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ABSTRACT

For a sequence of classification tasks that arrive over time, lifelong learning
methods can boost the effective sample size of each task by leveraging informa-
tion from preceding and succeeding tasks (forward and backward learning). How-
ever, backward learning is often prone to a so-called catastrophic forgetting in
which a task’s performance gets worse while trying to repeatedly incorporate in-
formation from succeeding tasks. In addition, current lifelong learning techniques
are designed for i.i.d. tasks and cannot capture the usual higher similarities be-
tween consecutive tasks. This paper presents lifelong learning methods based on
minimax risk classifiers (LMRCs) that effectively exploit forward and backward
learning and account for time-dependent tasks. In addition, we analytically char-
acterize the increase in effective sample size provided by forward and backward
learning in terms of the tasks’ expected quadratic change. The experimental eval-
uation shows that LMRCs can result in a significant performance improvement,
especially for reduced sample sizes.

1 INTRODUCTION

In practical scenarios, classification problems (tasks) often have limited sample sizes and arrive
sequentially over time. Lifelong learning (also known as continual learning) can boost the effective
sample size (ESS) of each task by leveraging information from preceding and succeeding tasks
(forward and backward learning) (Ruvolo & Eaton, [2013;|Lopez-Paz & Ranzato,2017;/Chen & Liu,
2018). The general goal of such approaches is to replicate the humans’ ability to continually improve
the performance of each task exploiting information acquired from other tasks.

The development of lifelong learning techniques is hindered by the continuous arrival of samples
from tasks characterized by different underlying distributions. In particular, backward learning (also
known as reverse transfer) is often prone to a so-called catastrophic forgetting in which a task’s
performance gets worse while trying to repeatedly incorporate information from the succeeding
tasks (Kirkpatrick et all, 2017; Hurtado et all, 202 1;; [Henning et al.,[2021)). More generally, lifelong
learning methods face a so-called stability-plasticity dilemma: the excessive usage of information
from different tasks can result in a performance decrease while a moderate usage does not fully
exploit the potential of lifelong learning (Rolnick et all, 2019; Ke et alJ, 2021)).

Most of lifelong learning techniques are designed for tasks sampled i.i.d. from a task environment
(Baxter, [2000; Maurer et al), 2016; [Denevi et all, 2019), and current methods cannot capture the
usual higher similarities between consecutive tasks. For a sequence of tasks that arrive over time,
it is common that the tasks are time-dependent and consecutive tasks are significantly more similar.
For instance, if each task corresponds to the classification of portraits from a specific time period
(Ginosar et all, [2015), the similarity between tasks is markedly higher for consecutive tasks (see
Figure [I). In the current literature of lifelong learning, only [Pentina & Lampert (2015) considers
scenarios with time-dependent tasks and analyzes the feasibility of transferring information from the
preceding tasks. On the other hand, methods designed for concept drift adaptation (Zhao et all,2020;
Tahmasbi et all, 2021); |Alvarez et all, 2022) account for time-dependent underlying distributions but
only aim to learn the last task in the sequence.

This paper presents lifelong learning methods based on minimax risk classifiers (LMRCs). The pro-
posed techniques effectively exploit forward and backward learning and account for time-dependent
tasks. Specifically, the main contributions presented in the paper are as follows.
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Figure 1: For tasks that arrive over time, consecutive tasks are often more similar. Forward and backward
learning can exploit such similarities and extract information from preceding and succeding tasks.

* The presented LMRCs minimize the worst-case error probabilities over uncertainty sets
obtained using information from all the tasks.

* We propose learning techniques that can effectively incorporate information from the ever-
increasing sequence of tasks and provide performance guarantees for forward and back-
ward learning.

* We analytically characterize the increase in ESS provided by forward and backward learn-
ing in terms of the expected quadratic change between consecutive tasks.

* We numerically quantify the performance improvement provided by the presented learning
techniques in comparison with existing methods using multiple datasets, different sample
sizes, and number of tasks.

Notations Calligraphic letters represent sets; || - |1 and || - || denote the 1-norm and the infinity
norm of its argument, respectively; < and > denote vector inequalities; I{-} denotes the indicator

function; and E,{ -} and Var,{-} denote the expectation and the variance of its argument with
respect to distribution p. For a vector v, v(¥) and vT denote the i-th component and the transpose of
v. Non-linear operators acting on vectors denote component-wise operations. For instance, |v| and
v2 denote the vector formed by the absolute value and the square of each component, respectively.

2 PRELIMINARIES

In the following, we denote by X the set of instances or attributes, ) the set of labels or classes,
A(X x V) the set of probability distributions over X x ), and T(X,)) the set of classification
rules. A classification task is characterized by an underlying distribution p* € A(X x )) and
supervised classification methods use a sample set D = {(x;,y;)}", formed by n i.i.d samples
from distribution p* to find a classification rule h € T(X’,Y) with small expected loss ¢(h, p*).

In lifelong learning, sample sets Dy, Do, ... arrive over time steps 1, 2, . .. corresponding with dif-
ferent classification tasks characterized by underlying distributions p;, p2,.... At each time step
k, lifelong learning methods aim to obtain classification rules hy, ho, ..., hy with small expected
losses £(hy,p1),€(ha, p2), ..., L(hg, px) for the current sequence of k tasks. For instance, overall

performance is usually assessed by the averaged error % Zle £(h;, p;). As depicted in Fig.[1] for
each j-th task with j € {1,2,...,k}, lifelong learning methods obtain the classification rule h;
leveraging information obtained from sample sets Dy, D, ..., D; (forward learning) and from sam-
ple sets Djy1,D;12,..., Dy (backward learning). Most existing lifelong learning techniques are
designed for tasks characterized by distributions p1, p2, . . . such that the tasks’ distributions p; are
independent and identically distributed (i.i.d.) random probability measures for ¢ = 1,2,.... In
the following, we propose lifelong learning techniques designed for time-dependent tasks that are
characterized by distributions pi, pe, ... such that the changes between consecutive distributions
Pi+1 — pi are independent and zero-mean random signed measures for ¢ = 1,2, .... Such assump-
tion can account for usual higher similarities between consecutive tasks; for instance, it implies that

Di+t — Di is a zero-mean random variable with Var{p; ., —p;} = 22:1 Var{p;+; —pi+j—1}, while
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the i.i.d. case would imply that p;;; — p; is a zero-mean random variable with Var{p;,+ — p;} =
Var{p;+1 — pi} = 2Var{p; } for any ¢ and s.

As described above, lifelong learning methods consider tasks characterized by different distribu-
tions. The methods presented below are based on the framework of minimax risk classifiers
(MRCs) (Mazuelas et all, 2020; 202243b) since MRCs can utilize general expectation estimates ob-
tained from samples with different distributions. MRCs learn classification rules by minimizing
the worst-case expected loss against an uncertainty set that can include the underlying distribution
with high probability. Such uncertainty sets are given by constraints on the expectation of a feature
mapping ® : X x Y — R™ as

U={peAX xY) : [E{®(z,y)} — 7| X A} M

where T denotes a mean vector of expectation estimates and A denotes a confidence vector. Fea-
ture mappings are vector-valued functions over X x ), e.g., one-hot encodings of values from the
last layers in a neural network (Bengio et al), 2013; [Kemker & Kanan, [2018; [Mohri et al., 2018;
Hurtado et alJ, 2021)).

Given the uncertainty set &/, MRC rules are solutions of the optimization problem

— mi h 2
R(U) poin ) ma ¢(h, p) )

where R(U) denotes the minimax risk and ¢(h, p) denotes the expected loss of classification rule
h for distribution p. In the following, we utilize the 0-1-loss so that £(h,p) = E {I{h(x) # y}}
and the expected loss with respect to the underlying distribution becomes the error probability of
the classification rule. Deterministic MRCs assign each instance z € X with the label h(z) €
arg max,cy ®(x,y)Tp* where the parameter p* is the solution of the convex optimization problem

+ ATl 3)

Oz, y)Tp—1
min 1 — 7T+ max ZyEC (@y) p
n 2eX,CCY IC]|

given by the Lagrange dual of (2).

