that both
methods are nearly minimaz optimal in a large regime, with the spectral method being
optimal in the absence of outlier tasks. Additionally, we introduce a thresholding algorithm
to adapt to an unknown intrinsic dimension. We conduct extensive numerical experiments
to validate our theoretical findings.

1 Introduction
1.1 Representation Multi-task Learning

With the increased computational power, machine learning systems can now process datasets
on a large scale. However, for each machine learning task, we may not have access to a large
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amount of data due to data privacy restrictions and the high cost of data acquisition. This
motivated the idea of multi-task learning (MTL), where we jointly learn many tasks that
are similar but not identical to enhance model performance (Zhang and Yang, 2018, 2021).
Related concepts include transfer learning (TL), learning-to-learn, and meta-learning, where
model structures learned from multiple tasks can be transferred to new incoming tasks to
improve their performance (Weiss et al., 2016; Hospedales et al., 2021). Among numerous
multi-task and transfer learning approaches, representation learning has been one of the
most popular and successful methods over the past few years, where a data representation
is jointly learned from multiple similar data sets and can be shared across them (Rostami
et al., 2022). A successful example of multi-task and transfer representation learning is
learning the weights of a few initial layers of neural networks from ImageNet pre-training,
then retraining final layers on new image classification tasks (Donahue et al., 2014; Goyal
et al., 2019). Other applications include multilingual knowledge graph completion (Chen
et al., 2020) and reinforcement learning (Gupta et al., 2017).

While representation learning has been successful in practice, its theoretical understanding
in the context of multi-task and transfer learning remains limited. Most existing theoretical
works assume that the same representation is shared across all tasks, which is not always
realistic in scenarios with a large number of tasks (Rostami et al., 2022). Furthermore,
empirical studies have shown that freezing a representation across tasks from different
contexts may not improve model performance and can even be harmful. For example,
Raghu et al. (2019) found that pre-training on ImageNet offered little help to target medical
tasks, and Wang et al. (2019) found that different target tasks might benefit from different
pre-training in natural language understanding. These studies suggested that a frozen
representation may not always work well. Additionally, there may be outlier tasks that are
dissimilar to other tasks (Zhang and Yang, 2021) or may be contaminated with adversarial
attacks on the data (Qiao, 2018; Qiao and Valiant, 2018; Konstantinov et al., 2020). If
left unaddressed, such issues could severely impact the machine learning system’s overall
performance.

This paper investigates the effective learning of tasks with similar representations in
the presence of potential outlier tasks or adversarial attacks. Specifically, we consider the
following linear model with linear representations. Suppose there are T' tasks in total, and
we have collected a sample {ccl(t),yl(t)}?zl from the t-th task, where zcgt) € RP, ygt) € R, and

te[T)=1{1,2,...,T}. There exists an unknown subset S C [T, such that for all ¢t € 5,
! = @) T+ =1, (1)

where the regression coefficient B()* = A®*@(®)* the representation AD* € OP*" = {A €
RP*" : AT A = I,.}, low-dimensional parameter 0V)* ¢ R” r < p, and {egt) *_ | are random
noises. Here r represents the intrinsic dimension of the problem, which is usually much
smaller than p. The data {mgt),yi(t) n, for t ¢ S can be arbitrarily distributed in the
worst case, and the corresponding tasks in S¢ = [T]\S are outlier or contaminated tasks.
We call € := |S¢|/T the contamination proportion or the proportion of outlier tasks. To
ensure effective learning from similar representations, we assume that {A(t)*}tes are similar
to each other, in the sense that ming .- maxes |AG*(AOHT — A(A)T |5 < h, where
A € OP*" achieving the minimum can be understood as a “central representation” and
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h is the similarity measure. Our goal is to explore the upper and lower error bounds in
estimating {ﬂ(t)*}teg for all possible cases of S under certain conditions. Furthermore, when
the tasks in S also satisfy the linear model (1), we aim to ensure the effective estimation of
{B®*},cge as well.

It is worth pointing out that we allow the scales of {8)*};cg, i.e. {||0®*|]2}ics, to
differ across tasks in S, and ||@)*||5 can also diverge as n — oo. Here, [|[81)*||y = |82
can be viewed as the signal strength of the ¢-th task. It turns out that the performance
of representation MTL on each task is highly relevant to ||@)*|s. In contrast, existing
literature generally assumes [|@®*||y < 1 for all t € S = [T] and ignores the impact of
16)* |5 on the model performance.

1.2 Related Works
1.2.1 MULTI-TASK AND TRANSFER LEARNING

Representation MTL and TL: Baxter (2000) is among the earliest works to study the
theory of representation MTL under general function classes, where all tasks are generated
from the same distribution. Maurer et al. (2016) improved their results by using the analysis
based on Rademacher complexity. Ando et al. (2005) explored the case of semi-supervised
learning. More recently, Du et al. (2020) and Tripuraneni et al. (2021) studied linear model
(1) with S = [T] and h = 0, i.e., under the assumption that there are no outlier tasks and all
tasks share the same representation. They proposed the so-called task diversity condition,
under which the learning rate can be significantly improved by a non-convex empirical risk
minimization (ERM) algorithm. Tripuraneni et al. (2020) extended the analysis to general
non-linear models and provided general results. Thekumparampil et al. (2021) proposed a
polynomial-time alternating gradient descent algorithm that achieves similar performance
as ERM but avoids solving the non-convex optimization directly. Meunier et al. (2023)
characterizes the shared representation via a mapping into a finite-dimensional subspace
of a reproducing kernel Hilbert space (RKHS). Other related works include federated
representation learning (Collins et al., 2021; Duchi et al., 2022), tensor representation
meta-learning (Deng et al., 2022), conditional meta-learning (Denevi et al., 2020), and
matrix completion via representation MTL (Zhou et al., 2021). Note that MTL under the
assumption that 8H*’s in (1) share the same or similar support sets (Lounici et al., 2009,
2011; Jalali et al., 2010; Li et al., 2021; Xu and Bastani, 2021) can also be viewed as a special
case of the general representation MTL.

Distance-based MTL and TL: There has been much literature in the statistics
community studying model (1) under the assumption that Euclidean distance or ¢;-distance
between [B(t)*’s are small (Bastani, 2021; Li et al., 2022b; Duan and Wang, 2023; Gu et al.,
2023), which is called “distance-based” MTL and TL in Gu et al. (2024). Some extensions
include high-dimensional GLMs (Tian and Feng, 2022), graphical models (Li et al., 2022a),
functional regression (Lin and Reimherr, 2022), semi-supervised classification (Zhou et al.,
2022), and unsupervised mixture models (Tian et al., 2022, 2024). Recently, Gu et al. (2024)
proposed the “angle-based” TL where they assume the angle between every pair of B()*’s is
small. As we will discuss in the next section, their setting is a special case of (1) when r = 1.

Other related literature: Other relevant literature includes the non-parametric TL
(Cai and Wei, 2021; Kpotufe and Martinet, 2021), the hardness of MTL (Hanneke and
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Kpotufe, 2019, 2022), adversarial robustness of MTL or distributed learning (Chen et al.,
2017; Alistarh et al., 2018; Yin et al., 2018; Qiao, 2018; Qiao and Valiant, 2018; Konstantinov
et al., 2020; Zhu et al., 2023; Guerraoui et al., 2024), gradient-based meta-learning (Finn
et al., 2017; Nichol et al., 2018; Finn et al., 2019), and theory of MTL based on distributional
measure (Ben-David and Borbely, 2008; Ben-David et al., 2010).

To help readers better understand the difference between some settings in literature
with our setting under the linear model (1), we drew Figure 1 as a simple visualization
corresponding to the case where p =3 and r = 2.

BL)* : B2
B(Q)* b
B BB*
B
B
(a) Distance-based similarity (Bastani, 2021; (b) Angle-based similarity (Gu et al., 2024)

Li et al., 2022b; Tian and Feng, 2022; Duan
and Wang, 2023; Tian et al., 2024)

BP* = A*g(2)+
B) B+ = AMW*g1)+

B = A*gD B = AB)gO)*

@* = A*g4)*
B A0 BW* = AWxg()+

BE* = A*g() B@* = AW*g(2)*
(c) The same representation (Du et al., 2020;
Tripuraneni et al., 2021; Thekumparampil (d) Similar representations with outliers (ours)
et al., 2021)

Figure 1: A simple visualization of four different settings under the linear model (1).

1.2.2 BEYOND THE ASSUMPTION OF THE SAME REPRESENTATION

Several works have studied similar problems to the current work, but in different formulations.
Chua et al. (2021) explored linear model (1) but with the assumption that A®* = A+ A®*
with some A € RP*" and ||A®*||p < b and S = [T]. Duan and Wang (2023) considered
the same model with B3()* = A91* 4 §()* with ||6(V*||y < b/ and S = [T]. The following
theorem establishes the equivalence between these alternative formulations and our proposed
setting.

Theorem 1 Consider the following three settings: #

a. A € OP*" in the three settings are the same.
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1. g O+ where ||AD*(AD*)T — A(A)T || < h for some A € OP*";
2. B+ = A9W* - §O* with || §0*||, < B!, (A)T 6O
3. BO* = (A + ADSOD* with | AD*||p < .

They are equivalent in the following sense:

(i) If Setting 1 holds, then there exist 0% € R”, §(* € RP with ||6(*||y < h|6® H2
satisfying Setting 2, and there exist AD* € Rpx” 0W* ¢ RP with HA(t |lrp < W
satisfying Setting 3.

(ii) If Setting 2 holds, then there exists A g opxr satisfying Setting 1 with HA(t)*(A(t)*)T—
A( )THQ (10\[+4)‘|B(t)*“ 5

(iii) If Setting 3 holds, then there exists AD* ¢ (’)7’” and OW* € R™ satisfying Setting 1
with |AO*(AOHT — A(A)T ||, < (1O\f—|-4)1 7 when b € [0,1).

It is worth emphasizing that, despite the equivalence of the three settings, both Chua et al.
(2021) and Duan and Wang (2023) require S = [T] and impose the constraints [|§1)* |y < 1
and [|@®*||y < 1 for all ¢ € [T], respectively. In contrast, our setting allows for S # [T and
for |05 to diverge. Moreover, when S = [T] and h' = h” = 0, all three settings reduce
to the shared representation case studied in Du et al. (2020); Thekumparampil et al. (2021);
Tripuraneni et al. (2021). P

Thus, our work addresses a more general scenario compared to these existing formulations.
Despite the equivalence established in Theorem 1, we focus on the setting defined in Section
1.1, as this formulation naturally facilitates the development of algorithms that adapt to the
unknown similarity between tasks and enjoy robustness against adversarial contamination.
More concretely, compared to the settings in Chua et al. (2021) and Duan and Wang (2023),
our formulation leads to simpler learning algorithms, which can adapt to the unknown
similarity level h (unlike Chua et al., 2021, where the algorithm requires tuning parameters
depending on the similarity level h), with stronger theoretical results. Our formulation also
inspires algorithms that remain robust to a small fraction of outlier tasks, a merit not shared
by the methods following the formulations in Chua et al. (2021) and Duan and Wang (2023).

Moreover, our framework is easier to generalize to an unsupervised learning setting
(e.g., multiple linear/nonlinear latent factor models with similar factor loading matrices or
similar factor score matrices). Additionally, a representation-based reweighting strategy was
proposed in Chen et al. (2021a), which is motivated by the concern of assuming the same
representation. Their similarity metric between tasks depends on the weight assigned to
the objective function of each task, while our similarity metric depends on the difference
between representations explicitly, which is more intuitive. Moreover, their approach can
suffer from a negative transfer in the worst case, while our approaches do not. Furthermore,
none of Chen et al. (2021a); Chua et al. (2021); Duan and Wang (2023) considered the
presence of outlier tasks.

b. Du et al. (2020) also studied the non-linear representations; here we are referring to their setting of linear
representations.
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Finally, we present a diagram in Figure 2 to summarize the relationship between the
different regimes studied in various papers mentioned earlier. To compare algorithms
across different settings more clearly, we focus on a specific regime, enclosed by a dashed
line in Figure 2. This regime allows for simpler, more intuitive, and explicit results,
making it easier to compare the estimation errors of B®* across different approaches.
In this regime, defined for rate comparison, we have our setting introduced in Section
1.1 with ming_,x, maxes [AG (AT — A(A)T ||y < h and maxseg |2 < 1, and

1S|71 3 ",es 16D*|3 = 1. We summarize the estimation errors of different approaches in

Table 1, highlighting our two proposed algorithms: penalized ERM (“pERM”) and the
spectral method (“Spectral”). We show that the spectral method is minimax optimal with
computational efficiency when there is no contamination (e = 0), and pERM can handle the
contaminated case more effectively.

B =40"*,t € S=[T] (Duetal,2020; Thekumparampilet = B®* = AD*g®* re 5 c [T]

max [10©*|, s 1 al,, 2021; Tripuraneni et al., 2021) min  max ”A(t)*(A(t)*)T —A@"||, <h
LelT) A€OP XT teS 1\ 2=

Our setting

Deviation by an offset

- ~~

Shared
representation A

- 2

N

BY* = (A+ADHD* teS =T]
O <

The regime for rate comparison in Table 1, {rel[a% 16%"l2 1 (Chuaetal, 2021)

i i ®*1, < [ =

our setting with r{l&xlle [l S1,S<|[T] BO* = AGO* 4 §®* te S = [T]

and_Jis|-15esl 1013 % 1 max|[8©"|| S 1 (Duan and Wang, 2023)

Figure 2: The diagram illustrating the relationship between different regimes studied in
different papers.

1.3 Our Contributions
Our contributions can be summarized below.

(i) Compared to most literature on representation MTL, we considered a more general
framework. Here, the linear representations can vary across tasks, signal strengths
may differ between tasks, and there can be a small fraction of unknown outlier tasks.

(ii) We proposed two algorithms, the penalized ERM and the spectral method, to learn
the regression coefficients and the representations from multiple tasks. Our algorithms
were shown to have the following properties:
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Regime Algorithm maxeg |80 — 1|, Optimal (¢ =0)? Poly-time?
ERM rof &+ r\/g No No
h=e=0 MoM r L+ T No Yes
AltMinGD rE T No Yes
h#0 AdaptRep [r I+ T\/% + vrh(%)l/‘l} A \/% No No
e=0  ARMUL (r/& + /% +rh) A (ry/2) No No

3/2
pERM (r S r\/%—i— VTh + €- \/ﬁ‘/ﬁ) A \/% No No
h,e#0 Spectral (, [+ /T +h+ \/5) A \/% Yes Yes
p

Single-task o No Yes
Lower-bound (1 [ B+ /T +h+ Eﬁ) A \/% _ _

Table 1: A summary of the high-probability estimation error of B3®)*’s for different methods
in different regimes, where the two algorithms we proposed, penalized ERM (“pERM”,
Algorithm 1) and the spectral method (“Spectral”, Algorithm 2), are highlighted. Denote
the contamination proportion € = |S¢|/T. Except for the lower bound, all the other
rates are upper bounds. All the rates are up to logarithmic factors. “ERM”: Du et al.
(2020); Tripuraneni et al. (2021). “MoM”: method-of-moments, Tripuraneni et al. (2021).
“AltMinGD”: alternating minimization gradient descent, Thekumparampil et al. (2021).
“AdaptRep”: adaptive representation learning, Chua et al. (2021). “ARMUL”: adaptive and
robust multi-task learning, Duan and Wang (2023). “Single-task”: single-task regression by
only using the local data from each task.

e They outperform single-task learning when the representations of different tasks
are sufficiently similar, and the proportion of outlier tasks is low.

e They guarantee no worse performance than single-task learning (safe-net guaran-
tee), even when task representations are dissimilar.

(iii) We thoroughly analyzed the relationship between different regimes of representation
MTL studied in the literature. Our derived upper bounds improve over existing rates,
particularly in scenarios without task contamination. Furthermore, in the context of
representation MTL, we are the first to examine the scenario where a small proportion
of the tasks is contaminated.

(iv) We derived the lower bounds for model (1). To our knowledge, these are the first lower
bound results for regression coefficient estimation under the representation MTL. Prior
works such as Duchi et al. (2022) and Tripuraneni et al. (2021) provided analogous
lower bounds for the subspace recovery problem, assuming identical representations
without outlier tasks. In a TL setup, Chua et al. (2021) showed that assuming the
same representation can lead to worse performance than target-only learning when
source representations differ from each other, but they did not provide a full lower
bound that relates to the representation difference. Comparing the upper and lower
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bounds, we demonstrated that both proposed algorithms are nearly minimax optimal,
with the spectral method being optimal in uncontaminated settings.

(v) We extended our analysis from linear model (1) to generalized linear models (GLMs)
and non-linear regression models, and obtained similar theoretical guarantees in these
settings.

(vi) We proposed a thresholding algorithm based on singular value decomposition (SVD)
to estimate the unknown intrinsic dimension r. This adaptation enables our penalized
ERM and spectral methods to handle cases where 7 is unknown, addressing a common
challenge where r is not a priori known in most prior works.

1.4 Notations and Organization

Throughout the paper, we use bold capitalized and lower-case letters to denote matrices and
vectors, respectively. For a real number a, |a| stands for its absolute value. For a vector u,
||u||2 stands for its Euclidean norm. For a matrix A, |A|2 and ||A||r represent its spectral
and Frobenius norm, respectively. A" denotes its transpose. 0j(A), Omax(A), omin(A) are
its j-th largest singular value, maximum singular value, and minimum (non-zero) singular
value, respectively. When A is a square matrix, we denote its maximum and minimum
eigenvalues as Apax(A) and A\pin(A), respectively. For a function ¢ : X — R, [|¥]|eo i8
defined to be max,cy |¢(z)|. For two real numbers a and b, we denote their minimum by
min{a, b} or aAb and their maximum by max{a, b} or a\Vb, respectively. For two positive real
sequences {a,}>°, and {b,}5°,, an < by, or b, 2 a, means there exists a universal constant
C > 0 such that a,, < Ob, for all n, and a,, < b, or b, > a, means that a,/b, — 0 as
n — 0o. an < b, means a, < b, and a,, = b, hold simultaneously. Sometimes, we abbreviate
“with probability” as “w.p.” and “with respect to” as “w.r.t.”. For any N € N4, [N] and
1: N are defined to be {1,...,N}. P and E are the probability measure and expectation
taken over all randomness. We use C,C’,C”, Cy, Co, C3, ¢, ¢ to represent universal constants
that could change from place to place.

The rest of this paper is organized as follows. In Section 2, we first propose a penalized
ERM algorithm for the linear model (1), establish the upper bound of estimation error
for global minimizers of the ERM, study properties of the local minimizers, and discuss
implementation details. Subsequently, we introduce a novel spectral method that is com-
putationally more efficient and achieves sharper estimation error upper bounds than the
penalized ERM when there is no contamination. Next, we present lower bound results
for the representation MTL problem and conclude Section 2 with a brief discussion on
extensions to generalized linear models (GLMs) and non-linear regression models. In Section
3, we propose a thresholding algorithm to estimate the intrinsic dimension r and adapt our
penalized ERM algorithm and the spectral method to the case where r is unknown. We
conduct extensive simulation studies and analyze a real-world dataset to demonstrate our
theoretical findings in Section 4. Finally, we summarize our contributions and outline a few
potential avenues for future research in Section 5.

Due to space constraints, certain results are deferred to the appendix. In Section A
of the appendix, we provide details on the extension of our methods and theory to GLMs
and non-linear regression models. In Section B of the appendix, we study how to transfer
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the knowledge to an unknown task, i.e., under the setting of transfer learning (TL) or
learning-to-learn. We propose an algorithm that leverages outputs from MTL algorithms
to adapt to a new target task, presenting corresponding upper and lower bounds. All the
proofs are also provided in the appendix.

2 Multi-task Learning with Similar Representations
2.1 Problem Set-up

Let us describe the problem setting introduced in Section 1.1 in more detail. Suppose there
are T tasks, and we have collected sample {a:l(t) , yz(t)}?zl from the t-th task, where :L'Et) € RP,

yi(t) € R, and ¢ € [T]. There exists an unknown subset S C [T], such that for all ¢ € 5,

! = @B+, i=1:m, (2)
where B0* = A®+gt)* AW ¢ OP*r = [A € RP*" : ATA = I,}, low-dimensional
parameter 80* ¢ R”, r < p, and {egt)}?zl are i.i.d. zero-mean sub-Gaussian variables

independent of {mgt) ;¢ Throughout this and the next sections, we assume the intrinsic
dimension r is known. The case that r is unknown will be addressed in Section 3.

Here the T tasks are divided into two groups, S and S¢. The tasks in S have “similar”
representations (similarity to be defined in the following), while the tasks in S¢ can be
understood as outlier tasks or contaminated tasks with an arbitrary distribution. Our goal
is twofold:

1. Improve the learning performance simultaneously on the tasks in S, when they share
“similar” representations and the proportion of outlier tasks in S¢ among all T" tasks is
small;

2. Maintain the single-task learning performance when the “similarity” between tasks in
S is low.

It should be emphasized that if we allow the outlier tasks in S¢ to be arbitrarily distributed,
no guarantee can be obtained for these tasks in the worst case. However, as we will discuss
later, if these tasks still follow linear models (2) (without a low-dimensional representation),
then the single-task linear regression estimation rate can be achieved for {B(t)*}te ge.

We also want to point out that the set S is unknown. We will show that our penalized
ERM algorithm and spectral method can perform well across all potential sets S C [T] under
certain conditions. This flexibility is crucial from both perspectives of outlier tasks and
adversarial attacks. From the perspective of outlier tasks, we expect an algorithm to succeed
for all possible outlier task index sets S as long as |S¢|/T is small. In other words, the
algorithm should not only work for a specific S¢, but also not rely on task indices (otherwise,
we can always drop the data from tasks in S¢ to avoid the impact of outliers). From the
perspective of adversarial attacks, the attacker can choose to corrupt the data from any

c. This is assumed for simplicity and can be relaxed. In fact, it suffices to require {egt)|m§t> =x;}i—; to be
independent zero-mean sub-Gaussian variables for almost surely {@;};—; w.r.t. the product probability
measure induced by the distribution of acz@’s.
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task, which usually happens after the release of the machine learning system. Therefore, a
robust learner should achieve ideal performance for all possible sets S. See Figure 3 for an
illustration of these two points of view.

The learner The learner

AN /AN
]

amBE.L =

Taskl Task2  Task3 Task4 I I I -
am BE
Task 1 Task 2 Task 3 Task 4
(a) Existence of outlier tasks (b) Existence of adversarial attacks

Figure 3: An illustration for two perspectives of viewing model (2). In both cases, S¢ = {4}.

The same setting when A()*’s are the same and S = [T] (i.e. no outlier tasks) has been
studied in Du et al. (2020), where they argued that when r is much smaller than p, a better
estimation error rate of 8(* can be achieved compared to the single-task learning. Our
framework is more general and realistic because it is difficult for all tasks to be embedded in
precisely the same subspace as the number of tasks T' grows (Rostami et al., 2022), and the
prevalence of outlier tasks is common (Zhang and Yang, 2018).

To mathematically quantify the similarity between representations {A(t)*}tes, we con-
sider the maximum principal angle between subspaces spanned by the columns of these
representation matrices. More specifically, we assume that there exists h € [0, 1] such that

“min max |[AD*(AONT —AA) T[]y < h. 4
Acopxr teS

A small h means the representations are more similar. The case when h = 0 reduces to the
setting of the same representations in literature (Du et al., 2020; Tripuraneni et al., 2021).
In the literature, ||A®*(A®*)T — A(A)T ||, is often referred to as the mazimum principal
angle between column spaces of A®* and A. This concept and its variations have been
widely used to measure the difference between subspaces in perturbation theory (e.g., Wedin,
1972; Cai et al., 2013; Kato, 2013; Yu et al., 2015; Chen et al., 2021b). The case when r = 1
(where all representations are p x 1 vectors and 8()*’s are scalars) reduces to the setting

d. Note that the LHS of the following inequality is always less than or equal to 1, because A®* and A are
orthonormal matrices. Here, the minimum is achievable because of the Weierstrass Theorem. Note that
the objective function is continuous (over A) under || - ||2 norm and the space (OP*" || - ||2) is compact.

10
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of Gu et al. (2024). In this case, the principal angle between subspaces becomes the angle
between regression coefficient vectors.

We now make some assumptions. Without loss of generality, suppose () is mean-
zero. Denote the covariance matrix X = E[z®) (2®)T] and the joint distribution of
{{mgt),ygt)}?zl}te se as Qge. For the convenience of description, define a coefficient matrix
Bj € RP*IS each column of which is a coefficient vector in {ﬁ(t)*}tes. Denote the #5-

norm () = [|§1)*||y = ||31)*||2, the average fo-norm ¢ = \/|S|—1 > es(¢®)?, and assume

mingeg ¢ > \/I’H%T. ¢ ¢® can be viewed as the signal strength of the ¢-th task. In

almost all the existing literature, it is assumed that () <1 forallt € S = [T] and { > 1,
and the impact of ¢ ®) on the model performance is ignored. In this work, however, we allow

¢W’s to vary across tasks, and we will show later how the performance of representation
MTL on each task depends on ¢(®).

Assumption 1 For any t € S, *® is sub-Gaussian in the sense that for any u € R? and
A € R, E[eM‘Tm(t)] < eO¥Il3 with some constant C > 0. And there exist constants c,C
such that 0 < ¢ < )\min(Z(t)) < )\max(E(t)) <C<oo forallt € S.

Assumption 2 There exists a constant ¢ > 0 such that o.(B§/+/|S]) > %5, where each

column of BY is a coefficient vector in {B®*},cq.
Assumption 3 n > C(p + logT) with a sufficiently large constant C' > 0.

Assumptions 1 and 3 are standard conditions in literature (Du et al., 2020; Duan and
Wang, 2023). Assumption 2 is often called the task diversity condition. When AD*g are
the same, o.(B%/+/|S]) = 0,.(©%/4/]S]), where each column of ©% is a coefficient vector in
{O(t)*}tes, which means that the low-dimensional task-specific parameters 8)*’s are diverse.
Such a task diversity condition has been adopted in other related studies (Du et al., 2020;
Chua et al., 2021; Tripuraneni et al., 2021; Duchi et al., 2022) f to obtain a parametric rate
which is faster than the rate without this condition (Maurer et al., 2016). The benefit of this
condition is intuitive, because a full exploration of all directions in the subspace is necessary
to learn representations well, which is the key to representation MTL.

It is important to note that the presented assumptions are imposed on both the set
of non-outlier tasks S and the model parameters. These assumptions are made from the
perspective of outlier tasks. However, when considering adversarial attacks, we can replace
S with the set of all tasks [T'] and assume that each task follows the linear model (2). An
attacker can then adversarially select a subset S¢ C [T] and distort the data distribution
for these tasks. For simplicity, we do not distinguish between these two perspectives in the
following parts of this paper.

e. In general, we have the same results hold by defining (") = [[0*||y v /2H°5T  Here we define

¢ = 118"*||; and assume minses ¢ > (/2L for presentation simplicity.
f. In Duchi et al. (2022) and Tripuraneni et al. (2021), the lower bound of o,(Bg/+/|S]) is defined as a
parameter and appears in the estimation error. Here we follow Du et al. (2020) and impose an explicit

bound on it to obtain a cleaner result, but our analysis can carry over to the analysis where the lower
bound of o.(B%/+/|S]) is denoted as a parameter.
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In the following subsections, we will present two algorithms, study their properties, and
derive a lower bound of the estimation error.

2.2 The First Algorithm: Penalized ERM

2.2.1 ALGORITHM AND UPPER BOUNDS

In a special case of our setting, when A®*’s are the same, S = [T], maxies ¢® <1, and

¢ 2 1, Du et al. (2020) proposed an algorithm by combining the objective functions of
all tasks and solving the optimization problem. A more general version accommodating
various loss functions has been explored in Tripuraneni et al. (2020). Under our setting,
where the representations are similar but not exactly the same, and with the inclusion
of potential outlier tasks, the objective function needs to be properly adjusted. When h
is large, learning {,B(t)*}tes by presuming similar representations may lead to a negative
transfer effect. Considering these differences, we proposed a two-step learning approach in
Algorithm 1 that addresses these issues. Note that we will apply the same algorithm to some
extended models in Section 2.5, so for description convenience, we introduce the algorithm
with generic loss functions f® for the t-th task. For the linear model (2), specifically, we set

fOB) = YO - X082 = £ Y 1" — (@) for B € R, where X©) € R

2n i
and Y®) ¢ R" are corresponding matrix representations of the data from the ¢-th task.

Algorithm 1: Penalized ERM
Input: Data {X® YT — {{mgt),yl(t)}?zl}le, penalty parameters \ and -,
intrinsic dimension r
Output: Estimators {3M}],, A
1 Step 1: (Aggregation) {A®}L {81 A c
AIGMIN (0y7  Conxr Acorr {60)T CRr LT Y [FP(AMeM)
+ 2 AOAO)T —AA)T])
2 Step 2: (Biased regularization) B = arg mingegp {f(t) (B) + %HB — A\(t)é\(t)Hg} for
t e [T

In Algorithm 1, Step 1 aims to learn all tasks by aggregating the data, where the penalty
|AD(AO)T — A(A)T |5 is added to force the subspaces represented by {A®}T | to be
similar. This penalty is motivated by the connection between penalized over-parameterized
models and robustified empirical risk minimization (ERM) (e.g., Gannaz, 2007; She and
Owen, 2011; Donoho and Montanari, 2016; Duan and Wang, 2023). Specifically, adding such a
penalty is equivalent to employing a robustified loss function to estimate the central subspace
A, which is then adapted to obtain individual estimators for each A®*. As discussed in
Section 1.2.2, formulating the problem in our setting naturally leads to this penalty structure,
which provides an advantage over existing approaches such as those in Chua et al. (2021)
and Duan and Wang (2023). Moreover, note that when ||A®(A®)T — A(A)T |5 = 0, it can
be shown that A®) and A are identical up to a rotation. And this distance is equivalent to
other subspace distances like sin-O distance or the distance between two matrices up to a
rotation (Chen et al., 2021b). Step 2 uses data from each task to make proper corrections to

12
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prevent negative transfer, which is often referred to as biased regularization in the literature
(Scholkopf et al., 2001; Kuzborskij and Orabona, 2013, 2017). Such two-step methods are
widely used in the distance-based MTL and TL literature to alleviate the adverse effect of
negative transfer (Bastani, 2021; Li et al., 2022b; Lin and Reimherr, 2022; Tian and Feng,
2022). It is important to point out that A®)*’s and 8®*’s are not uniquely identifiable in
model (2), which does not pose an issue because our focus is on estimating BH*g

Next, we proceed to present the upper bound on estimation errors of {,B(t)*}tes incurred
by Algorithm 1.

Theorem 2 (Upper bound for Algorithm 1) Suppose Assumptions 1-3 hold with a

-3/2_ & where ¢ > 0 18 a small constant
maXtES(C(t))2 ’ .

By setting A = CM\/ r(p+logT) and v = C'\/p+logT with sufficiently large

minges ()
positive constants C and C', for an arbitrary distribution Qge of {{:13Z ,yi( ? 1 hese, w.p.
at least 1 — e~ C"(r+108T) e have

~ ) ® /r r+logT
18 = B9 l2 < {CC \/nﬁ(C wa)\/ =+ (Ovrh
¢ max;eg(¢®)? 32 [P +1ogT Ip+logT
+ im0 r - €N - , Vtes.

