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Abstract

We study the convergence of a class
of gradient-based Model-Agnostic Meta-
Learning (MAML) methods and character-
ize their overall complexity as well as their
best achievable accuracy in terms of gradi-
ent norm for nonconvex loss functions. We
start with the MAML method and its prst-
order approximation (FO-MAML) and high-
light the challenges that emerge in their anal-
ysis. By overcoming these challenges not
only we provide the brst theoretical guaran-
tees for MAML and FO-MAML in noncon-
vex settings, but also we answer some of the
unanswered questions for the implementation
of these algorithms including how to choose
their learning rate and the batch size for both
tasks and datasets corresponding to tasks.
In particular, we show that MAML can bnd
an ! -brst-order stationary point (!-FOSP) for
any positive ! after at most O(1/! ?) iter-
ations at the expense of requiring second-
order information. We also show that FO-
MAML which ignores the second-order infor-
mation required in the update of MAML can-
not achieve any small desired level of accu-
racy, i.e., FO-MAML cannot bnd an !-FOSP
for any ! > 0. We further propose a new vari-
ant of the MAML algorithm called Hessian-
free MAML which preserves all theoretical
guarantees of MAML, without requiring ac-
cess to second-order information.

1 Introduction

In several artibcial intelligence problems, ranging from
robotics to image classibcation and pattern recogni-
tion, the goal is to design systems that use prior experi-
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ence and knowledge to learn new skills more elciently.
Meta-learning or learning to learn formalizes this goal
by using data from previous tasks to learn update rules
or model parameters that can be Pne-tuned to perform
well on new tasks with small amount of data [Thrun
and Pratt, 199§. Recent works have integrated this
paradigm with neural networks including learning the
initial weights of a neural network [Finn et al., 2017
Nichol et al., 2018, updating its architecture [Baker
et al., 2017 Zoph and Le 2017 Zoph et al.,, 2019,
or learning the parameters of optimization algorithms
using recurrent neural networks Andrychowicz et al.,
2016 Ravi and Larochelle 2017.

A particularly e"ective approach, proposed in [Finn
et al., 2017, is the gradient-based meta-learning in
which the parameters of the model are explicitly
trained such that a small nhumber of gradient steps
with a small amount of training data from a new task
will produce good generalization performance on that
task. This method is referred to as model-agnostic
meta learning (MAML) since it can be applied to any
learning problem that is trained with gradient descent.
Several papers have studied the empirical performance
of MAML for nonconvex settings [Al-Shedivat et al.,
2018 Antoniou et al., 2019 Behl et al., 2019 Grant
etal., 2018 Li et al., 2017 Nichol et al., 2018 Zintgraf
et al., 2019. However, to the best of our knowledge,
its convergence properties have not been established
for general non-convex functions.

In this paper, we study the convergence of variants of
MAML methods for nonconvex loss functions and es-
tablish their computational complexity as well as their
best achievable level of accuracy in terms of gradient
norm. More formally, let T = {T;};; denote the set
of all tasks and let p be the probability distribution
over tasks T, i.e., task T; is drawn with probability
pi = p(Ti). We represent the loss function correspond-
ing to task T; by f;(w) : R®! R which is parameter-
ized by the samew " R for all tasks. Here, the loss
function f; measures how well an actiorw performs
on task Tj. The goal of expected risk minimization is
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to minimize the expected loss over all tasks, i.e.,
minf (w) := Ep» [f; (w)]. ()

In most learning applications, the loss functionf; cor-

responding to task T; is dePned as an expected loss

with respect to the probability distribution which gen-

erates data for task Tj, i.e., fj(w) = E/[fi(w,")].
In this case, the gradient and Hessjan off; can be
approximated by #fi(lw,D) = ﬁ' o #fi(w,")
and # 2f;(w, D) := ﬁ' oo #2fi(w,"), respectively,
where D is a batch chosen from the dataset of task;.

In traditional statistical learning, we solve Problem (1)
as we expect its solution to be a proper approximation
for the optimal solution of a new unseen taskT;. How-
ever, in model-agnostic meta-learning, we aim to bnd
the best point that performs well as an initial point
for learning a new task T; when we have budget for
running a few steps of gradient descent [Finn et al.,
2017. For simplicity, we focus on Pnding an initializa-
tion w such that, after observing a new taskT;, one
gradient step would lead to a good approximation for
the minimizer of f;(w). We can formulate this goal as

min F(w) := Ei» p [Fi(W)] := Ei- p[fi(w$ ##f;(w))],
(2)

where# > 0 is the stepsize for the update of gradient

descent method andF; (w) denotesf;(w $ ## f;(w)).