MRCs provide bounds for the error probability with respect to the minimax risk R({/) and the
smallest minimax risk as described in [Mazuelas et al/ (2020; [2022a:b). The smallest minimax risk,
denoted by R°°, is the minimax risk corresponding to the ideal case of knowing mean vectors
exactly, that is, R°° is the minimax risk corresponding with the uncertainty set 4> = {p € A(X x
Y) : E{®(z,y)} = E,«{®(z,y)}}. Such minimax risk coincides with the Bayes risk if the
underlying distribution is the worst-case distribution in uncertainty set given by the true expectation
of feature mapping (Mazuelas et al.,|2022a). If the mean vector of expectation estimates is obtained
using a sample set D formed by instance-label pairs from the same underlying distribution, then the
performance bounds of MRCs are of the usual order O (1/+/n) where n is the sample size of D.

In lifelong learning, the baseline approach of single-task learning obtains a classification rule h; for
each j-th task leveraging information only from the sample set D; = {(;,v;.:)}.2, of size n;. In
that case, LMRCs coincide with MRCs for standard supervised classification that obtain the mean
and confidence vectors as

1 &
Tj:;Z(I)('rj,iayj,i)v }\j:\/s—j, sj:o?/nj (4)
7 =1

with o-? an estimate of Var, {®(x,y)}, e.g., the sample variance of the n; samples. The vector s;
describes the mean squared errors (MSEs) of the mean vector components and directly gives the
confidence vector A; as shown in @.

In the following sections, we describe techniques that obtain the mean and MSE vectors using
forward and backward learning. Once such vectors are obtained, LMRC methods take the con-
fidence vector A; as in and obtain the classifier parameter p; for each j-th task solving the
convex optimization problem in (@) that can be efficiently addressed using conventional methods
(Nesterov & Shikhman, [2015; Tao et alJ, 2019).
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3  FORWARD LEARNING WITH PERFORMANCE GUARANTEES

This section presents the recursions that allow to obtain mean and MSE vectors for each task retain-
ing information from preceding tasks. In addition, it characterizes the increase in ESS provided by
forward learning in terms of the tasks’ expected quadratic change and the number of tasks.

3.1 FORWARD LEARNING

The proposed techniques for forward learning account for time-dependent tasks and obtain classifi-
cation rules for each task leveraging information from preceding tasks. Let 7 and s}~ denote the
mean and MSE vectors for forward learning corresponding to the j-th task for j € {1,2,...,k}.
The following recursions allow to obtain 7 and s~ for each j-th task using those vectors for the
preceding task 757, s as

N S; N
T :TJ‘JFm(Tj—l—Tj) ®)
1 1 B
s = (—, t 2> ©6)
i 8.1 t+d;

with 7; and s; given by @) and 77" = 71, 57 = s1.

The vector d? assesses the expected quadratic change between consecutive tasks. In the following,
the change between consecutive tasks is described by w; = 75° — 752, forany j € {2,3,...,k}
where 73° = B, {®(z,y)} is the expectation of the feature mapping with respect to the underlying
distribution. If p; — p;_1 are independent and zero-mean for j = 2, 3, .. ., then vectors w; are also
independent and zero-mean for any feature mapping.

Taking di = E{w?} = E{(7° — 7°,)?} and 0? = Var,, {® (z,y)} for any i, the recursion
in () provides the unbiased linear estimator of the mean vector 777 based on Dy, Dy, ..., D; that
has the minimum MSE, while the recursion in (&) provides its MSE (see Appendix[Alfor a detailed

derivation). Vectors o and d? can be estimated online using the sample sets. In particular, o can

be estimated as the sample variance, while d? can be estimated using sample averages as

T
2

di = W ;(Tiz - 7-1'171)2 (7
where ig, i1, ..., iw are the W + 1 closest indexes to ¢ in {1,2,...,k}.

Recursions (3)-(@) obtain mean and MSE vectors for the j-th task by acquiring information from
the j-th sample set D, and retaining information from preceding tasks. Specifically, recursion (3)
obtains the mean vector 7> by adding a correction to the sample average ;. This correction is

J
proportional to the difference between 7; and ‘rjil with a proportionality constant that depends on

the MSE vectors s;, s;~; and the expected quadratic change d?. In particular, if s; < s~ + d?,

the mean vector is given by the sample average as in single-task learning, and if s; > s;~; + d?,
the mean vector is given by that of the preceding task. Note that for forward learning, at each step &,
only the vectors for the last task 7, and s need to be obtained from those of the (k — 1)-th task.
The vectors for the remaining j-th tasks with j € {1,2,... k — 1} stay the same as at step k — 1
(see also Fig.2land Alg. [ below).

3.2 PERFORMANCE GUARANTEES AND EFFECTIVE SAMPLE SIZES

The following result provides bounds for the minimax risk for each task with respect to the smallest
minimax risk. For each j-th task, we denote by R7° the smallest minimax risk and by p?7° the
classifier parameter that determines the optimal minimax rule, as described in Section[2l In addition,
we denote by R(Z/lf ) the minimax risk over uncertainty set U;~ determined as in (I) using the mean

and confidence vectors 7~ and A;” = \/8;" provided by (5) and (6).
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Theorem 1. Let M and  be such that M > ||®(z,y)||co ¥(z,y) € X x Y and

o (@gi)) o (wj(l))
K> — K> . forj=1,2,...;kandi =1,2,...,m
RO Fo
j J

(
j
j-th task, o(z) denotes the sub-Gaussian parameter of a r.v. z, i.e., E{e!*~E{zD} < (/2 g,
Forany j € {1,2,...,k}, we have that

where &' denotes the r.v. given by the ¢-th component of the feature mapping of samples from the

N M(k+1)4/2log(2m/é .
RU;) < R° + (vt 1) og (2m/9) Hu‘f”l with prob. at least 1 — ¢ (8)
VT
o2 |loo .
with ni* =y and n* > nj 4+ 5 g G for j > 2.
Proof. See Appendix[Bl O

The excess risk in inequality (8) decreases as O(1/ \/f ) using the forward learning methods pro-

posed, while such difference would decrease as O(1/ N ) using only the information of the j-th
task. Therefore, n;~ in (8D is the ESS of the proposed LMRC method with forward learning. The
ESS of each task is obtained by adding a fraction of the ESS for the preceding task to the sample
size. In particular, if d? is large, the ESS is given by the sample size, while if d? is small, the ESS
is given by the sum of the sample size and the ESS of the preceding task.

Other existing methods provide comparable performance bounds (Mohri & Medina, 2012;
Pentina & Lampert, [2015). Such bounds decrease with the number of tasks and increase with the
change between consecutive distributions. Specifically, bounds in Proposition 1 of [Mohri & Medina
(2012) and in Theorem 7 of |Pentina & Lampert (2015) are proportional to the discrepancy and to
the Kullback-Leibler divergence between consecutive distributions. The bound in Theorem[Iabove
decreases with the number of tasks and increases with the expected quadratic change d? between
consecutive distributions. Note that the coefficient » in (§) can be taken to be small as long as the
values used for o; and d; are not much lower than the sub-Gaussian parameters of ®; and wj, re-

spectively. In particular, & is smaller than the maximum of M/ minﬂ{ay)} and 2M/ minj,i{d;i)}
due to the bound for the sub-Gaussian parameter of bounded random variables (see e.g., Section
2.1.2 in[Wainwright (2019)).

Theorem[TIshows the increase in ESS in terms of the ESS of the preceding task. The following result
allows to directly quantify the ESS in terms of the sample size and the expected quadratic change.