Furthermore, if the data from tasks in S¢ satisfies the linear model (2) (without any latent
structure assumption) and Assumption 1, then w.p. at least 1 — e~ C' o) e glso have

* p+logT
max [ B — B0, < \/ :
tese n

t)*

subset S C [T satisfying € = @ <ecr

In Theorem 2, the upper bound of || B — |2 for t € S is the minimum of two terms,
where the first term corresponds to the rate obtamed through data aggregation and the
second term corresponds to the single-task rate. This result shows that our algorithm is
automatically adaptive to the optimal situation, whether or not aggregating data across
tasks is beneficial. Furthermore, it demonstrates that Algorithm 1 is robust to a small
fraction of outlier tasks, in the sense that representation MTL remains beneficial when the
outlier proportion € is small. R

Analyzing the components of the upper bound of ||ﬁ(t) — ,B(t)*”g for t € S further

elucidates their interpretability. The term %m /-2 + ¢®\/rh arises from learning similar

. (t) . . . .
representations, (% \Y 1) \/ M%T is due to learning the representations and task-specific

(t) (t))2 . .
parameters, %'r?’/ 2, /ptosT o qccounts for outlier tasks, and |/2H%T g the
¢?minges ¢ n n

error rate of single-task learning. Note that the term ¢(*)\/rh does not explicitly depend on
n (although ¢, 7, h might depend on n). At first glance, this may appear overly restrictive,
but the lower bound in Section 2.4 contains a similar term that does not involve n explicitly.
This phenomenon was also observed in many distance-based multi-task and transfer learning
studies, such as Li et al. (2022b,a); Lin and Reimherr (2022); Tian and Feng (2022); Duan
and Wang (2023).

13
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To understand when Algorithm 1 improves upon single-task learning, consider the scenario
maxycs (P <1 and ¢ > 1, where the upper bound simplifies to (r I+ \/?\/Hl%gT +

VTh + 7“3/2\/%6) A %. When T > r? (many tasks), h < 4/ % (similar
representations), p > r(r Vlog T') (low intrinsic dimension), and € < =%/ (a small fraction

of outlier tasks), the rate is faster than the single-task error rate ’HI%T.

Furthermore, contrary to the results in existing literature (Du et al., 2020; Chua et al.,
2021; Tripuraneni et al., 2021; Thekumparampil et al., 2021; Duan and Wang, 2023), our
results indicate that the performance of representation MTL on each task depends critically
on the norm ¢) = ||@®*||,. This insight suggests that tasks characterized by smaller
coefficients may benefit more from representation MTL. We will verify this phenomenon
through numerical experiments in Section 4.1.4.

It is also worth noting that Assumption 3 can be relaxed to n = r + log T for penalized
ERM, provided that we are willing to forego the safe-net guarantee 4/ p+1+gT. However,

IJH%T in the estimation error can expose penalized ERM to

omitting the minimum with
negative transfer effects when either h or € is large.

Before closing this subsection, we present the following theorem, which demonstrates
that the personalized estimators {ﬁ(t)é(t)}le obtained in Step 1 already achieve strong
performance, albeit with a loss of a factor of \/r and other scaling factors compared to the
estimation error of {B\(t)}tT:1 in Theorem 2. In this sense, Step 2 in Algorithm 1 can be seen

as a refinement that further improves estimation accuracy.

Theorem 3 (Step 1 only) Under the same assumptions imposed in Theorem 2, for any

. . . @ _3/2 62 . .
S C [T satisfying € = = < cr S e () o with a small constant ¢ > 0, and an arbitrary

distribution Qge of {{wgt), y(t) " hese, w.p. at least 1 —

)

S ® ®
A0 _ g, < {C_ . (Cﬁ y 1) JrHosT o g,
¢ Vnl ¢ n

!
e~ C'(rH1ogT) e have

, (W maxies (¢ \/m [+ 108T) masies(¢®)?
¢2mingeg ¢®) n n ¢ mingeg ()
vVt € S.

As pointed out in Section 1.2, our setting reduces to the setting in Gu et al. (2024) when
r = 1, where they considered a ridge regression by penalizing the angle between different
regression coefficients. The main idea of our Algorithm 1 resembles their approach, but
they only considered the case when the angles between different regression coeflicients are in
[0,7/2]. Our result shows that representation MTL helps as long as the subspaces spanned
by each coefficient (i.e., the straight line) are similar, where the angles can be either close
to 0 or w. Moreover, Theorem 3 shows that when r is a constant, the estimators obtained
from Step 1 of Algorithm 1 already achieve a desired rate (despite an inflation term in the

single-task rate \/%), which means Step 2 may be omitted.

14
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2.2.2 DISCUSSIONS ON LoCAL MINIMIZERS

It can be observed that the optimization problem in Step 1 of Algorithm 1 is non-convex.
Therefore, in addition to studying the global minimizers as previously examined, it is also
crucial to investigate the properties of local minimizers. Specifically, if only a local minimizer
is found in Step 1, does Algorithm 1 still achieve the same upper bound in Theorem 27

Our first result below focuses on a special case where S = [T] and A = 4o00. In this
scenario, Step 1 of Algorithm 1 reduces to the ERM algorithm introduced in Du et al.
(2020). The following theorem shows that even if we replace the global minimizer with a
local minimizer in Step 1, Algorithm 1 still achieves the same upper bound as stated in
Theorem 2. In other words, there is no “bad” local minimizer in this case.

Theorem 4 (No bad local minimizer when S = [T] and A = +o0) When S = [T and
A = +00, replacing the global minimizer in Step 1 of Algorithm 1 with any local minimizer &
delivers the same upper bound as in Theorem 2, i.e. w.p. at least 1 — e‘c/(HlogT),

~ (t) (t)
18080 5 {M Pt Ww),/’““"gﬂdwh}M/W, vt € (7).
¢ nT ¢ n n

Tripuraneni et al. (2021) proves a similar result for the ERM when S = [T], h = 0, and
A = 4o00. However, their result only holds for ERM with an additional regularization term,
and the optimization must be conducted within a constrained set. In contrast, Theorem 4
shows that there is no bad local minimizer across the entire optimization landscape. This
result significantly supplements the existing literature for the case S = [T].

Next, we present a more general result for the generic case S # [T] with the same \
value as in Theorem 2. Unfortunately, similar to the result in Tripuraneni et al. (2021), in
this general case, we can only establish that there is no bad local minimizer within a large
regime instead of the entire landscape. This implies that we can replace the global minimizer
in Step 1 with a local minimizer under some constraints to obtain the same upper bound.

Theorem 5 (No bad local minimizer in a large regime, for general S # [T]) Consider
the same X\ value taken in Theorem 2. Replacing the global minimizer in Step 1 of Algorithm
1 with any local minimizer satisfying

41+ V2) max | AV (AD)T — A(A) T + 4% <1-~
— €

Omax(E") AOVT _ 40 g0 T B
Ve { 22 E 20 A0) T 0 (40 o} <1,

with a universal constant v > 0 delivers the same upper bound as in Theorem 2, i.e. w.p. at
least 1 — e~ ' rHoe D) for gllt € S,

~ (t) (t)
I1B© — B> 5 {Cgm/fT+ (S22 v1) L oy

g. Here we say {{AMW}L . A {6171} is a local minimizer of function G({A®}L |, A, {6V} ) =
ST FOAMemy 1 HA(”(A(t)) — A(A)7||2, if there exists a constant 6 > 0, such that

for any {{A(t>}t 1, A, {G(t)}t 1} with maxc(r mingecppxr {||A(t) <t)RHz + \|0(” RTG(t)Hz} +

mingeopxr ||A AR|> < 4, we must have G({AM} | A, {a(t)}t 1) < GHAWYL,, A {6V} ).
The same definition is used in Theorem 5.
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_I_C(t)maxteg(c(t))Qrg/z /p—i—logT.6 A [p+logT
¢ minges (0 n no

Theorem 5 is similar to the results from other non-convex problems such as the EM
algorithm for the mixture models (e.g., Balakrishnan et al., 2017; Cai et al., 2019), where
a contraction basin exists within which the only local minimizer is the global one. This
suggests that a good initialization can be used in the optimization problem of Step 1 to
avoid bad local minima. We conjecture a similar result in Theorem 4 holds in the general
case as well, i.e. there is no bad local minimizer in the entire optimization landscape. This
conjecture remains a direction for future research.

The diagrams in Figure 4 below summarize the results discussed in this subsection.

2

2

(a) The case S = [T]and A = +o0 (b) General case S # [T]

/] Area with no local minimizer
I:l Desired estimation error range

[] Areawhich we conjecture has no local minimizer

Figure 4: The optimization landscape of Algorithm 1 proved in Theorems 4 and 5. The big
rectangle is the full optimization landscape.

2.2.3 IMPLEMENTATION

While we have provided desired upper bounds of estimation error with both local and global
minimizers in Step 1 of Algorithm 1, solving the optimization problem there is challenging

due to the constraint that representation matrices {ﬁ(t)}le and A must belong to the
orthonormal space OP*" = {A € RP*" : ATA= I,}. In this subsection, we want to point
out that this restriction is adopted mainly for clarity of exposition. In practice, we can
formulate the optimization problem in RP*" with a modified penalty term, achieving the
same theoretical guarantees as with OP*".

Before discussing the practical formulation of the optimization problem in Step 1, we
first introduce several new notations. For any non-zero matrix A € RP*" with p > r, we
define the projection matrix onto the column space of A as P4 = UU ", where U € OP xr!
is the left singular matrix in the SVD of A = U,y Ayrsyr V;,TXT,, 1 <7 <r,and Ay, is
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diagonal with positive entries. When rank(A) = r, we have P4 = A(ATA)"'A". When A
is zero, we define P4 = 0,x,. Note that while U in the SVD of A may not be unique, Py
is unique by the Hilbert projection theorem.

In practice, Step 1 of Algorithm 1, i.e.

FOADeM)

D

t=1

Nl

(AT (9T | Ac arg min
{AOYT | ACOP*r {80} CRr

+ =l AOA0)T A(A)Tnz] }

is equivalent to solving the following relaxed problem

T

{A(t)}?zb {é\(t)}?:la A € arg min {1 Z

(AT Acrexr oy cre | 1

A
f(t) (A(t)g(t))—{—\/EHPA(t)—PAHQ] }

3)
This replacement relaxes the constraint that {A\(t)}thl and A must belong to the orthonormal
space OP*" = {A € RP*" : AT A = I,.}, allowing them to reside in RP*" with a modified
penalty term. Intuitively, we can see why this relaxation preserves our previous theoretical
guarantees. For any A®) € RP*" and #) € R”, it can be shown that there exist AW ¢ opxr
and 8®) € R such that A®9®) = ANGW) and Py+ = Pz Since we are interested in
the product instead of A® € RP*" and ) € R” individually, the replacement does not
affect the estimation error of 3(*. The following theorem formally presents this result.

Theorem 6 We replace the Step 1 of Algorithm 1 with the real-matrix optimization problem
(3), and replace ||AD(AD) — A(A)T ||y, |AD(AD) — AO*(AONT ||y in Theorem 5 with
IPgwy — Pzll2 and ||Pzu — Paw-|l2. All theoretical results in Sections 2.2.1 and 2.2.2
remain valid.

In all the numerical experiments, we used the automatic differentiation implemented
in PyTorch (Paszke et al., 2019) along with the Adam optimizer (Kingma and Ba, 2015)
to solve the optimization problem (3). Further implementation details will be discussed in
Section 4.

It is also possible to conduct optimization directly on the Stiefel manifold OP*" in Step
1, which is recently explored in Chen and Feng (2025).

2.3 The Second Algorithm: Spectral Method

In this subsection, we propose another algorithm for the representation MTL, which is
based on singular value decomposition (SVD), and we refer to this approach as the Spectral
Method.

The motivation of the spectral method arises from the special case h = 0 and S = [T],
implying A®* = A for all ¢ € [T]. In this scenario, B = (3%, ..., 31" = A4,,,0*
with ©* = (%, ..., 01)*) is a rank-r matrix, and the column spaces of B} and A are
the same. Thus, the left singular matrix in the SVD of Bg can exactly recover A. In
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practice, we can use the single-task estimator to estimate each column of Bg and apply
SVD to estimate A. With the estimated A, we can then perform a single-task regression
to estimate @*. When h is not necessarily zero and S # [T7], the same idea can still be
applied. However, to avoid negative transfer when h is large, we can follow the SVD with a
biased regularization step similar to Algorithm 1. Additionally, we need to conduct SVD on
a robust estimator of B to accommodate outlier tasks.

We use [ [ to denote the projection operator to an ¢»-ball centered at zero of radius R
in R?, and use quantile({a;}7_;,1 — €) to denote the lower (1 — €)-quantile of a sequence
{a;}_; C R, where € € [0,1]. We formalize the intuition into the spectral method in
Algorithm 2.

Algorithm 2: Spectral Method

Input: Data {X®) Y®}T  — {{wgt),yi(t)}?zl}le, penalty parameter v, an upper
bound € (for €), intrinsic dimension r
Output: Estimators {B\(t)}thl, A

1 Step 1: (Single-task regression) () = arg mingegp {f®(B)} for t € [T

2 Step 2: (Projection and concatenation) Create a p x T' matrix B of which the #-th
column is [[(B®), where R = quantile({||B8®|2}7 1,1 — &) R

3 Step 3: (SVD) Conduct SVD B = UAV T with U € OP*T | let A be the first r
columns of U, and set 8®) = arg ming g, f*)(A0)

4 Step 4: (Biased regularization) () = arg mingegp {rOB) + ﬁH,@ — Ké\(t)Hg} for
t € [T]

Steps 1 and 2 of Algorithm 2 construct a robust estimator of Bg by concatenating
projected single-task estimators. The projection limits the impact of outlier tasks by setting
the projection radius to a quantile of the fo-norms of all single-task estimators. This
projection technique, sometimes referred to as truncation or winsorization, is widely used in
robust statistics (e.g., Lugosi and Mendelson, 2021) and differential privacy (e.g., Dwork,
2006; Dwork et al., 2014). To determine the quantile percentage, we need an upper bound
€ of e. If we have prior knowledge of € (but not S and S¢), we can set € = e. Without
this information, € can be chosen as a small constant, such as 0.05. In the simulations,
we set € as the true € value, and in the real-data study, we set € = 0.05. Step 3 performs
the SVD to estimate the central representation A. Step 4 applies biased regularization as
in Algorithm 1 to prevent negative transfer. The spectral method avoids the complicated
non-convex optimization problems present in the penalized ERM algorithm, making it easy
to implement in practice. In fact, the spectral method can be solved in polynomial time
since the objective function in Step 4, which consists of a sum of a smooth and strongly
convex component and an f»-Lipschitz component, can be minimized in polynomial time
(e.g., via stochastic gradient descent; see Shamir and Zhang, 2013). Moreover, SVD can also
be computed in polynomial time. Besides its simplicity and efficiency, we can show that it
achieves a better upper bound of estimation error for 3®)*’s when S = [T7].
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Theorem 7 (Upper bound for spectral method) Suppose Assumptions 1-3 hold with

a subset S C [T] satisfying e = @—C‘ <er .

¢
(maXteS ¢®
By setting v = C'\/p +logT with a sufficiently large positive constant C’', w.p. at least

_ ,—C"(r+logT = i ofars < <
1—e ¢ ) and € satisfying e < € < -
h

2
) , where ¢ > 0 is a small constant.

m) with a sufficiently small positive

constant ', we have

N (t) (t) logT Umax((ZL)TB* )
t) _ g®)x*). < C\/p7 (C 1> \/? \/? ®p, . |: S
18 -3 sz{ z T z v Sy G ((AL)TBg)/\\/;

Omin

(t) / logT
+C<HtlEgXC(t)'\/’l“€}/\ p—i—%’ vVt e S,
€

where Bg € RPXIS| is the coefficient matriz whose columns are {,B(t)*}tes, A € argmin g¢opxr
maxe[r] |AG(AGONT — AAT||y is the central representation, and At s orthogonal to A
in the sense that A~ € OPX(P=") qnd (EL)TE = 0(p—r)xr-

Furthermore, if we assume the data from tasks in S¢ satisfies the linear model (2) (without
any latent structure assumption) and Assumption 1, then w.p. at least 1 — e=C'(p+logT) e

also have
max |0 — 80|, < /28T
te[T) n

We can similarly discuss when Algorithm 2 improves single-task learning as in Theorem
2, which we do not repeat here. However, it is worth emphasizing that, like Algorithm 1,
Algorithm 2 is also adaptive to the unknown similarity structure and it is also robust
to a small fraction of outlier tasks. Comparing the rates in Theorems 2 and 7, we can see
that the estimation error rate of the spectral method has a better dependence on r when
S = [T, although the last term related to outlier tasks is worse. In the next subsection,
we will see that the spectral method is minimax optimal when S = [T] and the condition
number amax((ﬁl)TBg)/amin((EL)TBg) is bounded by a constant.

As mentioned, Algorithm 2 requires an upper bound € of € for determining the quantile
percentage, and € also appears in the upper bound of estimation error. If € < ¢, then we can
replace € in the upper bound with the true e.

Besides the intuition provided at the beginning of this subsection, Algorithm 2 also has
connections to average derivative estimation (ADE) and expected gradient outer product
(EGOP) methods used to estimate the index space in single-index models and multi-index
models (e.g., Hardle and Stoker, 1989; Samarov, 1993; Hristache et al., 2001; Yang et al.,
2017; Yuan et al., 2023). For instance, in the multi-index model E[Y|X = x| := g(x) =
f(B*)Tx) € R with B* € RP*T | £ € RP, g continuously differentiable and unknown, and
E[Vg(X)(Vg(X))"] existing, we have:

E[Vg(X)(Vg(X))'] = (B*) "E{Vf((B") ' X)[Vf((B*)" X)]"}B".

h. For convention, we define 0/0 = 0, which is mainly for the case (ZL)TB* =0(p—r)xr-
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Therefore, it is possible to use SVD or PCA on some estimator of E[Vg(X)(Vg(X))']
to recover the column space of By, and many estimators of the expected gradient outer
product have been proposed in the literature. In the context of representation MTL, when
S = [T], we can view ¢ as a multivariate function x — (81" T, ..., (8M*)Tx)T with
f the identity function from R” to RT, implying that E[Vg(X)(Vg(X))'] = (B%)' B%.
Thus, our spectral method, which performs SVD on the estimated BY, can be viewed as a
multi-task variant of the EGOP framework.

The SVD step in our method is also closely related to the SVD-based approaches used in
Kong et al. (2020) and Meunier et al. (2023), where the former considers a mixture model
setting and the latter operates in an infinite-dimensional RKHS framework. Translated into
our terminology, the key difference is that their methods rely on data splitting to estimate
two instances of Bg’s separately in the product (B S)TB 5- In contrast, our approach applies
SVD directly to the unbiased estimator B rather than to the potentially biased BB and
thereby eliminates the need for sample splitting.

When there are outlier tasks or contaminations, i.e., S # [T], besides the simple
projection technique, we can also borrow ideas from robust principal component analysis
(PCA) literature (e.g., Wright et al., 2009; Candes et al., 2011; Vidal et al., 2016) to robustify
the SVD procedure in Algorithm 2. For example, instead of conducting SVD on B in Step
3 of Algorithm 2, we may conduct SVD on another p x T' matrix L which is the solution of
the convex optimization (Liu et al., 2012; Xu et al., 2012)

min ||L| + A| Z|21 s.t. B=L+ Z,
LZ

where || L], = Zp/\l o;j(L) is the nuclear norm, and || Z]21 = Zle |z¢||2 with z; the t-th
column of Z is the Ly 1-norm. This approach might lead to better performance when S # [T].
Given the extensive scope of the current paper, we leave the study of this approach for
future research.

2.4 Lower Bound

In this subsection, we derive lower bounds to explore the information-theoretic hardness of
the representation MTL problem. Consider a collection of all subsets S C [T'] as

S=1{SC[I]: 8T < e}.

Given the subset S, define a coefficient matrix Bg € RP*ISI, where each column corresponds
to a coefficient vector in {,B(t)}tes. Consider the parameter space for the coefficient vectors

{B(t)}tes as

B(S, h) :{{g“)}tes :BM = AMGW) for all t € 5, {AD},cg € OPX7 |0W]|y < ¢P)

) (A® < 12g.) > ¢ ®
min max | AO(AO)T — AAT | < by (|57 Bs) > \[1/‘5,;!\9 \2}

where ¢ can be any ﬁxed positive constant such that (S, h) # 0. Given a set S C [T,

denote ¢ = ((5) = |S| > 1es(C®)2. We have the following lower bound.
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Theorem 8 (Lower bound for MTL) Suppose p > 2r, T > r01, mine(r) ¢ >, and
€ < ¢/r where C and ¢ are some positive constants. We have the following lower bound hold:

N (t) (t)
_inf  sup sup P U ||B(t) - B(t)*HZ > [41 [P + (C vV 1> \/?—i— log T
{BW}, SCS {81}, 5€B(S,h) ¢ VnT ¢ noon

tesS
Sc

(t) log T 1
(g, 4 S €T prlogl L), 2
I cwﬂ“/ ! > L

where for any given S C S, P = Pg ® Qge, and Pg, Qgc are the probability measures on
sample space of tasks in S, S¢, respectively. Furthermore, if tasks in S¢ also follow the linear
model (2), then we have the following lower bound, where P is the probability measure on
sample space of all tasks:

~ logT 1
_inf  sup sup ]P’(maXHﬁ(t) — By > Hp+0g> > —.
{BWYL, SES (B0} esem(sn) N eI n 10
{8} e se

Similar to the upper bound in Theorem 2, the lower bound of max;cg Hﬁ(t) — B,
contains several terms reflecting the difficulty of learning different components. For example,

%t) Bt C ()1, arises from learning the similar representations in S; (%—t) \% 1) \/g +4/ % is

due to learning the task-specific parameters; %f/—% is caused by outlier tasks; and 4/ %
is the single-task rate.

To our knowledge, this is the first lower bound for learning regression parameters in the
context of representation MTL. Tripuraneni et al. (2021) and Duchi et al. (2022) derived
lower bounds for the subspace recovery when ¢} <1 for all t € § = [T7], with no outlier
tasks (e = 0) and all tasks sharing the same representation (h = 0).

Comparing the upper bound for penalized ERM in Theorem 2 with the lower bound, the
upper bound exhibits a sub-optimal dependence on 7 compared to the information-theoretic
lower bound. This phenomenon has been noted in Du et al. (2020) and Tripuraneni et al.
(2021) for both the ERM estimator and a method-of-moments estimator. The upper bounds
of estimation errors for both estimators have sub-optimal dependence on r. They related
this to a similar phenomenon observed in other works on linear regression models (Raskutti
et al., 2011), where the upper bounds of estimation errors have sub-optimal dependence

(t)
does not depend on the full dimension p, whereas the counterpart in the upper bound
does. A similar phenomenon has been noted in several papers (e.g. Tian et al., 2022;
Duan and Wang, 2023). An open question is whether the dependence on p can be removed.
Unfortunately, our ongoing work shows that this is impossible for the penalized ERM method
like Algorithm 1 for a broad class of commonly used regularizers. As pointed out by Tian
et al. (2022), estimators based on techniques in robust statistics like Tukey’s depth function
have been shown to achieve minimax rate under Huber’s contamination model for location
and covariance estimation (Chen et al., 2018), which might help improve the upper bound

on eigenvalues of design matrices. In addition, the last term in our lower bound,
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in our setting. In summary, when r is bounded, ¢ = 0, and () < for all t € S = [T7], the
penalized ERM is optimal. An adaptation of techniques in robust statistics to improve our
estimation algorithm will be an interesting future research direction.

On the other hand, the upper bound for the spectral method in Theorem 7 matches
the lower bound when e = 0 and the condition number amax((ZL)TBg)/Umin((;lL)TBg) in
Theorem 7 is bounded by a constant. To our knowledge, when there is no contamination
(e = 0), no algorithm in the literature could achieve the optimal estimation error rate of
B1*g before our work, even in the special case h = 0. This demonstrates the power of the
spectral method in the representation MTL. However, the term related to the outlier tasks
does not involve n and is not optimal. It remains unknown what algorithm can achieve the
optimal estimation error rate when € # 0.

Finally, we would like to emphasize that the condition er < ¢ for some constant ¢ > 0
is necessary for representation multi-task learning. As discussed at the end of the proof
of Theorem 8 in Section D.9 of the appendix, when er > 1, the lower bound immediately
deteriorates to \/1% This reduces the multi-task rate to the single-task rate, thereby
eliminating the benefits of data integration in the worst-case scenario.

2.5 Extensions to Generalized Linear Models and Non-linear Regression

We can extend the proposed methods and theoretical framework beyond the linear model
(2). For example, we can consider generalized linear models (GLMs) (McCullagh and Nelder,
1989), where the conditional distribution of Y given X = x for task ¢ has density

py) = ylel =) = p(y) exp {y - 2T B — (2T}, i=1:n, (4)

for t € S, w.r.t. some measure u on a subset of R, where v is second-order continuously
differentiable on R, and v’ is often called the inverse link function.

In addition to GLMs, we can also extend the linear model (2) to a non-linear regression
model (Yang et al., 2015), where

10 = o(@)B) + 0, i=1:n ®

for t € S, where ¢ is a monotone function with a continuous second-order derivative on
R and {egt)}?zl are i.i.d. zero-mean sub-Gaussian variables independent of {:cgt) ? .. In
literature, g is often referred to as the link function.

Given the extensive coverage in the main text, we defer the details of these extensions to
Section A of the appendix.

3 Adaptation to Unknown Intrinsic Dimension r

In Sections 2 and A, the intrinsic dimension r is assumed to be known a priori. To
our knowledge, this assumption is standard in almost all related theoretical literature on
representation multi-task and transfer learning (e.g., Ando et al., 2005; Maurer et al., 2016;
Du et al., 2020; Thekumparampil et al., 2021; Tripuraneni et al., 2021; Chua et al., 2021;
Collins et al., 2021; Deng et al., 2022; Duchi et al., 2022; Duan and Wang, 2023), despite
being potentially unrealistic in practice. In this section, we propose a simple yet effective
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algorithm to adapt the previous MTL algorithms to the case of an unknown r. Recall the
notations () = [|@®*||y and ¢ = \/]S]_l > tes(C®)2. Similar to the notations used in
Algorithm 2, we use [[ to denote the projection operator to an fo-ball centered at zero
of radius R in RP, and use quantile({a;}1_;,1 — €) to denote the lower (1 — €)-quantile of
{a:}]_; C R, where € € [0, 1].

The algorithm is based on SVD, and the details are summarized in Algorithm 3.

Algorithm 3: Adaptation to unknown intrinsic dimension r

Input: Data from tasks {X®) Y ®}T  — {{mgt), yi(t) n 3., threshold parameters
Ty, Ty > 0, an upper bound € (for €)
Output: An estimate 7 N
1 Step 1: (Single-task regression) B() = argmingcg, { f(8)} for t € [T]
2 Step 2: (Projection and concatenation) Create a p x T' matrix B whose #-th column
is [[r(B®), where R = quantile({||B®[2}7,,1 )

3 Step 3: (Thresholding) Set 7 = max {r’ €T :on(B/VT) > TM/% + TQR\fE}

Algorithm 3 leverages Assumption 2 to determine an appropriate value for r. The
underlying rationale is that when A is small, a significant spectral gap often exists between
the r-th largest singular value and the (r + 1)-th largest singular value of B¥/ VT. For
example, when h = 0, BY is a rank-r matrix, implying that arz(Bg/\/T) =0 forr >r+1.
Therefore, thresholding on singular values of an empirical version of Bg can be an effective
strategy to estimate r. In Section 2.3, a similar approach based on SVD of the estimated
B* was used to develop the spectral method. In fact, Steps 1-2 of Algorithms 2 and 3 are
the same, which construct a robust estimate of Bg through projected single-task estimators.
Algorithm 3 is also conceptually similar to the thresholding method often used to determine
the intrinsic dimension in principal component analysis (Onatski, 2010; Fan et al., 2021).

Under almost identical assumptions imposed in previous sections, with proper choices of
tuning parameters, Algorithm 3 is shown to be consistent in estimating the true intrinsic
dimension r, when representation matrices are similar (i.e., h is small). As we will elaborate,
this suffices to ensure the same upper bounds of estimation error for Algorithms 1 and 2
when r is unknown.

Theorem 9 (Consistency of the intrinsic dimension estimation) Suppose we choose

_ e<c(—S
an € such that e < € < ¢ (maxtes ¢

AL\T =
h[% A \/7“] <dy/ ZJ'H%T with a small constant ¢ > 0, where BE € RP*IS s the
Omin S

coefficient matriz whose columns are {BM*} s, A € argmin 4copxr maxye(y) [A®*(AB*)

2
) with a small constant ¢ > 0. Assume mingeg () -

T_

AAT ||y is the central representation, and At s orthogonal to A in the sense that A ¢
OP*(=1) gnd (XL)TK = 0(p—p)xr- Further assume that: i

(i) For the linear model (2), Assumptions 1, 2, and 5 hold;

i. Assumptions 4, 5, 6, and 7 for GLMs and non-linear regression models are presented in Section A of the
appendix.
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(ii) For the GLM (4), Assumptions 1, 2, 4, and 5 hold;
(iii) For the non-linear regression model (5), Assumptions 1, 2, 6, 7 hold;

Then there exist constants T1, Ty > 0 such that the output of Algorithm 8 satisfies ¥ = r w.p.
at least 1 — e~ ®@H108T) with some constant C' > 0.

7L *
Remark 10 When minyeg () - h[% A \/F] 2 \/I’H%T in the MTL problem,
Omin S

estimating r becomes unnecessary as the upper bounds of MTL estimation errors are domi-

% for both Algorithms 1 and 2. In such cases, single-task

nated by the single-task rate
learning is sufficient to achieve the minimax rate. Specifically, by the proofs of these up-
per bounds, the single-task rate is always guaranteed by biased regularization in Step 2 of

Algorithm 1 and Step 4 of Algorithm 2, regardless of the performance achieved in other steps.

According to Theorem 9 and Remark 10, when r is unknown, we can first run Algorithm
3 to obtain an estimate 7, then run Algorithms 1 and 2 with #. All the previous results
remain valid. This confirms that our full procedure is adaptive to an unknown intrinsic
dimension r.

Similar to Algorithm 2, Algorithm 3 also requires € as an upper bound of the proportion
of outlier tasks e. If we have prior knowledge of € (but not S and S¢), we can set € = e.
Without such information, a small constant such as 0.05 can be chosen for €. Similar to
Algorithm 2, we set € to the true € value in simulations, while setting € = 0.05 in the real-data
study. We set the tuning parameters to 77 = 0.5 and T5 = 0.25 in the numerical experiments.
Generally, T7,T5 can be chosen through cross-validation.

Before concluding this section, we would like to highlight that, in addition to the
thresholding method, other approaches have been proposed for selecting the number of factors
in factor models, which may also be beneficial in our context. For example, information
criterion-based methods (Bai and Ng, 2002; Bunea et al., 2011) provide an alternative
approach. Algorithm 3 is naturally motivated by the singular value gap condition in
Assumption 2. However, we believe that an information criterion can also be developed to
consistently select r, leveraging the estimation error bounds we have established. Furthermore,
this selection process can be framed as a hypothesis testing problem (Onatski, 2009).
While all these methods appear promising, it remains unclear how to effectively address
heterogeneity across tasks and mitigate task contamination. We leave these challenges for
future exploration.

4 Numerical Experiments

To validate the theoretical insights discussed in previous sections, we conducted extensive
simulations and one real-data study, and the results are presented in this section.

