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Abstract

Curriculum learning (CL) is a commonly used
machine learning training strategy. However, we
still lack a clear theoretical understanding of CL’s
benefits. In this paper, we study the benefits of
CL in the multitask linear regression problem un-
der both structured and unstructured settings. For
both settings, we derive the minimax rates for CL
with the oracle that provides the optimal curricu-
lum and without the oracle, where the agent has
to adaptively learn a good curriculum. Our results
reveal that adaptive learning can be fundamentally
harder than the oracle learning in the unstructured
setting, but it merely introduces a small extra term
in the structured setting. To connect theory with
practice, we provide justification for a popular
empirical method that selects tasks with highest
local prediction gain by comparing its guarantees
with the minimax rates mentioned above.

1. Introduction

It has long been realized that we can design more efficient
learning algorithms if we can make them learn on multi-
ple tasks. Transfer learning, multitask learning and meta-
learning are just few of the sub-areas of machine learning
where this idea has been pursued vigorously. Often the goal
is to minimize the weighted average losses over a set of tasks
that are expected to be similar. While previous literature
often assumes a predetermined (and often equal) number
of observations for all the tasks, in many applications, we
are allowed to decide the order in which the tasks are pre-
sented and the number of observations from each task. Any
strategy that tries to improve the performance with a better
task scheduling is usually referred to curriculum learning
(CL) (Bengio et al., 2009). The agent that schedules tasks
at each step is often referred as the task scheduler.

Though curriculum learning has been extensively used in
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modern machine learning (Gong et al., 2016; Sachan &
Xing, 2016; Tang et al., 2018; Narvekar et al., 2020), there
is very little theoretical understanding of the actual benefits
of CL. We also do not know whether the heuristic methods
used in many empirical studies can be theoretically justified.
Even the problem itself has not been rigorously formulated.
To address these challenges, we first formulate the curricu-
lum learning problem in the context of the linear regression
problem. We analyze the minimax optimal rate of CL in
two settings: an unstructured setting where parameters of
different tasks are arbitrary and a structured setting where
they have a low-rank structure. Finally we discuss the theo-
retical justification of a popular heuristic task scheduler that
greedily selects tasks with highest local prediction gain.

Related literature. Despite the lack of the literature on
curriculum learning theory, we found the following prob-
lems under a similar setting. Active learning (Settles, 2009;
2011), addresses the problem of actively selecting unlabeled
data points to maximize model accuracy. Active learning
can be treated as a curriculum learning when each unlabeled
point is a task with point mass. Active learning has also
been used for domain adaptation or transfer learning setting
(Persello & Bruzzone, 2012). Multi-source domain adapta-
tion (Wang & Deng, 2018; Sun et al., 2015) also considers
multiple candidate source domains for a given target task.
Bhatt et al. (2016) proposed an iterative adaptation methods
to integrate the source data from each domain. However,
such adaptive procedure has not been theoretically under-
stood.

2. Background

We would like to point out previous work on three crucial
aspects of CL: two types of benefits one may expect from
CL, task similarities assumptions, and task scheduler used
in empirical studies.

Two types of benefits. There are two distinct ways to
understand the benefits of CL. From the perspective of opti-
mization, some papers argue that the benefits of curriculum
can be interpreted as learning from more convex and more
smooth objective functions, which serves as a better initial-
ization point for the non-convex target objective function
(Bengio et al., 2009). The order of task scheduling is es-
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Figure 1. An example of tasks with increasing non-convexity.
Solid lines of different colors represent the true object functions of
different tasks.

sential here. As an example, Figure 1 shows the objective
functions of a problem with four source tasks and one target
task with increasing difficulty (non-convexity). Directly
minimizing the target task (marked in purple line) using
gradient descent can be hard due to the non-convexity. How-
ever, the simple gradient descent algorithm can converge
to the global optima of the current task if it starts from the
global optima of the previous task. We refer to the benefit
that involves a faster convergence in optimization as opfi-
mization benefit. Optimization benefits highly depend on
the order of scheduling. Generally speaking, if one directly
considers the empirical risk minimizer (ERM) which re-
quires global minimization of empirical risk, there may not
be any optimization benefit.

The second type of benefit concerns the benefit brought by
carefully choosing the number of observations from each
task while independent of the order, which we call statistical
benefit. For example, we have two linear regression prob-
lems that are identical except for the standard deviation of
the Gaussian noise on response variables. If we consider the
OLS estimator on the joint dataset of the two tasks, there is
a reduction in noise level when more samples are allocated
to the task with a lower level, and the benefit is independent
of the order by the nature of OLS. A statistical benefit can
be seen as any benefit one can get except for the reduction
in the difficulties of optimization. (Weinshall & Amir, 2020)
focused on a special curriculum learning task where each
sample is considered a task and they analyzed the error rate
on the samples of different noise levels. They analyzed the
benefits on the error rate of linear models, whose global
minimizer can be easily found. Thus, it should also count
as the statistical benefits.

In general, the two types of benefits can coexist. A good
curriculum should account for both the non-convexity and
the noise levels. However, due to the significantly different

underlying mechanism in the two learning benefits. it is
natural to study them separately. This paper will focus on
the analysis of the statistical benefits. Thus, we analyze
algorithms that map datasets to an estimator for each task
that may involve finding global minima of the empirical
errors for non-convex functions.

Similarity assumptions. We discussed the problem with
two almost identical tasks, where we can achieve perfect
transfer and the trivial curriculum that allocates all the sam-
ples to the simpler task is optimal. However, tasks are
generally not identical. Understanding how much benefits
the target task can gain from learning source tasks has been
a central problem in transfer learning and multitask learn-
ing literature. The key is to propose meaningful similarity
assumptions.

Let X and )Y be the input and output space. Assume we
have T tasks with data distributions D1 ..., D7 over X x ).
Let (X¢,Y;) be a sample from task ¢. Let f; = E[Y; | X4,
a mapping X — ), be the mean function. In this paper, we
adopt the simple parametric model on the mean function
with f; represented by parameter 67 € R

We consider two scenarios: structured and unstructured. In
Section 3, we adopt simple linear regression models and
do not assume any further internal structure on the true
parameters. Two tasks are similar if |0 — 67, |2 is small.
A learned parameter is directly transferred to the target task.
This setting has been applied in many previous studies (Yao
et al., 2018; Bengio et al., 2009; Xu et al., 2021). In Section
4, we study the multitask representation learning setting
(Maurer et al., 2016; Tripuraneni et al., 2020; Xu & Tewari,
2021), where a stronger internal structure is assumed. To be
specific, we write f;(z) = 7 B*3f, where z € R?, B* €
RZ¥F is the linear representation mapping and 3; € R” is
the task specific parameter. Generally, the input dimension
is much larger than the representation dimension (d > k).