Theorem 2. Let d, o; and n be such that d* > ||d7 ||, [|0%]loc < 1,andn < njforj =1,2,... k.
Forany j € {1,2,...,k}, we have that the ESS in (8) can be taken so that it satisfies

. 1 =11 - . 2
n; 2n(1+( +o) 5T a) withaa = ——. )
a(l+a)? 14+« /1+#_1
In particular, for 5 > 2, we have that
N j—1 . 2 1
n; >n (1 + T) if nd® < 3_2
N 1 . 1 o
ny >n|{l+—x= it =< nd® <1
‘ 5v'nd? J
N 1 o
n; 2n(1+3nd2> if nd® >1
Proof. See Appendix[Cl O

The above theorem characterizes the increase in ESS provided by forward learning in terms of the
tasks’ expected quadratic change. Such increase grows monotonically with the number of preceding
tasks j as shown in (9) and becomes proportional to j when the expected quadratic change is smaller
than 1/(j2n). Figure[3below further illustrates the increase in ESS with respect to the sample size
(nf /n) due forward learning in comparison with forward and backward learning.
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4  FORWARD AND BACKWARD LEARNING WITH PERFORMANCE GUARANTEES

This section presents the recursions that allow to obtain mean and MSE vectors for each task retain-
ing information from preceding tasks and acquiring information from succeeding tasks. In addition,
it characterizes the increase in ESS provided by forward and backward learning in terms of the tasks’
expected quadratic change and the number of tasks.

Backward learning is more challenging than forward learning since, for each task, the sequence of
succeeding tasks is ever-increasing due to the continuous arrival of tasks, while the sequence of
preceding tasks is always the same. The repeated usage of information from the succeeding tasks
can result in a so-called catastrophic forgetting in which the tasks’ performance gets worse over
time. The techniques proposed below for backward learning effectively increase the ESS over time
by carefully accounting for the new information at each step.

4.1 FORWARD AND BACKWARD LEARNING

The proposed techniques for forward and backward learning account for time-dependent tasks and
obtain classification rules for each task leveraging information from preceding and succeeding tasks.
From preceding tasks, we obtain the forward mean and MSE vectors 73, 87 using recursions (3)-

J o
(6, while from succeeding tasks, we obtain the backward mean and MSE vectors Tjk, sfk

recursions (3)-(@) in retrodiction. Specifically, vectors ‘rjk and sjk are obtained using the same

using

. . .. . —k 2 —k : — 2 N
recursion as for 75~ and s~ in (§)-(€) with 5531, d5;, and 751 instead of 57~ ,,dj, and T} ;.

Let Tj:k and sj:’C denote the mean and MSE vectors for forward and backward learning correspond-
ing to the j-th task for j € {1,2,...,k}. The following recursions allow to obtain, at each step k,
the mean and MSE vectors ‘rfk and sfk for each j-th task using those vectors for forward learning

- : —k ok =k _ — =k _ o—
7, ,s; andbackward learning 735, 85 as T = 7,7, 817" = 8, and
=k _ _— Sj koo
STt e (T Ty ) (10)
J J+1 +1
-1
- 1 1
s = =+ ———— (11)
Si S tdin

with T,jk = T and s,jk = 8. Analogously to the case of forward learning in Section[3.1] taking
d} = E{w?} and 6 = Var,, {® (z,y)} for any i, the recursion in (I0) provides the unbiased
linear estimator of the mean vector 73° based on D1, Do, ..., Djand Djt1, Djio, ..., Dy thathas
the minimum MSE, while the recursion in provides its MSE (see Appendix [A] for a detailed
derivation).

Recursions (I0)-(I1) obtain at step k the mean and MSE vectors for the j-th task by retaining
information from preceding tasks and acquiring information from succeeding tasks. Specifically,
recursion (I0) obtains the mean vector 7" by adding a correction to the mean vector of the corre-
sponding task 7 obtained for forward iearning. This correction is proportional to the difference

between 7-7 and 737 with a proportionality constant that depends on the MSE vectors s, sjjkl

and the expected quadratic change d? +1- In particular, if sf < sjjkl + d? 1, the mean vector is

given by that of the corresponding task for forward learning, and if sf > sjjkl + d? 11, the mean
vector is given by that of the succeeding task for backward learning. ‘

4.2 IMPLEMENTATION

This section describes the implementation of the proposed LMRCs with forward and backward
learning and its computational and memory complexities.

Figure 2] depicts the flow diagram for the proposed LMRC methodology. The proposed techniques
carefully avoid the repeated usage of the same information from the sequence of succeeding tasks.

6
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At each step k, new backward mean vectors
T+1f0r] = k—1,k—2,..,k — b are ob- +TJ 1—>T —>TJ+1*
talned for b backward steps, then the forward
and backward mean vectors Tj:k given by (10)
are obtained from the forward mean Vectors
7 and the backward mean vectors 77 +1 In
particular, 7~ provides the informatlon from

the preceding tasks 1,2, ..., 7, while 73, +1 pro- fo_kl <~ Tfk ‘—Tﬁrkl [~
vides the information from the succeedlng tasks
I+ 1L 5+2,... .k Figure 2: Diagram for LMRC methodology.

Algorithm 1] details the implementation of the proposed LMRCs at each step. For k steps, LMRCs
have computational complexity O((b + 1) Kmk) and memory complexity O((b + k)m) where K
is the number of iterations used for the convex optimization problem (@), m is the length of the
feature vector, and b is the number of backward steps. In particular, if b = 0, LMRC carries out only
forward learning. The complexity of forward and backward learning increases proportionally to the
number of backward steps that can be taken to be rather small, as shown in the following. Even more
efficient implementations can be obtained using Rauch-Tung-Striebel recursions (see e.g., Section
7.2 in|Anderson & Moore (1979)) that can obtain T?k from Tﬁkl as shown in Appendix[D}

Algorithm 1 LMRC at step &

Input: Dy from new taskandﬂ'],sj,ﬂ'J 185
Output: p; fork —b < j <k, Tk, 8k, Tk , 8

5 for k — b < j < k from previous b — 1 steps

Obtain sample average and MSE vectors 75 © = T4, s; © = s, using the sample set Dy, > Single-task
Estimate the tasks’ expected quadratic change d> using (7)
Obtain the forward mean and MSE vectors T4, , s, using (3)-(8) > Forward

Take A\, = /s; and obtain classifier parameter 1, solving the optimization problem (3)
fory=k—1,k—2,...,k—bdo
Estimate the tasks’ expected quadratic change d? using (@)
Obtain backward mean and MSE vectors ‘rjikl, s;rkl using (3)-(@) in retrodiction > Backward
Obtain mean and MSE vectors ‘rj:k, sj:k using (T0)-(T1D > Forward and backward

Take )\j:k =\ /.sj:k and obtain classifier parameters pt; solving the optimization problem @

4.3 PERFORMANCE GUARANTEES AND EFFECTIVE SAMPLE SIZES

The following result provides bounds for the minimax risk for each task with respect to the smallest
minimax risk. For each j-th task and step k, we denote by R(Uf’“) the minimax risk over uncer-

=k

tainty set L{j:k determined as in (I)) using the mean and confidence vector ’Tj:k and )\fk = /8

j
provided by (I0) and (II).
Theorem 3. Let M, k, and nf be as in Theorem[Tl For any 7 € {1,2,...,k}, we have that

- 1 \/21 (2m/§)
n—
J

—k llolloo
+1 |\02||oo+ n 5 ld3 Ml

H[J,J H with prob. at least 1 — ¢ 12)

with nk =n,, and ny =k > n +n3; for j < k — 1, where the backward

llolloo

ESSs satisfy n; % = n, and nHc >n,+n5;
y k k i+ g+1 |\0'2||oo+n]+1|‘dg+1”°°

Proof. See Appendix[El O

To the best of our knowledge, Theorem [3] provides the first performance guarantees for lifelong
learning that show positive backward transfer. In particular, the bounds for forward and backward
learning provided by inequality (I12) are significantly lower than those for forward learning in The-
orem[Il The ESS of each task is obtained by adding a fraction of the ESS for the succeeding task
to the ESS of the corresponding task using forward learning. In particular, if d? is large, the ESS

is given by that with forward learning, while if d? is small, the ESS is given by the sum of the ESS
using forward learning and the ESS of the succeeding task.
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Theorem 3 shows the increase in ESS in terms of the ESS with forward learning and the ESS of the
succeeding task. The following result allows to directly quantify the ESS in terms of the sample size
and the expected quadratic change.