All the experiments were implemented in Python. For penalized ERM (“pERM”,
Algorithm 1), we used the automatic differentiation implemented in PyTorch (Paszke et al.,
2019) along with the Adam optimizer (Kingma and Ba, 2015) to solve the optimization
problem (3) in Step 1. We set the learning rate equal to 0.01 in torch.optim.Adam function
and kept all the other parameter choices as in default. Step 2 of pERM and Step 4 of the
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spectral method (“Spectral”, Algorithm 2) were also solved by the Adam optimizer with a
learning rate 0.01. Consistent with our theory, we set penalty parameters A = /7(p + log T")
and v = v/p +log T in pERM, and v = 0.5v/p + log T in the spectral method. As mentioned
in Section 2.3, Spectral requires an upper bound € of the contamination proportion . We
set € = ¢ in simulations and € = 0.05 in the real-data study. Besides pERM and Spectral, we
included the following approaches as benchmarks.

e Empirical risk minimization (“ERM”) in Du et al. (2020); Tripuraneni et al. (2021):
The optimization was also solved by the Adam solver in PyTorch with a learning rate
0.01;

e Method-of-moments (“MoM”) in Tripuraneni et al. (2021);

e Adaptive representation learning (“AdaptRep”) in Chua et al. (2021): We used the
code included in the original paper and kept all the parameter settings as default.

e Adaptive and robust multi-task learning (“ARMUL”) in Duan and Wang (2023):
We used the code included in their paper (https://github.com/kw2934/ARMUL) and
retained all default parameter settings. The tuning parameters were chosen using
5-fold cross-validation as default.

e Group Lasso (“GLasso”) in Yuan and Lin (2006); Lounici et al. (2009, 2011): We
grouped the same coordinate of coefficients from different tasks and applied an Lo 1-
matrix penalty. The method was implemented in an R package RMTL (Cao et al.,
2019), and we used the Python package rpy2 to call functions cv.MTL and MTL in the
R package RMTL. The penalty parameter was chosen by a 5-fold cross-validation as
default.

e Data pooling or pooled regression (“Pooled”) in Crammer et al. (2008); Ben-David
et al. (2010): We fitted the linear regression and logistic regression models on the
pooled data from all tasks. Both models were implemented in the Python module
sklearn.linear _models.

e Single-task regression (Single-task): In simulations and the real-data study, we run
single-task linear regression and logistic regression on the data of each task, respectively.

In Section 4.1, we present the performance of different approaches under different
simulation settings, such as different heterogeneity parameter h (Section 4.1.1), different
contamination proportion e (Section 4.1.2), and different number of tasks T' (Section 4.1.3).
We also change the full dimension p, the intrinsic dimension r, and the per-task sample
size n from setting to setting. To verify the intuition we obtained in Section 2, where we
mentioned that the performance of each task in ERM, pERM, and Spectral depends on the
signal strength ¢(©) = [|6®)*||5, we conduct a simulation with different ||@®)* ||, values across
tasks, and the results are presented in Section 4.1.4. Finally, in Section 4.1.5, we evaluate
Algorithm 3 for estimating r, compare the performance of pERM and Spectral with the
estimated r and the true r, and demonstrate the effectiveness of Algorithm 3.

In Section 4.2, we compare the performance of different approaches on a real dataset.

The code to reproduce the results is available at https://github.com/ytstat/RL-MTL-TL.
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4.1 Simulations
4.1.1 SIMULATION WITH DIFFERENT HETEROGENEITY PARAMETER h

In this subsection, we investigate the linear model (1) with various values of h. We explore
four distinct settings with different combinations of (n,p,r,T):

(i) n=100,p = 30,7 = 5,7 = 50;

)

(ii) » =100,p = 50,r = 5,T = 50;

(iii) n = 100,p = 80,r = 5,T = 50;
)

(iv) n = 150,p = 80,r = 10,7 = 50.

In all settings, no outlier tasks are included, implying S = [T] and ¢ = |S¢|/T = 0.
Given each (n,p,r,T) combination, we generated mgt) iid. from N(0,,I,), egt) i.i.d. from
N(0,1), and a random p x r matrix C with i.i.d. standard normal entries. We defined A
as the first r columns of the left singular matrix of C, AW = 4 4 ¢® (Irxr, Orx(p,r))—r,
and AD* = AO[AT AD=1 (AT for ¢ € [T], where a®’s are i.i.d. sampled from
Unif([—h, h]). We generated each coordinate of §* € R” from Unif([—2,2]) independently.
We considered h from 0 to 0.8 in increments of 0.1 and replicated each setting 100 times.

Figure 5 presents the simulation results. Across all settings, pooled regression and
MoM perform worse than or on par with single-task regression, with their performance
deteriorating as h increases. AdaptRep exhibits slightly better performance than single-task
regression initially, but declines as h increases. GLasso performs similarly to single-task
regression in settings (i), (ii), and (iv), while notably improving upon it in setting (iii). ERM
significantly enhances single-task regression performance when h is small, but performs
worse than single-task regression for large h. In contrast, ARMUL, pERM, and Spectral can
improve the performance of single-task regression when h is small, and their performance
will be comparable to single-task regression for large h.

As one reviewer pointed out, Spectral performs worse than pERM when h is small,
particularly when p/n is large, despite having a sharper theoretical estimation upper bound.
There are several possible explanations for this phenomenon. First, comparing the estimation
errors in Theorems 2 and 7, Spectral outperforms pERM only in the term that depends on
the similarity level h. When h is small, this advantage may be overshadowed by other terms,
making the benefit of Spectral less apparent. However, as h increases, Spectral can catch up
and eventually surpass pERM in performance. Second, our theoretical analysis primarily
focuses on convergence rates while ignoring constant factors, which can significantly impact
practical performance. Third, our analysis does not explicitly account for the effect of p/n
on Spectral’s performance, although we believe it plays a crucial role, particularly when
p/n is large. In such cases, replacing OLS with single-task ridge regression may improve
performance. On the other hand, as discussed at the end of Section 2.2.1, Spectral requires
a more stringent sample size condition, namely n 2 p 4+ log T, compared to n =2 r + logT
for pERM when h is small. An even stronger requirement, n > r?(p +logT), is needed for
ARMUL. A more refined theoretical analysis in the proportional regime p/n — v with some
constant v > 0 could provide deeper insights into the behaviors of Spectral and ARMUL.
We leave these investigations for future work.
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Figure 5: Simulation with different heterogeneity parameters h: estimation error
maxe(r | B — BW*||y of different algorithms with different (n,p,r,T) settings. “max

error in §” in the y-axis stands for max;cs [|8®) — B8®*||y with S = [T]. Each point repre-
sents the average over 100 replications.

4.1.2 SIMULATION WITH DIFFERENT CONTAMINATION PROPORTION €

In this subsection, we considered the linear model (1) with varying contamination proportions
e =|S¢/T. We explored two settings with different values of (n,p,r, T):

(i) n=100,p = 50,r = 5,T = 100;
(ii) n = 150,p = 80,7 = 10, T = 100.

For each replication in each setting, we randomly selected a subset of size T'(1 — €) from
[T] without replacement to form S. We set h = 0 and generated tasks in S using the same
mechanism as in Section 4.1.1. The outlier tasks in S¢ were generated by the linear model
with a:z(.t) iid. from N(0,,2I,) and each coordinate of the coefficient B®* was generated
iid. from Unif([-3, 3]). We varied € from 0 to 10% in increments of 2% and replicated each
setting 100 times.
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Figure 6: Simulation with different contamination proportions e: within-S estimation
error maxyeg |3 — B1*||y and outlier estimation error maxzege |3 — B1* ||y of different
algorithms with different (n,p,r,T’) settings. “max error in S” and “max error in S in
the y-axis stand for max,cg ||B® — B®*||5 and max,cge |B® — BH* |5, respectively. Each
point represents the average over 100 replications.

The results are summarized in Figure 6, where we evaluated each method by both
maxes || — 8|5 and maxege |[B® — BB*||l3. As the outlier proportion e increases,
the performance of most algorithms deteriorates rapidly. Even with just 2% outlier tasks,
all methods perform similarly to or worse than single-task regression on tasks in .S, except
for pERM and Spectral. This demonstrates the robustness of pERM and Spectral against
outlier tasks. On the other hand, ARMUL does perform worse than single-task regression,
even when € is large. Since the outlier tasks were also generated from the linear model,
our theory guarantees that pERM and Spectral can match the single-task performance on
outlier tasks in S¢, which is indeed observed. In contrast, ARMUL performs much worse on
outlier tasks in S¢ compared to single-task regression.
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4.1.3 SIMULATION WITH DIFFERENT NUMBER OF TASKS T

In this subsection, we explore the impact of the number of tasks T" on the performance of
different methods in this subsection. We considered the linear model (1) in two settings,
with different values of (n,p,r,€):

(i) n=100,p =50,r =5,e =0;
(ii) n =100,p = 50,7 = 5, ¢ = 4%.

For each (n,p,r, €) setting and T value, we set h = 0 and generated data in the same way as
in Section 4.1.2. We increased T from 10 to 190 with increments of 15. The performance of
different methods on tasks in S is summarized in Figure 7.

n=100,p=50,r=5h=0,e=0 n=100,p=50,r=5h=0,e=4%

max error in S
max error in S

50 100 150 50 100 150
T T
AdaptRep -4~ ERM - MoM Pooled Spectral
method
ARMUL —— GlLasso -~ pERM Single-task

Figure 7: Simulation with different number of tasks T*: estimation error max;cg || —B®* ||,
of different algorithms with different (n,p,r,T) settings. “max error in S” in the y-axis
stands for maxcg ||3") — BH*||5. Each point represents the average over 100 replications.

In the absence of outlier tasks, ERM, pERM, ARMUL, and Spectral exhibit comparable
performance. As T increases, their estimation errors first decrease gradually and then
stabilize, aligning with the theoretical result. For example, when ¢ = \La(t)*Hg < 1 for
allt € S=[T], p2r? and h = e = 0, Theorem 2 implies that max,cz; [|B®) — BH*||5 <

r % + 7"\/% , up to logarithmic factors with high probability. When T' becomes large, the

error is dominated by the second term 7“\/%, which is independent of T'. Besides ERM,
pERM, ARMUL, and Spectral, the performance of MoM also improves as T increases.
Similar to our findings in Sections 4.1.1 and 4.1.2, MoM’s performance improves only when
T is sufficiently large. This aligns with the empirical observations in Tripuraneni et al.
(2021), where they found that ERM always outperforms MoM until 7" is very large, and the
underlying reason is unclear.

When ¢ = 4% tasks are contaminated, only the performance of pERM and Spectral
improves as T increases, and they outperform all other methods, demonstrating their
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robustness against outlier tasks. ARMUL and GLasso perform slightly better than single-
task regression, while the other benchmark methods suffer from severe negative transfer and
are significantly impacted by the outliers.

n=100,p=50,r=5h=0,e=0

o
o

log computational time (in seconds)

e
-5.0-
50 100 150
T
AdaptRep -4~ ERM - MoM Pooled Spectral
method

ARMUL —+ Glasso <~ pERM Single-task

Figure 8: Computational time of different methods with various numbers of tasks T'. The
y-axis is in the log-scale, and the unit is seconds. Each point represents the average over
100 replications.

Finally, we recorded the computational time for different methods in setting (i). The
experiments were run on the Terremoto HPC Cluster of Columbia University with a CPU
Intel Xeon Gold 6126 2.6 GHz. We used a single core with 3 GB of memory when running
each method. The computational time for different methods with different 1" values is
plotted on a logarithmic scale in Figure 8. We can see that ARMUL and pERM are the most
time-consuming methods, with pERM slightly faster than ARMUL, taking approximately
€525 ~ 500 seconds for T = 190. In contrast, all the other methods can be run within
e3% ~ 30 seconds for all values of T. This demonstrates the computational efficiency of the
spectral method.

4.1.4 RELATIONSHIP BETWEEN TASK PERFORMANCE AND SIGNAL STRENGTH ||@®)* |,

In this subsection, we aim to verify our theoretical findings that the performance of ERM,
pERM, and Spectral on each task can depend on the signal strength in terms of ||@)*||3, a
relationship not previously discussed in the literature.

We generated data by a mechanism similar to that in Section 4.1.1, with n = 100, p = 50,
r=25,T =10, h = ¢ = 0. The only change in this section’s data generation mechanism is
that each 8(* is uniformly generated from 0.5tS" !, i.e., the sphere centered at 0 in R”
with a radius of 0.5¢. We replicated this setting 100 times and summarized the average
estimation error of the single-task regression, ERM, pERM, and Spectral on each task with
different ||@*||y values in Figure 9.
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Figure 9: Simulation verifying the relationship between the estimation error || ,@(t) — B®*||,
and signal strengthAHH(t)*Hg on each task for different methods. “error of each task” in the
y-axis stands for ||3*) — B()*||,. Each point represents the average over 100 replications.

We can observe that the estimation error of ERM, pERM, and Spectral is approximately
proportional to ||@®)*||5, which matches our theoretical findings. Specifically, the Pearson
correlation coefficients between ||@!)*||y and the average ||3®) — B8®)*||5 for ERM, pERM,
and Spectral are 0.977, 0.975, and 0.976, respectively. In contrast, single-task regression
has comparable performance across different tasks, regardless of the signal strength ||@®)*||.
This indicates that the benefit each individual task derives from representation MTL is
highly dependent on the signal strength in terms of [|@®)*||5, unlike in single-task linear
regression where the f2-estimation error does not depend on the scale of the coefficient

1B4*]l2.

4.1.5 ADAPTIVITY TO THE INTRINSIC DIMENSION 7

In the previous simulations, we used the true intrinsic dimension r in different representation

MTL methods. In this subsection, we want to test the performance of our Algorithm 3 for

estimating r and how it enables pERM and Spectral to adapt to unknown r in practice.
We consider the linear model (1) under four settings, with different (n,p,r, T, €) values:

(i) n=100,p = 50,7 =5,T = 50,¢ = 0;
(ii) n =100,p = 50,7 = 5,T = 50, € = 4%;
(iii) n = 150,p = 80,7 = 10,7 = 50, ¢ = 0;
(iv) n=150,p = 80,7 = 10,T = 50, € = 4%.
Given each (n,p,r,T,€), we increased h from 0 to 0.8 in increments of 0.1, generated data

for tasks in S following the same mechanism used in Section 4.1.1, and generated data for
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tasks in S¢ following the same mechanism used in Section 4.1.2. We first ran Algorithm 3 to
obtain an estimate 7 of r, then ran pERM and Spectral with 7. We denote these versions
as pERM-adaptive and Spectral-adaptive, respectively. We also ran pERM and Spectral
with the true r value as benchmarks, and we call them pERM-oracle and Spectral-oracle,
respectively. Each setting was replicated 100 times, and the average estimation error on
tasks in S of different approaches, as well as the average 7, was plotted in Figure 10.
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Figure 10: Simulation verifying the performance of Algorithm 3 for estimating r and its
impact on helping pERM and Spectral adapt to unknown 7. “max error in S” in the
left y-axis stands for maxsecg |8 — BW*|l5. The red 7 in the right y-axis stands for the
estimated r value. Each point represents the average over 100 replications.

We can see that the estimate 7 is very close to the true r in all four settings when h
is small, ensuring that pERM and Spectral using 7 perform comparably to their oracle
counterparts using the true . When A becomes large, the estimate 7 may deviate from the
true r. However, as we mentioned in Remark 10 of Section 3, there is no need to estimate
r precisely when h is large, and biased regularization in Step 2 of pERM and Step 4 of
Spectral can always guarantee the single-task performance.

4.2 A Real-data Study

In this subsection, we applied different approaches to a real data set, Human Activity
Recognition (HAR) Using a Smartphones Data Set. This data set includes data collected
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from 30 volunteers performing six activities (walking, walking upstairs, walking downstairs,
sitting, standing, and laying) with a smartphone (Anguita et al., 2013). Each observation
has p = 561 time and frequency domain variables. We treated each volunteer as a task,
with the sample size per task ranging from 281 to 409. The original data set is available at
UCI Machine Learning Repository: https://archive.ics.uci.edu/ml/datasets/human+
activity+recognitiontusing+smartphones.

We focused on the binary classification problem of discriminating between walking and
standing postures (i.e., walking, walking upstairs, walking downstairs, and standing) and
the others (i.e., sitting and laying). We standardized the data of each task before training
different algorithms. For each task, in each replication, we used 50% of the samples as
training data and held 50% of the sample as test data.

We ran single-task logistic regression, pooled logistic regression, ERM, ARMUL, pERM,
the spectral method, and GLasso on this problem, replicated it 100 times, and summarized
the average misclassification test error rates of different methods over T' = 30 tasks with
different r values in Table 2. We can see that pERM consistently achieved the lowest error
rate (tied with ERM when r = 15) among all the methods for different r values.

r/Method ‘ Single-task Pooled ERM ARMUL pERM Spectral GLasso
1.66 (0.20) 1.79 (0.21) 1.62 (1.42) 2.12(0.27) 1.33 (0.23) 1.85 (0.27) 1.44 (0.25)

r=10 | 1.66(0.20) 1.79 (0.21) 1.42(0.23) 1.77 (0.23) 1.25(0.20) 1.47 (0.18) 1.44 (0.25)

r=15 | 1.66(0.20) 1.79 (0.21) 1.36 (0.23) 1.68 (0.21) 1.36 (1.07) 1.50 (0.19) 1.44 (0.25)

wt

T =

Table 2: The average mis-classification test error rates (standard deviations) of different
methods over T' = 30 tasks with different r values. All values are in percentages.

5 Discussions

In this work, we investigated the representation multi-task learning (MTL) problem, where
most tasks share similar linear representations, and a small fraction of tasks can be arbitrarily
contaminated. To address this problem, we proposed a penalized empirical risk minimization
(ERM) method and a spectral method, and derived upper bounds for the estimation error.
Our theory demonstrated that both algorithms are adaptive to the unknown similarity level
between tasks and robust to a small fraction of outlier tasks. Additionally, the spectral
method achieves a sharper estimation error bound than the penalized ERM when there
is no contamination. Our theory also reveals the relationship between the performance of
representation MTL methods on each task and the signal strength, which is usually ignored
in the literature. We also presented the first lower bound results for estimating regression
coefficients in the context of representation MTL. Our new spectral method is minimax
optimal when there is no outlier task, and our penalized ERM is nearly optimal in a large
regime with little impact from outlier tasks. We extended the algorithms and theory to
generalized linear models and non-linear regression models. We also proposed a simple
thresholding algorithm to adapt our MTL algorithms to the case of an unknown intrinsic
dimension r. Finally, we conducted extensive numerical experiments to empirically validate
our theoretical findings.
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A recent paper (Niu et al., 2024) conducts a sophisticated and sharp analysis for the
case where h = € = 0, accurately characterizing how the estimation error could depend on
the singular values of B = (BW* .. BM*) e RP*T 1t would be interesting to explore
how their analysis extends to two of our proposed algorithms in the more general regime
considered in our study.
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Appendix A. Extensions to More General Models

In this section, we consider two extensions to the linear model (2).

A.1 Generalized Linear Models
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A generalization to generalized linear models (GLMSs) from the linear model (2) is as follows.

Suppose that the conditional distribution of Y given X = « for task t is

py? = ylz\ = x) = p(y) exp {y - 2T B — (2T D)), i=1:n,

(6)

for t € S, w.r.t. some measure p on a subset of R, where 1 is second-order continuously
differentiable on R, and 1)’ is often called the inverse link function. More discussions on

GLMs can be found in McCullagh and Nelder (1989).
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Example 1 Some canonical examples of GLMs include:
(i) Linear models: (u) = 3u?, ¥'(u) = u, and p is Lebesque measure;

(i1) Logistic regression models: ¥(u) = u + log(1 + e™), ¢'(u) =
counting measure on {0,1};

1 .
TFe—u’ and oS the

(111) Poisson regression models: ¥(u) = €%, ¥'(u) = e, and p is the counting measure on
N=1{0,1,2. 1}

We replace the linear model (2) with the GLM (6) and keep all the other settings the
same as in Section 2. Moreover, we impose the following extra conditions for GLMs.

Assumption 4 ) satisfies the following three conditions:

(i) 1 is strictly convex;

(i1) Mmaxyes Max|| A <1 P'((BO)Tx® 4+ ATx®)) < C a.s. with a constant C > 0;
(iii) One of the following conditions holds:

(a) There exists a large constant C" > 0 such that minesmin, <o ¥"(u) > C7,
where C" > 0 is another universal constant.

(b) mingegmingay,<1 ¥”((BO*)Ta® + ATz®)) > C" a.s., where C" > 0 is a
constant.

Assumption 5 n > Cr(p + logT) with a sufficiently large constant C' > 0.

Assumption 4 is commonly used in the non-asymptotic analysis of GLMs (e.g., see Ne-
gahban et al., 2012; Loh and Wainwright, 2015). The sample size requirement in Assumption
5 is more stringent than that for linear regression, serving as a technical condition needed
for our proof. Specifically, the Hessian matrices of GLMs may not exhibit good spectral
controls when evaluated far from the true parameter value. To ensure that our estimators
avoid these problematic regions, we require the penalty term in Step 1 of the penalized ERM
method in Algorithm 1 (which is upper bounded by A//n) to remain reasonably small. For
more details, see the proof of Lemma 51 in Appendix. Note that for the spectral method in
Algorithm 2, n 2 p+ log T in Assumption 3 is sufficient. For simplicity, we use the stronger
condition in Assumption 4 for both methods.

It is noteworthy that the function ¢ in (6) is allowed to be different across tasks.
Here we assume v is the same for different tasks for simplicity. Additionally, we assume

Vi 2 ¢ > 1 forall t € S. For the GLM (6), we apply Algorithms 1 and 2 with
OB = %2?21[_%@ : (wgt))T,@ + w((wl(-t))T,B)] for 3 € RP. With these GLM assumptions
in place, Algorithms 1 and 2 achieve the same upper bounds of estimation error as in linear

regression models.

Theorem 11 (Upper bound for MTL under GLMSs) Suppose Assumptions 4, 5 and
other conditions imposed in Theorems 2 and 7 hold, the same high-probability upper bounds
in Theorems 2 and 7 hold for GLMs.
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A.2 Non-linear Regression

In addition to GLMs, we can extend the linear model (2) to a non-linear regression model
as follows. Suppose
yz(t) _ (( (t )TI@(t)*) + E(t) i=1:n, (7)
for t € S, where ¢ is a monotone function with a continuous second-order derivative on
R and {e( )} ', are i.i.d. zero-mean sub-Gaussian variables independent of {:L' ? .. In
literature, ¢ is often referred to as the link function. More discussions for this model under a
single-task learning setting can be found in Yang et al. (2015). Note that Yang et al. (2015)
considered the case of a fixed design while we considered the random design case, which is
more challenging. Hence, stronger conditions are necessary to guarantee the desired rate.
We replace the linear model (2) with the non-linear regression model (7), and keep
all the other settings the same as in Section 2. Furthermore, we impose the following
assumptions for non-linear regression models. Recall the notation ) = E[z® (2®)T] and

denote B = E[e® (e®)T).

Assumption 6 0 < C; < [¢/(u)]? < Cy < o0, for allu € R, and ||g"|| < Cs < 00, where
C3 < cC? - minges{ Amin (D) / Amax ()} mlnteg{)\max (3¢ » )} with a small constant c.

Assumption 7 n > C[(p +logT)%/?] V [r(p + log T)] with a sufficiently large constant C.

The sample size requirement is stronger than that for linear regression. The first term
(p+log T)S/ 2 arises due to the heavy-tailed distributions appearing in the analysis. A similar
requirement for the high-dimensional sparse non-linear regression can be found in Yang et al.
(2015). The reason for the term r(p + log T') is the same as in Section A.1 for GLMs. More
details can be found in the proof of Lemma 59 in Appendix.

Similar to the case of GLMs, the link function ¢ in (7) is also allowed to vary across
tasks. Here we assume g is the same for different tasks for simplicity. We further assume
VT2 (W >1forallt € S. We apply Algorithms 1 and 2 for the non-linear regression model

(7), by setting f(8) = =3 1[yl(t) ((acgt))TB)]2 for B € RP. We have the same upper

bounds of estimation error for Algorithms 1 and 2 as in linear regression models.

Theorem 12 (Upper bound for MTL under non-linear regression models) Suppose
Assumptions 6, 7 and other conditions imposed in Theorems 2 and 7 hold, then the same
high-probability upper bounds in Theorems 2 and 7 hold for non-linear regression models.

Appendix B. Transferring to New Tasks (Learning-to-learn)

In this section, we extend the MTL framework discussed in the main text to a transfer
learning (TL) setting.

B.1 Problem Set-up

In this section in addition to data from the T tasks, suppose we also observe data
()  (0)
{(x;”7,y; )}, from a new task

O = (@) TR0 L O 1., (8)
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where B0 = AOxg0)x A0 c O = A € RP*" . ATA = I} 0 0% ¢ R”, and
{ego 0, are i.i.d. zero-mean sub-Gaussian variables independent of {a: 20, Similar to
Section 2, the intrinsic dimension 7 is assumed to be known. Under such a transfer learning
(TL) or learning-to-learn setting, the new task is often called the target task, and the T’
tasks are called source tasks. Our goal is two-fold:

1. Transfer knowledge from source tasks to improve the learning performance on the
target task, when the source and target share “similar” representations and the number
of outlier source tasks is small;

2. Ensure the learning performance is no worse than the target-only learning performance
to avoid the negative transfer.

To describe the similarity between target and source representations, we assume

max A (A)T - AO(AO Ty < h,
(S

where S is a subset of [T']. Similar to the setting in the last section, the joint distribution
Qge of data from source tasks in S¢ i.e. {{ml ,yZ ;‘:1}t65c, is allowed to be arbitrary.

For simplicity, we focus on the regime that 16|, < C < oo for all t € S. Denote
20 = E[z® (2(®)T]. We impose the following assumptions on the target task.

ASSumptlon 8 For u € R, u'x(® is sub-Gaussian in the sense that E[e* m(o)] <
CN?|lull3 for any A € R with some constant C > 0. And there exist constants ¢, C such that
0 <c S )\mln(z( )) S )\max(E( )) S O < Q.

Assumption 9 ng > Cp with a sufficiently large constant C' > 0.

Remark 13 Similar to our discussion in Section 2.2.1 for the penalized ERM in MTL,
Assumption 9 is imposed to guarantee the target-only rate \/p/ng. If we do not care about
this safe-net guarantee, then it suffices to require ng > C'r, the same as the condition imposed
in literature (Tripuraneni et al., 2021; Thekumparampil et al., 2021). The RHS of the

following Theorem, 14 shall be replaced by 71/ -2= +\/Th+/ry/ T+1°gT \/; 151,872 4

which allows us for a few-shot learning when both h and |S€¢|/T are suﬁ‘iczently small. See
more details in the proof of Theorem 14 in Appendiz.

B.2 Upper Bounds

Similar to the Algorithm 1, a two-step transfer learning method is proposed in Algorithm 4.
We introduce the algorithm with a general loss function f(©) for the target since the same
algorithm with different losses Will be extended to other models later. For linear model
(8), define fO(8) = - [[Y® = XO 8] = 5157, [y — (@) 78] for B € RY, where
X ¢ R0xP and YO € R™ are Correspondlng matrix/vector representations of target
data. R

In Algorithm 4, the “central representation” A learned by Algorithm 1 is passed to Step
1 to obtain the estimator 8 of the target-specific low-dimensional parameter. The same
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Algorithm 4: Transferring to new tasks

Input: Data from a new task (X(O), Y(O)) = {a:§0), yi(o) 0., estimator A from
Algorithm 1 or 2, penalty parameter -y
Output: Estimator 8

1 Step 1: 80 = arg mingcpr {f(o)(A )}
2 Step 2: 3(0) = arg mingegp {f(o) (B)+ -+~ HIB A0 H }

>

step has appeared in literature when there are no outliers, and the target and source share
the same representations (Du et al., 2020; Tripuraneni et al., 2021). Step 2 is similar to Step
2 of Algorithm 1, which guarantees the target-only rate even when the representations of
the target and sources are dissimilar.

We have the following upper bounds of target estimation error for Algorithm 4.

Theorem 14 (Upper bound for TL) Suppose Assumptions 1, 2, 3, 8, and 9 hold.
(i) (TL with penalized ERM) By setting A\ = Cr3/*\/p+1logT and v = C'\/p+ log T with

sufficiently large constants C, C’ > 0 in Algorithm 4 along with Algorithm 1 to learn

A, for all S C [T)] satisfying ¢ = | i < er3/2 with a small constant ¢ > 0 and an

( ) —C"(r+logT)

arbitrary distribution Qge of {{:Bl Y
have

HE(O) 0)*H2 (7’ L—F\/;h-i-\/; T_’_lOgT_F\/E.er?’/Z) A £+ L
\\ nT V n n \/ ng \/ ng

(i1) (TL with the spectral method) By setting v = C'\/p +logT with a sufficiently large

c 2
positive constant C', for any subset S C [T satisfying ¢ = lS—T| <ert. (m)
te
—C" (r+logT)

" hese, w.p. at least 1 —e we

with ¢ > 0 a small constant, w.p. at least 1 — e and € satisfying ¢ < € <

C//

= 2
e <m> with a sufficiently small positive constant ¢, we have
S

-1 oo e A

UIHH]

where By € RP*IS| s the coefficient matriz whose columns are {B(t)*}teg, A €
arg min 4 opxr maxerr) |AD*(AD*)T — AAT |5 is the central representation, and A"
is orthogonal to A in the sense that AT e oP<=1) gpd (XL)TX = 0(p—r)xr

Both upper bounds can be seen as the minimum of two terms which represent the rate of
learning target model via data aggregation and the target-only rate n%, respectively. This

rate entails that our algorithm is adaptive to the optimal situation regardless of whether
transferring from source to target is beneficial. Moreover, it is robust to a small fraction of
outlier source tasks, in the sense that TL is still helpful when the outlier proportion € is
sufficiently small.
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B.3 Lower Bounds

In this subsection, we explore the lower bound of the TL problem. Consider the space for
all subsets S C [T] as
S={SCIT]:|S/T < €}

Given the subset S, consider the parameter spaces for the coefficient vectors {ﬁ(t)}te {0lus as
%M&h»~&ﬁmhqwﬁ:ﬁ”—Awewﬂnmue{MUS&A@hqwﬁgcww,

0 < ADAT — AOAONT I < oo (15]712BE) > -
max [8] < Comax | AC(AD)T — AO(AO) Ty < oy (|8]V2B5) =

where C and ¢ can be any fixed positive constants such that %y(S, h) # 0.

Theorem 15 (Lower bound for TL) Suppose p > 2r and € < c¢/r where ¢ is a small
constant. We have the following lower bound:

~ 1
inf sup sup P<||g(o) _ 80|, > <\/>+ h> \/7 \/7 \/7> 10°
B SCS{BM} ¢ (0yus EFo(S:h) h

To our knowledge, this is the first lower bound for learning regression parameters under
representation transfer learning. Comparing the upper and lower bounds of the representation
TL problem, we can see that the upper bound of penalized ERM has suboptimal dependence
on r and logT. The spectral method has a sharper upper bound when S = [T] (i.e. € =0)
max(A1) T BE)

— is bounded
Tmin ((A )TBE‘)

with € = 0, and is minimax optimal when the condition number

and n 2 ng.
Similar to the MTL case, we can extend the upper bound from the linear model to the
GLMs and non-linear regression models.

Theorem 16 (Upper bound for TL under GLMSs) Suppose Assumptions 4, 5 and other
conditions imposed in Theorem 14 hold, then the same high-probability upper bounds in
Theorem 14 hold for GLMs.

Theorem 17 (Upper bound for TL under non-linear regression models) Suppose
Assumptions 6, 7, and other conditions imposed in Theorem 1/ hold. Let ng > Cp*'2 with
C > 0 a sufficiently large constant. The same high-probability upper bounds in Theorem 14
hold for non-linear regression models.