These two settings, while representative, do not exhaust
all of the settings in the literature. We refer the reader to
(Teshima et al., 2020) for a brief summary of theoretical
assumptions on the task similarity.

Task schedulers. Many empirical methods have been de-
veloped to automatically schedule tasks. (Liu et al., 2020)
designed various heuristic strategies for task selection for
computer vision tasks. (Cioba et al., 2021) discussed several
meta-learning scenarios where the optimal data allocations
are different, which interestingly aligns with our theoretical
results. For a more general use, one major family of task
scheduler is based on the intuition that the task scheduler
should select the task that leads to the highest local gain
on the target loss (Graves et al., 2017). Since the accurate
prediction gain is not accessible, online decision-making al-
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gorithms (bandit and reinforcement learning) are frequently
used to adaptively allocate samples (Narvekar et al., 2020).
However, there is no theoretical guarantee that such greedy
algorithms can lead to the optimal curriculum.

Notation. For any positive integer n, we let [n] =
{1,...,n}. We use the standard O(-), () and O(-) no-
tation to hide universal constant factors. We alsouse a < b
and a 2 b to indicate a = O(b) and b = Q(b).

3. Unstructured Linear Regression

In this section, we study the problem of learning from T’
tasks to generate an estimate for a single target task.

3.1. Formulations

We consider linear regression tasks. Let 1...,7 denote T’
tasks. Let 07 € R? denote the true parameter of task ¢. The
response Y; of task ¢ is generated in the following manner

Y, = X10F + ¢,

where ¢, is assumed to be the Gaussian noise with E[e?] =
o? and X; ~ N(0,3;), where 33y € R%*4 is the covariance
matrix that is positive definite. Any task, therefore, can be
fully represented by a triple (65, o, 3¢).

Throughout the paper, we are more interested in the un-
known parameters rather than the covariate distribution or
the noise level. We simply denote 8* € R?*7 the parame-
ters of a problem (1" tasks) and let 8 be the ¢-th column of
the matrix.

We make a uniform assumption on the covariance matrix of
input variables. The same assumption is also used by (Du
et al., 2020).

Assumption 1 (Coverage of covariate distribution). We
assume that all Coly = ¥; = Cil; for some constant
Co,C1 > 0and any t € [T).

Goal. Let S} be random n samples from task ¢. Let [ :
R x R — R be a loss function and L;(#) = E[I[(XT6,Y)]
be the expected loss of a given hypothesis 6 evaluated on
task t. Moreover, we denote the excess risk by

Gi(0) = L(0) — i(gl,f Ly(9").

Our goal in this section is to minimize the expected loss of
the last task 7', which we call the target task. Throughout
the paper, we use square loss function.

Transfer distance. Algorithms tend to perform better
when the tasks are similar to each other, such that any ob-
servations collected from non-target task bear less transfer

bias. We define transfer distance between tasks t1,%s as
At1ﬂf2 = ”H; - 922H2

It is not fair to compare the performances between problems
with different transfer distances. To study a minimax rate,
we are interested in the worst performance over a set of
problems with similar transfer distance. Let Q@ € R” be the
distance vector encoding the upper bounds on the distance
between the target task to any task. We define the hypothesis
set with known transfer distance as ©(Q) = U,{60* : ||0; —
03 ]l2 < Q¢} € RT*. The hypothesis set with unknown
transfer distance can be defined as ©(Q) = U, {0" : ||}, —
0:ll2 < Q,,}, where p € [T]7 is any permutation of [77].
We say this hypothesis set has unknown transfer distance
because even if there exists some small Q; such that the
transfer distance is low, an agent does not know which task
has the low transfer distance.

Curriculum learning and task scheduler. This paper
concerns only the statistical learning benefits. Since the
order of selecting tasks does not affect the outcome of the
algorithm, we denote a curriculum by ¢ € [N]T, where
each c¢; is the total number of observations from task ¢ and
>, ¢t = N. Note that ¢ can consist of random variables
depending on the task scheduler. The set of all the curricu-
lum with a total number of observations NV is denoted by
Cy={ce[N]T:3,c; =N}

Any curriculum learning involves a multitask learning al-
gorithm, which is defined as a mapping A from a set of
datasets (S7,...,S7") to a hypothesis 6 for the target
task.

A task scheduler runs the following procedure. At the start
of the step i € [N], we have n; 1,...,n; observations
from each task. The task scheduler 7 at step 4 is defined as
a mapping from the past observations (S7"", ..., S7"") to
a task index. Then a new observation from the selected task
T(S7", ..., 83" € [T is sampled.

Minimax optimality and adaptivity. One of the goals of
this work is to understand the minimax rate of the excess
risk on the target task over all the possible combinations of
multitask learning algorithms and task schedulers. We first
attempt to understand a limit of that rate by considering an
oracle scenario that provides the optimal curriculum for any
problem.

Rigorously, we denote the loss of a fixed curriculum ¢ € Cy
with respect to a fixed algorithm .4 and problem 6 by

Ry (e, A|0) =Eger  ger Gr(A(ST', ..., 57")).

We define the following oracle rate, which takes infimum
over all the possible fixed curriculum designs given a fixed
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task set with different 8 in a hypothesis set ©.

RY(©) :=infsup inf RY¥(c, A|8). (1)
A gco ceCnN

In general, the above oracle rate considers an ideal case,
because the optimal curriculum depends on the unknown
problem and any learning algorithm has to adaptively learn
the problem to decide the optimal curriculum.

We ask the following question: can adaptively learned cur-
riculum perform as well as the optimal one as in Equ. (1)?
To answer the question, we define the minimax rate for
adaptive learning:

R} (©) = infinf sup EGr(A(ST", ..., S777)), ()
A T gco

where ¢ € Cy is the curriculum adaptively selected by

the task scheduler 7 and the expectation is taken over both

datasets S, ..., St and cr.

In this section, we are interested in the oracle rate in (1)
compared to some naive strategy that allocates all the sam-
ples to one task. This answers how much benefits one can
achieve compared to some naive learning schedules. We are
also interested the gap between Equ. (1) and Equ. (2).

3.2. Oracle rate

In this section, we analyze the oracle rate defined in Equ. (1).
We first give an overview of our results. For any problem
instance, there exists a single task ¢ such that the naive
curriculum with ¢; = N matches a lower bound for the
oracle rate defined in Equ. (1).

For any task ¢t € [T, its direct transfer performance of the
OLS estimator on the target task 7" can be roughly bounded
by A7 +do?/N.

Thus, our result implies that essentially, the goal of curricu-
lum learning is to identify the best task that balance the
transfer distance and the noise level.