Problem (2) is debned in a way that its optimal solu-
tion would perform well in expectation when we ob-
serve a task and look at the output after running a
single step ofgradient descent! However, in most ap-
plications, computing the exact gradient for each task
is costly and we can only run steps of the stochastic
gradient descent (SGD) method. In this case, our goal
is to Pnd a point w such that when a taskT; is chosen,
after running one step of SGD, the resulting solution
performs well in expectation. In particular, we assume
we have access to the stochastic gradier f; (w, Dig; )
which is an unbiased estimator of# f; (w) evaluated us-
ing the batch D{est with size Diest . In this formulation,
our goal would change to solving the problem
" " Hit

min P(w) := Ei»p Ep; fi(w$ ##fi(W,Dregr))

(3)
where the expectation is taken with respect to selec-
tion of task i as well as selection of random seD},, for
computing stochastic gradient. Throughout the paper,
we will clarify the connection betweenF and I, and
we report our results for both of these functions.

1We only consider the case that one step of gradient
is performed for a new task, but, indeed, a more general
case is when we perform multiple steps of gradient descent
(GD). However, running more steps of GD comes at the
cost of computing multiple Hessians and for simplicity of
our analysis we only focus on a single iteration of GD.

w,'

Figure 1: Comparing problems () and (2)

To better highlight the di"erence between the solu-
tions of the statistical learning problem in (1) and the
meta-learning problem in (2), we consider an exam-
ple where we have access to three equally likely tasks
T1, T», and T3 with the optimal solutions wj}*, w2,
w,?, respectively; see Figurel. Here, w is the solution
of Problem (1) and W is the solution of Problem (2).
In this example, task T; is the easiest task as we can
make a lot of progress with only two steps of GD and
task T, is the hardest task as we approach the opti-
mal solution slowly by taking gradient steps. As we
observe in Figure 1, for task T3, if we start from w
the outcome after running two steps of GD is almost
the same as starting fromv#. For task T;, however,w
is a better initial point compared to W, but the error
of their resulting solution after two steps of GD are
not signibcantly di"erent. This is due to the fact that
T, is easy and for both cases we get very close to the
optimal solution even after two steps of GD. The dif-
ference between starting fromw and @ is substantial
when we aim to solve taskT, which is the hardest task.
Because of this di"erence, the updated variable after
running two steps of GD has a lower expected error
when we start from W comparing to the case that we
start from w. This simple example illustrates the fact
that if we know a-priori that after choosing an model
we are allowed to run a single (or more) iteration of
GD to learn a new task, then it is better to start from
the minimizer of (2) rather than the minimizer of ( 1).

1.1 Our contributions

In this paper, we provide the Pbrst theoretical guar-
antees for the convergence of MAML algorithms to
brst order stationarity for non-convex functions. We
build our analysis upon interpreting MAML as a SGD
method that solves Problem @) while we show the
analysis of MAML is signibcantly more challenging
due to various reasons, including unbounded smooth-
ness parameter and the biased estimator of gradient
used in the update rule of MAML.Overcoming these
challenges, we characterize the iteration and sample



Alireza Fallah, Aryan Mokhtari,

Asuman Ozdaglar

Table 1: Summary of our results

Having access to sulcient samples K-shot Learning
Algorithm Best accuracy Iteration # samples/ Runtime/ Best accuracy
possible complexity iteration iteration possible
MAML IVF(w)|| < e O(1/¢2) o(1/) 0(d?) IVF(w)]| < O(6/vVE)
FO-MAML IVEw)[| <O ) | O(1/(a®0?)) | O(1/(a’c?)) 0(d) IVF(w)|| <O(" +5/VK)
HF-MAML IVF(w)|| < e 0(1/&) O(1/¢%) O(d) IVF(w)| < O(E/VE)

complexity of MAML method and shed light on the
relation of batch sizes and parameters of MAML with
its convergence rate and accuracy. Using these results,
we provide an explicit approach for tuning the hyper-
parameters of MAML and also the required amount of
data to reach a brst-order stationary point of (2). A
summary of the results® and the specibc case df -shot
learning, where for each task in the inner loop we have
access taK samples, is provided in Tablel. Note that
in these results,$ is a bound on the standard devia-
tion of # f;(w) from its mean # f (w), and $ is a bound
on the standard deviation of # f; (w.") from its mean
#fi(w), for everyi. For formal debnitions of $ and $
please check Assumptiongl.5 and 4.6, respectively.

As described in Finn et al., 2017, the implementa-
tion of MAML is costly 3 as it requires Hessian-vector
product computation. To resolve this issue,Finn et al.
[2017 suggest ignoring the second-order term in the
update of MAML and show that the Prst-order ap-
proximation does not a"ect the performance of MAML
in practice. In our work, we formally characterize the
convergence results for this prst-order approximation
of MAML ( FO-MAML) and show that if the learn-
ing rate # used for updating each task is small or the
tasks are statistically close to each other, then the error
induced by the Prst-order approximation is negligible
(see Tablel). Nevertheless, in general, in contrast to
MAML which can bnd an !-brst order stationary point
for any ! > 0, FO-MAML is limited to ! % O(#3$).