Appendix C. General Lemmas

C.1 Lemmas

Lemma 18 (Theorem 6.5 in Wainwright (2019)) Suppose that Assumptions 1 and 3
hold. Then for any § > 0 and any t € [T], w.p. at least 1 — Cle_”CQ(‘M‘SQ),

I=® - =0, < 03\/5+ 3,
n
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with some constants C1,Co,C3 > 0. Note that Cq,Cy, C3 are universal in the sense that
they do not depend ont or d. As a consequence, we have

logT
max [E® — 5O, < /p%—iog’
te(T) n

w.p. at least 1 — e~ CptlogT)

Lemma 19 (A variant of Theorem 6.5 in Wainwright (2019)) Suppose that Assump-

tions 8 and 9 hold. Then for any § > 0, for any fixed A,B € OP*", w.p. at least
1— 016_n002(5/\6),

IATSOB - ATSOB|, < ¢, /ni +4,
0

with some constants C1,Co,C3 > 0. Note that Cq,Cy, Cs are universal in the sense that
they do not depend on § ort. As a consequence, for any fized A, B € OP*", we have

|ATESOB - ATSOB|, <\ [,
no

w.p. at least 1 — e~ CUrHlogT),

Lemma 20 (Lemmas 2.5 and 2.6 in Chen et al. (2021b)) Suppose p > r. Consider
two matrics A, A € OP*". Suppose that (A, AlL) (A, At) € RP*P gre both orthonormal ma-
trices, which means that A+ and AL are orthonormal complements of A and A respectively.
Then

IAAT — A(A)T[|l2 = |[AT(AY)]l2 = [[(A)T At
\[HAAT A(A) e = |AT (AN = [(A)T A g,
|AAT ~A(A)T|2 < min [|A~ AR|> < V2| AAT - A(A) .

1 -~ ~ -~
“ |lAAT —A(A)lp < min ||A— AR|p < ||AAT — A(A)||p.
ﬁl\ (A) HF_R%PXTH le < |l (A) " lr

Lemma 21 (Proposition 8 in Pajor (1998)) When p > 2r, for any § > 0, we have
(i) (C1¥E)re=r) < N(OP*T disty, 6) < Co( %)@=,

(ii) (C13)"P=7) < N(OP*", disty, §) < (Cod)rP—r);

(iit) (Consequence of (i)) M(OP*", disty,d) > C(%) (p=r),

Lemma 22 When p > 2r, for any 6 > 0 and o € (0,1), JA € OP*", such that

r(p—r)
M (Bs(A, OP*" disty), distp, ad) > <C(;/77> )
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Lemma 23 (Fano’s lemma, see Tsybakov (2009) and Wainwright (2019)) Suppose
(©,d) is a metric space and each 6 in this space is associated with a probability measure Py. If
{Qj};\f:l is an s-separated set (i.e. d(0;,0k) > s for any j # k), and KL(Pg,, Py, ) < alog N,
then

. ~ log 2
inf supPy(d(0,0) > s/2) > 1 —a — .
afsup Py (d(7.0) > /2 .

Lemma 24 Consider the following generative model:
yle ~ Pyizp = N(acT,B, 1), @« ~ Py,

where Py is sub-Gaussian with ¥ = E(xx"). Suppose there exist constants c and C such
that 0 < ¢ < Apin(X) < Amax(X) < C < 00. Define two distributions P and P of (x,y) as
Pey =Pyzg  Pa and Py, = Pylm;ﬁ -Pg. Then, the KL divergence between Py, and Py,
can be bounded as

KL (P y|Pay) < ClI8 - BlI3-

Lemma 25 (Theorem 5.1 in Chen et al. (2018)) Given a family of distributions {Py :
0 € O}, which is indexed by a parameter § € ©. Consider &) ~ (1—€)Py+€'Q independently
fort € [T], and  ~ Pz. Denote the joint distribution of {m(t)};f:l and T as P g q) - Pz-
Then

infsup(P(e 0.0 - Pa) (Ilf - 0] = Coo(¢',0) ) =

1
9 0co 2’
Q

where w(€,0) = sup{||61 — Oa|| : TV (Py,,Pp,) < €'/(1 —¢€),601,0, € O}.

Lemma 26 (Lemma 22 in Tian et al. (2022)) Consider two data generating mecha-
nisms:

(i) ) ~ (1 — €)Py + €Q independently for t € [T], where € = @, and T ~ Pg;

(ii) With a preserved set S C [T], generate {x®)}icge ~ Qge and x® ~ Py independently
forte S, and T ~ Pg.

Denote the joint distributions of {x M}, and T in (i) and (ii) as Pco.0) Pz and P(s 9 04.) Pz,
respectively. We claim that if

inf sup(Pe/50,0.0) - P) (10— 0]l = C(€'/50,0)) =
0 6%@

N |

then
. - , 1
inf  sup  sup(Psp.0u) - Pa) (He — 0] > Cw (e /50,@)) >
0 S:S|>T(1—¢) g@e@ 10
SC

where w(€,0) = sup{||61 — Oa]| : TV (Py,,Pp,) < €'/(1 —€),601,0, € O}.
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Lemma 27 (Lemma 33 in Tian et al. (2022)) Given a family of distributions {Py :
0 € ©}, which is indexed by a parameter @ € ©. Consider x® ~ (1—€"Pp+€Q independently
fort € [T], and T ~ Pz. Consider another family of distributions {Pgo) : 0 € O} indexed by

the same parameter set, and £(©) ~ IP’(E,O). Denote the joint distribution of {m(t)}fzo and T as
P(e’,&@) ]P):E Then

~ 9
i , P~ — 0| > ! > —
infsup(Be ) Pz (10~ 0] > Cw(¢,0)) = g5

where w(¢',0) = sup {61 — b2 : TV (P, By,) < ¢/(1—¢), TV(PY, PY) < 1/20,61,65 €
O}.

Lemma 28 (Lemma 34 in Tian et al. (2022)) Consider two data generating mecha-
nisms:

(z) ~ (1 — €)Pg + €Q independently for t € [T], (0 ~ IP’;O), and T ~ Pg, where
\

(ii) With a preserved set S C [T], generate {xY)}cge ~ Qge and ) ~ Py independently
forte S, 20 ~ P(go), and T ~ Pz.

Denote the joint distributions of {x M}, and T in (i) and (ii) as P00y Pz and P(s6.040) Pz
respectively. We claim that if

9
f / -0 >C 50,0 —
inf sup(Pe/500.0) Pg) (1001l > 0=’ (¢/50,0) ) = 5.
Q
then .
inf  sup  sup(Pg6,04) - Pz) (HH — 6| > C=' (¢ /50, @)) 0’

0 S:|S|>T(1—¢) ee@

where w(¢',©) = sup {61 — s : TV (By, |By,) < ¢/(1—¢), TV (P |[PY)) < 1/20,61,65 €
o).

C.2 Proofs of Lemmas

Denote () = >, %m(t) (:L.Z(t))‘l"

3
C.2.1 PrROOF OF LEMMA 19

Note that for any fixed A, B € OP*",

IAT(EO - OBl =  sup (Au) (2O — =) (Bv),

[[wll2;[lvll2<1

where Au,Bv € RP and ||Aul|y = ||Bv|2 = 1. Note that both Au and Bwv live in
r-dimensional space (isomorphic to the unit ball in R"). Therefore, by Example 5.8 in
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Wainwright (2019), there exist two 1/8-covers (whose components are inside the set to be
covered) of {8 € R: B8 = Au,||ul2 <1} and {8 € R: 3 = Bu, ||u||2 < 1} under Euclidean
norm, denoted as {3}’ §V211 and {8} ;le, respectively, such that |[Ni| = |Na| < 17". Then
we can proceed in the same steps as in the proof of Theorem 6.5 in Wainwright (2019) to
finish the proof.

C.2.2 PROOF OF LEMMA 22

We apply the same trick as in the proof of Proposition 3 in Cai et al. (2013). Suppose
the minimum cover of OP*" under disty(-) corresponding to N(OP*" diste,d) is N. By
pigeonhole theorem, for any «a € (0, 1),

N(OP*" disty, ad) < N(UaenBs(A, OP*" dists), distg, ad)
< |V glaﬁN(B(g(A, OP*" disty), distg, ad).
€

Then applying Lemma 21 leads to

max N (Bs(A, OP*" dists), distg, ad -
AeN (Bs(4, 2) poad) 2 N(Orx7 distsy, §) a

Since N has only finite elements, there must exist one A € N achieving the maximum of
LHS. Because the packing number is always larger than or equal to the covering number,

the proof is done.

_ N(OP" disty, ad) <c\/77>’“(“)'

C.2.3 PROOF OF LEMMA 24

By the form of Gaussian density function, it is straightfoward to see that

~ P
KL(Pm,yHPm,y) = /log (W) dPylz,ﬁdPiB

ylz,B
< / (y—2"0) 2" (B - B)dP, g 5Py + / @ (8- B)2dP,

=0

<18 -8l5:

Appendix D. Proofs for Linear Regression Models

Denote OX) € argmingcg- f¥(A0) and fO(3) = %HY“) — X®3|2. For A, A € OP*",
define metrics dista(A, A) = |AAT — A(A)T |2, distp(A, A) = |[AAT — A(A)T||p. In any
metric space (X, p), denote the ball of radius ¢ with center x under metric p as Bs(z, X, p).

Denote ¢ = 6 v /25T and ¢ = \/[8] 71 Ty s(¢O)2

D.1 Lemmas

Lemma 29 Suppose Assumptions 1-3 hold. Then w.p. at least 1 — e~ Cr+108T) for g
t€[T) and A € OP*",

146%) — A0, < | AAT — ADH (AT, ¢V 4 \/W‘
n
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Lemma 30 Suppose Assumptions 1-3 hold. Then w.p. at least 1 — e~ C+108T) for 4]
te S and A € OP*7, there exists a universal constant C' > 0 (which does not depend on t

or A), such that HAOX)HQ = ||0X)||2 <C'e®,

Lemma 31 Suppose Assumptions 1-3 hold. Then w.p. at least 1 — e~ ClrtlogT) = for gl
te[T] and A, A € OP*",

146%) — 40D > < AT — AAT 2|62 + VD (A0D)]2).

Lemma 32 Suppose Assumptions 1-8 hold. For any A € argming px max;cg{[|A®(AM)T -
ZZTHQ}, denote G = {Vf(t)(ZG%))}teS, then w.p. at least 1 — e=CHlogT)

1G> < \/5+ﬁ<h<+,/’w> .
n n

Lemma 33 Suppose G = {gj}?zl e RP*4 gnd G = {gj};?zl € RP*?4 with each g;,g; € R?
and max;e(q llg; — gjll2 < A. Then

|G — G|z < VdA.

PXT

Lemma 34 Suppose Assumptions 1-3 hold. Consider any A € O

(i) When ﬁ >c¢® [wa%) — A0, 4 HVf(t)(A(t)*O(t)*)Hz} with a sufficiently large

C and the minimizer (A", 01) = arg minAEOpxr’geRr{%f(t)(Aa) n—\/;f)\HAAT -

o~ o~

A(A)T |2}, we must have AD (AT = A(A)T.
(i) As a consequence, by Lemma 29, when ﬁ > ¢ [Q(t)Hj(ﬁ)T — AD*(AOHT 5 4
\/%} , w.p. at least 1 — e~ CUH8T) ype have A (AT = fl(j)T

Lemma 35 Suppose {8 },c5 C R satisfying |S|713,c5 0P (OW)T = £CI,., where ¢ is a
positive constant. For any subset S C S with |S'| > (1 — «)|S| and

C_Q

c
<. 5
“=7 maxyeg(¢®)?’

where ¢ is the same positive constant above and (Y = ||0®) ||y, we have

1 e
S a0 = Lo
’S’| tegla (0 ) - QTC Ir'

Lemma 36 Under Assumptions 1-3, w.p. at least 1 — e~ C108T)  for glit € S,

< p+logT+ A .
~ n V/n¢®
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Lemma 37 Consider the case that r = 1. Suppose that minicg |0(t)*\ > ¢ > 0 with some
constant ¢ > 0. Under Assumptions 1-3, w.p. at least 1 — e~ (18T " for 4]l A € OP¥7
andt €S,

log T
140 — AD=gM |, > C'cD | AAT — AD*(ADT |, — oy /Prost
n

Lemma 38 (For MTL) Under Assumptions 1-3, we have:

(i) For allt € S, when f > |[VFD(AD*90*)||4 4 C|| AD D — AD*9W* |1y it holds that
BH = AV w.p. at least 1 — C(pHOgT);
(#1) maxcg HB\U) — B0y < C’% + maxeg [|B® — BO*||y w.p. at least 1 — e~ CptloeT)

where B(t) € arg minﬁeRP f(t) (ﬁ);

(i) If the data from tasks in S satisfies the linear model (2) (without any latent structure
assumption} and Assumptwn 1, then w.p. at least 1 — e~ CletlogT) max, ge ||ﬁ(t) —
D*)|y < C + maxiese 1B — BO*||5, where BY € arg minger, f©(8).

Lemma 39 Suppose Assumption 8 hold and n > Cr. Then for any fized A € OP*", w.p.
at least 1 — e~ C(rtlogT)

1409 — AL 9, S| AAT — A (A0 T, + \/7
n

Lemma 40 Suppose Assumptions 8-9 hold. Then w.p. at least 1 — e~ CU+108T) * for all
A € OP*T,

HAOS)) _A(O)*Q(O)*H2 < HAAT _ A0« (A(O ) Il + \/>

Lemma 41 (For TL) Under Assumptions 8-9, we have:

(i) When L= > IV O (AO*90)%)||y + C||ZO)]| - HAO — A9 ||y it holds that

B(O) — f{@%) w.p. at least 1 — e~ CPtlogT) . ]

(i1) HB\(O) — Oy < C\/%To + HB(O) — BO*||y w.p. at least 1 — e~ C@HET) yhere BO ¢
arg min,@eRp f(o) (B).

D.2 Proof of Theorem 1

(i) BB = A(A)T AO*W* L A (AT AM*91)* = AGW* 1 §1* where 81 = (A)T AD*9(1)*
and §(V* = ZL(ZL)TA“)*O(”*. Then [|[§®*||o < |0D*]2]|(A)T AD*||y < h¢®). This shows

how we can transform Setting 1 to Setting 2.
On the other hand, if we denote A®* = 6(t)*(§(t)*)TH0(t)*” , then AM*g1* = §(1),

hence BMW* = (A + AM*)@")*  Note that we have shown that ||[6®*s < h¢®. Also,

j. For this result to hold, it suffices to require no > Cr, which is important for Remark 13 to be true.
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109 ]l2 > omin((A)TAL) ([0, > VI —h2(". Therefore [|AD*|p = AW, <
16©*||2/16W*|] < h/v/T —h2. This shows how we can transform Setting 1 to Setting
3.

(i) Let 30" = Zé@* A= (b 2 "o Aoy with (809 TAy =0, AT, Ay = I. WLOG,

-, A_y) with (83*)TA_; =0, AT;A_; = I. Also, we have

consider A = (

R s A—
= e TAA

And

BOBONT A0 (BO)T
B0~ 1803
B(t)*(B(t)*)T 5(t)*(5(t)*)'l' —|—B(t)*((s(t)*)T+5(t)*(6(t)*)T B(t)*(B(t)*)T
H D13 + H5 ® *H2 1313
_ 8D - BB T+ IBYZ[8 W (8W) T + B (8 T 4 6W(B10) T]
(B3 + [18©=[Z) 1803

)

which implies that

Hﬁ(t)*(ﬁ(t)*)"l' B(t)*(B(t)*)T

=2 (1) (t)* (t)*]2
gmax{W I3, 189" 52 8 ”2}

18O~ 1AOT3 1B T TAOE 1803
18O 1807 ,\/1 ) <H5(t)*Hz>2
= 18O 1A, 1801
=& +26V/1-¢
< 2v/2¢,

where £ := ||5 ||2/||5 “ll2-
Let Pg = ||,6||2 as a projection matrix onto the linear space spanned by 8 € RP\{0}, and

A = (I - Pyw.)A1[(A1) (I = Py.)A1] /2. Then

A AT A (AT = (I-Pyi-) A1 [(A)) T (I-Pyu. ) A1 (A) T (I-Pg.)—A_1(A) .
By noticing that A_; = (I — P[;(t)*)fi, after some simplifications, we have

A1 AT — A (A1) |2 < 2| Py (I = Pgio-)|[2l[(A-1) (I — Py ) A_1] 2
+ T = (A1) (T = Py ) A4] 2,

where
5)*
[P+ (I = Paiore)ll2 = || Pgior — Pl < 2v2- ”ﬁ(t)*”t = 2V/2¢,
1T = [(A-1)" (I = Py ) A1) M2 = [T = (I = (A1) " P ) A1) 72
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_Nr—(r+ (A1) Py ) Ay
B {_ (BO)TA(A_)TRO-
1B8®=13

2
(A1) T Py Ay

1— (BONTA_1(A_1)TBWO*
IBO3 9

I(A—1)" Py A2 = (A1) " (I = Pg.) P )(I — Py ) Ay |2
< | P+ (I — Pgo)+)

)

(8O TA_(A_1)TBY
1803

= [I(A-1) " Py Ay |2

Therefore, we have

[Py« (I = Paeor-) I3
1= |Pgwy (I — Pz)ll3’

11— (A1) T (I — Pgin-)A_1] M2 <

(A—l)TPB(t)* X_l

Poo. (I — P33
<1a | Pgo ( o) 13

= 1= |[Pgw.(I = Pao)ll3
2

||[(Z—1)T(I — Pf}(f)*)z—l]ilHQ =14+

— (BO)TAL(A_)TBO"
1803

Combining all of the results, we have

HE—lﬁTl—A_l(A_l)TuQgz.mg.[H (2v2¢)? % (2v/2¢)?

1-(2v26)%] 1 (2v2¢)?
_ 8¢? 8¢*
_4\/§§(l+ 1 —8§2> 1 — 8¢27

which implies that
IAAT — A(A)" |2 < | Py Py ll2 + |A_L AT} — A_1 (A1) |2

8¢? 8¢2
§2ﬂ5+4\f2§<1+1—8§2>+1—8§2‘ (+)

o When ¢ < 1/4: () < 2V26 +4V2¢ - (1+1) + 8¢ - 12475 = (10v2 + 4)¢.

e When ¢ > 1/4: ||AAT — Tle €1 < 4€.

A(A
Therefore, [[AAT — A(A)7 ||z < (10v/2 + 4)¢.
(iii) BM* = (A + AL*)gt)x = Z(I (A) TA®)gN* 4 XL(ZJ-)TA(t)*é(t)*' Let 1% —

(I + (A)TAOHIO* and 6O+ = A (A)TABO*GO*. By (ii), there exists AD* € QP
such that [|A®*(AO)T — A(A)T |2 < (10v/2 4+ 4) Illlgii)):‘\‘li’
Since

18D < [[(AT)TAO*[5)60=|5,
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1BV [l2 = 16W*|[5 + |A®*6") ||2+2( ()*)TZTA@)*(W)*
> 093 + | AT (AT AL GO — 21603 AT AV,
n(t)* il *
= (1673 + (16915 — 2//6® H%HA Ay,

we have
|6®) H2 H( )TA(t 2 3 1A©, < D
- \/1+ (AN TAO2 —ofams), L~ 1A = 1 - |AO

when |A®*||p < 1. Hence there exists A®)* € OP*" such that ||AO*(AOT — A(A)T |, <

84| [a®- t)*
(10\/§+ 4) Hg(t)*HQ (10\/>+ 4)1 HA(t)*}ﬁ when ”A() HF <L

D.3 Proof of Theorem 2

First, we have the following proposition holds.

Proposition 42 Suppose Assumptions 1-3 hold. Further assume

c® +log T <<> +log T +logT .
(i) minges { G/ BRGET + Sy AL (O /rh) < /e

(ii) |S¢|/T < er—3/2 5 with a small constant ¢ > 0.

maxie s C(t

Let A > Cmaxies(C1)? Vr(p+1logT) with a sufficiently large constant C and A < O/ maxies(C)?

mingeg ¢(®) mingeg ¢

with another constant C'. Then w.p. at least 1 — e*C/(”logT),

7‘—|—logT AT
\fCQ

Proposition 42 provides the bound when the first term is faster than the second term in
the upper bound of Theorem 2. In the other case, a direct application of Lemma 38 leads to
the second term in the upper bound. Combining two situations gives us the disired result
for tasks in S.

Denote n(t) _ %7’ p—i#}gT C(t)\[ r+logT +Ct)\[h+ )\\}"g(@)

(i) For any t satisfying n(") < C'y/ pHOgT By Proposition 42, w.p. at least 1 — e~ ¢ (r+logT)

|AA)T = AA |2 S ¢ [ Lo+ Vrh+ (TN

D)

(A)T — AD (AT, < (™ \/>+ Vrh+ (W ”logTJr chz

By Lemma 34, since ﬁ > Omaxies (1) /r(p+7llogT) > C'maxjes (On® > c¢® [g(t)Hj(j)T_

minge 5 (V)

AGO(AON Ty 4 4/ ”H%T}, we have A (AT = E(E)T w.p. at least 1 — e=C'(r+logT)
which combining with Lemma 29 implies that

|ADH — AD*g®)=, = HAO(t) AD*g()

|2
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= = . . r+logT

S IAA) " = AD(AD) oW 4 ==
[T+ logT
5 77(t) + Tg7

w.p. at least 1 — e=¢'(r+1logT)  Therefore by our choice v = C'+/p + logT with a large
constant C’ > 0:

IV D (AB*9O*)||y + C|ADD — AB*g®*, < f

—C'(r+logT)

Then by Lemma 38.(i) and Proposition 42, w.p. at least 1 — e , MaX¢c s HB(” —

x|y < n® + /%.
(ii) For any t satisfying n® > C'y/ ’JH%T: by Lemma 38.(ii), w.p. at least 1 — e~¢'(PHlogT)
maxies 80812 $ J5rmaxies [|BY -0 [l2 S \/ZHEL, where ) € argmingeg, £1(8).
The fact that max;eg |31 —BO*||y < 4/ % w.p. at least 1—e~ ¢ (?1o8T) g the standard

linear regression result.

(iii) When data from tasks in S¢ also satisfies the linear model (2), the result comes from
the same argument as in (ii).

D.4 Proof of Theorem 3

The conclusion follows directly by combining Lemma 36 with the upper bound on HA\(t)é(t) —
AW*@1* ||, established in the proof of Theorem 2.

D.5 Proof of Theorem 4

First, note that when A = +oo we have A®) = A4 for all t € S = [T]. We will prove that

any local minimizer (A {9 T |) which minimizes

1 T
*Zf Agt)
t=1

’ﬂ

over A € OP*" and ® = (8, ...,01)) € R™T must satisfy

AT - A £ €L+ v 2D v,

—C'(r+logT)

B

simulteneously w.p. at least 1 —e . The following the argument in the proof of

Theorem 2, we will obtain the desired result.
We prove the claim above by construction. Consider a local minimizer (fl, {OA(t)}thl) of
f and j’s neightbor A=A+ agiD, where a1 + a3 = 1, aj,a2 > 0, and D € R"™*" is
invertible. Note that R N R
1((A)5) " All2 = al|((A)") T All2 < ax.

58



LEARNING FROM SIMILAR LINEAR REPRESENTATIONS

Define 01 = arg ming.. f()(A6), © = {9 NI Re O™ by

ATA=al,+ 2D D + ayax((A)TAD + DT(A)TA) = (R"H)TR.

Then define A = AR, hence AT A = I,. Let D satisty DR® = ©, where © = {0%)};‘21 €

R”TN. Such D must exist. For example, we can take D = (R/(:)@T)*l(:)(i)—r. Consider ©
s.t. RO = O, then

AO = a174}~2® + CLQjDﬁ@ = alfl@ + agj@. (9)

Since f) is defined through square loss, we have

=~ ~ T = ~ ~ = ~
f(A,©)— f(A 0O) = 21T (A0M) — A1) T (401 — AW
t=1
1 - =
+ T Z [Vf(t) (Zg(t))]T(Ag(t) — A0Y)
t=1
*)
Therefore, (9) implies that
1 ~ 1 & =a iy DA
0(A69)] " (A0 — 491) — Ty (A6 - A9 TS0 (49" — A0Y)

t:1 t=1

1 * % =~ A~
< SV D AD 9O s - Vor| A® — AB g

1 PN =~ A _
+ (VO e - fm<e@»ﬁmwA@—A®M—f%mA@—Ae%

A
logT ~
\ﬁ p+ |A® — A@\|F+(Tj<\/f,/r+ %8 L, yA@ AO|p
t= 1
C =~
- Cud6 - A8[3
loe T \ =~ _ = A~ I
<Za <, Y ki S/, hﬁg) |A® — AO|p — %alHA@ _ 402,
n n
w.p. at least 1 — e~ ("+108T)  Hence w.p. at least 1 — e (r+logT)

~ ., C log T oo
F(A,©) - f(A,0) < Ta1+Ta1<,/]: + T+:gﬁ+hﬁ(>|A®—A®HF

C PN I
— TalHA(-) — A©|3. (10)
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By (9), as a3 — 0+,
©=uATAB + 1, ATA® - R"D (A)TA® =R D"®,
where “—” is in the sense of || - ||max (similar below). On the other hand, as a; — 0+,
A= alflﬁ + angﬁ — iDﬁ,
and RT"DTDR — I.. Therefore, by continuity, as a; — 0+,

max min {HA — jRHg +|6® — é(t)RHQ} —0
te[T] ReOT*T

Due to the local optimality of (fl, (:))7 when a; is very close to 0, we must have f(A,®) —

f(j, @) > 0, hence the RHS of (10) is non-negative. Let a; < (/20 + \/Hl%gT\/T+ hWTC,

we have w.p. at least 1 — ¢~ C'(r+logT)

~ logT logT
© - A0|r <a1+\/7 T+°g f+hfc<\f HOg P98 T 4+ hV/TC.

D

By Wedin’s Theorem, w.p. at least 1 — ¢~ (r+logT),

(A A(A T. 58 —= s r+logT
AT - 4@ e <\ Ljd6 - A61r < ¢ v J v T

This proves our previous claim. The remaining argument is the same as in the proof of
Theorem 2.

D.6 Proof of Theorem 5

We prove a slightly stronger version of Theorem 5 by replacing the constraint set

4(1++2) max |AD(A®) — A(A)T ||, + 4% <1-—7,
es —€

Omax (1) AOVT _ A0 40T B
ﬂ%{amm(za FIAO(AO)T - A0 (A0} <1, (11)
with
— €
2(2+V2) max min IA® — AR| + d—<1-7,
UmaX(E( )) (t)*

Note that for any matrices A, A’ € OP*" Lemma 2.6 in Chen et al. (2021b) tells us that

|AAT —A'(A) [ < min [|A- AR||; < V2| AAT - A(A) >
e TXTr
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Therefore the current constraint set (11) is indeed weaker than the constraint set (12) in
the main text.

The proof follows the construction idea in the proof of Theorem 4 and the argument in the
proof of Proposition 42. The dlfference is that here we will first consider a relaxed optimization

problem where we require A(®) and A to satisfy HA (A AT 1, |2, HA AT — L2 <6

with a small constant ¢ > 0 instead of A(t), A € OP*"_ Finally, we will let § — 04 to obtain
the desired original result.
Denote

T T

_ 1 -
GHAVYL,A,0) = =3 f(Ae" Z (AT~ A(A)" |2,
t=1

= vn
with © = (80, ..., 0™)) ¢ R"™*T_ First, consider any local minimizer { A®}7 | and A of

i Al A0
{0<t)r}riT1:?gRr G{AMYL,, );

where [|A® (AT — L[|, IA(A)T — r\lz < § with a small constant § > 0. Define
AD — ;AD® 1 0, A® with a; + a9 = 1 and ai,as > 0, DW e OP*" Define a
“normalization” operator N(-) such that N'(A) == A(ATA)~ 1/2 € OP*" for any A € RP*"

with full column rank. Define two distances between subspaces spanned by columns of A
and B € RP*" as

di(A, B) = |N(A)N(A))" = N(B)WN(B)) |2,
|

d2(A,B) = min |N(A)-N(B)R]|2.
RGOTXT

By Lemma 2.6 of Chen et al. (2021b), di(A, B) < d3(A, B) < \/2d;(A, B).
Note that

ADANT = 21, + a3I, + ajas[(DD)T(A)TA® + (AT ADW].
In addition, there exists a rotation matrix R®) € O™ s.t

01692 H2
165112

60 — R®

Consider ) € R” s.t.