Theorem 4. Let d, o ; and n be such that d* > deHoo, [o3lc < 1,andn < njforj=1,2,... k.

Forany j € {1,2,...,k}, we have that the ESS in (I2) can be taken so that it satisfies

_ 1 -t - 1 2(k=5)+1 _ 1 — 9
nj_an(l—i-( +a) 5T o, (+a) ST a> withoy = ——————.
a(l+ )14+« a(l + a)2k=+1 4 o /1_’_%_1
(13)
In particular, for 7 > 2, we have that
=k o j(k =) < J—1 j(k =) ) : 2 1
n; - >n; +n——=-—>n(1+ + = - if nd” < —
o J+2k—j) ~ 3 jt2k—) J?
nﬁk>n4—|—l“£ >nl|l1+ 2 if i<7”Ld2<1
J — 7 5 dz - 5 /_ndQ j2 >~
1 2
=k — 2
O 2n<1+3nd2> if nd® > 1
Proof. See Appendix[H O

The above theorem characterizes the increase in ESS provided by forward
and backward learning in terms of the tasks’ expected quadratic change.
Such increase grows monotonically with the
number of preceding tasks j and with the num-

ber of succeeding tasks k — j as shown in (I3). 1008 = 5 -

In addition, it becomes proportional to the total ) . +n21/ Sn
number of tasks k£ when the expected quadratic Y ~ Mo /n
change is smaller than 1/(j%n) and j > k/2. N i /n
Figure [3] further illustrates the increase in ESS o % \3‘\\ =0 Nigo/T
with respect to the sample size (nfk /n) due @, N3 —* nigh% /n
to forward and backward learning in compari- ™ nhlo /m,
son with forward learning. Such figure displays 5r

the three intervals that are discussed in Theo-

rems 2 and @ In particular, the ESS signifi- 2t

cantly increases when nd? decreases between ‘ ‘ ‘

1 and 1/j2. Note also that in most of the sit- 10~ 0 2 !

uations, the benefits of backward learning are ) )
achieved using only b = k — j = 3 backward Figure 3: ESS increase provided by forward and back-
steps ward learning.

5 NUMERICAL RESULTS

This section first compares the classification performance of LMRCs with state-of-the-art techniques
using multiple datasets, then we show the performance improvement of the presented LMRCs due
forward and backward learning. In the supplementary materials, we provide the code for LMRCs
together with additional implementation details and numerical results in Appendix[Gl

The proposed method is evaluated using 6 public datasets: “Yearbook™ (Ginosar et all, [2015), “Im-
ageNet noise” (Mai et al), [2022), “UTKFaces” (Zhang et al., 2017), “Rotated MNIST” (Jin et al.,
2021)), “DomainNet” (Peng et al!, 2019), and “CLEAR” (Lin et all, 2021). These datasets are
composed by time-dependent tasks (images with characteristics/quality/realism that change over
time). The last two datasets are multi-class problems and the rest are binary (see further details
in Appendix [G). For all methods, instances are represented by pixel values in "Rotated MNIST"
dataset, and by the last layer of the ResNetl8 pre-trained network (He et all, 2016) in the re-
maining datasets. The proposed LMRC method is compared with 4 lifelong learning techniques:
gradient episodic memory (GEM) (Lopez-Paz & Ranzato, 2017), meta-experience replay (MER)
(Riemer et all, 2018), efficient lifelong learning algorithm (ELLA) (Ruvolo & Eaton, 2013), and
elastic weight consolidation (EWC) (Kirkpatrick et al!,[2017). The hyper-parameters in these meth-
ods are set to the default values provided by the authors. LMRCs are implemented using b = 3



Under review as a conference paper at ICLR 2023

Table 1: Classification error and standard deviation of the proposed LMRC method in comparison with the
state-of-the-art techniques.

Dataset Yearbook ImageNet noise DomainNet UTKFaces Rotated MNIST CLEAR
n 10 100 10 100 10 100 10 100 10 100 10 100
GEM | .18 £.03 .17+.03 | 39+£.08 .13+.07 | .69+.05 .53+.10 |.12+.00 .124+.00 | .36 +.06 .28+.02 |.57+.10 .09+.02
MER | .16+.03 .10+.01 | .174+.03 .10+.01 | 38+.04 .26+.04 | .17+.09 .11+.01 | .37+.09 45+.10|.10+.03 .05+.02
ELLA | 454+.09 43+.10 | 484+.05 47+.04| .67+.05 .67+.05|.19+.12 .17+.11 | 48+.05 47+.05]| .61 +.06 .60=+.05
EWC | 47+.05 27+.06 | .47+.04 46+.06|.75+£.04 .74+£.05|.12+£.00 .12+.00 | 48+.01 .40+.01 | .65+.03 .62+.04
LMRC | 13+.04 .08+.02 |.15+£.03 .09+.01 |.34+.06 28+.01 [.10£.01 .10+.00 |.36+.01 .21+.00 |.09+.03 .05+.02

—+Forward n = 10 ] —+—Single-task
o —*Forward and backward n = 10 —+—Forward k = 10
Z ~& Forward 1 — 100 —+ Forward and backward k = 10
= ) - Forward k = 100
(f - n — 0.3 H

%)u % Forward and backward n = 100 § ~# Forward and backward &k — 100
Z 5
= =
I g
3 ]

Q
§ g 0.2
g kS
£ © 4
Ed
@)

0.1F
]b 30 50 76 3
Number of tasks k Sample size n
(a) Classification error per number of tasks in (b) Classification error per sample size in “Year-

“Yearbook™ dataset. book” dataset.

Figure 4: Forward and backward learning can sharply boost performance and ESS as tasks arrive.

backward steps and the expected quadratic change d? is estimated using W = 2 in (7). We use the
same hyper-parameters for all the results in this section for fair comparison with the state-of-the-art
and to show that the techniques presented do not require a careful fine-tuning. In Appendix[G] among
other additional results, we study the change in classification error and processing time achieved by
varying the number b of backward steps.

In the first set of numerical results, we compare the performance of the proposed LMRCs with the
state-of-the-art techniques for n = 10 and n = 100 samples per task. These numerical results are
obtained computing the average classification error over all the tasks in 50 random instantiations
of data samples. As can be observed in Table [[l LMRCs can significantly improve performance in
time-dependent tasks with respect to the state-of-the-art.

In the second set of numerical results, we analyze the contribution of forward and backward learn-
ing to the final performance of LMRCs. In particular, we show the relationship among classification
error, number of tasks, and sample size for single-task, forward, and forward and backward learn-
ing. These numerical results are obtained averaging, for each number of tasks and sample size, the
classification errors achieved with 10 random instantiations of data samples in "Yearbook" dataset
(see Appendix [Gl for further details). Figure 4al shows the classification error of LMRC method
divided by the classification error of single-task learning for different number of tasks with n = 10
and n = 100 sample sizes. Such figure shows that forward and backward learning can significantly
improve performance as tasks arrive. In addition, Figure @bl shows the classification error of LMRC
method for different sample sizes with £ = 10 and k£ = 100 tasks. Such figure shows that forward
and backward learning for £ = 100 tasks using n = 10 samples achieves significantly better results
than single-task learning using n = 100 samples. In particular, the methods proposed can effectively
exploit backward learning that results in enhanced classification error in all the experimental results.