Theorem 1. Let Q be a fixed distance vector defined above.
The oracle rate within ©(Q) in Equ. (1) can be lower
bounded by

N : o , do?
R7(©(Q)) 2 Co mtln{Qt + W}' (3)

Proof highlights. Kalan et al. (2020) showed a minimax
rate of the transfer learning problem with only one source
task. They considered three scenarios, which can be uni-
formly lower bounded by the right hand side of Equ. (3).
Our analysis can be seen as an extension of their results to
multiple source tasks. In general, let the rate in (3) be ¢ and
C > 0 be a constant. Let t* be the best task indicated by (3).
Any task ¢ with a large distance (Q; > (') is not helpful to

learn the target task. Thus, samples from these tasks can be
discarded without reducing the performance. For any task
t with Q; < C4, we will show that any sample from task ¢
gives almost as much as information as the best task ¢* gives.
Thus, one can replace them with a random sample from the
best task t* without reducing the loss. Then the problem can
be converted to a single source task problem, from where we
follow the lower bound construction in Kalan et al. (2020).

3.3. Minimax rate for adaptive learning

The problem can be hard when the transfer distance is un-
known. We introduce an intuitive example to help under-
stand our theoretical result. Assume we have three tasks
including one target task and two source tasks. One of the
two source tasks is identical to the target task. We have n
samples for both source tasks, while no observations from
the target task. In this example, even if one of the source
tasks is identical to the target task, no algorithm can decide
which source task should be adopted, since we have no infor-
mation from the target task. In other words, any algorithm
can be as bad as the worst out of the two source tasks. This
is not an issue when the transfer distance is known to the
agent in the oracle scenario. This example implies that to
adaptively gain information from source tasks, we will need
sufficient information from the target task. Otherwise, there
is risk of including information from tasks that contaminates
the target task. Similarly, (David et al., 2010) also showed
that without any observations from the target task, domain
adaptation is impossible.

More generally, even if we have some data from the target
task, we will show that one is not able to avoid o7 term,
the learning difficulty of the target task. Now we formally
introduce our results.

Theorem 2. Assume T > 4. Let Qgyp, > 0. Let Q be a fixed
distance vector that satisfies Q1 = 0 and Q¢ = Qsup > 0
forallt =2,...,T — 1. The minimax rate in Equ. (2) can
be lower bounded by

=N A . o2log(T  do?
RY6(@Q) 2 min{ ™) 2 ) 1 min TL. (4

Theorem 2 implies that without knowing the transfer dis-
tance, any adaptively learned curriculum of any multi-
task learning algorithm will suffer an unavoidable loss of
02.log(T)/N, when Qyp is large. Compared to the rate
o2d/N without transfer learning, there is still a potential
improvement of a factor of d/log(T) when Qs and o2
are small.

Upper bound. As we showed above, there is a poten-
tial improvement of d/log(T"). This is because given the
prior information that one of the source tasks is identical
to the target task, the problem reduces from estimating a
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d-dimensional vector to identifying the best task from a
candidate set, whose complexity reduces to log(7T').

In fact, a simple fixed curriculum could achieve the above
minimax rate. Assume that any ||0}]2 < Cs for some
constant Cy > 0. Let ¢ = N/2 and for all the other tasks
¢, = N/(2T — 2). Foreacht = 1,...T — 1, let 0, be the
OLS estimator using only its own samples. Let 6, be the
projection of §, onto {# : ||#]l < C5}. Then we choose
one estimator from ¢ = 1,...,7T — 1, that minimizes the
empirical loss for the target task:

N/2
t* = arg minZ(YTﬂ' — XL .0,)% (5)
te[T-1] ’

Theorem 3. Assume there exists a task t such that Ay 7 = 0
and ||0f |2 < Cs. With a probability at least 1 — §, 0y~

satisfies -
Cy o% dTaf*
N + ON ) (6)

Gr(f1) < CoC2log(Td/5) (

Note that t* is a random value. However, when all ¢ satisfy
dTo} < Apazo2log(T), the first term is the dominant
term and our bound matches the lower bound in (4). This
could happen when 0% > o7 forallt = 1,...,T — 1.

General function class. As we mentioned before, though
it is difficult to identify the good source tasks, the complex-
ity of doing so is still lower than learning the parameters
directly. We remark that this result can be generalized to
any function class beyond linear functions. Keeping all the
other setup unchanged, we assume that the mean function
fi € Fi : X — Y for some input space X and output space
Y shared by all the tasks. For convenience, we assume there
is no covariate shift, i.e. the input distributions are the same.
We give an analogy of Theorem 3.

Assumption 2 (Assumption B in Jin et al. (2021)). Assume
I(-,y) is Lo-strongly convex and Lq-Lipschitz at any y € ).
Furthermore, for all x € R% and t € [T),

E[VI(f;(X),Y)| X =a] = 0.

Assume we have N/(2T — 2) observations for all tasks
t=1,...,T and N/2 observations for the target task. Let
ft be the empirical risk minimizer of the task ¢. Similarly to
(5), let
t* = argmin 1 (f2),
te[T—1]

where [ is the empirical loss on task 7. Let L* =
minge(r—1) Lr(ff) and ' = argmin,c;p_y) Lr(ff). We
will use Rademacher complexity to measure the hardness
of learning a function class. We refer readers to (Bartlett &
Mendelson, 2002) for the detailed definition of Rademacher
complexity.

Proposition 1. Given the above setting and Assumption 2,
we have with a probability at least 1 — 6,

A L
Gr(fe) SL"+ f; (RN/T(]'—t/) +

1og<1/6>>
N/T )’

where R (F) is the Rademacher complexity of function
space F.

This bound improves the bound for single target task
learning, which scales with R (Fr), when Ry (Fr) >
R/ (Ft-). The underlying proof idea is still that identify-
ing good tasks is easier than learning the model itself.

4. Structured Linear Regression

Now we consider a slightly different setting, where we want
to learn a shared linear representation that generalizes to
any target task within a set of interest.

A lot of recent papers have shown that to achieve a good
generalization ability of the learned representation, the algo-
rithm have to choose diverse source tasks (Tripuraneni et al.,
2020; Du et al., 2020; Xu & Tewari, 2021). They all study
the performance of a given choice of source tasks, while it
has been unclear whether an algorithm can adaptively select
diverse tasks.

4.1. Problem setup

We adopt the setup in Du et al. (2020). Let d, k > 0 be the
dimension of input and representation, respectively (k < d).
We also set T' < d. Let B* € R?** be the shared repre-
sentation. Let 83, ..., 3% € R¥ be the linear coefficients
for prediction functions. The model setup is essentially the
same as the setup in Section 3.1 except for the true parame-
ters being B*3;. We call this setting structured because if
one stacks the true parameters as a matrix, the matrix has a
low-rank structure. To be specific, the output of task ¢ given
by
Y, = X[ B*B} + e

We use the same setup for the covariate X, as in Section 3

and we consider 0% = - -+ = g% = o2 for some o2 > 0.