ADOD = o, ARD) 10D 4 0, AVYD = q— % AW 4 gy " AWGD),
1691, A 8]
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o « .  a as -1 Ce
Let aq HG%)Ilz + as Fo, 1, we obtain that a = (||0%1)H2 + ”(3(3”2) , which implies that
®
ADH _ At — (?)1/ 105 112 (A — A1)
ar/[10% 1|2 + az/[|6D||
=al")
Also define aét) =1- agt). We claim that
(t) 1 0]
c>4 = - > 1 t”220'>o, Vvtes, (13)
a6l e,
e,

with some constants C, C’ > 0. To see this, note that
o) — ((j(t))Tﬁ(t)j(t))—1(g(t))Tﬁ(t)A(t)*g(t)*_<(g(t))T§(t)g(t))—l(j(t))va(t)(A(t)*g(t)*)_

Also note that (A TS0 AB)~1 and (£1)~1 share the same eigenvalues. Since opmay () 1) <
omin(Z®)~1) < 1 w.p. at least 1 — e~ ®@+1o8T) by Lemma 18, we have

Umax(((A\(t))Ti(t)A\(t))—l) - Umin(((j(t))Tg(t)j(t))—1) —1,

w.p. at least 1 — efcl(pfogT). Furthermore, by Weyl’s inequality and Lemma 18, with
R € argmingcorer [N (AD) — AR5,

o, (AD) TS0 40
> 0, (AN T A0 _ 150 _ nO),

> o (RT(AD) TR0 A0 _ o (RT(AD)T Z A(AD) )50 A0%) — 5 — ¢y /P18 T

n

> 0, (A T20 A7) — |N(AY) — AV R =W| - O — o\/@

> g (E0) = VN(AD) = AD* Ry - 0imax (BD) — C5 — Oy [p+logT
n

>0,

w.p. at least 1 — e~ C'(pHoeT) if 4,(A1) A®*) < %(1 — ) with some v > 0. On the

other hand, by Lemma 18, w.p. at least 1 — e~ @+108T) for all t € 9,
Omax(AD)TSO AO%) < 9.
e—C'(p+logT)

Hence w.p. at least 1 —

16Dz > Co, ((AD)TED AO*) 90|, — ||V fO(AD*90)|
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> C//”g(t)*H2 _o [p+logT
- n

ol
> *Hf) -

In addition, note that w.p. at least 1 — ¢~ ¢’ (r+logT)

* * r+logT
116911z — 09 o] < (69 — 6O, < h¢® + \/T |

implying that w.p. at least 1 — ¢=¢'(r+logT)

. r+logT N _ r+logT X
169> < 1160 |5 +C(h§(t) + W) < 60, —i—C’(r 200 4 \/T> S 1097 ]la,
. . r+logT
199712 < (16" —C<h<(“ + \/T> S

Hence w.p. at least 1 — ¢~ ¢ (ptlogT)

N o . .
16©12 > - 16972 2 165 2
This proves the second half of (13). On the other hand, when a; < 1/2, we must have

o)
L <9 ||9(t)||2
*1 165 112

and it is easy to see that w.p. at least 1 — e*C/(T+1°gT),

~ . + logT N
18 < B + 2 ET < ooy, < 0,

which proves the first half of (13). Therefore, our claim (13) holds, and we will use it later
in our proof.
Now similar to the proof of Proposition 42, we divide S into the following two index sets

A= {t €5 AT — A(A)T | > c|[A(A)T —AA |, }} ,
T

A= {t €5: | ADAD)T —A(A) |2 < | A(A)T —~ AA"||,- }}
T

where ¢ > 0 is a small constant. For any index set A C [T'], define

Ga{AYYL,, A, ) Zf (Ag Z H1AD AT — AA) T2

tEA teA
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TIAN,
1
=57 Z Yy® — x® 4012 + Z 1A® (A —AAT .
te A tEA
Note that by basic algebra,
1 SOy — x© 4002 Z Y ® — x® 20502
T teA 2r teA
= %(A(t)g(t) _ j(t)é\(t))Tf;(t) (ALg®) — j(t)§(t)) + %Z[vf(t)(j(t)é(t))]T(A(t)g(t) _ j(t)§(t))
te A
1 ~(0) A & ~ A 1 — ~ A
= ﬁ<A(t)9(t) — A(t)g(t))Tg(t) (A(t)g(t) — A(t)g(t)) + T Z[Vf(t)(AG%))]T(A(t)O(t) _ A(t)g(t))
te A
+ = Z Ag(t))Tz(t)(A( gt _ g(t)é\(t)).
teA
Hence
({A }t 17A 9) GAI({A }t 17A 9)
_ A(t)é(t))

A(t)g(t))Tg(t)(A(t)g(t)
§ — A0 |2 + | 405 — 4060 |)
A A

< (t) (t)
<57 (A 0
(t)*)||2a§t)(||A9A(f

1
el @) A®)
+ T E IV Y (A

te Ay

> o] 46 — A0ew3

1
1 (A9 (1) AB*g(D))
| {Vavso@ed) - vroatet} -
te Ay
~ 2 Al A6l — 4083 + ZHA )T —AAT|,
tE.Al tE.A
Z |AD(AD)T — A(A)T |, (14)
teA
with
[1] = %(A(t)g(t) — AW THH(AMeH) _ A1g(1)
o S IVFOAO60) 0l (| 6L — A0V, + | A6l — AOGV)
t€.A1
1 (17 £ (A0 — v FB (AB*g(1)%) 1) 200 _ A)g)2
+ = |[{ Vel v rO 6Y) - v O (a0 }teA 3 o A6 — A0gw)|;3
te Ay
-2 aAeY - 40§03,
te Ay
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and

Z IA(AD)T — AAT||2 — = Z |AD(A

)T _A(A) |, (15)
teA teA

Recall that A0 — AVHH = o{ (AL — A

AMQ( )) and our previous conclusion that w.p
at least 1 — e*C/(TJ“lOgT), agt)/al = 1 for all t € S, hence w.p. at least 1

1< o3 ajAed) - 40503

te Ay

— ¢~ C'(r+logT)
)

te Ay

<\F\F r+logT )

tEAl

+ = 2 VA0 016D | dy (A, A) + i (A, A1)

3 |46 — A060|3
te Ay

S5 Y wlAel) - Ag0;

teAy

Q

<7 Y ail 40 — AVEV;

te Ay

1 ~ =~
+ > IVIOAD*9D*)|2a,¢ P (| AA) T

—A(A)T |2+ | AA)T — ADAD) Ty +4)
teAy

(ff 7”rlogTth 3¢ ) 3 A6 -

te Ay teAq
~ 2% mlAeY — A9

te Ay
+ 1o T -~ ~ o~ = r+logT 1
< O3 PO v | AOAY)T - AR s + cal(ng =D <<<t>>2>
tG.A1 te Ay
log T
+Ca15\/p+ LN

te Ay

To bound [2], we need to do some preparations. Note that

ADAD)T = (i AD® + 4, A®)(a; ADY + ay AD)T

= a3 AO(AN)T + a10,[ADO(AD)T + AO(D)T(A) "] + O(ad)
= (1 -2a1)AD(ANT 4 0, [ADD(ANT + AO(DOYT(A)T] + 0(a?),
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where O(a?) here refers to a p x p matrix with each entry of order O(a?). Let A = ajA+asA,
then similarly we have

AAT = (1-2a)AA)T + @ [AA)T + AA)T] + 0@ad). (16)
This implies that

ADAOYT — AAT
— (1-a)[AD(AD)T — A(A)T] - TAND)T + A)(AV(DY)T - A)T

)

~
= o~

- SAVDY)T - A)AO(DY)T + A)T + w ADVAY)T ~ (4)T]

+a[AO(DO)T — AJ(A)T + O(a?)

~

— (1= ) AOAD) - AA) + |4~ JAIDO) + D) AUDO)T - E)T

~

_ al[j(t)(D(t))T — A [g(t)(D(t))T _ A]T

— (1= a)[AD(AD)T — A(4)] +ai(A - A)AV(DO)T - AT
AT+ J(A—A)" +0(ad).

2
B
S
=
|
pNp

Note that we can multiply A, ﬁ(t), and A by a rotation matrix from the right without
changing their definitions

A c argmin ||AD*(AOHT — 44Ty,
AecOpxr

{A(t)}f:h i c arg min min G[T}({A(t)}thh A, ).
{ADYL | Acrrxr OcRrT
I(A©)T A® T, |5, (A) T AT, |2<5

Therefore, WLOG, we assume

|A~N(A)2= min | A-N (AR = do(A, A), (17)
INADDO)T) = N(A)lo = min_ [N(AD) ~ N(A)R]> = do(A?, A).
e X7

Therefore, by the triangle inequality,

|ADAO)T — AAT | < (1= an)| AO(AD)T — A(A)T||> + max {201/ 4 - Ao AO(DO)T — A,

al|A(DO)T — A3} + C\/pal

< (1 ) |AO(AO)T — A(A)T|l> + max {2v201 - do(A, A)ds(AV), A),
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~

V3a; - do(AD, A)dy (AW, Z)} + Cayd + C\/pa’
< JAOAD)T ~A@) [+ [~ 1+ (2vV2:(A, D) v (Vado(AV, A))]

~

cardi (AW A) + Ca15 +C\/pa?
< JAOAO)T —AA) T+ [ - 272 + 2:(4, A)) V (d5(A, 4) + do(AV), A)) |

V2a1d1(A®, A) + Card + O\ /fpa?
< JAOAO)T —AA)T s+ [ =271 + 2:(4, A)) V (d3(A, 4) + do(AV), A)) |

o~

V20, | AD(AD)T — A(A)T ||y + Cai6 + C\/pal.

To further bound the RHS, we claim that da(A, fl) < (14 v2) maxyeg do(A®)| A)
0’5 with some constant C’' > 0. To see this, denote q = maxycg dg(A( ), A), and suppose
dg(A A) > ¢+ b with some b > 0, then mingeg dg(A Al )) > b. This leads to

T ~
Z A(A)T — AL (AW) H2>—Zd2Z —C§5 > I8y, — e,
t=1 tES \/>
On the other hand, we have
> dy (AW, A) < |Slg, D do(AW,A) < |57,
teS tesSe
which implies that
T o~
Z |AA)T — AOAOYT|y < [S|q+ |5 + CTS.
By the optimization procedure, we know that j € arg min Zthl |AAT —
A€ERPXT||AT A—1I,.||2<8
AD(AD)T|5. Therefore we must have |S|q + [S¢| + CTS > By — cTs, ie.

V2

b§\/§q+\/§‘s’+c’5§\@q+\@16+c’5.
— €

5]

In other words,
dy(A,A) < q+b< (1+2) max da(A", A) + V3 + '8,
€ —€
which proves the claim. Therefore, using this claim, we have

1A (AT — AAT||2
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< |ADAO)T — A(A) o+ [ -2~ z+2(1+\f)maxd2(A<t> A) +2v2

V241 |AD (AT~ A(A)T ||y + Caré + Cy/pa?
< JADANT — A(A) ||y — yar |AD(AD)T — A(A)T ||z + Caid + Cy/pad,

when 2(2 + v/2) maxyeg do(AD, A) + .
Therefore, we can upper bound the term in (15) as

o~ =~ A A
[2] < yan Y JANAOD)T — AA) T+ C ey ad + O - Vil

te Ay

Therefore, using the bounds we have proved for [1] and [2], plugging them back in (14), we
have Hence

{ };f—la A @) - GAl({A\(t)}g;l? Z; @)

A (
C p+ lo T ~p = = r+logT 1
<2 ZAj VL angOVE - JAOA)T - @)+ can (5L 02 S (02)

te Ay
al p+10gT EYX
+ O > ¢ — year Yy [ADAD)T - A(A) T
te Ay

tEA
A
+C—v- a15+C -y - \/pa
Vi VG
logT
SCQI<T—HOgT+h2_12( )—i—C 5/p+og ZC
n T
te Ay te Ay
)\ =~ = A
(t)
“ya A —A(A 2+C v-a16 +C—=-v-/pa
1 t;;lﬂ A7 NG N Vpai.

Considering G 4,({A®}_ /A @) — GAQ({A Nnr 1,A ©), first we have

1 (A Tal . (4 0 _ AW . Ap® _ 219

ZW D)) Tay” - (A% Ao +A¢9il ADPH)

tG.AQ

1 (g £ ( 4O*g)* ®
<= A iy}
- T { @’V f ( 0 ) teAs OA)}teAz

2 S I9FOAO 6O, - af ~HAG§’—£< 6l

teAz

1 p+T “ot) p—l—lOgT =~ =~

< SV [ {(AH%)—A% bea |, + 7 Z\/ L |ADANT — A(A)T |,
tG.AQ
rip+T C — = p+IOgT = =

< [ Z L0 WO [ SVLE WY P L T

tE.AQ
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where the second inequality holds because

/ T
<maX\/a§t)- Pt ,
teAz n

e~ CpHoeT) "which is due to Lemma 5.39 in Vershynin (2010) Therefore,

teAs

H A0"g))

w.p. at least 1 —
by using the same arguments to bound G4, ({A®},, 4, ©) — GAI({A NnL A G))

can prove that
Ga({AVYL |, A,0) — G4,({ADY],4,8)
< L( ADQH) _ ZOGNTSW (4090 _ g<t>§<t>)

=97
re+T) o Cllyrga® (t p—HOgT t
+ ot 1 || {6y - 46! }teAQ Z L JAO(A
(ff LTy Opa), |3 wlA6f) - 050
t€A2 te Az
C 20 a2 t ST
— 5 Y w408 - A6} - T\f o YD JAOAO)T —A@)T; ()
te Ao te Az
C P
S**ZalllA t)*A(’ 13— “yay - ZIIA (AT —A(A)" |,
TtGAQ T\/ﬁ teAs
r+logT 5 1 2
+C’a1< Et T +h 'TZ(C()) :
teAs
) (t) A (A (t) ® (a0
SIHCGHA 0 A9 2 < ADAD)T— ( ) ll2 (H9 24V f(AO i)” 2) < CC| AL
A(A ) l2 < C¢ HA( A)T —AA)T l2-7, we have
JAD90 — A6l |2 > LAel) — A6l|3 — 2| A0G Oy
All2=9 A 2
> 1100 — A0 )3 - @@“))%(E)T ~AA)TI
-2 A A2 r 2

This implies that

GA2({A }t 17A @) G-AZ({A }t 1’
c’ 20%¢ — = =
< _7611”*‘4@ A®|; + 1(C(t))2\|A(A)T —A(A)" |3

T r+logT 1
p _i_ig_,_h?.fZ({(t))?

+C’a1< T

te Az
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In addition, by triangle inequality,

Gs-({AY}), A,0) - Gs-({AV}L,,4,8) < SN A(A)T — AAT|2.

A
/T
Recall (16):
AAT = (1 - 2a))A(A)T + a1 [A(A)T + AA)T] + Oa?).
Hecne we have
|AAT — A(A) ||z < 1| A(A — A) |2 + a1 | A(A — A) || + Ca?

o~

,A) + Card + Ca?
AA)T 7(A) |2 + Cayd + Ca,

< 2a1da(
< 2v/2a,]

where the second inequality is due to (17). Therefore,

G ({ADY |, A,0)-Gs ({AVY |, 4, 8) < 2v/2a;—==|S5°|| A(A) —A(A) " ||a+Ca16+Cal,

f T
Case 1: If |Ay| > (1 —cr” W)]ﬂ
By Wedin’s sin ©-theorem, we have By Assumption 2, Wedin’s sin ©-Theorem, and

applying Lemma 35 on {0%)}t€ Ay

o~

IN(A) N (A) =A@ |2 < INA)NA) -AA) e S [ AL A0 )iyl

5]
Here we used the fact that ﬁ Y tes 0%)(0%))T = €(%I,. To see this, notice that
or (m{Aa ”}tes) ~ o, < (8" }tes) - mn{Aem}tGS ~ {89} esllo
& ( r + 10gT)
7
> i
=T G

where by Lemmas 29 and 33,

= +logT
A0 )« < Ao(t AD*g0*||2 < B¢ + 7“77
m\l{ Hes — 1B hesll2 M 125 h¢+ 1y —

tesS

and the last step comes from conditions (i) and (ii) by noticing that

‘/TH&T <. ‘/M L<£
G RO

o (o) <o

tesS

This leads to

( T > ¢
<‘S’ZOA t9,4) )—TC'

tesS
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Hence
Gir({ADYL |, A,0) - Gy ({AD}T |, 4, )
< (G ({ADY 1 A,0) — G, (AT, A, 8)] + (G4, {ADY1, A, ©) — Guy{AV}L,, 4, 6)]

+[Gs-({AV}L,, A, ©) - Gs-({AV},, 4, 8)]

log T | log T A
gcm(”ng?-TZ( )+C“16\/p+ %L 3¢ +C =@+ Oy

te Ay teAy

n

¢ 50 _ > rtlog?T o 1 (£))2
CY w4980 - 463 + Ca (m* Fh LS ()

tEAQ te Ao
by _ ~ =~
+2v2a1——= ||| A(A)T — A(A)" |
\/> -
r+logT . 2 == . ~ ~
SCmQT+n/HﬁﬁCmﬂMM) ()HyMVMJTwWA()*AMWM
+cag?+cm5wp+k%T§:dt+cr = - 016+ O - /pa?
e v
<0, (19)

wp. at least 1 — e~C'0HoeT) if |A(A)T — A(A)T ||y > OCH (/2 + /=HT) 4 Op +

chy ‘?‘ and Ca16* + C%44/ % Y tes ¢® 4 Cﬁv ~a10 + C’ﬁ v /pai < Cap B +
Cay THZgT. Note that the latter can easily hold because we are free to choose an arbitrary
small a; and 6. And as a; — 0+, we have A® — A0 A — fl, 0 — o) , in the sense of
| |lmax. Therefore (19) contradicts with the local optimality of ({A®}T A, {8®}L_ ) in

terms of G[T]({A(t)}thl, j, C:)) Therefore, w.p. at least 1 — e~ ¢ ("t108T) we must have
S _ — +lOgT rA ]S
AA)T —AA)T |, <! M 4 Cy/rh+C
|A(A) (A) le<CC | r +Vr +W+CQIT

when Ca; 6% + Cal(s\/mzltesc +C\f’7 6115+Cf v-/paj < Cay 2+ Cay 08T
Case 2: If |A;| > er™ W’S| Note that by (18), we have

({ }t I’A 6) GAz({A }t 1’ ) )

1 o~y
< L AW _ Z0gu) TS0 4090 _ 20
2T< 0 0'") (A0 0'")
C p+T = () 1 p+logT ~ ~ ~
T\ T — \TH{AB AO% Frea, e T D V@ 1A® —A(A) |
teAs
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logT 207
(W\F PO b 1Y (¢ ) 3 w46 — A060)|3
tGAz teAs
- Z a|AV8Y — A3 - —Z= - qar- Y | AV(AY)T —AA) T,
tEAQ te Az
C (t) 2 A . = = 4
<= AV - 46Y|3 - cyar -y [AD(AD)T —ACA)T,
TteAz T\F teAs
logT — PPN
<\F\F r+logT 3 (¢ ) 3 alHAG%) ~A0D|32
teAs te Az
C p+T S A = (1)
t) t t
+7 /B \TH{Aa ~A080Y, |+ Zan /B ﬁH{AU@()—Aej Ve[,
logT - T
<Ca1<5;—|—r+og_|_h2c2> p+ P2 Z |A AW®) — 29 )H
teAs
pr r—HogT 959 o~ =~ R
< Cay + 12 +Cay C JAA)T — A(A) T ||s.
Therefore,

G (A}, A,0) - Gir({AV)],, 4,8)
[G.A ({A }t 1A, 6) GAl({A }t 17ZZ )] + [GAz({A(t)}le’Aag) - GAz({A\(t)}?:l’za@)]

GSC({A }t 17A @

[GSC({A }t 17A ®>
logT 1 logT
<’”+:g+h2.T§:( >+c 5,/p+°g 3 ¢® Lo vk a1(5—|-C’f v - /D2

<Cay
te Ay teAy

DAV _ A(A)T pro r+logT o
’yaleA A(A) ||2+C’a<nT+ —— +

t€.41
+2\f2a1f |5¢||A(A)T — A
logT ~ ~
pr rtlog +h2<2)+2f i SCUAR)T ~ AR

<Ca1<nT+
A0(A T s [P H10gT o~
car- Y A ~A(4) l2 +C =56 - tEGSC

teAr

(@A)l + Cary 2L JAA)T - A@A) T,

< JA(A)T — A(A)T ||,

o
. (mscw - rAm) AA)T — AA) |,

A A
v-a16 +C—=-~v-+/pa] + Cay
NG VAR

pr  r+logT 959
<C — 4+ ——>—1+h
< a1<nT—|— - +h7¢7 ) + \/ﬁT
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p+logT C" A &
2 /nTr fymaxtes(c(t))z

+Ca15 /1tH—logTZC

tesS

<Cay

<0,

w.p. at least 1—e~C"Ho8T) when ||A(A)T -~ A(A)T|]y > Cn, C’\)‘F'y aﬁ—kC%-’y-\/fm% <
C’alpﬂ%T, with a large C” > 0, and mingeg ¢ > \/[’H%T. Note that
mineg () r < /p+logT minges ¢V <1

C ~ i C \/T ~

We used the fact that

(20)

) ) maXteS(C(t) )2

A< logT
rp s ) s CO

¢
> S B— log T -
~ \/ﬁmintes ¢ Vo +losT) mines ¢®)

¢ maXteS(C(t))2
|
where we used (20) in the second inequality. This contradicts with the local optimality of
({ADYL | A, {8®}L_ ) in terms of Gy ({AV}L,, 4, ©).
Therefore, w.p. at least 1 — e~ ("+108T)  we must have

A(A (A —_ 7"+logT A |S¢
AT - A < 00 (ry) B Vi) ovin o=

when C70y PESET S ies ¢V + Cﬁv a10 + Cﬁ -y /pad < Car 2 4 Cay “HoEL

Until now, we have proved that

A(A (K f_ r+logT A ]S¢
AT - Ao < 00 (ry) B Vi) s ovin o=

for any local minimizers ({A®}7_ | fl, {6} of G[T]({ﬁ(t)}g;l, fl, ©) satisfying

A A) 44 1
2(2+\/§)r{1€a§<dg(A A+ <1-v,
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UmaX(z(t)) T(t) A )=
{24 A <1

The remaining proof follows the arguments in the proof of Theorem 2 and pushing § — 0.

D.7 Proof of Theorem 6

We briefly point out how the arguments in the proofs of theorems in Section 2.2.1 can be
modified to prove the same results for the revised Algorithm 1 which solves Step 1 in the
entire RP*" space with the penalty on projection matrices.

We first discuss the results of global minimizers (Theorems 2 and 3).

(i)

(i)

If rank(A®) = rank(j) =r for all t € S, then we can replace X(Ua(t) and fw(t) with

A
05;) = arg mingcg- f*(A8) used in the proofs by N'(A t))O(/t\)(gA) aild ./\/'E\ ) j\tf)(z)’
where N'(A®)) .= AO[(AOYT ADO]=1(A)T  and N( ) = [(71) 71] LA)T. Tt is
straightforward to see that N(JK“))@L)(A oy = A(t)B , and N A" j = AO%). We

\ =

N>

(
N(
can also see that Py = N(ADYN(AD)T and Pi = N(A)(N(

. Al Iy pf
proceed the same proofs of Theorems 2 and 3, with N (A®), N'(A), 0%

). We can
Y X and 0@.
A

~

If rank(g(t)) < rorrank(A) < r for some t € S, then for those ¢, we can define N(ﬁ(t))

and N'(A) in a different way. Consider a matrix A € RP*" with rank(A) =" < r
and its SVD Ay, = pXr’Ar/Xr"/r s Where A,y is diagonal with positive entries
and U € OP"". Then we can define N'(A) = (Uyx, 0,x(r—r)) € RPX". Note that
N(A)N(A))" =UU'" = P4 = Py (4), and this definition of N'(A) can be seen as
an extension of the full-rank case. Then we can proceed the same proofs of Theorems

2 and 3, with A'(A"), N'(A), 6%, . and 9%)'

Then let us discuss the results of local minimizers (Theorems 4 and 5) Recall that we

proved Theorems 4 and 5 by construction based on the local minimizers A and A®. And it

suffices to replace A and A in the construction with A’ (A) and NA®) as defined above.
In addition, if we want to show the stronger version of Theorem 5 we proved in the proof,
we need to rewrite the constraint set by replacing

with

2(2+v2)max min [|A® — AR|, + 4% <1l-—7,
—€

teS ReO™xr
Tmax(Z1) (t)*
5 ) s, 1A AR <1

2 Ay _ A 41— <1
22+ V2)max min [IN(AY) — AR||; + 43— <1-7,

tes O-min(z(t)) RecOr*r

()
max{amax(z) min [|N(A®) - A(t)*RHQ}<1—'y

All the remaining arguments still hold.
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D.8 Proof of Theorem 7

Let us rewrite 30* = AGM*4+-50)* where §()* = A(A)T AD*9M* and §()* = ZL(XL)TA“)*B(”*.
Denote D% = {§®")*},cq € RIXISL
First, let us prove a useful result: When nT > Cpr, n > Cbp, mmt%(m\/?HDEHg <

y/ %, and minyeg |60y < ¢4/ %, with a large constant C' and a small constant

c, we have

~ ~ _ _ _ _ (®)
AR - A £ B e L [pg + B )

C(p+logT)

w.p. at least 1 —e™ , and

~ ) ( (t)
6% - g0, < fj&(iw)\f < \f D3l + 52 maxc Ve
+||6<t>*||2+\/1°iT, ves. (22)

w.p. at least 1 — e~ C(r+logT),
Denote Bg = {AH “Yes € RPXISI and Bg = {5 hes-

(t) .
Note that when %\/%”Dslb <c \/@, and minycg H(s(t)*HQ < C/\/ L-l,?gT’

we have
1 *
@Ur( or(Y_BY"A BT
tesS
teS teS
<2 1 * *\ T
>~ _|DYD
> et — = ID3(DY) I
c C2
2 T
becanse /2L L /T Dyl $ M /Dy s < /2T,
Also, B — g ( O 10 )Te® is a sub-Gaussian vector with variance proxy

" omax((Z®)~1) given X®, and {B(t) - ,B(t)*}te[T] are independent of each other. By
Lemma 5.39 in Vershynin (2010), conditioned on {X®};cq, we have

D * p+T (1) —1
Bs - Bil2 5 max (2
1Bs = Bill2 S 4/ = — max omax (X)),
w.p. at least 1 — e~ C@+1o8T)  Then combining

~

IED) 2 < 1(ED) Iz + (D) IO - 2O (2P) 2
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with Lemma 18, we have oma((E0)71) = ||(E®)~1||y < 1. Therefore, w.p. at least

1 — e ClptlogT)
~ T
1Bs — Byl 5 /=

Note that Es — Bg = (ﬁs - Es) + (és — B}) + (Bf — Bg). By triangle inequality,

|IB—(Bs 0), 12 <[IBs|l2+ | Bs — Bsll2 + | Bs — Bgll2 + | B§ — Bsl>
< | Bsellr + |Bs — Bs|lr + | Bs — Bgll2 + | B — Bs|»

~ ~ +T
< RVer +\/ZHHR(B“))—ﬁ(“H%JrC\/p +11D5]l2,

tesS

w.p. at least 1 — e~ @+108T) Since R = quantile({||8®|]2}%_,,1—¢), € > ¢, and

max B> < max [ B© 89" |o+max 807l < O/ P2 tmax 897> < € max |8V,
tes tesS n tesS tesS

tesS

—C'(p+logT')

w.p. at least 1 — e , we have

R < Cmax ||BD* |5,
tesS

w.p. at least 1 — e~C'+logT)  And there are at most [éI'] number of ¢ € S satisfying
[12(BY) # B, Therefore, w.p. at least 1 — e~¢"(PHosT)

~ e +T
|B~(Bs 0),,5ll2 < RVl + Cmax |8 [2VeT + Cy[*—= + | D2
T
< 20 max |89 |V/eT + C\/ = + | Do

Similarly, by Weyl’s inequality, w.p. at least 1 — e~ C'(p+log D),

o0r(B) = 0r41((Bs  0)) = o,(B)
> 0,(Bs) — | Bse|ls — | Bs — Bsll2 — | Bs — B2 — | B — Bs|»

_ T T
/T 20 mae |80 VT - €y [2EL 3,
T tesS n
c- |T
> _ —
> 2(\/;

Vv

since maxics [[80°[3vE < &S, /B < /oL 8T < e\ T ana | Dy <
= T _ /!

%g\/j because S CT . (m) nT > C”p’f‘ p= > r,n > C”T and C\/>”DSH2 S
\/>HDS||2 mines €9 where ¢ > 0 s a small constant and 7 > 0 is a large

(p+logT)/n
constant
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Then by the SVD and Wedin’s sin ©-Theorem:
|B-(Bs 0) I
o,(B) — ory1((Bs 0))
maxges |89 |l2VeT + \/EEE + || DIz

&z
< 71 [ PT =1 /T | =1 /T * maxies Hﬁ(t)*”Q =
S¢ ﬁ‘FC ﬁ*’( T||DS”2+ z VT,

w.p. at least 1 — e~ ¢®@+108T)  Hence (21) holds.
Next, let us prove (22). By noticing that

AA)T - A@A)T|» <

AN

~ ~ ~

0%) _ ((A)Ti(t)j)_l(A)Ti](t)ﬁ(t)* N ((A)Ti(t)j)_l(j)TVf(t)(B(t)*>’

we have

o~ ~ ~

jg(f) _ ﬂ(t)* — [j((A)Tf;(t)j)—l(A)Tg(t) _ I}ﬁ(t)* _ ((A)Ti(t)j)—l(j)'l'vf(t)(ﬁ(t)*)

_ (i(t))—l/Q [(2(t))1/2j((j)7’§(t)j)—l(j)T(i(t))—l/Q - I} (g(t))l/Qﬂ(t)*

o~

— (A)TEOA) 1 (A) VOB,

Denote the projection matrix of a matrix A € RP1*P2 (projection onto the column space of
A) with rank(A) = pa < p; as

Py=A(ATA)TAT

~ ~

Denote B = (fl(t))l/Qj € RP" and (B)t = (£®)~1/2(A)+ ¢ RP*(P"). Notice that

(B)"(B)* = 0, (p—r)- By definition P + P(ﬁ)L = I,,. Hence

AG%) o I@(t)* _ (i\:(t))—l/Z(Pﬁ . I)(i(t))l/Z(ZB(t)* + 6(t)*) _ ((A)Ti(t)Z)—l(Z)va(t)(B(t)*)

(B2 490 _ (F0)1/2p
B

- : )L(ga))l/z(;(t)*

Note that since Hf](t) |2 and ||(§](t))*1|]2 are bounded from above by constants w.p. at least
1 — e C(PHoeT) e have

[(SO)12P 5 | (SO)2A80" |5 < [((A)5)T A0 |2+ 602 S | AA)T — AA) o6 + 50",

I(ED) 2P (BO) 250, < 1805,

(B)*+
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~C'(p+logT)  Therefore w.p. at least 1 — e*C’(erlogT)

w.p. at least 1 — e
146% — 8O |ly < I A(A) T~ A(A) o)+ 60" o+ [[(A)T SO L) (A) VOB

Let us handle the last term. Denote R = arg min reorxr |A — AR||2. Therefore

()T EUZU ATYSOB),

< I(A)TEOA) (A - AR) VOB o + |(A)TEOA) AR TV FO(BO)],
< ||A - AR||2||V O (BY%)lo + | (AR) TV 1O (807

§Hj(j — || \/p—HogT \/r—i-?l%ogT’

w.p. at least 1 — =" ("+1o8T)  Hence, w.p. at least 1 — e~ ¢ (rtlogT)

A0 — B> < [AA) T A ¢+ 605 4 /T EL
S (E e [Dre Do s s l8le 2o
80" o+ /78T
"
S [ (L i L
+ 118912 + W

.

Therefore, (22) holds. Now let us use (21) and (22) to complete the proof of the theorem.
(i) For t € S with n® < ¢4/ IHI%T with a small ¢ > 0: we must have

= logT
(1) (g 400 _ g+, < \/ﬂ < 1
IVF2(B)lz + A6 = B[l S RSN

hence by Lemma 38.(i), Bl = AO and ||B —BO* |y <n® w.p. at least 1 — e~ (rtlog ),
Note that we used (22) to obtaln the bound HEH%) — BW*ly < ™, w.p. at least 1 —
e~ C'(rtlogT)  We can use it because n(t) < c’\/piﬂng implies that 7mint%5 <@ VFIDE]2 <

'/ %, hence the condition of (22) applies and (22) holds. Next, let us explain why (22)
implies the bound in our theorem.
Note that

16©7 ]2 < I(A)- AW 90"y < AV (AD)T — A(A) T]l2¢") < h¢,

78



LEARNING FROM SIMILAR LINEAR REPRESENTATIONS

1 . 1 Tmax (DY)

—_|ID%]l2 < —=||D%||p - h, 23
\/T” SH2 = \/TH SHF \/;O—min(Dg) ( )

where DY = (A)1 B} and | Dg|lr < hy/>cs 160*)3 < hy/>c5(¢M)2. Regarding the
last inequality (23), there is an alternative way to bound the LHS:

1 1 -
—||D%||s < —=|| D%y < Ch.

Therefore,

i * =1 UmaX(D*) }
D3l < Ch- | 7B A

Combing all these facts, we obtain the high-probability bound % B+ <C?) \% 1> \/g +

VL + O {>B> V| + 4 maies ¢ V7 or 15— 5O

omin((A7) T BY)
(ii) For any t € S, by Lemma 38, maxyes |81 — BO*||y < C% + maxyeg |89 — B0,

w.p. at least 1 — e~ C®H1o8T) where B(t) € arg mingcpy @ (B). Since v < /p + log T, this

implies that
(1)« p+logT
max |84 — B1"||y <y /5=,
tes n

w.p. at least 1 — ¢~ (ptlogT),
Combining (i) and (ii), we get the desired bound:

R (t) log T Umax((zL)TB*)
0[S0 (8 ) [ T o | 8,
1570 ”“{c T O @y Y
LI m}A p+logT
(¢ tes n

for all t € S, w.p. at least 1 — ¢~ ¢ (rtlogT),
When the tasks in S¢ are generated by the linear model, we can get

" p+logT
max |3 — 81|y < LV —
tese n

—C'(p+logT)

w.p. at least 1 — e , similar to the argument in the proof of Theorem 2.