6 CONCLUSION

The paper proposes LMRCs that effectively perform forward and backward learning and account
for time-dependent tasks. LMRCs carefully avoid the repeated usage of the same information from
the ever-increasing sequence of succeeding tasks. In addition, the paper analytically characterizes
the increase in ESS achieved by the proposed forward and backward learning techniques in terms
of the tasks’ expected quadratic change and number of tasks. The numerical results assess the
performance improvement of LMRC methodology with respect to the state-of-the-art using multiple
datasets, sample sizes, and number of tasks. The proposed methodology for lifelong learning with
time-dependent tasks can lead to techniques that further approach the humans’ ability to learn from
few examples and to continuously improve on tasks that arrive over time.
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A DERIVATION OF RECURSIONS () AND (6) FOR FORWARD LEARNING AND
RECURSIONS (10) AND (II)) FOR FORWARD AND BACKWARD LEARNING

This section shows how recursions in (3)), (@) and recursions in (I0), (IT) are obtained using those
for filtering and smoothing in linear dynamical systems.

The mean vectors evolve over time steps through the linear dynamical system

T =772 +w; (14)

where, as described in Section[3.1] vectors w; for j € {2,3, ..., k} are independent and zero-mean
because p; — p;—1 are independent and zero-mean. In addition, each state variable 77° is observed
at each step j through 7 ; that is the sample average of i.i.d. samples from p;, so that we have

‘rj:-rjo—l-vj (15)
where v; for j € {1,2,...,k} are independent and zero mean, and independent of w; for
j € {1,2,...,k}. Therefore, equations and (I3) above describe a linear dynamical system
(state-space model with white noise processes) (Bishop, 2006;|Anderson & Moore, [1979). For such
systems, the Kalman filter recursions provide the unbiased linear estimator with minimum MSE
based on samples corresponding to preceding steps D1, Do, ..., D;, and fixed-lag smoother recur-
sions provide the unbiased linear estimator with minimum MSE based on samples corresponding to
preceding and succeeding steps D1, D, ..., Dy (Bishop, 2006; |Anderson & Moore, [1979). Then,
equations (), (@) and equations (1Q), are obtained after some algebra from the Kalman filter
recursions and fixed-lag smoother recursions, respectively.

B PROOF OF THEOREM [II

Proof. To obtain bound in (8)) we first prove that the mean vector estimate and the MSE vector given
by (@) and (6), respectively, satisfy

, L , 2
P {|T;—>O(l) -7 @) < /@\/25]-_‘(1) log (Tm) } >(1-9) (16)

for any component i = 1,2,...,m. Then, we prove that [|,/s] [[oc < M/ /nj" for j €

. o - ) N ||L7'§H00 .
{1,2,...,k}, where the ESSs satisfy n;” = n; and n; >mn;+n;y o2 ootn;,=, 14211 for j > 2.
To obtain inequality (I6), we prove by induction that each componenti = 1,2, ..., m of the error in

the mean vector estimate zf(i) =75 (@) -7 (1) is sub-Gaussian with parameter s () < gy / sf(i).
Firstly, for j = 1, we have that

27D = 7o) _ @)
Since the bounded random variable @5“ is sub-Gaussian with parameter a(fbgi)), then the error in
the mean vector estimate 27~ (¥) is sub-Gaussian with parameter that satisfies

)°
2 O (fbf ) K202
(771 (Z)) = <

=7° @ _ Tl(i).

= /@2$§i).

ni ni

If 22, = 700, — 7=, O is sub-Gaussian with parameter 77~, ) < r,/s72,@ for any

7j—1
i = 1,2,...,m, then using the recursions (3) and (6) we have that
(%)
—(i) — _oo()) _ _—() _ o0 (i) 4 () _ (9 55 (9 (i) (i))
2 =T — T =T7,_1 Htw;  —T1; — - - S\ T T
J J J J J J S;l(l)-i-SgZ)-f—d?() J J

@

_ oo () 4 _ = () % ( ~ (i) <z‘>)
=7V tw -1V + 1= , , - Ti 1 — T,
Jj—1 J Jj—1 < Sj_\_l(z) 4 ng) 4 d5(1)> Jj—1 J

— (@)
i i — () _ 5 i —~ (4
77210 g =2, @ - X (T;)_Tj—l())

Sj

12
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sincew; = 75° — 752, If v; = 7; — 77°, the error in the mean vector estimate is given by

— (i)
—~( o (i i N S oo (4 i G
0 =2, O b -t O - ;u) (Tj ()+%(‘)—ij1())
J
@ L@@ 5 @ @6~ )
=720 w1 = @ (T;Sl +w;’ + v, —ijll)
J

—(3) —(7) — ()
_(1_% =~ () _ 5 ( (z‘)) _ 5 (i)
= (1 KG )zj_l + 11 KG w; 0 v;

J J

where w§i) and v‘gi) are sub-Gaussian with parameter a(w;i)) and o (@gl)) /+/T;, respectively.
Therefore, we have that zf(i) is sub-Gaussian with parameter nf(i) that satisfies

NG = i " 2
(nf(i))z _ <1_ S;(—Z())>2 (mil(i))2+ (1_ sj(;)))Qa(wJ(_i))?Jr <Sj(i())>2 U(q; )
J

Sj Sj

since zjil, w;, and v; are independent. Using that njil(i) < K4/ sjil(i) and the definition of &,
we have that

. 2 . 2 . 2 1
N2 s _ s (@) ; s (0 2(9)
(nf(z)) <(1- J(i) ’1257—1(1)"' 1— J(i) HQd?()_i_ J(i) KJQO-J
S5 | s; 85 n;j
~(0)\ 2 - . ~()?
Ss 1 1 i S,
(1) # | =o 7w 4" +%“2 (a7
s, S; S5 s;
—(3) —(i))?
_ Sj 2 (i) , .2 (s;7)
—<1— (l.))FLSj( +I€7(i)
5j 5

where is obtained using (@).
The inequality in (I6) is obtained using the union bound together with the Chernoff bound (concen-

tration inequality) (Wainwright, [2019) for the random variables zf(i) that are sub-Gaussian with
parameter 7); @),

Now, we prove by induction that, forany j, [|/8;" ||« < M/\/n;~ where the ESSs satisfy ny~ = ny

— ”0'? [l oo
J=oF oo +n5= 1 [d3 oo
equation (6), we have that for any component 7

-1 N\ —1
—(4) . () At ni
() =) =S5z
M M
ST oo € — = .
Vol < 2= = 7=

If ||\ /851 llcc < M/,/n;~, then we have that for any component i

and n;” > nj +n for j > 2. For j = 1, using the definition of s} in

Then, vector s7 satisfies

(500 [ U S T I . —
J ni_y
S 1 n 1
=2 j L 2 [l oo
ni_y 0 lledlle
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by using the recursion (6)) and the induction hypothesis. Then, vector s satisfies

Vel < - - a®
2
o0 \/ IR B

ni +mn; —
J J=1leF oty d5 ][0

The inequality in (8) is obtained because the minimax risk is bounded by the smallest minimax risk
as shown in (Mazuelas et al., [2020;2022a;b) so that

RU) < B + (1757 = 77 lloe + 17 1so) |57,
that leads to (B) using (I6), (I8), and the fact that 1 < y/2log (%*). O

C PROOF OF THEOREM [2]

Proof. To obtain bound in (@), we proceed by induction. For 5 = 1, using the expression for the
ESS in (8), we have that

ny =ni; >n.