Diversity. Let t; be the task selected by the scheduler at
step <. It has been well understood that to learn a representa-
tion that could generalize to any target task ¢’ with arbitrary
B, we will need a lower bound on the following term

N
A (Z B;ﬂ;:T> = AN ks (7
=1

where )\ is the k-th largest eigenvalue of a matrix, i.e. the
smallest eigenvalue. Basically, we hope the source tasks
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cover all the possible directions such that any new task could
be similar to at least some of the source tasks. Equ. (7)
serves as an assumption in (Du et al., 2020). When the true
B are known, we can simply diversely pick tasks. When the
B; are unknown, the trivial strategy that equally allocates
samples will perform badly. For example, let T >> k and let
all the 5;,t = k+1,...,T be identical. The trivial strategy
will only cover one direction sufficiently, which ruins the
generalization ability.

In this section, we will show that it is possible to adaptively
schedule tasks to achieve the diversity even in the hard case
discussed above.

4.2. Lower bounding diversity

In this section, we introduce an OFU (optimism in face of
uncertainty) algorithm that adaptively selects diverse source
tasks.

Two-phase estimator. We first introduce an estimator on
the unknown parameters. Assume up to step ¢, we have
dataset S, ..., S;"" for each task t. We evenly split

each dataset S;""" to two datasets Sf}t) and Si(i), both with a
sample size of |n; ;/2]. We solve the optimization problem
below:

B; = argmin min E E ly — =7 BB:||?,
dxk BieRF te[T
BeRdxk Bt [ ]te[T] (m,y)es,l(}g
and §; ; = arg min E lly; — x; BBy, ||2
k
BteR (:C,y)ESEi)

Note that we split the dataset such that B’i and Bm are
independent.

Algorithm 1 CL by optimistic scheduling
1: Input: T tasks and total number of observations N
and constant y > 0.
2: Sample [y(d + log(IN/J))] samples for each task.
3: for i = T'[~(d +1og(N/0))] +1,...,N do
4:  Construct confidence set B; ; for each ¢ € [T] accord-
ing to Equ. (8).
5:  Select t; according to Equ. (9).
6: end for
7: return: Curriculum (4, . ..

7tN)

Optimistic task scheduler. Our algorithm runs by keep-
ing a confidence bound for B*j; for each ¢ € [T] and
each step ¢ € [N]. Lemma 1 introduces a suitable upper
bound construction. Lemma 1 holds under the following
assumptions.

Lemma 1. Let k = Cy/C1. Assume Assumption 1 hold.
There exists universal constants v > 0, > 0 such that, at

all step i > T[v(d + log(N/9))], with a probability 1 — 6,

we have for allt € [T,

aCso?dklog(kNGS/T)
C%ni,t ’

where n; ; is the number of observations from task t up to

step 1.

IBY Bie — B* 5143 S

Following the bound in Lemma 1, we construct the confi-
dence set with width
Cso?dklog(kN3/T)
Wi,t = 2
Cl Nt

At each step ¢ for each task ¢, we construct a confidence set
around B;f3; ¢,

Bii={0eR": HBszt — 0|3 < Wi} ®)

Then following the principle of optimism in face of uncer-
tainty, we select the task ¢; such that
i
t; € argmax max A
¢ ;ge[T] 0€B; ¢ k(

1
0,07 +007) 9)
1

J

and 0; = arg maxpep, )\k(zz;ll 0,07 +007). Here 0; is
our belief for task ¢ at the step 7.

Now we are ready to present our lower bound results for
diversity. Our results hold under two assumptions. The
first assumption require the representation matrix B* is not
degenerated. We also assume boundedness on 3} ’s.

Assumption 3. Assume the largest singular value of B* is
smaller than Cy for some Cy > 0.

Assumption 4 (Boundedness). We also assume that
1B 11> < Cs forall t € [T).

Theorem 4. Suppose Assumption 3 and 4 hold. Assume
for all v € R¥ ||u||s = 1, there exists some task t
such that v B*B; ;T B*Tv > X for some X\ > 0. Let
ti, i =1,..., N be the tasks select by Algorithm I for some
constant o. Then there exists some o > 0, such that with a
probability at least 1 — 6,

Avgk o A \/UQngleog(/iN/(T(S))

N ~ Cik C2C2\N

If we are provided with the oracle, we will only have the
first term above. When N is sufficiently large, the second
term in Theorem 4 is negligible and we will achieve di-
versity asymptotically as long as dkT" < N. Our proof
follows the standard framework for OFU algorithms. We
first show the correctness of the confidence set implied by
Lemma 1. Then the key steps are to show the optimism,
ie. )\k(ZZN:l 0;07) = Q(A\/k) and to bound the difference
term between the belief Ay, (Zfil 0:07) and the actual value
AN, k. We provide the proof in Appendix E.
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4.3. Upper bound results

Though the lower bound in Theorem 4 is already satisfying,
we still want to shed some light on whether the dependency
on y/1/N is avoidable by showing an upper bound result in
Theorem 5.

Theorem 5. For any curriculum learning algorithm, there
exists T tasks (T > k) such that for all v € R* ||v|2 = 1,
there exists some B}, ||5fv|| > 1 and

E[)\N,k] < Mmaxy,, . tyelT] M (L, 81857 _|e*T

N N NE3°

Theorem 5 states that the y/1/N dependency is unavoidable,
while there is still a gap of dk* between the upper bound
and the lower bound. Our hard case construction is inspired
by the case where the naive strategy that allocates samples
evenly. To be specific, we consider 7" tasks such that & of
them are diversely specified and all the other T" — k tasks are
identical. Naive strategies will fail by having Ay 1 ~ ﬁ
We divide T tasks into |T'/k| blocks. Then we construct
similar problems. Different problems have the diverse tasks
in different blocks. The difficulty of the problem becomes
identifying the block with diverse tasks, which is analogous
to the idea of bandit model in a general sense. From here,
we follow a similar proof of stochastic bandits (Lattimore &
Szepesvari, 2020). The full proofs can be found in Appendix
F.

5. Analysis of Prediction Gain

In this section, we give some theoretical guarantees on
prediction-gain driven task scheduler under the unstruc-
tured setting discussed in Section 3. We do not consider the
structured setting because it is not clear how to apply the
prediction-gain driven method to multitask representation
learning setting.

Prediction Gain and convergence rate. We define pre-
diction gain in the following way. At the step ¢, a mul-
titask learning algorithm 4 maps any trajectory H; =
{21,.5,yt, 5 }i=1 to a parameter § € R for the target task.
Let the estimate at step 7 be §;. The prediction gain is
defined as

G(A, Hi.}rl) = LT(ez) — LT(97;+1).

At the start of the round i, the prediction-gain based task
scheduler selects ¢; € [T'] such that G(A, H;) is maximized.

Note that in general, prediction gain is not observable to the
algorithm before x¢, ; and ¥, ; are actually sampled. There
are simple ways to estimate prediction gain, for example,
from several random samples from each task.