D.9 Proof of Theorem 8

First, when tasks in S¢ come from linear models, the term y/p/n in the lower bound of

maxcr || B — B1*||; is the standard result in linear regression. The other part \/log T/n
can be shown using the same arguments as in Tian et al. (2022) and Duan and Wang (2023).
See the proof of Theorem 4.3 in Duan and Wang (2023) and the proof of Theorem 2 in Tian
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et al. (2022). We omit the proof of lower bound for max;¢z) 180 — B1*||y when tasks in

S¢ come from linear models, and only show the lower bound of maxcg |81 — B!)*||s when
tasks in S¢ can be arbitrarily distributed.
Throughout this subsection, we assume the following generative model for tasks in S:

yle ~ Pyzpg = N(wTﬁ, 1), x~ Py,
where Py, is sub-Gaussian with 3 = E(xz ). Suppose there exist constants ¢, C' such that
0 < ¢ < Anin(E) < Apax(XE) < C < 00. Then any joint distribution P of (x,y) can be

written as Py, = ]P’y|x;,3 -Pg.
Recall the parameter space for the coefficient vectors {,B(t)}tes as

B(S,h) :{{ﬁ(t) hes : B = ADOD for all t € S, {AD},cg € OP*7 |01 || < ¢

1) A®) < 1/2 > (t)]2
_min mes [A0(AO)T — A& > < hoo, (IS Bs) > f,/‘s,;ue 13

where ¢ can be any fixed positive constants such that Z(S, h) # 0.
Given S C [T, define

A(S,h) = {{A Yes COP* ;. min max |[|[AD(AD)T — AA||; < h},
Acopxr tes

e(s) = {{O(t)}tGSCRT 16V ]2 < ¢, |S|ZB“ (07 7|Z||9(t I3 I }

tesS tesS
S Z (t))2

tesS

The proof proceeds as follows. We will first show

A ®) (®)
inf  sup sup U 18 — BgO*|, > [C_, [Py <€ V. 1) \/?—i- ¢®Op
(B, SCS (80} eseB(Sh) Cs Cs n

tesS
Qse
¢® er] \/5 1
TR VYA Y 24
(s Vn 10 24
inf  sup sup P(max”ﬁ By > 10gT> > 1i0 (25)
(B, SCS (8O} esez(Tl0) \ €7 "

Sc

Then we will discuss how to get the final lower bound by the same arguments.
Part 1: First, let us prove (24) first.
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[er VE LL L/ﬂ ¢ o (O e
° Ifh> o+ v then ¢(® C ”T_‘_C[T]\/»_'_q ~ for all

o If \/% < (¢t)p) A \/% for some ty € [T]: then we take S = [T] and prove the
lower bound

inf sup (HEW By 2 () A \/E ) > L ()
BV, (B9 iry€B(T]1) 10

WLOG, assume ¢ty = 1. For all t € [T’ ] fix A(t) = an arbitrary A € OP*" and

fix {00}, st (|00l < (0. Let 6 = L¢W1,. Set § = L [( \f)/\h].
Consider a §/2-packing of the ball Bg(O RP, || l|2) (denoted as M). By Example
5.8 in Wainwright (2019), M| > 5P. Consider
o ¢ - ¢
A=A+ — ul], A=A+— ul
+ NG ul, + Jr ul,

where u # u € M and ¢ is a small constant, then

- 1 /
[(A—~A)V |2 = ~¢Wl|(w— @)1 1o = [|lu — ] € [;cma, 2c’<<1>6] (27)

I(A - A8 = [[(A— A)ey l> = j;d”nu s < } 0

where () = e;,. Hence Z={BcR?: 3= A0 A:E—i—%-ul;«r,ué/W}
is a ¢/§/2-packing in RP with || = |M| > 5. On the other hand, for any
A € RP*" with 1 4+2¢§ > 01(A) > 09(A) > -+ > 0,.(A) > 1—2¢5 > 0 and
|A—Aly < §, consider its SVD where A = QAV where Q € OP*"and V € O™,
Denote R = AV. Then 0 < 1 —2¢/6 < opin(R) < omax(R) < 1+ 26 < oo,
and A0 = QROW = QOW. Note that Q € OP*" and V) = RO with
18] < [ RI[6D]> < C[1 +2¢). And [QQ" — A(A)'|l2 < |(QR)QR)' —
A(A)Tl2+Q(I,~RRT)QT[|l2 < 4| A~ All>+4| I, — R[> < 46+8¢/§ <120 < h.
Therefore,

inf sup (uéw —BWl2 > (¢Ph) A \/5)
B (381}, seB(T],h) "

> inf sup (Hﬁ( 9(1)||2 (C(l h) A \/;>
5(1) 0<c<0’max(A)<0'max(A)< "

leM2<c’
= (),
where all A(") = an arbitrary A € OP*", and {8}, C {e;}/_, are fixed.

For any B = A0 and ,5 = A0 € % with A #+ AV, by Lemma 24 and equation
(27),

Hen ml)en (1)®n
e (HP| A0 P 'Pylx;Amw Py

T
(tH)yen (t)®n (H)en (Hen
H P waen Tz Py\.»c;ﬁew e )
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— KL (P(1)®n 'chl)@n P

(D®n (D&n
yla; AG() P )

yle; A0 T

S nll(A- AW
< n(¢W)?e

< clog | 4.
Then by Fano’s lemma (Lemma 23), (x) > 1 — lg(g);gljﬁl —c>1/10.

o If \/T > (COh) A [ for all ¢ € [T]: then we take S = [T] and prove the lower
bound

s p(JE -z D)2 )
{BMYE, {B®} e €8((T),0) 10

where ty € argminp ¢®. WLOG, assume ty = 1. Fix all A® = some
A € OP*7. Fixing © = {6"}], such that & ST, 00(00)T = ¢I, (Hence for
any 8 with |0, < C < ¢, we must have %Zthl 0 (O - °I.). We
want to show

_inf sup P <Hfj\( — AW ||y > c\[> > i
1BOYLL o |2<C 10

Denote § = /L. Consider a cd-packing of Bs(0,R", || - [|2) (denoted as .77). By
Example 5.8 in Wainwright (2019), we know that log |9] 2 r. Note that this also
defines a cd- packmg of the space of BW as A4 = {,3 6 R : g1 = A0, 0c T},
because for any 81 £ 0() € .7 we have |A(0D) — W)y = |01 — D) ||y > ¢6.

Denote the distribution of {ygt) ™, given {a:l(t i, and {B® }t 1 a8 P( |) ) and
the distribution of {wgt) n o, as YOS For any BV £ ()

KL (P(1)®n plhen

P ) S allg® - GO

yla; B0 yla; ABD
< né?
<r
< clog ||,
where c¢ is a small constant. Finally, applying Fano’s Lemma (Lemma 23), we
have
~ log 2 1
_inf sup P (Hﬁ(l) - A9(1)||2 > 05) >1- 8 _ . > —.
{(BOM, 00 o< log || 10
A Jeo 1 T C‘” [pr C(” LW
o If h < o\ T + T \/; : then ¢(Wh < o+ C[T] C = for all
t e [T].
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¢(to) (to)
\/> Z - \/E CC[;) \E} for ty € arg mmte[T} C(t): then we take
and 1t suffices to prove the lower bound

s P(JE -z ) 2
{BWIYE, {B®} e €8((T1,0) 10

This has already been proved in the previous analysis.
o Tf \/T < C”,/;;;, C“)\f C” < for all ¢ € [T);

* If \/T > /85 +el=: then we take S = [T] and it suffices to prove

Tn
inf sup (HB to) 22 77 7") =T
{:@(t)}t 1{@(t)}te[T]€=5([T] ) C " 10
with to € argminp ¢ ()| which is automatically true because () /¢ < 1
and (28).

*If\/%< %%—eﬁ:

> If /b7 > eﬁ: then we take S = [T] and prove

N () r 1
inf sup ( U {HB“)—ﬂ(”*Hz > pT> > oo
{BOY {BD} e (r €2 ((T1,0) te[T] SGRAL
Note that it suffices to prove
. pr 1
Alnf sup H,@(t |2 2 > > —,
(BOYEL 8O Y reym eA((T1,0) ( tez[i:“] nt) 10

because if 2 telT] I8¢ — B+ 13 = L=, then there must exist ¢ € [T]

such that ||,§(t) - ﬁ(t)*H% 2 (%)2%

Now let us prove it. Consider an A € OP*" such that the packing
number M (Bs(A, OP*" dists), distg, ad) > (CT\/F)T(Z’_T) in Lemma 22

with § = TIT] Be. Let M = {A]}lj/:g' be the maximum packing of

Bs(A, OP*" dists) corresponding to the packing number M (Bs(A, OoPxT, distz),
distp, cy/rd) with a very small constant ¢ > 0. This leads to a c’C[T]é—
packing .Z = {{BW}L, : B = A;R;0¥) R; = argmingcorxr | A —
AR, for all t € [T] and the same j € [|[M]]} of the space Z([T],0)
w.r.t. distance \/% D telT] 18 — B(t)H%. To verify this, notice that

for any ji # jo € [M]], B = A; R;, 00, 3O = A;,R;,01), with
R; = argmingcprxr |A— A R|2, Rj, = argmingcprxr |A— Aj,R|2,
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by Wedin’s sin ©-Theorem and Assumption 2,

T
1 ~ 1 c
ZO18Y = B3 = 211450, — 4,017 = Tl A, Af - AR AL >

where ¢ is a small constant, ©;, = {lea(t)}tem, and ©;, = {RjQH(t)}te[T].

On the other hand, notice that for any j € [|M]], BY = A;R;0 with
R; = argmingcprxr ||[A — AjR||2, by Lemma 20, for all ¢ € [T], we have
18" — A6 |5 < ||A;R; — Al|2]6"]

= ¢ min AR~ A

< V2| A;A] — AA) T,
< V2¢Wsg,

which by triangle inequality leads to

1 ~ 1 ~
72 18V = BUIE <40 2 B ()P0 < a0t (29)
te[T] te(T]

for any {B®}L, and {BW}1, € 4.
By Lemma 21, |.#| = |[M| > CT®=7) > C"/2, Denote the distribution
of {yi(t)} given {w( )}" | as P(ﬁ)(@g and the distribution of {a:l(-t)}?:l
as PY®". Then for any {8V % VI | € 4, by Lemma 24 and
equation (29),

KL (H]P’ o "

T T
P o -Péf)@”) S0 o180 - B
=1 t=1
< 0T 0°
< clog |.#|,

where ¢ is a small constant. Finally, applying Fano’s Lemma (Lemma
23), we have

log 2

inf sup Z 18Y — W2 > 262 | >1—

{BMOYL, {B“)}tT:le%([T],O) te 7] log [ 4|

1
> —.
— 10

> If \/Br < eﬁ: then we consider ¢y € argmin 7y ¢®, S35 t, and prove

to) (t0) C(to) r
inf sup sup P B = BYlg 2 =—e—=
{5“)}? 15C8 {B(t)}te 1€%(S,0) Cs \/ﬁ

Qsc

Y

1
10°
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Note that % <1 for any S C [T]. Therefore it suffices to prove

~ 1
inf  sup sup P( |80 — gty > e | > —.
{ﬁ(t)}tT:1 SCS {5(t)}te[T]€=%(S,0) \/ﬁ 10

Qse

WLOG, assume to = 1. Fix all A®) = some A € OP*" and {8},
min, ez C(t)-{ej};"-zl CR"s.t. o (T7V2{0D} ) > # with #{t : 6*)
e1} = |T/r]. Without loss Bf generality, suppose () = mine 7 ¢ ® . e
when t € [|T/r]]. Denote 8 = minyer (V) - Aey, and B = A0 for
t > |T/r] + 1. Consider two data generating mechanisms in Lemma 26:
0 (@, ey ~ (1 - ¢)(BE - BE") + €¢Q independently for t €
€ n T n
[[T/r]], where ¢’ = SOLTW7 and {{wg : i:l}?:\_T/rJ_H ~D= Ht:LT/TJ—i-l(Pfim;ﬁ(t)'
PE™);
(I) With a preserved set S¢ C [|T/r]], generate {x®};esc ~ Qge and

{(azgt),ygt)) no Pizﬁ -P%" independently for t € SN [|T/r]], and

yn n n
{{! )}izl}?:LT/rj+1 ~D= HtT:LT/rJH(Pﬁm;g(t) -Pg").
Denote the joint distributions of {acgt)}te[LT/T“ in (I) and (II) as P g,g)

and P(g,04c), respectively.
Note that by Lemma 24,

1N

o(¢,0) = sup{|B — Balla : TV(BEL 5 - BE" B2 L - BE") < /(1))

> sup{[|81 — Ball2 : KL(PER 5 - PE" PO . PE™) < 2[/(1 — €))%}

> sup{[|B1 — Ball2 : nl|Br — Ball3 < c[¢'/(1 - )]}

=C

Then by Lemma 25,

it sup(P(00) D) (I8 - B 2 w(4,0)) 2
,3(1) 57@

(NN

Therefore, by Lemma 26, it follows that

_inf  sup sup P(HE(I) - ,3(1)*|’2 > = )
{BMWIL, SCS (81, 5€8(S,0) Vin
Qse
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>inf  sup 0 (Bsngw D)IB - B0 > w(e/50.6) )
B 5:1S12T(1-¢) {81}, 5€4(5.0)
Qse
1
> —.
— 10
Part 2: Next, we want to show (25). Consider the case that S = [T] and h = 0. Fix all

A® = some A € OP*". Fix {9}, C {Veejti—y satisfying ST 00O0)T = eI.. We

want to show

inf sup P maXH,B(t AOD||5 > C\/m > i,
{,B(t)}T {6 co(T)) te(T) n 10

where
d c
o([T)) = < {6 CR": oW 0D O = 1, %,
(1) = {0 S g0 < €. 320000 = ¢
Denote § = /'L, Then 7 = {6V Tt s.t. glio) = 0(“’)(1 +6/4/c),0) =
0 for t # to} is a v/20-packing of ©(S) w.r.t. distance max;e[r] 16 — 6|5 with {é(t }t 1

and {00V € 7. Hence # = {{A0DI | : Tty s.t. o) = eto>( + 6/4/c),0

(0 for ¢ # to} is a v/20-packing in RP w.r.t. distance maxe(r | 3% — B9, with {,B(t }t:

and {8W}_, € 7. Apparently |7| = |%| = T. And for any {8®}L_, and {3}, ¢ T
they only differ by two components. WLOG, suppose the indices of different components
are t; and to. Then we have

T
t)®n (t RN
KL (HP |a;3(1) Pa H y|;1‘; g(t) 5'3 >

=1
_ (t1)®n _pl)en pt2)en pt)®n
- (Pylw;AG(tl)(Hé/\/E) Fa IEDwa;A@(t?) Pz P

(t)en  plt)en pta)en (t2)@n
ylzi A0t T ylw: 4002 (146/\/0)

S nllA0U (1 +5/v/e) — AQU|3 + n| A0 — A0 (1 +5//0)|3
< no?
< dlog| 7,

where c is a small constant. By Fano’s Lemma (Lemma 23), we have

log T log 2 1
_inf sup P | max H,B( ) — A0 H2 > C\/? >1- 8c _ ¢ > —.
{BOYL, (o) T_ co(r)) \!€T] n log | 7| 10

Part 3: Finally, let us discuss how to obtain the final desired lower bound by similar
arguments to prove (24) and (25). Denote S’ as the index set of ¢ € [T] where ¢(*) is among
the largest T'(1 — %/) ones of {¢W}T .
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o 16 /25T < minyeg { | S5 /20 4 (S5 V1) T+ COh+ e ] A (/2] then by the
(2

same arguments we used to prove (24), we can get a lower bound similar to (24) by

replacing [T] and (7} = |/ 7 >tepr(€¥)? with S’ and (s = \/lS’ > teg ()2, Then

notice that by definition of ', (s > Q (7], hence we can get the bound

) _ 3(0) ¢ ¢ T
inf sup sup P (JUBY =BV 2 |2y [+ (v -+ ¢On
{BWYL, SCS (B0 },c5€B(Sh)  \teg Csr Csr n

sc

((t) er P 1

> IAdEYN ) > =
* CS/ \/ﬁ n - 10’
which implies the desired lower bound because 4/ l"%T < mingegr { [Q L4 (— V

DVE+COht Le] a2l

105 > minges {[ S5/ + (S0 V) F (O Sez] B by defntion
. c® (t)
=L > mineqrs { | S8+ (5 VD)V R+

CC( ) \}] A \/%} Then by the same argument we used to prove (25), we can get the
Sl

following bound by replacing [T in (25) with [T]\S":

of §’, automatically we have

_|ar
inf sup P{ max [|B® — 80|, > log(T" — |57]) > 1
{ﬂ(t)}T 1 {B(t)}tE[T]GLE([T} ) te T]\S’ n 0

This implies the desired lower bound, because when T > 719! we have log(T — |S'|) 2
log(T'/r) 2 log TTo = logT.
A comment: In Part 1, when we derive the term %e 7n in the lower bound, if er > 1, the
lower bound can be strengthened to 4/£. This follows by contaminating all but one of the

|T'/r| tasks such that 8(*) = mine7) ¢ (). e;. We can then apply the same reasoning used in
Part 1 to derive (26), which leads to the lower bound \/g . This result is quite intuitive: the

problem effectively reduces to estimating a p-dimensional parameter using only n samples,
since the coefficients of the other tasks are orthogonal to the current task. This phenomenon
justifies the condition er < 1 for the lower and upper bounds of both proposed methods.

D.10 Proof of Theorem 14

If Algorithm 4 is coupled with Algorithm 1, the proof idea is very similar to the proof of
Theorem 2. When the representation learning helps, an argument based on Lemma 39,
Proposition 42, and Lemma 41.(i) lead to the corresponding term. In the other case, Lemma
41.(ii) guarantees that the single-task rate holds all the time. A combination of these two
situations entails the final TL upper bound. The details are as follows.
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Denote 1 = 7/ + \/rh + /1 %4—@4’-%.
(i) When n < C/:E: note that A is independent of {xz ,yl(o)}Z 1, which is the key for
part (i) to be correct by only requiring n > Cr (see Remark 13). Hence by Lemma 39 and

an argument by first conditioning on A then taking the expectation,

|46%) — A©*60" |, < A(A)T - AV(AO) g+ |-
no
(A Al A Al A * * r
< AT~ @) o + |A@)T - AV(A0) |+ [
S+
no
C(r+logT)

w.p. at least 1 — , where we used Proposmon 42 in the last step. Then by Lemma

41.(1), &= 2 7702 |V ¢ (A<0>*9 )||2+C’||A0(0 A9, which implies that

1B~ 5"l = 405 — A0 <,

w.p. at least 1 — ¢~ C(rtlogT),
(ii) By Lemma 41.( i), we always have [|3(°) — 30*||y < \/p/ng w.p. at least 1 — e~ CPHloaT),
If Algorithm 4 is coupled with Algorithm 2, we can follow the discussions above and the

proof of Theorem 7 to get the desired result.

D.11 Proof of Theorem 15

Similar to the proof of Theorem 8, we prove the following parts one by one. Combining
them together entails the lower bound. Throughout this subsection, we assume the following
generative model for tasks in {0} U S:

y|m NPy\m,ﬁ :N($TIB, 1)5 T N]P)ah

where P,, is sub-Gaussian with ¥ = E(zx ). Suppose there exist constants ¢, C' such that
0 < ¢ < Anin(E) € Anax(E) < C < 00. Then any joint distribution P of (x,y) can be
written as Py, = Pylw;ﬁ -Pg.

Denote

Ao(8,1) = {{AD e oys € 077 s max | AD(AO)T — AC(AO) T, < h},

C
@o<s>—{{e<t>}te{0}usgﬂv max 1001 < €. Y00 }

te{0}usS teS

\3

(i) Consider the case S = [T] and h = 0. For any A € RP*" with C > 01(A) > 02(A) >

- > 0,(A) > ¢ > 0, consider its SVD where A = QAV where Q € OP*" and V €
O™, Denote R = AV. Then 0 < ¢ < opin(R) < omax(R) < C < oo, and AW =
QRO = QAWM. Note that Q € OP*" and 1) = RO with |0V |y < || R|2]|0D |2 < C’
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and 30 09@O0)T = Rl X 00O TRT £ 5L if §355,0001)7 = .
Therefore, fixing 8®) ¢ {e;}i_ and 60 = \1[1 s.t. {8V € ©y([T]), we know that

inf sup <HB\(0) —A©gO) |, > [P \/?)

BO (BN €0 (1T).0) nT YV no

> inf sup P(189 - 4001z /22 0 [2)
B 0<c<omax(A)<omax(A)<C nT no

6@ <"
= (*)7

where A = A for all t € {0} U[T]. Let § = /2% A\ /:£. Consider a §/2-packing of the

ball Bs(0,R?,|| - ||2) (denoted as M). By Example 5.8 in Wainwright (2019), |M| > 5P.

Consider ) /

_ ¢ ~ ¢
A=A+ — . ul], A=A+ — a1
+ NG ul], + NG a1,
where u # u € M, ¢ >0 is a small constant such that o, (A), amin(g) >1—¢ >cand
Omax(A), omax(A) <1+ < C. Then

~ 1 _ _ 1
MA—AW@M:rWu—whﬁwrﬂm—uhe[524’ (30)
. - 1
A—A)Y |y = ||(A— Aej, |2 = —|u—1al < 31
If )0 [l2 = [I( )ej | \fll | \f (31)
where ) = e;, with j, € [r]. Therefore Z={BcRP:3=A400 A=A+ L w1l uc

7
M} becomes a §/2-packing in R? with |#| = | M| > 5P. Furthermore, for any 8 = A0

and 3 = A0 € Z with A # A, by Lemma 24 and equations (30) and (31),

T
KL (H P(t)@n IP)(t)®n ) IP,(0)®no P(0)®n0 H ]P) o Aem P{(j)@n . P;Ti@;;((}) . P&O)@no)

ylx; A9 yla; A9
t=1

T
SnYy (A= A0 )3 +noll(A - )03
t=1

<SnT - — +ngd
T

< clog|4#|.

Then by Fano’s lemma (Lemma 23), (x) > 1 — 1;(;%,3,9\ —c>1/10.

(ii) Consider the case S = [T]. For all t € [T], fix A®) = an arbitrary A € OP*". Fix
{6y C {e;j}j—; and 60 = #lr s.t. {0 € ©9([T]). Set 6 = L A, /. Consider
a 0/2-packing of the ball Bs(0,RP, || -||2) (denoted as M). By Example 5.8 in Wainwright
(2019), |IM| > 5P. Consider

/ /
% . € T Oy TR
A:A—i—ﬁulr, A:A—i—ﬁulr,
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where u # u € M and ¢ is a small constant, then
~ 1 _ _ d
14~ )6l = T~ @171l =~ @l € | 50.2¢5). (32)

hence Z={BecRP:3=A400 A=A+ CTIT ~ul),u € M} is a /6 /2-packing in RP with
L%’| = |M| > 5P. On the other hand, for any A € RP*" with 1+ 2¢'§ > 01(A) > 02(A) >

> 0.(A)>1-2¢6 >0 and ||A— Alz < J, consider its SVD where A = QAV where
Q € OP*" and V € (’)’”X’" Denote R AV Then 0 < 1 —2¢6 < Omin(R) < omax(R) <
1+ 2c’5 < o0, and A0 = QRO = Q0. Note that Q € OP*" and 0 = ROO with
10|, < ||RH 162 < C[1+2¢]. And HQQT AA) T2 < [(QR)(QR)T — A(A)T |2 +
IQ(I, — RRT)QT|]2 < 4||A — Al + 4||I, — R||2 < 46 + 8§ < 126 < h. Therefore,

int sup pQﬁ@_umembzhA,/p>
BO{A®} e royus €A ((T],h) "o

{e(t)}te{o}useeo([T])

> inf sup (Hﬁ@) — A0y > h A, /p>
B 0<c<omax(A)<omax(A)<C 1o
16| ,<C”
= (*)7

where all A") = an arbitrary A € OP*", and {8} C {e;}/_, are fixed.
For any 8 = A0 and B8 = A0 € % with A # A, by Lemma 24 and equation (32),

yle; A0 T F

T
R e A (hon  pO)Ens  pO)en
= (H g ylz; A0 e Py, g0 P HP yla; Ae<t> RE R T O)

_ (0)®no (0)®no
=KL (Py\m;Amm ‘Pe

0)®ny  m(0)®no
Pylm;ﬁf)(o) Pa )

S noll(A - A)o 3

< nod”?

< clog | A|.
Then by Fano’s lemma (Lemma 23), (x) > 1 — 12‘;%;‘ —c¢>1/10.
(iii) Consider the case that S = [T] and h = 0. Fix all A® = some A € OP*". Fixing
{0M}T | such that ~ 37, 0D (@W)T = €I, We want to show

1
inf sup P (\B(O) A0y > ¢, | ) > —
B 0O |2<C 10°

Denote § =, /. Consider a cd-packing of Bs(0,R", || [|2) (denoted as .7°). By Example 5.8

in Wainwright (2019), we know that log |.7| 2 r. Denote the distribution of {y (0)370 0, given
{wgo)}?ﬁl as IP’;?;@;O and the distribution of {acl(-o)}?o as PO For any 0 ) 0(0) €7

t)®n t)@n (0)®ngo (0)®ngo
KL (HP ;A0 a: Py\m A6 Pa

H@n  m(0)@no (0)®no
HPy|mA0(t) Pz 'Pylm;Aé(())'Pfc >
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(0)®@n (0)®@n
KL <Py|:c;A3<o> L

0)®ne  p(0)®no
Py\m;Ag(O) Pz )

S moll40© — 460 |3
<r
< clog| 7|,

where c is a small constant. Finally, applying Fano’s Lemma (Lemma 23), we have

log 2 1
inf sup P <||ﬁ A0 ||, > 65) >1- —c>—.
B 1000 ||2<5 log |f| 10

(iv) We follow a similar analysis in part (v) of the proof of Theorem 8. Consider the case h = 0.

Fix all A® = some A € OP*" and {1} | C {ej}j—1 CR" st o (T7V2{0MW}] ) > %
with #{t : 8®) = e;} = |T/r]. Without loss of generality, suppose 8®) = e; when

t € {0} U[|T/r]]. Denote B = Aey, and B8) = AOW® for t > |T/r| + 1. Consider two data
generating mechanisms in Lemma 26:

(M) {(= Et), yz@) no~(l—e )(Pizla-ﬂb@") + €'Q independently for ¢t € [|T/r]], where €’ =
0 n, 7 t) n n
50] T/TJ {( i )ayl )}i2y, and {{ccg 1}t |T/r|+1 ~D= H?:LT/T’J+1(P§$;'@(1S) -PE");

(II) With a preserved set S¢ C [|T/r]], generate {x(")};cgc ~ Qge and {( ; ,y2 )) o

ijﬁ PE" independently for ¢t € {0} U (SN [|T/r]]), and {{:cl

n _ 117 n n
D g1 ~ D =TT e (P o - PE™).

i=1}t:LT/rJ+1 ~

Denote the joint distributions of {ml('t)}te{o}u[LT/rJ] in (I) and (II) as P g¢) and P50,
respectively.
Note that by Lemma 24,
w(e, 0)
= sup{[|B1 — Ball2 : TV(]P’S)lZ;ﬁ P;%",IP% g, o) <€/(1—¢),
TV(PSo, - PE™ PEM0 - PE™) < 1/20}

yle;81 ylx; B2
> sup{||B1 — B2|2 : KL(IP’;?'Z 8 PO }P’fﬁ;’; 8 IP’%") <2[¢/(1 - e’)]Q,

& & & &
KLy, - B3 P, - 25™) < 1/200)

> sup{||B1 — Ball2 : nllBr — Bal3 < c[¢ /(1 — €)]*, nol|B1 — B3 < ¢}
, € 1

:C\/ﬁ/\\/%

= Te AL
a \/ﬁ A/ 1o ’
Then by Lemma 27,

inf Sup(P.5)- >Qm mWMzww@Qz
BO 50

N |
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Therefore, by Lemma 28, it follows that

5 1
inf sup sup <H:@( —BO* ||y > c— )
B0 SC5 (50}, gone#(50 f Vo

Qse

>inf  sup sup (Pisp0se) ( — O > w(e/50,9>>
BO) S1SI2T(1-€) {81 }ye f0},5E#(S,0)
Qse
1
> —.
— 10
D.12 Proofs of Lemmas and Propositions

Denote () = S 1,0 (w(t))T_

=1 n1 %

D.12.1 PrOOF OF LEMMA 29

By optimality of 054) and 954)(t

ATVO(A68Y) = (AD) TV A®76, ) = 0, (33)
which entails
AT [Vf (A(t*g(t)*)+2(t)(Ag() AD*g*)| = g,
0l = (ATSWA)TATSO AO=90* _ (ATSH A)~1 ATy fO(AD*g(0)*)
Therefore,
HAOX) _ A(t)*g(t)*Hz < |- A<AT§(t)A)—lATi(t)]A(t)*g(t)*H2
(1]
+ ||A(AT§(t)A)_1ATVf(t)(A(t)*a(t)*)HQ )
2]

Note that
1] ST — AGATED A) L ATEOLAO o0,
< [(EO)12), . (SO 405 _ (S50)1/24(ATEO 4)~1 AT (SO)/2(SO)U2 4O, 9O, K

S - B(BTB)_IBT]B(t)*||2He(t)*||2

< |1Pee B 2|02, (34)
Wp at least 1 — e~?, where B = (g(t))l/QA, B+ = (BM)1/240+ AL ¢ {A €
(’)PX p—r } AAT + AAT = p} Bl = (E(t))—l/QAJ_7 PBL — BJ_((BJ_)TBJ_) (BJ_)T —

I — Pg. Further, notice that
P BO* o = [(S0) 2445 (£0) 144 (44T A0,

k. This step holds because of Lemma 18, which shows that Amin(E®)) > 0 (so that £ is invertible) w.p.
at least 1 — e~ C(pHlosT)
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< (D)2 - A, (AHT(BD) AN - |[(AH) TAG |,
S (ah)TA®x,
SIAAT — AL A Ty, (35)

w.p. at least 1 — e~ C(PHogT)  Apd

2] < |[A(ATS® A) ATV O (Al *eA(t)»nz
+HA<ATA<>A> LATV O (A0+M*) — w0 (AD*9") ]|,

A()*
SATAO) |, VDA ”*ef;’(m)ﬁuo ef;z)* (36)
< IAAT — A (AOY)T |, (|V FOAD 00|y + C|100* — '), [12) + 6D — 8%, . |12
< HAAT _ A(t)*(A(t)*)THQ\/p"HOgT + \/r—i—logT’ (37)
n n

w.p. at least 1 — e~C(+198T) \where we used the fact that |@®* — @)

r+log T
Ao 2 S/ for

allt € S w.p. at least 1 — e~C¢("+1°8T) (which is the standard rate of r-dimensional linear
regression). Inequality (36) holds because there exists @ € R” such that V) (A®*g1*) =

(AD")1a (due to (33)) and [lallz = [VFO(ADOO); < \/EEET wop. at least 1 -

eCleHoeT)  pytting (34), (35), and (37) together, we complete the proof.

D.12.2 Proor orF LEMMA 30

By Lemma 29, w.p. at least 1 — e~ C(rtlogT)

146D ||, — | AD*0D*||; < | A0Y) — AV, . ¢V

[T +logT
<[[AAT — ADH(ABH T, @ 4 r+logl
n

<.
Note that || A0%||> = [0%[|> and | AO*6©)*, = [60*||y < ¢,

D.12.3 PrROOF OF LEMMA 31

The proof is almost the same as the proof of Lemma 29, thus omitted.

D.12.4 PROOF OF LEMMA 32

Denote G = {Vf(H)(A® O(t)*)}tes and A(®) = 7&0%) — AW*9* By Lemma 29, w.p. at
least 1 — e~ CUHogT) for all t € S,

IAD |, < he® 4 /r—l—liogT’
n
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leading to

HADY eslz = sup | w(A
lullz=lvll2=1|}cs
< sup llu|l2 - Z
l[wlla= ||v||2 1 tes

< vﬁ“<h§—+\/r_%2¥yr>.