If (@) holds for the (j — 1)-task, then for the j-th task, we have that

2
n; >nj+nl s |Wﬂ%> 5 2n+nﬁ4——ir—5=n 1+—7—L—7
BN (| IS Y [ [ L+nj,d my T nd

where the second inequality is obtained because n; > 7, [[05]| < 1, and Hd3|\o<> < d?. Using that

n_,>n (1 + w) the ESS of the j-th task satisfies
j—1 = a(l+a)2i=3+a ) J

N 1 1
n. >n|l+ =n|l+ -
] = n_ + nd2 a(l+a)2i—3+a 2

1

a(l+a)2i—34a + a?
(14+«a)27-2-1 a+1

—nf1s 1+a)¥ 1 -1-a
B a(l+a)2=2 +ala+1) + a?(1 + )22 — a2

where is obtained because nd? = aa—-:)l since o« = "—‘212 (\ /1+ # + 1).

Now, we obtain bounds for the ESS depending on the value of nd?. In the following, the constant ¢
represents the golden ratio ¢ = 1.618. . ..

=n|1l+

19)

1. If nd? < J% = vVnd? < a < Vnd2¢p < ? < 1 similarly as in the previous case, then we
have that nj_‘ satisfies

. 1 a(2j-2) 2j — 2
i (e A7 B R I R S
K —”( +a2+a<2j—1>) "( T ira@i-
where the first inequality follows because (1 + a)* 2 > 1+ a(2j — 2). Using e < ?, we
have that

- 2j —2 2j —2 i—1
n; >n 1—|—¢;77. >n 1+j7¢ Zn(l—l—J—)
2+%(2j-1) 2420 % 1+¢

14



Under review as a conference paper at ICLR 2023

20 % Snd® < 1= 3 < Vi@ < a < Vadbecause a = 2 (/14 7 +1) =
vnd 7””2*; ”“12, then we have that n" satisfies

- 1 1(1+a)¥2-1 1 1(1+5)¥72-1
n;g =n{l+ = 2j—2 Zn 2,2
Vnd2 o (1+a)2=2+1 «/ d2¢(1+ 2)2-2 41
where the first 1nequa11ty follows because o < vVnd?¢ and the second 1nequa11ty follows
because the expression is monotonically increasing for o and < a. Since (1 + = )23 2>

1+ 22 , we have that

11 2
— J
n; 2n<1+ =~ 2j2>2n<1—|—
vnd ¢2+T

because j > 2.

3.Ifnd?> >1 =1 < nd? < a < nd?¢because o = "T‘f( 1+%+1),thenwehave

that nf satisfies
1 2j—1 _ 1 _ 2j-2 _
sl (1+a) | -« sl 1 (1—|—oz)‘ 1
nd?¢ (1+a)¥-141 nd?¢ (1+a)¥-2+1

where the first inequality follows because o < nd?¢ and the second inequality follows
multiplying and dividing by 1 4+ « and because 1/(1+ a)) < 1. Since the above expression
is monotonically increasing for o and o > 1, we have that

w14 — 72%_2_1 14— 3
J nd2¢ 22i-2 + 1 nd%¢ 5

because j > 2.

O

D MORE EFFICIENT RECURSIONS FOR FORWARD AND BACKWARD LEARNING

The Rauch-Tung-Striebel smoother recursions (Bishop, 2006; |Anderson & Moore, [1979) allow to
obtain forward and backward mean and MSE vectors directly from those vectors for the succeeding
task. Specifically, for each j-th task, the mean vector 75~ =k together with the MSE vector s~ =F can

=k
be obtained using those vectors for the succeeding task 75 ; +1, s34 as

—

=k - Sj =k -
=T (T
J J Sj + dj+1 J J
i\ 1\ T
_ 1 1 1
O e d2+1+<:k_ )
5; st sy iy

The above recursions provide the same mean vector estimate as the recursions (IQ) and (I1) in the
paper since they are obtained using the Rauch-Tung-Striebel smoother recursions instead of fixed-
lag smoother recursions (Bishop, 2006; [Anderson & Moore, [1979).

E PROOF OF THEOREM [3]

Proof. To obtain bound in (I2) we first prove that the mean vector estimate and the MSE vector
given by (I0) and ([, respectively, satisfy

; (i G 2
P{|T,§°<z> — k) < n\/zsj—k“log (%")} > (1-9) (20)
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for any component ¢ = 1,2,...,m. Then, we prove that ||.sjik||OO < M/,/nfk for j €

e ek — ek o2 o
{1,2,...,k}, where the ESSs satisfy ni_-* = n, and ny "t > n; 4+ niy [Tt i 1T
for j > 2.

To obtain inequality (Z0), we prove that each component ¢ = 1,2,...,m of the error in the mean
vector estimate zj:k(l) = T](?O(i) — Tj:k(l) is sub-Gaussian with parameter nj:k(z) <k sj:k(z).

Analogously to the proof of Theorem[l] it is proven that each component in the error of the backward

—k : : Fyi —k —k :
mean vector 737 is sub-Gaussian with parameters satisfying 7517 = r4/s5,7. The error in the

forward and backward mean vector estimate is given by

) ) — (i) )
=k _ _ooli) _ _=k() _ _coli) _ _—(i) _ Sj ( k@) _A(i))
2 =T, Ty =T, Tj () T (%) > (4) Ti+1 Ty
J J+1 J+1

where the second equality is obtained using the recursion for Tj:k @ in (I0). Adding and subtracting
(@ ’

» ¢ we have that
— (i —k () 2 (1) 'j4+1 >
sy s i dz 00

s—@®

L=k =) _

J J

: o (i) _ oo () 4 k@ __G

s () 4 gk (z‘)+d2 (1) (Tj+1 - T T T ())
i J+l j+1

— (1)
) .
=70 J

J o —k () i (
570+ sk a2, O

0ty — Y - ())

;7 — 752, and zf(i) =722 _ 7= Then, we have that

smcee w; = Tg Fi j

s @

=k _ @) _ J ( — (i) O ﬁk(i))
5 =7 S0 k0 g @\ T T A @0
550 Fsi T T i

5474(1) @)

(i —k (@) 3 ) J
( 570 st a2 O

sf(l) ( (i)l 3 z:ﬁ(i))
N — (D) i it J
570 + s a2, Y

—k (0

2k @ (i)l are sub-Gaussian with parameters nf(i) < Kk sf(i), ik 2 <

where z‘f(i), s, and wil

J
K sjj’“l(l), and o(w(.i)), respectively. Since 2}, Zﬁkl’ and w;4 are independent, we have that

J
.:k(i)

257" given by 1) is sub-Gaussian with parameter that satisfies
' =) 2
! — (1) —k (0 d2 () J
55 +s53 T Hdiy
5 2( ()2 RO
Hooramra) )+ (7))
570+ Sj:kl( e d?+1(1) ! o
—(3) 2
< <1 - 5j E') (})) stf(z‘)
57(1) + Sjirkl +di, '
S?(i) 2 2(g.. @ —k (0
+ —(4) —k (@) > () K ( j+1° 7 85 )
S5 +s54 0+ dj+1
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Using (II) we have that the sub-Gaussian parameter satisfies

() 2 Sjik(i) 2 . . X -1
(777 ) <\ t- k(9 d2 (7) w =k () - rk2() d2 (i)
s+ di S5 Siv1 Tt
()
J 2
T L0 D"
]Jrl + derl
(9 (3) —p (i) _:k(i))
= J+1 + d]+1 5 * 525_:k(i) + — 7(‘% ,‘<;2 = nzs?k(i)
ﬁk (2) d2 (i J L (4) d (2) J :
Sj+1 + J+1 + J+1

The inequality in (20) is obtained using the union bound together with the Chernoff bound (concen-

=k ()

tration inequality) (Wainwright, [2019) for the random variables Z; that are sub-Gaussian with

parameter 75 =k

Now, we prove that, for any j, H,/ska < M/, /njik where the ESSs satisfy n7* = n;" and