In a linear model, the prediction gain is equivalent to con-
vergence rate.

Lr(0:) = L (0i41) = 105 — 071135, — 10341 — 07[1%,,.-

Weinshall & Amir (2020) discussed various benefits of cur-
riculum learning by show that their strategy gives higher
local convergence rate. It is not clear from the context that
the greedy strategy that selects the highest local prediction
gain gives the best total prediction gain in long run.

Decomposing prediction gain. Considering a identical
covariance matrix 2; = I, the loss over a given parameter
6 can be written as || — 0|3 + 2.

Assume the gradient is calculated from a sample from the
task ¢. According to the update of SGD, at the step ¢, we
have

Oi1—07 = (T—n;w{" 2T (0:-07)+miz” (e+2T 07),

where OtA’T =6 —01.
The one-step prediction gain is
105 — 071> = 110541 — 07|
* t
= 0ill0: = 0717, o3y — N (e 2l 6303
* t t
= ni(0: = 07)" (1 —mwVal )V (s - 2T O).

The first term on the R.H.S is the absolute gain shared by
all the tasks. On expectation, the second term is

—En?|zi(e;—a 050) 13 = ~Earf |zill3 (o7 107 12, 0)-
(10)

In expectation, the third term is

— En(0; — 05)T (1 — mxim?)xixépﬁfT
= —E(1 — nllael|3)mi(0; — 05) "zl 0pp. (1)

Now we discuss term (10) and (11), respectively. (11) is
independent of o7 and it is a dynamic effects depending
on the current estimate 6;. That means (11) is independent
of the task difficulty and its constantly changes. When
(0; — 03) Tzl (07 — 05)T < 0, the task ¢ has a larger
prediction gain. This is when the gradient descent direction
is consistent in both target and the task ¢.

For term (10), we notice that task difficulty o7 and transfer
distance A; 7 play equal importance in the prediction gain
measure regardless of the number of observations.

Optimality of prediction gain.
defined by

Let t* be the optimal task

do?
t* = argmin A? . + —¢.
gt t,T N
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We consider an averaging SGD algorithm with a step size
n; = 1/i. In general, let Oy = Zivzl 0;/N. The follow-
ing Theorem shows that the performance of the averaging
SGD with an accurate prediction-gain based task scheduler
matches the minimax lower bound in Theorem 1.

Theorem 6. Assume >1 = --- = Xp = I. Assume
07113 < Cs for all t. Given T tasks with noise levels
Oy U% and transfer distance Ay 1, ..., Ar 7, let O

be the averaging SGD estimator with an accurate prediction-
gain based task scheduler defined above. We have

(do?. + Cs)log(N)

Gr(On) S AL+ + N

12)

Theorem 6 gives an upper bound on G-(f) that matches
the lower bound in Theorem 1.

5.1. Simulation Studies

To compliment the theoretical analyses, we conduct simula-
tions studies by applying actual SGD with tasks chosen to
maximize the local prediction gain. We consider two SGD
scenarios: 1) assuming the algorithm has the accurate esti-
mate on the prediction gain as in our analysis; 2) algorithms
that have to estimate prediction gain.

For the second scenario, we follow Graves et al. (2017),
which regard the task scheduling as a sequential decision-
making problem. A popular choice of agent is to use adver-
sarial bandit model. To be specific, we use EXP3 algorithm.
See Appendix H for details of the algorithm. Bandit algo-
rithm runs by maximizing rewards. In our experiments, let
0, be the estimate at the step <. We sample one observation
(z4,y;) from the target task after each gradient descent, and
the reward r; at the step ¢ is given by
ri = (yi =0 q2:)” — (yi — 0] i),

To evaluate the accurate prediction gain, we directly calcu-
late the distance ||0; — 0; |2

Following the setup throughout the paper, we consider a
multitask linear regression problem. We set 7' = 5 and
o? = 0.001,0.01,0.1,1,1 for t = 1,...,5, respectively.
Note that the 5-th task is the target task. We test the effects
of total number of observations n = 10, 50, 100, 500, 1000
and the effects of dimension d = 5, 10, 50, 100. By default,
we set n = 1000 and d = 5. The true parameters of all
the tasks are sampled from A (0, 0.0017,). On expectation,
the transfer distance A%T between task ¢ and the target task
is about 0.01d. The input z’s are sampled from the same
distribution A/(0, 1) for all the tasks.

Figure 2 shows the L, distance of the final estimate and the
true parameters of the target task. Our simulation results
suggest that 1) prediction-gain based task scheduler can

04
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Target

= EXP3

AcC
01

10 100 1000

L2 Norm

Scheduler

Target

—=- EXP3
Acc

L2 Norm

0 25 50 75 100

Figure 2. L, distance between the final estimate 6; and 67 under
different total numbers of observations n and different numbers of
dimensions d. The confidence intervals are the standard deviation
of 1000 independent runs.

significantly improve the performance over the target task,
when there exists some source task with low transfer dis-
tance and low noise; 2) there is still benefits when scheduler
has to adaptive select tasks which coincidences our Theorem
3. The results are robust under different choices of n and d.

6. Discussion

In this paper, we discussed the benefits of Curriculum Learn-
ing under two special settings: multitask linear regression
and multitask representation learning. In the multitask lin-
ear regression setting, it is fundamentally hard to adaptively
identify the optimal source task to transfer. In the multitask
representation learning setting, a good curriculum is the cur-
riculum that diversifies the source tasks. We show that the
extra error caused by the adaptive learning is small and it is
possible to achieve a near-optimal curriculum. Then we pro-
vided theoretical justification for the popular prediction-gain
driven task scheduler that has been used in the empirical
work.

Our results suggest some natural directions for future work.
We show a lower bound (Thm. 5) on the diversity in the
multitask representation learning setting, while leaving a
gap of d compared to our upper bound (Thm. 4). We believe
this gap is because a loose construction of the hard cases
that ignores the difficulty of learning the shared representa-
tion. Another direction is to show whether prediction-gain
methods with no accurate gain estimation could still have
performance close to lower bounds for the adaptive learning
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setting.

An important direction is to consider the how the order of
presenting tasks affects the learning performance. Since the
order of tasks are irrelevant for the analysis on empirical
risk minimizer, one have to analyze the actual benefits in
terms of optimization.
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A. Proof of Theorem 1

Proof. Our proof is inspired by the proof of (Kalan et al., 2020), which gives a lower bound construction for the two-tasks
transfer learning problem. Our results can be seen as an extension of their constructions to multiple-source tasks setting.

We define the optimal task

d 2
t* = argmin{Q? + ﬁ}.
¢ N

2
Let 6% = (Q% + %) /64. In general, we construct T x M parameters {0; ; }+c[r],ic[a] With the ¢-th row corresponding
to the hypothesis set of the ¢-th task.