(38)

By Lemma D.3 in Duan and Wang (2023) or Theorem 5.39 in Vershynin (2010), w.p. at

least 1 — e~ C(ptlogT)

T
1G] < /25
n

(39)

Combining (38), (39), and the fact that |G|z < ||G]|2 + [[{A®}es]|2 implies the desired

result.

D.12.5 PrROOF OF LEMMA 33
Note that

IG—-Gl2=  sup

l[wll2=[lv[l2=1

d
<  sup |lulz- JZ

llull2= Hsz 1 j=1

< VA,

Zﬂ]

which completes the proof.

D.12.6 Proor orF LEMMA 34

By convexity of f()

FO(AD0Y,) — 1O(A0Y) + S| AV (AD)T ~ A,

> THA(”( AT~ AA)T |+ VrO(A6D)T (40, — A0l

> THA“)( )T~ AR - V7O (A8L)T AV, |1

> 2L AD(AO)T — AA) |~ V7O A0 [ (A) )T A -0,
> (jﬁ = |V rO(A8Y)2 - ¢ ) [ AOAD)T — AA)T |,
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> 0,

when A (AO)T £ A( )T, where (40) and (41) are due to the definition of 0%) (which

leads to v f(* (A@%))TA — 0 and Vf<t>(29%>) — (A) u with [uls = Hf(t)(jO%))Hg), and
(42) is due to Lemma 20. Note that the above strict inequality leads to a contradlctlon with

the fact that (A®),0®)) is a minimizer, therefore we must have A®(A®)T £ A( )T for
allt e S.

D.12.7 PrROOF OF LEMMA 35

It is straightforward to see that

|s'rZ 0" =15 (sz 0" |S| 2 o )

tes’ tesS teS\S’
S| (= ()2
=157 (¢ o)
)
-
- 27“< ’

because |S|/|S| > 1 and a < ¢/r - (2/[2max;es(¢)?] with a very small ¢/ > 0.
D.12.8 PROOF OF LEMMA 36

By definition, we have

0< fOAN*gM*)— f(t)( ))+

NZD

which implies

A * * n n 1 (1) Al * *
= AD (AT — ADAD) T > fO(ADGY) — fB(ADg)x)

N
> LA0gn _ 40590 TS A0 _ gWxgt)x)
-2
”Vf t)( *g(t )H2 ”A é\ A(t)*e H2
> cHA _A® *Q(t H2 MHA t)g A(t)*g(t)

(43)

w.p. at least 1 — e~C'(p+logT),

Next, we will argue how to upper bound [|A®*(AM"T — AO(AD)T |1, by ||ADHD)
A(t)*H(t)*HQ so that solving the inequality can lead to the desired conclusion. Note that
upper bounding ||A®*(ABO*T — X(ﬂ(ﬁ@))ﬂh by Hﬁ(t)é\(t) — AD*9W* ||y is not always
applicable. Fortunately, for the analysis purpose, we can pick any A®* whose column
space is the same and the corresponding 8* without changing their product 8*. The
same argument holds for A® and ® as well. So WLOG, we denote AW = (al,ﬁ_l),

95

= o A~ ~ oo
AD*(AONT _A(A)T||,— = AD AT -A(A)T
AT (ATT) (A) " [|2 \/ﬁH (A™) (A) " [l2,
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AD* = (g%, A* ), and consider § = (91,0;r_1)T, 0 = (3,01 )T, where 61a, = BM and
fra’ = BM* no matter which A_; and A* ; we pick to encode Col(A®) and Col(A®*),
Consider A* | = (I — Py )fi 1R, where R = (A\T (I — Py )A\ 1)~1/2 serving as a
normalization matrlx which makes (A*)TA* | = I,.. Here P,; = aj(aj) T/llax)|3 is the
projection matrix corresponding to aj.
Putting everything together, note that

IAD(AD)T — AD*(AD) Ty < ||af(af)T - @1(@1) "o + A1 (A1) " — A% (A7) |2,

(44)
where

IA1(A)" — A% (A7)
<||(I = P3,)A_1(A_1) (I - Ps,) — (I - Pa;)A,RRT(A_)) (I - Poy)|>
< ||Pay (I = P32 + ||(I = Pa,)Pas |2 + (I — Pag)A_y(I - RR")(A_1) (I - Pyy)|
Slai(a)’ —ai(@)' 2+ 11 — RR|2.
Recall that RRT = [AT, (I — Pa:)A_1]7' = (I — AT P,: A_1)~". Therefore,
II-RR|l S ||(T- AL, Pa; A1) Vo [T - AT, Pz Ay 1|5 S ||@i(a}) " —@1(a@1) ' 2.
Plugging these bounds back to (44), we have
|ADAO)T — AL<ADYT||; < Jlai(a))” — ar(@n) " |l2.

Then by Lemma 37, w.p. at least 1 — e~ #t18T) for all ¢ € S,

Kl ok PN ~ . e % [p+logT DA . n(£)x Ip+logT
(t)Hal(al)T_al(al)TH2 < ||har—0iat|o+ % — ||A(t)9(t)_A(t) o) 2+ ]%

Plugging it back to (43), we have

1/2
RO _ AWty < [P T 1logT A p+logT\1/4/ X
|ADGY — Atg H2N\/T+\/ﬁc(t)+< . T

for all t € S, w.p. at least 1 — e~ C'(PtlogT),

D.12.9 PrROOF OF LEMMA 37

The proof idea is very similar to the proof of Lemma 29. By the optimality condition,
ATVf(t)(AOX)) = 0, implying that

AT [Vf (AW 9M) 4 g(t)(Ag( ) _ Ab=g0)] — g,
02) — (ATSOA)TATSO AOgO* _ (AT )1 ATy fO(4O*g0%)
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Note that 80* € R and A®* € R? when r = 1. Hence, w.p. at least 1 — e~ ¢ ®+108T) e
have

|40 — A9,
> H[I_ A(ATﬁ(t)A)—IATi(t)]A(t)*O(t)*||2 N ||A(AT§(t)A)_1ATVf(t)( (t)*a(t )H

>[I - A(ATEOA)TTATEO]AO |, A5 - [AATEDA) 5 - Al - |V FO(AD

> (O (BO)71/2) (B0 12 0% _ (S0)1/24(ATED A)LATSO AO%)|, — O /WTW;T

_ ¥ + logT
> C'¢O|[L - B(BTB) )BT|B"|l, — O/ B2 (45)

where B = (E1)1/24, BO* = (SM)1/240+ AL ¢ {A e Op*@-D}: AAT + AAT = I},
Bt = (ZW)"12A+ pPp, = BY((BY)"BY)"(B+)" = I — Pg. Further, notice that
1Pg. BY [y = [[(Z®) 71241 [(AH) T(ZO) LAt (Ah) T AG" |
> M ([(AD)T(EO) ALY (At T A0
= (AT T(EO) LA At T A",
2 [AAT — A AT, (46)

w.p. at least 1 — e~C¢(+1eT) - Combining (45) and (46) completes the proof.

D.12.10 PrROOF OF LEMMA 38

First, by Lemma 18, 0 < ¢ < minyes Amin(E®) < maxies Amax () < C < 0o w.p. at
least 1 — e~ C'(PHlogT)  They (i) is the direct consequence of Lemmas E.3 in Duan and Wang
(2023). (ii) and (iii) come from Lemma E.2 in Duan and Wang (2023).

D.12.11 Proor or LEMMA 39

We modify a few steps in the proof of Lemma 29. The key point here is that A € OP*" is
fixed.

By optimality of 054) and 054)(t)*,

—~

ATVO(A0Y) = (AD)TVOa0") ) =0,
which entails
AT [Vf J(ADg®) 4 S0 (40D — AWgr)] = g,
00 = (ATS(MA)LATEOAD9O* _ (ATSO A)1ATY O (ADgD7),
Therefore,
|46 — AD*90||; < |1 — A(ATSD )T ATED] A9,
(1]
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+ HA(ATi\](t)A)—lATVf(t)(A(t)*a(t)*)H2
(2]

Note that
[1] < AD* — A(ATEDA)TATED A0,

_ HA(t)* _ A(ATi(t)A)flATi(t)(AAT + AJ_(AJ_)T) (t)*H

<Hu¥<AATpﬂmﬂy+MMAi§@A)1ATZ@A¥@¢HTA 12

S A TAD" |y + [(ATEOA) o - [ATEO AL, - [[(A5) T A,
By Lemma 19 and the condition ng > C'r,

I(ATE0A) 2 = 20, (ATS0 4)

< Pin(ATE “)A) ~ATE0A - AT Ay

< [)\mm(AT C\/r/no]

< Cl/
w.p. at least 1 — e~ ("H108T) - And similarly
|ATEO AL, S ATED A, + | AT(ED - x0)at), S C,
w.p. at least 1 — ¢=¢'("+1o8T)  Therefore by Lemma 20, w.p. at least 1 — ¢=C(r+logT)

1] S AAT — AU (AW T, (47)

And w.p. at least 1 — ¢~ C(rtlogT)

2] S (ATEOA) - ATV O A0 007, <\ [, (48)
no

Denote {3;}¥ j=1 as a 1/2-cover (whose components are inside the set to be covered) of
B ={B € Rp B = Au, ||ul|2 < 1} (which is isomorphic to the unit ball in R"), with N < 5"
(by Example 5.8 in Wainwright (2019)). The second inequality in (48) holds because

AT FOAD 00y = sup (Aw)” | Z(x0)7e0)]
no

flull2<1

= sup ,BT |:2(X(O))T6(O):|

BeB no
2 2
< su T [ x© Te(o)] + max B/ [ x O Te(o)]
sup(B—B])7 | (X ) max A1 | = (x0)

2
< sup (u—uj) AVFO(AB*O*) 4 max BT { (X(O))Te(o)]
B=Auc# JE[N] 1o

1 2
LA 0 40#9® T2 (x0T
< 5IAV YA "0 )!\2+m%5 nO( ) e,

98



LEARNING FROM SIMILAR LINEAR REPRESENTATIONS

leading to

ATV FO(AD*9O*), < 2 mﬁ\)f(] IBJT [E(X(O))TG(O)} 7
0

where 3, = Au;, with some [|u;y||2 < 1is the one which is closest to 8 = Aw in the cover (de-
pending on 3). Hence, [|uj,—ull2 = ||Bj,—B8|2 < 1/2. Showing max ;¢ N],B [ (X(O)) 6(0)] <
\/7/ng w.p. at least 1 — e=C+18T) g standard.

Finally, combining (47) and (48), we complete the proof.
D.12.12 PROOF OF LEMMA 40

The proof is exactly the same as the proof of Lemma 29, so omitted.

D.12.13 PrROOF OoF LEMMA 41

The proof is the same as the proof of Lemma 38, so we omit it here.

D.12.14 PROOF OF PROPOSITION 42

Define the random event &; as the event that Lemmas 29, 30, 31, 32, and 34 hold, hence
P(E;) > 1 — Ce~("t1o8T) with some constant C' > 0. Define another event

Ey = {maXHE(t 20|y < /p—i—logT}
te([T) n

By Lemma 18, we have P(&) > 1 — Ce~®H198T) with some constant C' > 0. It suffices to
prove the upper bounds in Proposition 42 conditioned on & N &;, therefore we condition
on & N & in the remaining proof without stating it explicitly and all the arguments are
deterministic.

Define

n
FOAVE) 4 YIAAO(AO) — 447 |

N~ N~

T
Z A(t)eopxr 0 cRr {
es

QIOr:10) @)\ ADOANT _ 447
A<f>eOPXT B(t)e]RT{ A )+ nT | ( ) 2 ¢

Gor(A) = Z win, A L50(A000) + A0 - 44T}
= AWeorxr g err | T nT
Ac argmin G(A).
AcOpxr

=T 7
Our first step is to prove the same bound for |AA —AA ||2. Let’s prove it by contradiction.
Denote the desired rate as

_ _ r+logT
n=Clry B N R e
nT
~A~T

Suppose ||[AA — AA' |2 > Cn with some constant C' > 0.

fCQ
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Consider any minimizer (A®),0%)) = arg minAeOPXT796RT{Tf(t Af) + f)\HAAT

j(i)THg} Define two index sets
A= {t €8 AD(AD)T —AA) o > | AA)" — AA "2 \;} |

T

=~ =~ ~ =~ I 1
A(A)T||; < | A(A)T — AA" |5 - ﬁ} :

Ay — {t €5 [ADA)T _

where ¢ > 0 is a small constant. Then we have
1 — n = =
S LOAO00) - 1A + 3 YR AOAO)T — AT,
te Ay teAy
> = )<{Vf (A0 }iea, (A6 — A6}, )
—A(A)T |

t) 200 2 1 t
*H{A( o) — A0 heaF + Z W/\HA '(AD)
teAr
- 400 + 200 — A0} ic,)

z—f)<{Vf (A6} e, {AD

P00}l {AY e lle

~ 2V (A6Y) - V7O (A
11 _ ~ -
F1{A000 — A6 e If+ fTAHA”( )T~ A@A)",
te AL
A0 A0 _ 29
AY||> + [[46Y) — A0 12)

]‘ t t t)* t t
Z_T Z |V FOABO* )], . (]| AD O —
teAq
logT
0 VT A{ADO — 20D e, e
t€A1
+ A I{A0E0 — AW} cu i+ 3 fTAHA”( O)T _A@A) |, (49)
t€A1
> O3 T 040 (A0)T - @), + |AA)T - A4 )
te Al

_fc JT ?”+1°gT 4 h {AD0® — 40y, 4 |
(50)

+**II{A(”0 — 40, }t€A1||F+Zi)‘HA(t)( )T —AA) |2
teA1f
1 r+logT | A 1 = = T
S _ 2, = ())2 L ||A(A)T - AA 1
C(h 7o O ) s e o (51)

te Ay
DA OO e llo < /B4Ry /Ty, (€02 + VT T

where (49) holds because ||{V f
(Lemma 32) and [{Vf©)(A0Y) — VO (AD*00*)}||p =
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VS iea 1808 — 400093 <\ /5, 4, A0 — AO00-3 < \/h2 5, 4 (V)2 4T - 7T
(Lemma 29). Inequality (50) holds because

1ADOD |, < ADAD)T — AA)T, <H0“H2+uw (A 9(”)!\)
(A)T 5 (¢ + 462 — A6 + [V O(AO00")],)

D
N>

< 14D -

< 1A0(AD)T — A(A)Ta¢
where we used Lemmas 29, 30, and 31. Inequality (51) holds because

=AY AV —A(A)" 2
te Ay
L Z \/m (t) HA(t ) j(i)ﬂb + Hj(j)T — ZZTHQ)
t€A1

= = 1 r(p+logT = =
> LA Y IAOAO)T - A - 3 Y oy TP O A00)T - )T,
teAr te Ay

> (t ST
> st 2l AT,

teAq
> Ml L
NN

when % > 20 maxyeg (0

Forany t € Ay, since || 406, ~46Y > < | AV(AO)T—A(A)T (10 |+ V1 (A6

AA)T —AA |,

r(p+logT)
R

)i2) <

o
~ ~ T A
c(W|A(A)T — AA ”2%, by triangle inequality, we have

€ cO)A@)T - A4,

W

HA t)e(t

W — A0y > Hze% ~A0Y||;

With similar arguments to obtain (51), here we have

1 — N4 =~ o
> Flr0Ae") — f0(AeD) + 3 Y| AV(AO)T —AA)T |,

teAs teAs

1 [p+T
> A0 — 40Dy} — /P o H{Ao” A0 Ve |

([ VT THET L[5 o) ) 1{AD60 — 46D},

tE.A2
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1 /p+T = ()
— o/ o Ver|[{A6Y) - A6} | (53)
Sl RN S R rAe“” A6
n teAg
_ 1 /p+T ® ®) _c AR _AA |2
= fH{Ae ~A0W e a, = z; |A(A)T — AAT|2
2 e , T +logT C’ Sl Za®)2
> -C (nT +h T Z(C( )) + n) + oT ”Aoj _Aez HQ
tc Ao teAs
— 2 1 /p+T
H{AO —A0§>}teA2 F—T\/T-\/%H{Ae“ 0N 4,
_72 2. |A(A)T — A4 |2
teAg
pr 7“+10gT —
> —C (nT +h2 LS ()2 4 ) Z |46%) — A0 |3
teAs tGAZ
c = = - T
-7 > KD |AA)T - AA 3. (54)
teAg

Compared to the derivation of (51), here we used a different way to bound the intermediate
term L[({V O (A0}, 4, (A — ng + Za%) — A0%Y,c 4,)| to obtain (52).
More specifically,

1 N . =~ =~ _
(V7O AD00) e, (A0 — A6Y) 1 401 - Ae<ﬁ}te,42>
1 =~ _
< 7 S IVFOA 00 5] A8 — A0D |y + LT FO(AO00")) iy o] {A6Y — A6 ey,
teAs
1 Ip+logT EagE o+ T _
< T Z %C(t)HA(t)(A(t))T _ A(A) H2 T pr 14 \/7H{Ae Ae%)}teAQ .
teA2
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where we used the fact that |[(A, B)| < HAHQHBH < ||A|l2]|B]|F - rank(B) for any matrix
A and B of the same dimension and rank({AO(t) A0 t)} ed) < 2r.
Finally, notice that by triangle inequality,

Goe(A) = Goe(A) = 3

min
t T t s
tege A copxr g(t) cR

{f (IA®(AO)T — Z(@)T|)y — AD(A)T - A(A)T\m}

> VIS JAG) T - A (55)

Case 1: |As| > (1 — ¢/r - %/ maxes(¢™)?)|S| with some small constant ¢ > 0:
Then by (51), (54), and (55),

G(A) - G(A) = Gs(A) - Gs(A) + Gse(A) - Gs@

pr 9 T +logT — )2
>-C <nT+h< +> ZHAO ~ A6
t€A2
_ < OV 1 A(AT — AA |12
Tr > (D)2 |AA)T - AA |3
teAg
\/ﬁ c AA AA!
- ﬁAIS |- A(A)T —AA |». (56)

By Assumption 2, Wedin’s sin ©-Theorem, and applying Lemma 35 on {0%)}t€ Ass

=~ =~ R =~ =~ — ro - = _
[T~ A2 < [AA)T - AA) e 5 /1€ L I{A6Y — 40D ) e asllr. (57)

Here we used the fact that ﬁ Y ies 0%)(0%))T > €(%I,. To see this, notice that

o (m{fw “}tes) _ar< = (B0 }tes) —ﬁn{fw Nies — {89 }esll2

( r+logT)

v

g~ x\n

where by Lemmas 29 and 33,

- [r+logT
A0 —{B () < g A0(t AO*90)*|12 < h¢ 4 r7’
/;|S| I1{ }teS { Heesll2 \/ | || S he o

tesS

and the last step comes from conditions (i) and (ii) by noticing that

JralogT ¢ fptlogT 1 _ ¢
no S ORIV
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This leads to

(i) (e )

tesS tesS

Plugging (57) into (56), we have

6(d)-a@ > -¢ (e + D) L & BleaayT - aaT;

- Bleya@-aaT3- oD EZ@)T A, 13 oy
teAs
VRN AGA)T - AT,
c |s — ~ =~ _
zT"<m<> AR~ VS| AGA)T — AR,
_C< T+h2§ +T+;0gT>_C (pnv;T)C
> 0,

o~ o~

because ||A(A)T — Z.Z.T”Q > Cn with some constant C' > 0.

Case 2: |Ay| > ¢/r - (?/ max;es(¢®)? - |S| with some small constant ¢ > 0:
By inequality (53) and triangle inequality, we have

S L O(A00) — O AOD)] + 30 VRAO AT~ AE)T],

Z
teAs tEAz

1 r—l—logT —
_ 2 (£)\2 ®) 2
=-C (nT th T Z(C )+ ) Z HA AOZ 5

te Az tEAz

- J*WAd“ 46 Yies|,

r—l—logT —
0( +h?. TZ )2+ ) = lave - AoY)|I3

teAs tEAQ

_1 /p£T g1 _ Ze _ 1 /ptT (g(t) _ Zg)
=V \/2TH{A 0 — A0 }ie|| - 71/ \/2rH{A 6 — 469} e |
logT 2
> _ 2 (tyy2 , T T log (t)
> C( Pt TtEA(C R Ll | O v N
2

1 [p+T Oat) _ aa®)
— Ve |[(AVe — A6 e ||
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il ¢ 3 AOAO)T - AA)TIC0):

teAs

B 2 2 T Ol amgw) _ z9® 2
C(Zﬁh T;;<>+ OB ) 4 2 |[tae — A0 Yie |
2

_ 1 /ptT WM _ AW AT s s 55T
TV[HVQTHL4 61 — A6} e[~/ CIAA)T - AAT);
logT T ~ =~ o
—0<T+M8 Tﬂf‘) L A - AA |, (58)
By the condition of the proposition, we must have
i (t) i )
PSS Vo loeT, ERES g (59)
By (51), (55), and (58), we have
G(A) - G(A)
A ) ST _ 7T p+T e
S ) - | AA)T — A4 ||, - C|AA)T —AA" |,
> (P - 1s) - 1A@ l H u
logT
—0< T N L >
nT n
S| ¢? = = =T p+T S oo T
> . —15¢ | -||A(A)" — AA — A(A) — AA
= /T <T3/2 maxses(C0)2 15)) - | A(A) 2 -C|lA(A) 2
—C( e r—l—logT)
nT n
CX _5 52 =~ = T p+T o~ o~ T
> Zp32 > JA(A)T - A4 |2 - A(A)T - AA
2 =T maxicg(CO)2 |A(A) 2 ([ A(A) 2
logT
—C’< TN r + log >
nT n
CX 32 ¢ = =T ==T pr 9 =9  T+logT
> > . - — Eaa . St Sl
> o e (COP |A(A)" — AA [l = C( Z5+ 0 —

due to the assumption that |S¢|/T < c¢r—3/2¢/ max;es () with a small constant ¢ > 0 and

(1)\2
A= /r(p+logT)- —ma).(tes(g (t))
minges ¢

¢
> . S log T -
> |\/pr ies (O +/r(p+logT)

¢ ].mm@@%2

minges () ¢ ’

where we used (59) in the second inequality. Furthermore, by mincg ¢ ) >/ p+l+gT, we
have

G(A) - G(A)
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~2 ~ ~
> Pl o A@)T ARy (2w TeT
n mingeg ¢t nT n

_ = =~ _ _ loe T
>0l 2 |AA)T —AA |, —C (S; L2 T*f) :

Therefore, if Hj(fl)T - EETHQ > Cn, we must have
G(A) — G(A) > 0,

which implies that A is not a minimizer of G and contradicts with the optimality of A.

AA ol s s log T
Hence we must have ||A(A)T — AA ||o < Cnp =< (/2 + Ly 285+ /rh+ \//\{@6
with some constant C' > 0. This completes our proof.

Appendix E. Proofs for GLMs
E.1 Lemmas
Lemma 43 Suppose Assumptions 1 and 4 hold, and n > C(p +logT) with a sufficiently
large C. Then when § < C with some constant C' > 0,
IV OB <6,

w.p. at least 1 — exp{—Cnd? + C'p}. By taking § =< \/%, this implies that:

(i) maxies [|[VFO(BO)|2 S /2L wop. at least 1 — e=CoHosT);

(i) va(o) (5(0)*)H2 <SG JE, wp. at least 1 — e—Cp+logT)

ng’

Lemma 44 Suppose Assumptions 1 and 4 hold, and n > C(p + logT) with a sufficiently
large C. Then when t < C" with some constant C' > 0, for any S C [T,

o
Y FOB) sl L E,

w.p. at least 1 — e~ ¢'9.

Lemma 45 (A revised version of Proposition 1 in Loh and Wainwright (2015))
Suppose Assumptions 1 and 4 hold, and n > C(p + logT) with a sufficiently large C'. Then
there ezist constants C1,Cy, such that w.p. at least 1 — e=C'HeT) for gl B RP, t € [T],
we have

C1||B — BY*||3, when ||B — BW*||s < 1;
Co||B — BO*||a, when ||B — BY*||s > 1.
(60)

FOB) =B -V OB (B-p1") = {
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Lemma 46 Suppose Assumptions 1 and 4 hold, and n > C(p +1logT) with a sufficiently

large C. Then there exist constants C1,Cy, Cs,Cy, such that for all 3,8 € RP, t € [T], w.p.
at least 1 — e~ CptlogT)

. o [CB=BI2 - CalB— BV i 8= BOs < 1.
O(8)— O (F)—v {0 (30T (3_7) > 4 C1llB ~Bllz = C=ll8 3
P =B -V B) (8 ﬂ){Cgllﬁ—ﬁHz—C4Hﬂ—ﬂ(t)*H%, 18— B0 > 1.

Lemma 47 Suppose Assumptions 1 and 4 hold, and n > C(p + logT') with a sufficiently
large C. Then w.p. at least 1 — e=C'®PH08T)  for gl t € S, for all A € OP*" with
|AAT — AO*(AOYT |1y < (¢, where ¢ > 0 is a small constant, we have

(i) 1042 < C"¢;
(i1) HAHX) — AW*9W* ||y < ¢ with a small constant ¢ > 0.

Lemma 48 Suppose Assumptions 1 and 4 hold, and n > C(p +logT) with a sufficiently
large C. Assume there exists A € OP*" such that HABE? — AW 9W* ||y < ¢ with a small

constant ¢. Then w.p. at least 1 — e=C'wtloeT)  for gll t € S, for all A € OP*" with
|AAT — A(A) T2 < ()1, where ¢ > 0 is a small constant, we have

(i) 10412 < €"¢;
(i1) HABX) — AW=9W* ||y < " with a small constant ¢’ > 0.

Lemma 49 Suppose Assumptions 1 and 4 hold, and n > C(p + logT) with a sufficiently
large C. Then w.p. at least 1 — e*C/(pH(’gT , for all t € S, for all A, A € OP%T with
||A0§) — AWM, ||A0§) — AW 90|y < ¢, where ¢ > 0 is a small constant, we have

1468 — 409> < [ AAT — A(A)T[2(16% 12 + [V O (A6'D)]]2).

Lemma 50 Suppose Assumptions 1 and 4 hold, and n > C(p + logT) with a sufficiently
large C. Then w.p. at least 1 — =" @H8D)  for qli t € S, for all A, A € OPXT with
||A0g) — AWy < ¢, where ¢ >0 is a small constant, we have

146%) — AO*61"], < [ AAT = AV(ADT|pc) 4T H1ET.

Lemma 51 Suppose Assumptions 1 and 4 hold, andn > C[(p+log T)\/)\Z] with a sufficiently
large C. Given A € OP*" denote (A®) 00 = arg min 4 ¢ opxr. ocr- LD (A0) + 2= HAAT

A(A)T||2}. Then w.p. at least 1 — e~ C@H18T)  for any A € OP*", we have ||A o —
®*|y < ¢, where ¢ > 0 is a small constant.

107



TiaN, Gu, AND FENG

E.2 Proof of Theorem 11

For the penalized ERM, the proof logic is almost the same as the logic underlying the proofs
of Proposition 42 and Theorem 2. We only point out the difference and Sklp the details
here. We need to bound HA( A)T — A(A)T ||z first. Then we know that [|A(A)T — A(A)T|2
and HAH(: — AW*9M*||, are small w.h.p. Then a direct application of Lemma 48 implies

BD=

that ||f10%)>k — A®*9M*||5 is small w.h.p. Finally, applying Lemma 49, we have Hi@%)*
Dl < JAA)T — AA)T|2(¢Y + VO (A8D)]2) < [AA)T — A(A)T[2¢? w.hop.
which gives us the ideal bound for ||A O(t)* 0%)\]2 forallt € S.

(i) In the proof of Proposition 42, for t € Ay, we know [|ADOH) — AD*M*||y < a small

constant ¢ w.h.p. by Lemma 51. Then by Lemmas 44, 46, and 50, w.p. at least 1 —
e—C”(r—Hog T)’

1 _
- 3 [ FOAD00) — (A
te Ay
> [V FOA007)) 4, (4000 — A0 1+ A0 — A0W Y, )|
- T €A a I A cA;
1

+ AV — A6} e - 2||{A<t>*0<”*—ZH%’heAlu%

P+ logT ~ ~ ~ ~ T
Z T (WA - A(A) || + | A(A)T — AA||2)
te.Al
C — 1 r+logT
+ %H{A(t)@(t) - AO%)}teAl IF-C (h2 T Z (€9 + n)
te Ay

teA;

>c<h2-7{2<<“>>2 ”logT) Z PEOEL. 0| AO(AY)T ~ Ao

Therefore, the calculations in (51) are still correct under GLMs.

(ii) In the proof of Proposition 42, for ¢ € Ay, we used the fact that w.p. at least 1 —
efC(r+logT)

1406, ~ 460> < AO(AD)T — AA)T (1692 + 1V FO (A6D ). (61)

Here, this still holds because

o HA(t)B A — AW*g1*||y < a small constant ¢ by Lemma 51;

A~ o~

e For t € Ay, we know that |[A®(AM)T — A(A)T ||, < 7 < (¢! with a small
constant ¢ > 0. Then by Lemma 48, ||0%)||2 < C¢® and HEO%) — AW, <

with a small constant ¢’ > 0.
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Then (61) holds by Lemma 49.

Finally, Lemma 38 still holds for the case of GLMs. Note that in Lemma 38, (i) only
requires the maximum eigenvalue of the Hessian to be upper bounded (see Lemma E.3 in
Duan and Wang (2023)), which is true by Assumptions 1 and 4. By Lemma E.2 in Duan and
Wang (2023), (ii) and (iii) require the minimum eigenvalue of Hessian to be lower bounded
when ||8®) — B®)*||y < C with some constant C' > 0 w.h.p. and y/,/mg < C, both of which
are true.

For the spectral method, the proof is almost the same as the proof of Theorem 7, hence
we do not repeat it here.

E.3 Proof of Theorem 16

We only outline the proof when Algorithm 4 is coupled with Algorithm 1. If Algorithm 4 is
coupled with Algorithm 2, we can follow a similar argument with the proof of Theorem 7.

Denote 1 = 74/ 75 +\fh+\[ 7“+10gT + |SC ﬁ

(i) When n < C/:&: since ||A( )T — AO*(AO T, < a small constant ¢, by Lemma
51, w.p. at least 1 — ¢~ CptlogT) HAG%) — A0*90+||, < a small constant ¢/. Then
by Lemma 50 and Theorem 11, w.p. at least 1 — ¢~ C(rHlogT) Hfl@%) — A9, <

|A(A)T — AO*(AOHT |, < 5. As we commented in the proof of Theorem 11, Lemma
41.(i) still holds for GLMs because the maximum eigenvalue of the Hessian is upper bounded
w.h.p.

(ii) When n > C \/> the result comes from Lemma 41.(ii), which still holds when v/\/ng <

some constant C' because of Lemma E.2 in Duan and Wang (2023).

E.4 Proofs of Lemmas
E.4.1 PROOF OF LEMMA 43

First, note that VO (80*) = 2377 & [ 1//(( DYTB®#)]. Consider a 1/2-cover of
the unit ball in R? w.r.t Euclidean norm {u] } =1 with N < 5P (Example 5.8 in Wainwright
(2019)). By a standard argument (see the proof of Theorem 6.5 in Wainwright (2019)), we
have

IV O8O, < 2 max { Zu 2Dyl — ((mgﬂ)Tg(t)*)]} .

By union bound,

Eexp{)\|V (3¢ )||2}<Nm?XEexp{ Zu z[y ¢((m§t>)Tﬁ<t>*)]} = (%).