IIUzlloo

ﬁk
> TL +n]+1”0'2Hco+n

J

T2 for j > 2. Analogously to the proof of Theorem[I] we
d+1 1% 4alloe

prove that the backward MSE vector s34 satisfies ||{/s5 i [|c < M/4/n5.%. Then, using that

/8534 koo < M/ J+1’ we have that for every component 4

YO 1 1 n; 1
(57 ) T 0T S0 g 20T T @
i sjin T djy o3 et T din
RSN 1 NUETN 1
=z | M N I Vel R 1 1711 1l

Then, we obtain

l (22)

=k
s_] ||00 S N 1 .
J 1 +\Idj+1\loo
—k
31 \Ivf [l oo

The inequality in (I2) is obtained because the minimax risk is bounded by the smallest minimax risk
as shown in (Mazuelas et al.,[202(0;2022a:b) so that

RU) < B+ (1757 = 774w + I o)
that leads to using @0). (22). and the fact that 1 <, /2log (%). i

F PROOF OF THEOREM [4]

Proof. To obtain bound in (I3), we use the ESS obtained with forward learning in Theorem 2l and
obtained with backward learning. Analogously to the proof of Theorem[2] we prove that the ESS
obtained at backward learning satisfies

||0'3+1||oo 14 (1+ )21 _1-q
a(l + a)2tk=0)-1 4 o

>n +nk
+1 = j+1 j+2
" ! o ]+1||OO +”J+2” +2Hoo
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Therefore, the ESS obtained with forward an backward learning satisfies

. 14a)2k=-1_1_q -1
1+ a)Q(’“_J)_l el ke 14 n (1 + (oc(lJr)a)2(k*J')*1+a )
a(l+ a)2k=)-1 4 o nd?

nj:anf—i—n(l—i—

IR (1+a)2k=3) —1 a? (1+a)?k=D-1 1 ¢
=n; +n 2(k—j)—1 1+ 1+ 2(k—j)—1
a(l+ a)2k=)-1 4 o a+1 a(l + a)2tk=)-1 4 o

-1

where the second equality follows because nd? = Q—H since o = T (\ /1+ # + 1). Then, we
have that
(14 a)>k=9) — 1
a(l+ a)2k=)-1 4 o
(14 )27t L 1) (a+1+a?) +a((1+a)2k=D)=1 —1 —q)
(a+1)((1 + a)2k=)-1 4 1)
(1+ )2k =) — 1 (a4 1)((1+a)?F=D"1 4 1)
a(l+ a)2k=)-1 4 o (1 + )2(k=)+1 41

nfk >n; +n

-1

>n; +n

Now, we obtain bounds for the ESS depending on the value value of nd?. Such bounds are obtained
similarly as in Theorem[2and we also denote by ¢ the golden ratio ¢ = 1.618.. ..

1. If nd? < J% = vnd? < a < vVnd2¢p < ? < 1 similarly as in the previous case, then we
have that nfk satisfies

oo Ta24ae2(k—g) 7 Tltalk—g) T 14+ 2k - )

where the first inequality follows because (1 + a)2*=7)=1 > 1 4+ «(2(k — j) — 1) and the
second inequality is obtained using o < ?

N !
2. If = <nd2<1é%<\/ nd? < a < V d%ﬁbecausea:ndQédzz
vn d2 Vnd?+ J”"d , then we have thatn k satisfies

—k n(1+a)?F0) 1 n (14 Vnd2)2(k—7
J T a1+ a)2k—3) 1 ! a(l—l—\/ nd?)2(k=3) 4+ 1

where the second inequality follows because the ESS is monotonically increasing for v and
a > nd?. Since (1 + Vnd?)?#=9) > 14 2v/nd2(k — j) and k — j > 1, we have that

n_vnd® e 1 1

= = +n————
/ ! oz1+\/ ¢ 1+ vVnd?
because o < vVnd2g.
14+ -25+1

3. Ifnd?> > 1 = 1 < nd? < o < nd?¢ because o = nd?
satisfies

5 , then we have that nfk

1 22(k=3) 1. 113

a1 =" TG
where the first inequality follows because the ESS is monotonically increasing for o and
a > 1 and the second inequality is obtained using k — 7 > 1 and o < nd2¢.

k>n +n—

O
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Table 2: Datasets characteristics.

Dataset Classes | Samples | Tasks
Yearbook 2 37,921 126
ImageNet Noise 2 12,000 10
DomainNet 4 6,256 6
UTKFace 2 23,500 94
Rotated MNIST 2 70,000 60
CLEAR 3 10,490 10

G ADDITIONAL NUMERICAL RESULTS AND IMPLEMENTATION DETAILS

In this section we describe the datasets used for the numerical results in Section[3] we provide further
details for the numerical experimentations carried out, and include several additional results. Specif-
ically, in the first set of additional results, we evaluate the classification performance of the proposed
method in comparison with state-of-the-art techniques for different sample sizes; in the second set
of additional results, we further show the performance improvement leveraging information from
preceding and succeeding tasks with additional datasets; in the third set of additional results, we
show the classification error and the running time of LMRCs for different hyper-parameter values;
and in the fourth set of additional results, we evaluate the assumption of change between tasks being
independent and zero-mean. In addition, in the folder Implementation_ LMRC in the supplementary
materials we provide the code of the proposed LMRCs with the setting used in the numerical results.

The datasets used in Section are publicly available in |Ginosaretal. (2015);
Russakovsky et all (2015); Zhangetall (2017); [Pengetall (2019); Linetal! (2021), and
http://yann.lecun.com/exdb/mnist/. The summary of these datasets is provided
in Table [2] that shows the number of classes, the number of samples, and the number of tasks. In the
following, we further describe the tasks and the time-dependency of each dataset used.

* The “Yearbook™ dataset contains portraits’ photographs over time and the goal is to predict
males and females. Each task corresponds to portraits from one year from 1905 to 2013.

* The “ImageNet noise” dataset contains images with increasing noise over tasks and the
goal is to predict if an image is a bird or a snake. The sequence of tasks corresponds to the
noise factors [0.0,0.4,0.8,1.2,1.6,2.0,2.4,2.8,3.2, 3.6] (Mai et al., [2022).

* The “DomainNet” dataset contains six different domains with decreasing realism and the
goal is to predict if an image is an airplane, bus, ambulance, or police car. The sequence
of tasks corresponds to the six domains: real, painting, infograph, clipart, sketch, and
quickdraw.

* The “UTKFaces” dataset contains face images in the wild with increasing age and the goal
is to predict males and females. The sequence of tasks corresponds to face images with
different ages from O to 116 years.

* The “Rotated MNIST” dataset contains rotated images with increasing angles over tasks
and the goal is to predict if the number in an image is greater than 5 or not. Each j-th task

180(j—1) 180§
k&

corresponds to a rotation angle randomly selected from degrees where

j€{1,2,...,k} and k is the number of tasks.

* The “CLEAR” dataset contains images with a natural temporal evolution of visual concepts
in the real world and the goal is to predict if an image is soccer, hockey, or racing. Each
task corresponds to one year from 2004 to 2014.

The samples in each task are randomly splitted in 100 samples for test and the rest of the samples
for training. The samples used for training in the numerical results are randomly sampled from each
group of training samples in each repetition.

The classifier parameters in the numerical results are obtained using an accelerated subgradient
method based on Nesterov approach (Nesterov & Shikhman, 2015; [Tao et all, [2019). Such subgra-
dient method applied to optimization (3) obtains at each step classifier parameters p from the mean
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Figure 5: Forward and backward learning can sharply boost performance and ESS as tasks arrive.

Table 3: Classification error and standard deviation of the proposed LMRC method in comparison with the
state-of-the-art techniques.