We start by constructing the the hypothesis set of the target task and the task t*. Let 8’ = Qy+ /16 + 6. By definition, we
have §’ < 1.54.

Consider the set © = {6 : ||0]|2 < 20’}. Let {6y 1, ..., 0+ ar} be a ¢’-packing of the set in the Lo-norm (|| ; — 04 ;|2 >
d’). We can find the packing with log(M) < dlog(2). Since ;- ;, 8, ; € ©, we also have |0« ; — 04 ;|2 < 46’ for any
i,7 € [M].

Now we construct hypothesis set for the target task. For all ¢ € [M], we choose 07 ; such that ||01 ; — 64+ ;]2 = Q= /16.
So the construction for the target tasks satisfies

||0T,i — 9T}j||2 Z 6/ — Qt*/16 Z 5/2 and ||9T,i — GT,J’”Q S 4(5/ + Qt*/16 S 56/.

Now we discuss two cases. For any task ¢ with Q; > 5¢’, we randomly pick a parameter in the hypothesis set of
the target task which we denote by 6, and we set all 6, ; = ¢, for all ¢ € [M]. This construction is valid since any
[01,i — O7ill2 < 50" < Q.

For any task ¢ with Q; < 58, we will use the same construction as we use for t*.

Let J be a random variable uniformly over [M] representing the true hypothesis. The samples for each task ¢ is i.i.d.
generated from the linear model described in Section 3.1 with a parameter ; ;. Our goal is to show that on expectation, any
algorithm will perform badly as in Theorem 1.

Let E; be a random sample from task ¢ given the true parameter being 0, ;. Similarly to (5.2) in (Kalan et al., 2020), using
Fano’s inequality, we can conclude that

13)

T .
RY(0(Q)) > 4° <1 _ log(2) + %gt(-%tw, Et>> |

We proceed by giving an uniform bound on the mutual information. We will need the following lemma to upper bound the
mutual information term.

Lemma 2 (Lemma 1 in (Kalan et al., 2020)). The mutual information between J and any sample E; can be upper bounded
by I(J; Ey) < ﬁ Z” Dk, (Pgm Py, ), where Py, , is the induced distribution by the parameter 0y ;. Furthermore we
have

Dt (Po,., |IPs,,) = 12 (Bri — 005)113/(202) < Collbui — 0:,5113/(202).

Using Lemma 2, we bound the mutual information of any task ¢.
Lemma 3. Under the constructions introduced above, the mutual information

12
I(J; Ey) < 5772006'2for all't € [T7.

0%

Proof. For any task in the first case discussed above (Q; > 54"), the mutual information I(.J; E;) is 0. Thus the statement
holds trivially.
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Now we discuss the second case above. By definition, we have

dat

Q7 + > Qi+ = 646°. (14)

Note that
Q: <50 =5(Q¢-7/16 + ) < 7.50.

Pluggmg back into (14), we have do?/N > 752, and by definition we have doZ /N < 646%. Therefore, we have
o2 > 7ok /(64).

Since the constructions are the same for the second case, the mutual information can be uniformly bounded by

32C) 2 512C
I(J, Ey) < M2 Z 707 o2 ||9t*,i - ot*,jHQ 7Ut* 5.

O
Finally, we follow the analysis in Section 7.4 of (Kalan et al., 2020). Using Lemma A on Equation (13), we have
v , log(2) + N512C0 52
RY(©(@) > ¢ [ 1- ——
Plugging in §' = @4~ /16 + J, we can conclude
R} (0(@) 2 @ + VL.
O

B. Proof of Theorem 2

Proof. We first show the lower bound of the first term within the maximization. We construct the following problem: we
have T'— 1 tuples of parameters {(01 ;,...,0r 1}l 1 , where 6, ; corresponds to the parameters of the ¢-th task. Let {6; ?:11
be a set of parameters that are 25-separated for some 6 > 0. The parameters of our source and target tasks are chosen in the
following manners:

1. 6, =0, forallt € [T —1].
2. Op,; = 0; foralli € [T —1].

Two important properties of this construction is that 1) there is always one source task that is identical to the target task; 2)
the information from source tasks can not help learn the target task.

Let J follow the uniform distribution over [T' — 1]. Assume we have nq, ..., ny and ny be the number of observations for
T — 1 source tasks and target task from parameter (61 s, ..., 07— j), respectively.
Proposition 2. Since J is independent of (01, . ..,01_1,5), we have the mutual information I(J;01 ,...,07_1,5) = 0.

Let ¢/ be any test statistics that maps our dataset to an index. For all v, by Fano’s Lemma, we can conclude that

- 1 M
RY(6(Q)) > 0212 > P{u(S]", ..., S, S77) # j}
i=1

I(J;9(ST, ..., S77T)) + log(2))
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To proceed, we analyze the mutual information
I(J;9(57% -, 5p7))
< I(J;87, ..., 547)
(By the independence of ST, ..., S7" 1" and S77)
<I(J; ST, ..., SE) + I(J; 807
=I(J; S77).

Let E' be a random sample from the target task. We follow the analysis from (Kalan et al., 2020), which construct 6 by the
26-packing of the set
{0:0 R |62 < 46}

Then we can find such packing as long as T' — 1 < dlog(2). The mutual information by the above construction gives
3242

5
or

I(J; S7T) < npl(J; E) < np

By choosing the optimal §* = log((T — 1)/2)02./(64nr), we have for some ¢ > 0,

RY > o2 log(T — 1)'
nr

Note that the lower bound by Theorem 1 still applies here. In total, since np < N, we have

- 2 log(T do?
Ry 2 Ty 00

The above analysis only works when Q;ub > §* = log((T — 1)/2)0%/(64nr). Otherwise, one will at least suffer Q2

plus the learning difficulty term min; d%. O

C. Proof of Theorem 3
Since the number of observations for each source task is N/(27 — 2), we notice that

~ To2 1 T
Lu(lre) - Ly(07) 5 Lot oa/O),

Using Assumption 1 and the definition of the loss function, we have

CodTco2 1og(T/6)
C1N '

16 — 6715 <

The proof of Theorem 3 is similar to many proofs of generalization bound. We let the empirical loss on the target task w.r.t 6

be
A 9 N/2

T 2
Lr(0) = + Z; (Yr,; — X7.,0)" .
Write Yr; = X%ﬂ’q‘i +ep. Let Sy = % S XT,iX%i be the sample covariance matrix. We start with

Lr(6y) — min Lr(6y)

te[T—1]
< Lp(Bp) — min Lp(8 ,) — Lr(0
< Lp(04-) tef[lill}ill] Lr(6:) + Qté{lj@iil] |L7(60:) — L7(6;)]

=2 Ly(8,) — Ly (6
terr[liél}l” 7(0:) — L (04)],

where the last equality is based on the definition of t*.