Note that by the GLM density function, for any a € R,
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oxp {th(a+ (@”)TBO") — (@) T8O — av'(@")T8)}
= {;QZW' (0la+ ()78 + (1 - 6) (=) T8¢ ”*)}

< exp {C’aQ} , (62)

where ¢ € [0,1]. Therefore, for any positive A < C'n with some C' > 0,

2. 12
( ) < N%%\)}(}Eexp {C/,'),;Q Z(u;rwz(t))Q} S exp{cn)\ + Cl//p} ,
! i=1

where the second inequality comes from the property of sub-exponential variables (see
property 3 in Proposition 2.7.1 of Vershynin (2018)). Finally, for any § > 0, by Chernoff’s
bound,

1"y 2

P(|V (B2 > 8) < e MEexp{A[VFD(B7)[|2} < exp { +C"p - M} :

Let A = C"nd/2 (§ < some constant C), leading to
P(|[Vf9(B)]2 > 6) < exp {~Cnd® + C'p}
for all t € S.

E.4.2 PROOF OF LEMMA 44

Note that Vf®(g"*) = 2 D DR [ Y ® w’((mgt))Tﬂ(t)*)] = g® € RP. Denote {g®}1cq
as G € RP*ISI. Consider two 1/4-covers of the unit ball in R? and RIS! w.r.t Euclidean norm,
as {'u,(jl)};\lflz1 and {'0(72)};\2[2:1 respectively, with N < 97 and Ny < 91° (Example 5.8 in
Wainwright (2019)). By a standard argument (see the proof of Theorem 6.5 in Wainwright
(2019)) , we have

Glly < ma UGN TG = ma ul)Tg®yl2
[ ||2Nj1nf61[]§<1 |(ulV) | = max tZ;( ) TgWv)
J2€[N2] j2€[N2] '€

It follows that for any A € R,

N1 Np |S|

BG < 3 3 [[Eexp{N@0) g0

j1=1ja=1t=1
Ny Nz |9

< Z Z H [E exp{)\(u(jl))Tg(t)viz} + Eexp{—A(ul))Tg® f .

J1=1ja=1t=1

Similar to the calculations in (62), we can obtain that
GONT (1), (52) (g GIONT (), (G2) < Co | (2)p2
Eexp{A(uV)" g"Wv;*}, Eexp{—A(uV") g v;"} S exp n)\ Chaa

110



LEARNING FROM SIMILAR LINEAR REPRESENTATIONS

hence
Ni N

EMNG < 3 5 ols] exp{ } < exp{iA2 +C’p+C’IS|}-

Jj1=1j2=1
Then similar to the proof of Lemma 43, the proof can be finished by Chernoff’s bound.

E.4.3 PROOF OF LEMMA 45

The proof of part (i) follows the idea in the proof of Theorem 9.36 in Wainwright (2019),
and the proof of part (ii) is the same as the proof of equation (39b) in Proposition 1 of Loh
and Wainwright (2015).

(i) If |8 — B®*||5 < 1: Denote A = B — BH*, o, (u) = u?*1(Ju| < 7) with any 7 > 0. By
Taylor expansion, with some § € [0, 1] and any constant T > 0,

LHS of (60) ZW' 9 T2® 1 5AT2D) . (ATz1)?

| \/

*Zw” )Tl 4 6ATe ) (ATl)1((B97) 2| < T)

> mi — ATz O Tgl)| <
_luggerdJ() 290 L(|(B™") ;" | <T)

(*)

It suffices to show that by fixing some 7,7 > 0, () > C||A||3 w.p. at least 1 —e~"". In fact,
we only need to consider the case ||Alla = 1. If the results hold when ||A||2 = 1, then when
|All2 € (0,1), since ¢, is non-decreasing on 7, plugging in A/||A||s implies (¥) > C||A|3.
So in the following analysis, we consider ||All2 = 1.

Define

|All2=1

e { Zsor AT2)1((B9) 2] < T) — Elp- (AT20)1(|(8 >Tw§“r§T>l}'

By bounded dlfference inequality (Corollary 2.21 in Wainwright (2019)) or functional
Hoeffding inequality (Theorem 3.26 in Wainwright (2019)),

P(Z, > BZ, + ) < exp{—Cnd?/r'}. (63)

Denote {¢;}7 ; as independent Rademacher variables. By symmetrization,

1 n
s R [uﬁ’“p | et (e @ < 1) -
2= j—

STEL0 [ sup ; ] (64)
[Al2=1|™ =

<7

t
—Ept) 4| SUP g ATZU €2
n lAall2=1,=
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1 ¢
S -y/nElle) 3 (65)
p
< = 66
~ 7_\/;7 ( )

where (64) and (65) are due to Rademacher contraction inequality (equation (5.61) in
Wainwright (2019), because the function g@T(-)]l(|(ﬂ(t)*)Ta:l(t)| < T') is 27-Lipschitz) and
Jensen’s inequality. On the other hand,

sup Elp-(AT2)1((80%) T[] < 7))
|Al2=1

> sup {E[(AT2\)?1((80) 2] < 7)) - E[(ATl")?-1(aT2| > ) - 1((897) 2| < 7]}
[All2=1

> sup E(AT20)2 - P((8Y) 2" > T) — sup E@AT2) - /P(ATZY| > 1)
[|A]l2=1 |A]l2=1

> C = exp(~C'T/(CV)} — e
> C/2, .

when T and 7 are large.

Putting (63), (66), and (67) together, and setting 0 = a small constant ¢, w.p. at least
1-— e_c//”, we have

(x) > sup Elp (AT2)1((89) T2 < T)) - 2,

lAl2=1
>C)2 — C’\/5 5
n
> C/4,

when n 2 p+logT.

(ii) If | B — BM*||3 > 1: Denote A = 3 — BV)* § = IIAle' By convexity of f),

FO6B+ (1-8)8W*) <sfD(B) + (1 - 6) D (B,

"

which combining with part (i) implies that w.p. at least 1 —e~¢""

)

FOBO+68) = fO(807) — sV FO(BO)TA
o

FOB) — fOBD*) — v (3O T (3 - g0 >

> 50| All3
= CllAllz,

because |[6A|]2 = 1.
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E.4.4 PROOF OF LEMMA 46

It is easy to see that

FOB) = fD(B) = V(BB - B) = D (B) - D) - v (BT (8- 81
(1]

+ fOBY) — fO(B) + VO (BOHT (B - 0.
2]

By Lemma 45, w.p. at least 1 — e*C"",

1] > C|8 - BY*|3.

And with some 6,0’ € [0,1], by Assumption 4, w.p. at least 1 — e~ C®+logT)

2] < VO©BBY* + (1 -6)B)T (BY* - B) + VD (BHOH)T (8 - 1)
= (B - BUNTV O 6D + (1 -0)8) + (1 —8)BU)T (B — BV
1 o S aOn T (072
< n;[w B T

<18 -89,

where the last inequality comes from the fact that [|[E®|y < C w.p. at least 1 —
e—C'(p+logT) (by Lemma 18). Putting all pieces together leads to the desired conclusion.

E.4.5 PROOF OF LEMMA 47
Define 55;) = AT AO*9M)* Tt is easy to see that

146%) — AV, < [(AAT — 1) AD*9O* ||y < (AT TAD*||5¢® < c.

If ||A9§) — A®*9®*||5 > 1, then by Lemma 46, w.p. at least 1 — ¢~ ¢(®+logT)

—~

F0A00) — F0(460) > ||V FO(AD*9D"), . | A0Y — 48|, + || A6 — AD+gD)* |,

- C' A8y — AV "3

> (0~ [V 0(A0°00),) - | 405 — A6
— 0 A8Y — AV, — 7| ABY — AW |3
1 ~

> §cy\Aefj) — A8y — Cc— '

> %C;\Aeg) — AW, — %Cc —Ce—-C'¢

> 0,
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Wthh 1s contradicted with the definition of 9() Therefore, we must have HABX) -

AW*gM* |, < 1. By Lemma 46, w.p. at least 1 — e~C(P+logT),

FOA0%) — 1048 > —||v O (AD*90")|, . | A% — A8V |, + || A6%) — 48Y)|3

p+logT ~
i s clael) — A0 |2 - ',

We know that f®) (AOS)) — f® (Agfi)) > 0 by optimality, so we must have

p+logT ~
_C”\/T+ CHAOE;) _ AHX)H% _ 2 <0,

e., HAOX) - AONX)HQ < \/%c + (C’”)”%%)l/‘1 S a small constant ¢/, w.p. at least

1 - ’C(pHOgT) ThIS 1mphes that HG Hg = HAB H < HAOX) - Agg)”g + HAgx) -
AWy + || AD=9M*||, < OC®, w.p. at least 1 — e~ C@HoeT)  which completes the
proof

E.4.6 PrROOF OF LEMMA 48
Define B(t) ATAB( ) Tt is easy to see that

148 — A0¥, < |(AAT — DAY, < I(AH)TAI¢D <.

If HAO( — AW*9®M*||5 > 1, then by Lemma 46, w.p. at least 1 — e~ C(+logT)

—~

FOA0D) - F0(A69) > —|VFD(AD*00%)|, - | 409 — 46D ||, + €| 46 — AV,

- C')|A6Y) — AV"6"" 3
> (0~ [V/0(A0°007),) - | A0%) — A6
~ )| A8y — AD*V*||, — C'|| A8 — AV |2
1 0 N A A * *
> 5014609 — 46|, - €| A6, — 467, — C|| A8Y) — AV*6),

- C')|A6Y) — A0V |3 - C'|| A0 — A3
> cuAe(” A0V, — Ce—C'é?
> 50;\,4955) — AW, — %Cc —Ce—-C'¢

> 0,
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which is contradicted with the definition of BX). Therefore, we must have HABX) -

AD*gM*||, < 1. By Lemma 46, w.p. at least 1 — ¢~ C(PtlogT),

FOA0Y) — 1048 > —||v O (AD*90")|, . | A% — A8V |, + || A6%) — 48Y)|3

- O A6y — AL |3
> |V OAD 90|, |A0Y) — 46T ||, + C|| A6 — 46|13

1 ~ ~ ~
~5CI140Y) — A6 |3 - " A0 — A 0|3

logT 1 ~
> _c",/“% 501405 — 4893 - e

We know that f (t)(AOX)) — f (t)(Agg)) > 0 by optimality, so we must have

_omy [PEoRT ;OgT +)A6Y — 4602 — o' <0,

e., HABX) - Aéf?”g < /Ge+ (C’”)I/Q(}’H%T)l/4 < a small constant ¢/, w.p. at least

. —C<p+10gT> This implies that 16D, = 46D, < |40 — 40|, + | 46 —
AWy 4 || AD9M*||, < CCW, w.p. at least 1 — e~ C@PHoeT)  which completes the
proof

E.4.7 PROOF OF LEMMA 49

Similar to the proof of Lemma 31, by the optimality of HS),

AT(vi0(A0Y) + 50 (46 - 40Y)) =0

where 50 = 257 20 (2) Ty ((2!")T A0 +6(x(")T (A6 — A0Y)), 6 € [0,1]. With

similar arguments used in the proof of Lemma 45, it can be shown that )\min(i(t)) > (0 w.p.
at least 1 — e~ ¢®+1o8T)  The remaining steps are the same as the steps in the proof of
Lemma 31.

E.4.8 PrROOF OF LEMMA 50

The proof is almost the same as the proof of Lemma 49, so we omit it here.

E.4.9 Proor orF LEMMA 51

If AWM — AD*91*||; > 1, by Lemmas 43 and 45, w.p. at least 1 — e~ P*198T) for any
A e OP*T,

A - A S
FO(AMe") ﬁllzﬁl“)(zﬁl“))T — A(A)T ||y — fD(AW=9Dx) — ﬁllzﬁl(“*(zﬁl“)*)T —A(A)"2
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A
> AT (A gt) _ AWxgt)xy _o 7 Agt) _ AB)xg(t)*
v 7 ) -2 +0] ¢

> <C ) /p+10gT> AN — ADr g, _ 9 N
n Vn
1 1
>0 - =
> 20— C
>0,

which contradicts to the definitions of A®) and (). Hence ||A®1O®) — AB+91*|, < 1, w.p.
at least 1 — e~ (p+1ogT)  Then by Lemmas 43 and 45 again, w.p. at least 1 — e=¢"(ptlogT)
for any A € OP*"

A - A S
AP 4 ﬁllA“)(A(”)T —A(A)T |y — fD (A9 — ﬁllzﬁl(“*(A“)*)T —A(A)"2

> VOADgOT (AN — AWty _ 2\)} +C||A® — AW 2

> | AWe®) — AWM 2 _ ¢y /MHA(QQU) — AWM, 2}.
n n

By the optimality of A®0® we must have the RHS of above < 0 w.p. at least 1 —
e~ (t1ogT) which entails that ||[A®OH — AD*M*||, </ % + \/2p=1/4 < a small
constant ¢, which completes the proof.

Appendix F. Proofs for Non-linear Regression Models

F.1 Lemmas

Lemma 52 Suppose Assumptions 1, 6, and 7 hold. Then w.p. at least 1 — ClptlogT) - for
any B, ,BERP foranyte S,

FOPB) — 9B - vrOEYT (B -8)> '8 - B3 - "8 - BY*|3.

Lemma 53 Suppose Assumptions 1, 6, and 7 hold. Then when § < C with some constant
C >0,
VOBl < 6,

w.p. at least 1 — exp{—Cnd? + C'p}. By taking t < \/IJH%T, this implies that:

(i) maXtes va(t) (ﬁ(t)*)||2 5 \/@, w.p. at least 1 — e_C(P—HogT);
(’l/l) va(o)(ﬁ(o) )||2 < no} w.p. at least 1 — (p+logT)

Lemma 54 Suppose Assumptions 1, 6, and 7 hold. Then when t < C with some constant

C >0, for any S C [T,
Y FOEO el < /2L
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w.p. at least 1 — e,

Lemma 55 Suppose Assumptions 1, 6, and 7 hold. Then w.p. at least 1 — =" t108T) ' for
allt € S, for all A, A € 0" with || ABY) — A6V ||y, | A0 — AD*0* ||, < ¢/, where
c > 0 is a small constant, we have

|A6%) — A6 |> < [|AAT — A(A)T[5(|6 2 + |V £ (A8Y)]2).

Lemma 56 Suppose Assumptions 1, 6, and 7 hold. Then w.p. at least 1 — e~ ¢ (pHlogT)

for allt € S, for all A, A € OP*" with HAHS) — AW+ ||y < ¢, where ¢ > 0 is a small

constant, we have

||A9§) _ 14(15)*0(t)*||2 5 HAAT o A(t)*(A(t)*)T||2C(t) + \/W
n

Lemma 57 Suppose Assumptions 1, 6, and 7 hold. Then w.p. at least 1 — =€ (pHlogT)
forallt € S, for all A € OP*" with ||AAT — AW (AO*) Ty < ¢(¢W)1, where ¢ >0 is a
small constant, we have

(i) 16512 < C"¢;
(i1) HAOS) — AWM, < ¢ with a small constant ¢ > 0.

Lemma 58 Suppose Assumptions 1, 6, and 7 hold. Assume there exists A € OPXT such that
||A0§)—A(t)*0(t)*H2 < ¢, where ¢ > 0 is a small constant. Then w.p. at least 1—e~ " (P+logT)

for allt € S, for all A € OP*" with ||AAT — A(A)T ||y < ¢ (¢D)~1, where ¢ > 0 is a small
constant, we have

(i) 163 < ¢

(i1) HAOX) — AWM, < ¢ with a small constant ¢’ > 0.
Lemma 59 Suppose Assumptions 1, 6, and 7 hold. Let n > CA\? with a sufficiently large
C. Given A € OP*", denote (A®), o )) = argmingcopxr gepr {1V (A0) + 2= =lAAT —

A(A)T||2}. Then w.p. at least 1 — e~C@H18T)  for any A € OP*", we have ||A 00 —
®*||y < ¢ with a small constant ¢ > 0.

F.2 Proof of Theorem 12

For the penalized ERM, the proof logic is almost the same as the logic underlying the proofs
of Proposition 42 and Theorem 2. Similar to the proof of Theorem 11, we only point out
the differences and sklp the details. We : need to bound HA( A(A)T|5 first. Then we
know that HA( )T )T |l2 and HAB — AW*9M)*||5 are small w.h.p. Then a direct
application of Lemma 58 implies that HAO% — A(t)*a(t)*Hg is small w.h.p. Finally, applying

~

Lemuma 55, we have || 462" — 26 1, 5 | A(A)T — A(A)T (165 |12 + |7/ (A6Y) 2) S
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||f1(fl)T — A(A)T||2¢® w.h.p. which gives us the ideal bound for ||j0%)* - 740%)”2 for all
tes.
(i) In the proof of Proposition 42, for t € A;, we know [|[A®®) — AB*gM*||y < ¢ with a

small constant ¢ > 0 w.h.p. by Lemma 59. Then by Lemmas 52, 54, and 56, w.p. at least
1— efC’(r+logT)’

1 _
- [ FOALBY _ £ A9%>)
te Ay
> (1970400 e, (A0 — A0 1 A0 — A0Y e, )|
=T €A a A a Jtess
C B
+ SH{AO00 — A0 e g, [}~ SI{AO00" — A0 e,
p+ logT ~ =~ ~ =~ T
Z VT (W AYAY) T - A(A) |z + | A(A)T — AA||2)
tE.Al
1 r+logT
THHADOO — A0}, [ — € |12 1 3 (0 AL
te Ay
1 r~|—logT p+1ogT ENPS
2 D)2 |
>=C (5 Y () + Z ¢OVr|AD(An)T — A4
te Ay tE.Al
Therefore the calculations in (51) are still correct under non-linear regression model (7).
(ii) In the proof of Proposition 42, for t € Ay, we used the fact that w.p. at least 1 —
e—Cl(r+logT) ’
14905, — 40911 S [ AD(AD)T — A 2(162 ] + [V (A8D)]2).  (68)

Here this still holds because
3 HA(t)Gg)m — AW*9M)*||5 < ¢ with a small constant ¢ > 0, by Lemma 59;

~

e For t € Ay, we know that |[A®)(AM)T — z(i)THQ < % < d(¢M)~! with a small

constant ¢’ > 0. Then by Lemma 58, ||9%)||2 < ¢ and HEO%) — AW, < C¢
with a small constant ¢ > 0.

Then (68) holds by Lemma 55.

Finally, Lemma 38 still holds for non-linear regression model (7). Note that in Lemma
38, (i) only requires the maximum eigenvalue of Hessian to be upper bounded when the
evaluation point is close to the true 3()* (see Lemma E.3 in Duan and Wang (2023)), which
is true by Assumptions 1 and 6 (see our analysis in the proof of Lemma 55). By Lemma
E.2 in Duan and Wang (2023), (ii) and (iii) require the minimum eigenvalue of Hessian to
be lower bounded when [|3®) — 3(")*||; < some constant C' w.h.p. and /,/ng < C, both of
which are true.

For the spectral method, the proof is almost the same as the proof of Theorem 7, hence
we do not repeat it here..
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F.3 Proof of Theorem 17

We only outline the proof when Algorithm 4 is coupled with Algorithm 1. If Algorithm 4 is
coupled with Algorithm 2, we can follow a similar argument with the proof of Theorem 7.

Denote 1 = 7/ +\/rh + /7 W%thg-wﬁ.
(i) When n < C’\/%: since ||f1(f4)T — AO*(AO*) T, < a small constant ¢, by Lemma
59, w.p. at least 1 — ¢~ CpHlogT) ||f40%) — A9+, < a small constant ¢. Then
by Lemma 56 and Theorem 12, w.p. at least 1 — e~ C(rtlogT) Hfl@%) — A+, <

|A(A)T — AO*(AOT |, < 5. As we commented in the proof of Theorem 12, Lemma
41.(i) still holds for non-linear regression model (7) because the maximum eigenvalue of
Hessian is upper bounded w.h.p. when the evaluation point is close to the true B®*

(ii) When 5 > C', /- the result comes from Lemma 41.(ii), which still holds when ~//ng <

some constant C' because of Lemma E.2 in Duan and Wang (2023).

F.4 Proofs of Lemmas
F.4.1 PROOF OF LEMMA 52

First,

FOB) — F9B) -~ VDB T (B - B) > fD(B) - fO(BY) — viO(BOHT (B - g0
(1]
+ OO - fO(B) — VOO T (g0 — 3.
(2]

By Taylor expansion,
1
([ 9108+ (1= 9Oy - VOO, p - 5O

n Z/ w) 18+ (1= 0) () T8) — g((”)TB)g () 98 + (1 - 6)80")as

(x5 t))T( - _Z Z Et / Et T3+ (1—6)(x l(t))TIB(t)*) _ g’((a:z(»t))Tﬁ(t)*)]da
)T (8 -8
n Z/ Tﬁl o678+ (1 —0)(@") AV 65 - ()T (8 B
>C
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-z (t T 2T g(0)= EPRYMONTOR w
Z // x;’) B+ (1-0)(x;”) BY)+ (1 —w)(x;”) BY")ddod

(@) T (8- BY)?

CaOn TR0 e abn 2% (t),(8) (1)
>C(B-p")'B0(B-p nZ; b ()T (8 — 8P,
where b\ = [ [1 ¢/ (w(3(@!")TB + (1 — 6)(@")TBH*) + (1 — w) (@) T BV*)5d5dw and

|b§t)| <C.T helrefore7 by Holder s inequality,

23 A0 (8 - 8O

=1

n

(18 = B8“*13.

2

Suppose {uj} ", is a 1/64-packing of the unit ball in RP, with N < 129P. By standard
arguments,

ZM ) Tu)?

It is easy to see that for any ¢ > 0,

— sup
T |ull2<1

1 () ((ONT 12
<= 1. 1(2! 124
) ~ n ;2[2}\}7{] {; ’61 | [(mz ) u]]

P (1e1 (@) ) — E{el”| - (@) Tu,]?} > 6) <

and E { {|e][(@!") Tu;)? — B[el”|[(2(") Ty 212 - 1 (Je][(@”) T ? — Bl () Ty ]2 < 0) } <
\/E{]e wgt )Tuj]*} < C < 0. By Corollary 2 in Bakhshizadeh et al. (2020),

P (el [(@”) Tuy? = B{e”| - (@) T} > 8) < exp{~Cnd} + exp{~C(nd)*?},

which entails that w.p. at least 1 — @*C’(erlogT)’

1 - p+logT (p+logT)3/?
n;g%{iz\egt)l-[(w?)fua]}<12%E{I6() @) TPy + [ v

< Cl/
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Hence by Lemma 18 and the assumption on ¢”, w.p. at least 1 — e~ ¢ (PtlogT)

C - -
[HZQW—BMW$?QW—B%—CW—ﬂmW§ (69)

On the other hand, similarly, we can show that w.p. at least 1 — e~ ¢ (P+logT)

21 S 18- 893, (70)
Combining (69) and (70) completes the proof.

F.4.2 PrROOF oF LEMMA 53

Note that V0 (80%) = 23" O g((2{7)T g0z, Where g/ (27T B0 !
sub-exponential in the sense that Eexp{)\egt)g’((wgt))T,B(t) )( i )Tu} < exp{C’Z)\2HuH2} for
any u € R and A € R with [A|[Jull2 < C’. Then the proof is very similar to the proof of
Lemma 43, so we omit the details.

F.4.3 PROOF OF LEMMA 54

The proof is very similar to the proof of Lemma 44, so omitted.

F.4.4 PROOF OF LEMMA 55

Denote Bs = 68 + (1 — 5),@ with some ¢ € [0,1]. It suffices to show that w.h.p, for all
t €10,1] and all ¢ € S, the minimum and maximum eigenvalues of V2 f*)(8;) are bounded
away from zero and infinity.

Note that

n

V2035 = -3 lg/ (@) B 2 ()T

i=1

4= Z 2N 85) =y " (@) Bs) - 2 (2(")T

= >l (@) By 2l al)
=1
(1]
+ LS @ )T B5) — g(@?)TBO] - (@) Bs) - & (D) T

It is straightforward to see that w.p. at least 1 — ¢~ ¢ (P+logT)

< mi ~ < <
0<C< Igélél Amin([1]) < 1116852( Amax([1]) < C" < o0,
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by the condition on ¢’ and Lemma 18. And similar to the analysis in the proof of Lemma
52, w.p. at least 1 — e=C'(ptlogT)

Amax{[?’]) <gc,

where ¢ is small. Similarly, it can be shown that

Z / (@) s+ (1 = w)(@ ) 8 ) dw - g (@) B5) - @) ()T (85— "),

Amax([2]) < C1IBs = B[l S 118 = B[l + 1B - BD*||2 <,

w.p. at least 1 — e~ C'(p+logT)

, where c is small. Putting all the pieces together, we have
0< C < minduin (V2D (85)) < max max (V2 (B5)) < 0" < ox,
€ €

—C(p+logT)

w.p. at least 1 — e . The remaining steps are the same as in the proof of Lemma

31.

F.4.5 PROOF OF LEMMA 56

The proof is similar to the proofs of Lemmas 55 and 29, so omitted.

F.4.6 PROOF OF LEMMA 57
Define B(t) ATAM*9* Tt is easy to see that

148Y) — AD=9|; < [(AAT — D) AD*9W*||; < [|(AT)T AD*||5¢®
Then by Lemma 52, w.p. at least 1 — ¢~ C(PtlogT),
F0a69)— 0 (A40%Y) > | 46% Aefi 12-C")| A0 —BO* |3—C’ ||V £ (B0)]|-] A0L — 46 ||,

where the RHS must be non-positive, otherwise it is contradicted by the definition of OS).

Therefore, HAOS) - Agg)”g < ||A§S) — BO*||y + HVf(t)(ﬁ(t)*)Hé/2 < ¢, where ¢ > 0 is a

small constant, w.p. at least 1 — e~C(®+oeT)  This also implies that HOE;)HQ < C¢® w.p. at
least 1 — ¢~ C'(p+logT),

F.4.7 PROOF OF LEMMA 58
Define B(t) ATAO( ) Ttis easy to see that

|46%) — A6V, < [[(AAT - DAY ||> < [[(AM)T Al <
Then by Lemma 52, w.p. at least 1 — e~ C(PtlogT)

FD(A69)—r0(46%9) > ¢ A6 — A8 3—C"|| A8 —BD* |3—C" |V £ D (D) 5| 46— A8 |15,
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where the RHS must be non-positive, otherwise it is contradicted by the definition of BX) .

Therefore, || A0') — 460 ||, < A0 — BV |y + VO (B1*)]2? < a small constant c
w.p. at least 1 — (pHOgT) ThlS also 1mphes that HAH O _ g+, < HAHS) — AéX)HQ +
||A0A - 0% ||2 + HAHA Y%)|; < a small constant ¢ and ||0S)||2 < C w.p. at least

1 — e ¢ (HoeT) which completeS the proof.

F.4.8 PROOF OF LEMMA 59
By Lemmas 52 and 54, w.p. at least 1 — e~ C@+1ogT) for any Ac orxr

A o A o
FO(APY) + WIIA“)(A(”)T —A(A) |2 - fO(AD"00) — ﬁllzﬁl(“*(z‘l(t)*)T ~A(A) |2

A
> A9\ T (A0 _ AD=gtiy _ 9 X L a1 4091 _ A0xglt)x2
v O ) ( )—2 =+l 13

> | ANe®D — AWgwr2 _ cr, [PTIBT ) gy _ g+, 2}.
n n

By definition of AMO®  the RHS must be non-positive, which gives us

1/2
1AL — AOg1)), < p+logT n A <e
~ n nl/4

where ¢ > 0 is a small constant, w.p. at least 1 — e~ C'(p+logT)

Appendix G. Proofs for Estimation of Intrinsic Dimension r
G.1 Proof of Theorem 9

We already mentioned the motivation of the thresholding strategy briefly in Section 3.
Intuitively, there is a gap between o,.(B%) and o,41(B%) when h and |S¢| are small. But in
practice, we do not have access to the singular values of Bg. We have to estimate By first,
then use the singular value of this estimate. As long as the singular values of the estimate
are not far from the singular values of B, thresholding can work well. We give a rigorous
proof in the following. Most parts of the proof follow the arguments in the proof of Theorem
7.

Consider the decomposition
B = P4pY* 4 P B0 = A(A) O + AT (A7)0 = AW 50, vies.

Denote &5 = {6 }ics, Bs = {405 }ics, B = A0 = (Bs  0,/5¢)), S—{ﬂ s

Bs = {8"}es, Bs = {I1x(B")}hies, B = {I1x(BW)}_,, and Dg = {6 }ies. By a
similar argument as in the proof of Theorem 7,

D * 1 *
IBs/vVT — By/VT|2 = —=|Dsll2

=
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= Umax(Dg)
< ¢h- [\/Famm(Dg) A 1}
E Umax(Dg) :| mintES C(t)
< > il N> £ . h -
~ \/j“ [Jmin(Dg) v (p+logT)/n
< 5
T

when mingeg ¢ - h me”‘((g,%)) A \/77} < \/”H%T. Because n 2 p + log T, we have
min S

[Bs/VT - By VT < O/ (1)

w.p. at least 1—e~C'(@HoeT) GQince R = quantile({g(t)}z;l, 1—€), we have HR(B(t)) = 3®
for &proportion of S among all t € S. In addition, by the fact that max,eg ||B® — B81* ||y <

w/p+l+gT, w.p. at least 1 — e~ (H108T) the assumption mingeg ¢® > 4/ p+l+gT, and € > ¢,

we have _
R < max [[8Y]]> < max ¢, (72)
w.p. at least 1 — ¢~ (PH1ogT)  Therefore,

|Bs/VT ~ Bs/VTls < | Bs/VT ~ Bs/VTlr = | 3" IMa(B0) - B < CVeR.

tes

By Lemma 5.39 in Vershynin (2010), we have

~ T logT
|Bs/NT — By/VTl < 0" < 0y /P08
n n

w.p. at least 1 — ¢~ ¢ (ptlogT)

—C' (p+log T
1 — ¢ ¢'(ptlogT)

. By the equation (71), and the single-task rate, w.p. at least

|Bs/VT — By/VT|s < | Bs/VT — Bs/VT|2 + | Bs/VT = B/VT||2

Tog T
scﬁzﬂc,/“Tog.

Moreover, by the projection, HESC/\/THz < Hésc/\/THF <4/ @ - R < /ER, w.p. at least
1 — e~ ¢'(pHoeT)  Hence w.p. at least 1 — e_C'(P-HogT),

|B/VT — B/VT||2 < |Bs/VT — Bs/VT| + | Bs:/VT||2
< |Bs/VT — B5/VT2 + | B5/VT — Bs/VT |2 + || Bse /VT||2

< (5+C)\/MT%T+(C+1)\/§R.
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Then by Weyl’s inequality, for all ' < r,
= - =~ p+logT _
0 (B/VT) > 0,,(B/VT) — (C + C) — - (C+ 1)VeR
~ logT
> 0, (B5/VT) — (2C + C)W —(C+1)VeR
> S @0+ o) /P8 oy yver
=N -
> 220 + O)\/’% +2(C +1)VeR,

w.p. at least 1 — e~ @' (PH10gT)  when n > %T(}? +1logT') and 2\%6 > 3(C + 1)VeR.

, . 2
The second condition holds because of € < £ —<——) and (72).
maxies ¢ )

r

On the other hand, by Weyl’s inequality, for all 7' > r, w.p. at least 1 — ¢~ C'(P+logT)

o (B/VT) < ar/(E/\/T)+(5+C)\/p+;70gT+(C+1)f€R - (25+0)\/%+(C+1)\/§R,

because o, (B/VT) = 0 when v’ > r. Finally, by setting T} € (2C + C,4C + 2C] and
Ty € (C + 1,2C + 2], we complete the proof.
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