Dataset Yearbook ImageNet noise DomainNet UTKFaces Rotated MNIST CLEAR
n 50 150 50 150 50 150 50 150 50 150 50 150
GEM d164+£.02 16+£.03 | .16+£.06 .124+.03 | .65+£.05 49+.10 | .12£.00 .12+£.00 | 294+.04 27£.01 | .08+.01 .08+.01
MER A1+£.01 .10£.01 | 1001 .07£.01 | .29+£.02 284+.02 | .11£.09 .11+.01 | 41£.13 47+£.05| .09+.04 .05=£.02
ELLA | 43£.10 43+.08 | 474+.05 47+£.04 | 67+£.05 .67+.05| .18£.11 .17%x.11 | 48£.05 47+£.05 | .60+£.05 .60+£.04
EWC 38+.02 22+£.02 | 4705 45+£.07 | 75+£.05 74+.05 | .12+£.00 .12+£.00 | 44£.01 38+£.01 | .64+.03 .60+E.04
LMRC | .10+.02 .08+.01 | 10+.02 .08+.01 | .284+.03 .27+.02 | .10+.00 .10+.00 | 25+.02 .20+.01 | .05+.02 .04+ .01
and confidence vectors 7, A using the iterations for{ = 1,2,..., K
A+ 1) = u0) + a7 - 2p(u(D) - Asign(p(D)) (23)

pll+1) = B+ 1) + 067" — 1) (1) — 5()
where sign(-) denotes the sign function, wp(l) is the [-th iterate for u, 6;

2/(1 + 1) and

a; = 1/(1 + 1)3/2 are the step sizes and 9 (p(1)) denotes a subgradient of ¢(-) at u(1) with
(u) = max Zyec Py p 1
P = Ry IC]

In addition, the above subgradient method is implemented using K = 2000 iterations and a warm-
start that initializes the classifier parameters in (23) with the solution obtained for the closest task.

In the first set of additional results, we further compare the classification error of LMRCs with the
state-of-the-art techniques. The results in Table[Ilin the paper as well as Table 3 are obtained com-
puting the classification error 50 times for each sample size. Table[T]in the paper shows classification
errors for n = 10 and n = 100 samples, while Table 3] shows the classification error for n = 50
and n = 150 samples. As can be observed in Table[3] the performance improvement of LMRCs in
comparison with the state-of-the-art techniques for n = 50 and n = 150 is similar to that shown in
the paper for n = 10 and n = 100.

In the second set of additional results, we further illustrate the relationship among classification error,
number of tasks, and sample size. Figure din the paper as well as Figure 3 are obtained computing
the classification error over all the sequences of consecutive tasks of length k in the dataset. Then,
we repeat such experiment 10 times with randomly chosen training sets of size n. Figure[§extends
the results for LMRCs using “DomainNet” dataset completing those in the main paper that show the
results using “Yearbook™ dataset. Figure[5alshows the classification error of LMRC method divided
by the classification error of single-task learning for different number of tasks with n = 10 and
n = 100 sample sizes. In addition, Figure 5B shows the classification error of LMRC method for
different sample sizes with k = 10 tasks. Figures[3a and 5B show similar behavior to Figures (4l
and 4bl in the paper, respectively. In addition, Figure |6 shows the classification error of LMRCs
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Figure 6: Forward and backward learning can improve performance of preceding tasks.

Table 4: Classification error of the proposed LMRC method varying W and b.

Dataset | Yearbook | ImageNet noise | DomainNet | UTKFaces | Rotated MNIST | CLEAR
n 10 100 | 10 100 10 100 | 10 100 | 10 100 10 100
W=21|.13 .08].15 .09 | .34 28 | .10 .10 | .36 21 .09 .05
W=4|.13 .09 ] .15 .09 | .32 27 (.10 .10 | .35 21 .09 .05
W=61|.13 .09].15 .09 | .33 28 | .10 .10 | .36 21 .09 .06
b=1 | .14 .10 | .15 .09 | .36 29 | .10 .10 | .36 22| .10 .05
b=2 | .14 .09 | .15 .09 | .35 28 | .10 .10 | .36 221 .09 .05
b= 13 .08 | .15 .09 | .34 28 | .10 .10 | .36 21 .09 .05
b=4 | .13 .08 | .15 .08 | .34 28 | .10 .10 | .36 21 .09 .05
b= 13 .08 | .15 .08 | .34 28 | .10 .10 | .36 21| .08 .05

per step and task with single-task learning, forward learning, and forward and backward learning
using the “Yearbook™ dataset. Such figure shows that forward and backward learning can improve
performance of preceding tasks, while forward learning and single task learning maintain the same
performance over time.

In the third set of additional results, we further assess the change in classification error and the
running time of LMRCs varying the hyper-parameters. Table @ shows the classification error of
LMRC:s varying the values of hyper-parameter for the window size W and the number of backward
steps b, completing those in the paper that show the results for W = 2 and b = 3. As shown in
the table, the proposed LMRCs do not require a careful fine-tuning of hyper-parameters and similar
performances are obtained by using different values. In addition, Table [5| shows the mean running
time per task in seconds of LMRCs for b = 1,2, ..., 5 backward steps in comparison with the state-
of-the-art techniques. Such table shows that the methods proposed for backward learning do not
require a significant increase in complexity. In addition, Table 3] shows that the running time of the
proposed method is similar to that of other state-of-the-art methods.

In the fourth set of additional results, we evaluate the assumption of change between tasks being
independent and zero-mean by assessing the partial autocorrelation of mean vectors. In particular,
the partial autocorrelation at any lag would be zero if tasks are i.i.d.; while the partial autocorrelation
at lag 1 is larger than zero if tasks satisfy the assumption of Section2l Figure[7]shows the averaged
partial autocorrelation of the mean vectors components +/- their standard deviations for different
lags using “Portraits” and “UTKFaces” datasets. Such figure shows a partial autocorrelation clearly
non-zero at lag 1 that reflects dependence between consecutive mean vectors, as described by the
assumption of Section21”
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Table 5: Running time in seconds of LMRC method in comparison with the state-of-the-art techniques.

Dataset Yearbook ImageNet noise DomainNet UTKFaces Rotated MNIST CLEAR
n 10 100 10 100 10 100 10 100 10 100 10 100
ELLA 0.066 0.070 | 0.073 0.073 | 0.054 0.065 | 0.059 0.062 | 0.176 0.198 | 0.077 0.073
GEM 0.098 0476 | 0.010  0.037 | 0.005 0.020 | 0.056 0.310 | 0.180 1.094 | 0.009 0.034
MER 0.166 3.726 | 0.079 1.052 | 0.066 0.900 | 0.127 3.458 | 0.211 4.092 | 0.074 1.063
EWC 0.358 3.031 | 0.032 0.252 | 0.018 0.155 | 0.245 2.246 | 0.587 5296 | 0.031 0.248
LMRCb=1 | 0.094 0.324 | 0.259 0.490 | 0.518 8.463 | 0.108 0.348 | 0.135 0.471 | 0.235 1310
LMRCb=2 | 0.105 0.397 | 0.261 0.531 | 0.543 8983 | 0.115 0.401 | 0.165 0.599 | 0.252 1.406
LMRCb=3 | 0.133 0487 | 0.284 0.561 | 0.542 9.514 | 0.133  0.488 | 0.209 0.737 | 0.255 1.469
LMRCb=4 | 0.167 0.582 | 0.304 0.585 | 0.559 9.699 | 0.156 0.573 | 0.249 0.877 | 0.271  1.595
LMRCb=5 | 0.184 0.664 | 0.438 0.601 | 0.571 9.921 | 0.190 0.664 | 0.288 1.010 | 0.360 1.693
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(a) “Portraits” dataset
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Figure 7: Averaged partial autocorrelation of mean vectors components +/- their standard deviations.
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