Now we bound the difference term. Let np = N/2.
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Lemma 4. With a probability at least 1 — 0, we have

C1C3dlog(T/8)o2 n d + log(0)

4 — [(0,)] <
|L7(0:) — L7(04)] S - o

Sforallt € [T —1].

Proof. We make the following decomposition.

L (6:) — L (6,)]
. . 1 & . .
=16 = 07112, + 07 — nr Z[X%,i(ot —07) — e’

=1

<||‘9t*9T||2T 2T+|UT Z€T1|+7|ZXT7

Now we bound the three terms above separately The second term is the concentration for x2(nr) distribution. We have
with a probability at least 1 — §/(37), |02 — el S 07 (\/10g(3T/0) /ng +1og(3T/6) /nr).

nT

To proceed, we consider the concentration of sample covariance matrix.

Lemma 5 (Matrix Hoeffding’s inequality). Let X1, ..., X, be centered, independent, symmetric, d X d random matrices
that are sub-Gaussian with parameters V1, ..., V,,. Then for all 6 > 0 with a probability 1 — §,

1 « 202 1 &
=Y Xillop < A/log(2d/8)=—, where 6 = ||= Y Vj.
Hn; llop </ log( /)n where o Hn; |

Using the boundedness of both 0, and 6%, [|6; — 0||a < Cy. Then applying Lemma 5, we have with a probability at least
1—-6/(37),
log(T'd/d)

< C3C, -
T

10— 031% 5.

For the third term, we apply the martingale concentration inequality on the sum Y., XT i(ét — 0%)er i, we have with a

probability at least 1 — 6/(37T"), we have forall t € [T — 1]
CoCa0%10g(T/5)

nr

7‘ZXT'L —07)er| <

D. Proof of Proposition 1

Proof. The target task is basically minimizing the empirical loss over T' — 1 estimators. We first apply the standard
generalization bound with Radermacher complexity

log(T — 1 1)
(ft*)<ter[r%1n1]LT(f)+\/2 Og(N 1)+C\/2 ogjffl/ )7

where c is a universal constant.

To proceed, we bound minge(7_1) L ( f+). By the assumption, we have L* = min; Ly (7). Let the task that realizes the
minimization be ¢’. Using Assumption 2, we have
Ly

Juin Lr(f) < Lr(fe) = B yal(Fe, Yo) < L+ LB llfe = fo1? < L7+ 2 (Lo (f) = Li).

We can apply the generalization bound on Ly ( ft/) — L}, which gives us the result.
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E. Proof of Theorem 4

E.1. Proof of Lemma 1

We will borrow some techniques from (Du et al., 2020) for the proof of Theorem 4. We start with the proof of Lemma 1,
which provides a valid confidence set for the unknown parameters B*3;. First, we let X ﬁ) be the covariance matrix of the
first split Si(}t).

Claim 1 (Covariance concentration on the first split.). For § € (0, 1), there exists a constant y1 > 0 such that with a
probability at least 1 — 6 /10, we have

2
0.93; < —X(’t) (1) <1.1%; forallie {i' € [N]:ny > v(d+1log(N/d))}.

Nt

Claim 2 (Covariance concentration on the second split.). For d € (0, 1), there exists some o > 0 such that for any given
B € R™2F that is independent oin(i), with a probability at least 1 — §/10, we have

0.9BTY, B < BTX<2)TX<2)B <1.1BTSyB foralli € {i' € [N]: niy > ~v2(d + log(N/5)).

Nt

)

Let v = max{v,72}. Recall that K = Cy/C1. Then the good events in Claim 1 and 2 hold for all i : n; . >
[v(d +log(N/d))]. We first apply the Claim A.3 in (Du et al., 2020), which guarantees the loss on the source training data.
We rephrase it here as Lemma 6. Note that the only difference is that we require the good events hold for all 7 : n; ;’s are
sufficiently large.

Lemma 6 (Claim A3 in (Du et al., 2020)). With a probability at least 1 — §/5, we have

§jnx*1 Bifii— B*8)3 S 0 (KT + dklog(i/T) + og(N/8)) foralli: ni. > [(d +log(N/3))].  (16)

YVi=Pywy (X mB*ﬁt + z;). To proceed, for any fixed ¢’ € [T, we have

Note that X i Bl ;= '
it

X(I)B
o? (kT + dklog(ki/T) + log(N/6))

1X5) (Bibia — B )3

M’ﬂ

w
Il
-

1 *
1Py, 5. (X1 B*B; + 20)II3

I
M=

o
Il

1

1 * Q%
>N Py, 5, XY BB 113

M=

o~
Il

1
T

> 0.9 Z %szyzgiztB*ﬁ:Hg (Using Claim 1)

> 0.45C, antllP 1725, %0 BB 113
t=1

—045012\|P Y2 Et’B*ﬂt [&
Jj=1
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Then we have
|BiBv — BB I3

1 D A * Q%
aIIE?(BiBy - B35

IN

IXN(B;By — B*B5)||2  (Using Claim 2)

zt’

[ —
- OQCan t

(2) 2
OQCM(H X®,B; X, B Blls + P <i>/32t’2)

For the second term above,
o IPyin g0l ~ X (K)
Thus with a probability at least 1 — 4, || P X3 B2 12 < k+1og(NT/S) forall ' € [T] and i > T[v(d + log(N/4))].
Therefore, we obtain the bound: for all ¢ > T[ (d+1og(N/d))] and all ¢ € [T, it holds that
|Bify — B BLI2 < 6 (kT + dk locgl(zj/t/?;)c—i— log(N/§) n k+ lori(j/\fT/(S)>

o Cso%dk log(/-eNcS/T)
C] IR

N

E.2. Proof of the full theorem

Now we prove the full theorem. By Assumption 3, we convert our target )\d(zij\; By BT to )\d(zilil B*g; BT B*T):

N
1 * *T * * *
T AL > a3 BT
i=1
Then we follow the standard decomposition framework of UCB analysis:
N N N
—)\d Z B*B; BB = ()\k(z 0:07) + (> BB B BY) = M | 6:6] )) : (17)

i=1 i=1 i=1

Our proof proceeds by first showing
N
1 o
—A E 0,07 > \/d
N k(iil (3 ) — / Y

which is usually interpreted as optimism. Then we bound the difference term

N N

1 .

N (Ak(E BB BT BT =MD 9i9f)> ;
i=1 i=1

which is expected to vanish when N becomes large.

Proof of optimism. We apply Lemma 1 and have 6; € Bg,. Since B*p; € By, forall t € [T],i € [N], itis easy to show
that the greedy selection over B7"; will lead to

N
Z §T>/\N 1).

We prove by induction. Assume at any step n, we have for all ||v||; = 1,

n

vy 007y > Ai/k - 1).

i=1
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We will show that at the step n + k, we will at least have

vy 007 v > A(i/k).

=1

The proof is simple, if there exists a v such that the above inequality fails, we will select a task that brings it to A(i/k). This
process can be done at most & times.

Upper bounding the differences. We first write the difference of eigenvalues in terms of the difference of the matrices.
We will use a trick here.

N N
k(ZB*ﬁz‘,ﬁ’ZTB*T) Me(Y_ 0:67)

= min 7 g B* By, min 7 E 0,607y
vll2=1

N

min 7 E B*B; BT B* v — min v" E 0,07 v
; v -
=

T lvfle=1

N
> min1< Ty (BB BT - éé?)v)

vll2= P
N ~ o~
> ”rrlllin v (B*B; BT B*T — 0,07 )v
= v|2=1
N ~
> = BB, — ;)12 BB, 2)
i=1
N ~
> —2C5 Y ||B*B;, — il
i=1
Applying Lemma 1 and by the construction of the confidence set f";, we have

~ Cso2dklog(kNS/T
|B*6;—ei||2s\/ Cos D),
1Tt

Thus,

N
ot 0T o ~ C202dklog(kNS/T C202dkTN log(kNd/T
ZB 58T T — M3 6:07) 2 =3 4[5 C%(t /)z—Z\/ : 02( Ry

i=1 i 1%, i

Plugging this back to the decomposition term (17) we arrive the final bound.

F. Proof of Theorem 5
Assume we have T tasks in total. We pick a set of orthogonal vectors {f31, . .., B} € R¥ with ||3;]|3 = A\. We first construct
a simple instance in the following way: the first k tasks are diverse such that (3}, ..., 5;5) = (b1,..., k). Then all the

other tasks share the same parameter 3;. We denote the instance by v. This construction is hard for naive task scheduler that
evenly allocates samples to all the tasks since the direction for 37 will be over-exploited.

We evenly divide T tasks into M = |T'/k| blocks. Let Ty, be the total number of visits in the m-th block. For any task
scheduler, there exists m’ € [M] such that E[T},,] < 4% by pigeonhole theorem.
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Then we construct another instance denoted by v’ such that v is the same as v’ except for that the m-th block has the
parameters (201, . .., 20 ) for the & tasks in the block.

Let P, and P, be the probability measure on the linear regression model with true parameter defined in Section 3.1 for v
and v'.

Define Ay (7, v) be the expected difference using task scheduler 7 on instance v, i.e.
N
Anp(T,v) = max /\k(Z; B BiT) = Ak

Thus, applying Bretagnolle-Huber inequality (Theorem 14.2 (Lattimore & Szepesvdri, 2020)) we have

NA NA
Anip(T,v) + An (T, 0") > ﬁ(PU(Tl < N/M)+ P,y (Thy > N/M)) > ﬁexp(—D(Pv,PU/)).
where D(P, Q) is the relative entropy between distributions P and Q).
Then we apply Lemma 15.1 (Lattimore & Szepesvari, 2020), which we rephrase here.

Lemma 7. Let P; and P/ be the probability measure of the t-th task using true parameters from v and v', respectively. We
also let T; be the number of observations on the t-th task. Then we have

D(Py, Py) EjE@n (PeF) SEo[T] _  max DB, F).
Now since D(P;, P}) = ||8: — Bf1|?/(20?) = A2 /(20?), we have

NA N2

!
> — —_—).
Ani(T,v) +Anip(T,0") > % eXP(ZMUQ)

QM" , we have

AN,]C(T/U) —&-AN,}C(T,@/) >oVNM/k = U\/NT/]{Z3.

Choosing A =

G. Proof of Theorem 6

Proof. We follow the standard procedure of the convergence analysis of SGD. Let ¢; be the task that the task scheduler

(t

chooses at the step 4. Let v, ) be the virtual gradient calculated at the step ¢ if task ¢ is scheduled, i.e.

o = 20T (g — )20 4 (D50,

where e( and x(t) is the random noise and the input sampled at the step ¢ from task ¢. To start with, let 9521 be the virtual

next step if task ¢ is scheduled. We have

e(t)

* * t
=05 =0, — 65 — .

By algebra, we derive
165, — 032 — ||9- — 07|
= —2mi(0; — 05) T2 2T (0, — 03)+
2m<9 —9T>T DT (0 — 05)~
27 (0; — 05)e; + 2 |v”||2.

(t)

Taking expectations over z; ()

and ¢; ~ and arrange the equation, we have

16; — 0312 — By .10, — 62
2m;

16: — 0711” = + (0 = 07)"(6; = 07) + 5 o1, (18)
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where [E, ; takes marginal expectation over the randomness of xE and e(t) Note that
Ly (6:) - oF = [10: — 07]1*.
Plugging this into Equ. (18), we have

16 = 51| — Brallofy — 072 T ey T
Lr(0:) = o = = 4 (0= 07)T (67 — 07) + 5 o]

Since this holds for any ¢, we let t = ¢* and note that by the definition of the task scheduler with accurate prediction gain
estimate,

E||6; — 03] < E||6S" — 632

We have
E[Lr(6;)] — o7
e = Gé‘rllz _Hf)zif —O 7 L B0, — 03)7 (01 — 03) + BE |2
ui 2
Summing over all¢ = 1,..., N, we have

Z E[Lr(0;)] — No7

167 — 6212 — [16L) — o512

N
<ZIE o i+l + 3 B 65)7 (65 — Z’”EH )2,
¢ i=1

Note that taking 7; = 1/1, the first term on the right hand side collapses to — N IE||9 N1 — O05l? <0.

To proceed, we have

N

ZE(ai 07)" (0; — 01)

i=1

N
< E(9;, — 6 9* an )2
<> E(0; - 07)" (05 Z [CH

N
<Y E(0; — 07)" (07 — 07) +log(N)(07.d + Cs)

IN

N N
D El6: — 05124 D 1165 — 0312 + log(N)(07.d + Cs).

By solving the inequality, we have
N N
> OEN6 - 63)" | < ZEH@Z‘* — 07| +log(N)(of.d + C5)

Z 7+ log(N)(02.d+ Cs)

Divided by /N on both side, we reach Theorem 6. O
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H. Additional details for simulations

We provide the details for EXP3 algorithm. The EXP3 task scheduler picks tasks from {1, ..., 7}, which is the action set
for the bandit problem. In our experiment, = 0.85.

Algorithm 2 Exponential-weight Algorithm for Exploration and Exploitation (Exp3)
1: Input: T, K,n
. Set Sy, = 0 forall t € [T).
fori=1,...,ndo

eXP(’?Sm—l‘t)
2 forallt € [T
Zt’E[T] exP(nSz—l,ﬂ) [ ]
Sample ¢; from P; and receive reward r;

Calculate Si,t — Szeu +1— 11“%514)

: end for

2
3
4:  Calculate P;; <
5
6
7