To address this issue, we introduce a new method,
Hessian-free MAML (HF-MAML), which recovers
the complexity bounds of MAML without access to
second-order information and has a computational
complexity of O(d) per iteration (see Table 1). In
fact, we show that, for any positive !, HF-MAML Pnds
an !-FOSP while keeping the computational costO(d)
at each iteration. Hence, HF-MAML has the best of
both worlds: it has the low computational complexity
of FO-MAML and it achieves any arbitrary accuracy
for prst-order stationarity as in MAML.

2We assume o and & are small for the results in this
section. The general result can be found in Section4.

3The cost per iteration is O(d?) in general. However, it
is worth noting that this cost reduces to O(d) for the case
of neural network classibers using back propagation.

1.2 Related Work

The problem of learning from prior experiences to
learn new tasks elciently has been formulated in vari-
ous ways. One of the main approaches is designing al-
gorithms for updating the parameters of the optimiza-
tion methods used for training models Bengio et al,
1992 1997. Recently, many papers have followed this
approach Bergstra and Bengiq 2012 Bergstra et al.,
201% Li and Malik , 2017 Ravi and Larochelle, 2017
(see Table 1 in Metz et al., 2019 for a summary of
di"erent approaches and also Yanschoren 2019 for
a detailed survey). In one of the brst theoretical for-
malizations, Baxter [200Q study the problem of bias
learning where the goal is to Pnd an automatic way for
choosing the inductive bias in learning problems. Also,
Franceschi et al.[201§ provide a framework for tuning
the hyper-parameters of learning algorithms, such as
the initialization or the regularization parameter.

In this paper, we focus on the theoretical analysis
of gradient-based model-agnostic meta-learning meth-
ods. This setting was prst introduced byFinn et al.
[2017, and was followed by several works proposing
various algorithms [Antoniou et al., 2019 Behl et al.,
2019 Grant et al., 2018 Li et al., 2017 Nichol et al.,
2018 Zintgraf et al., 2019. In particular, Grant et al.
[2019 introduce an adaptation of MAML for learning
the parameters of a prior distribution in a hierarchi-
cal Bayesian model. However, none of these works
provide convergence guarantees for these MAML-type
methods which is the main contribution of our paper.
Finn et al. [2019 study MAML and its extension to
online setting for strongly convex functions. In a re-
cent independent work, Rajeswaran et al.[2019 pro-
pose iIMAML which implements an approximation of
one step of proximal point method in the inner loop.
They show when the regularized inner loop loss func-
tion is strongly convex, iIMAML converges to a brst-
order stationary point with exact gradient information
(no stochasticity due to approximation by a batch of
data) and under bounded gradient assumption. These
assumptions remove the dilculties associated with un-
bounded smoothness parameter and biased gradient
estimation featured in our analysis (Section4).

The online version of meta learning has also gained at-
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Algorithm 1:  MAML Algorithm

while not done do

Choose a batch ofi.i.d. tasks By & | with

distribution p and with size B = |B|;

for all Tj withi "By do
Compute #f; (wx, D!, ) using datasetD/, ;
Setwj,; = wi $ ##f;(wk,Dl,);

end

Compute wg+; according to the update (5);

k' k+1;

end

tention. In particular, Khodak et al. [2019 study this
problem for convex functions and propose a framework
using tools from online convex optimization literature.
In a similar line of work, Denevi et al. [2019 201§
propose an algorithm which incrementally updates the
bias regularization parameter using a sequence of ob-
served tasks. Also,Finn et al. [2019 consider the
model-agnostic setting and propose follow the meta
leader that achieves a sublinear regret.

2 MAML Algorithm

The MAML algorithm was proposed in [Finn et al.,
2017 for solving the stochastic optimization problem
in (2). In MAML, at each step k, we choose a subset
By of the tasks, with each task drawn independently
from distribution p. For simplicity assume that the
size of By is bxed and equal toB. Then, the update
of MAML is implemented at two levels: (i) inner step
and (ii) outer step (meta-step).

In the inner step, for each task T;, we use a subset
of the dataset D!, corresponding to task T; to com-
pute the stochastic gradient# f;(wy, D}, ) which is an
an unbiased estimator of the gradient# fi(wx). The
stochastic gradient# f; (wy, D}, ) is then used to com-
pute a modelw,,, corresponding to each taskT; by a
single iteration of stochastic gradient descent, i.e.,

Wi, = Wi $ ##F(w, D). (4)

To simplify the notation, we assume the size of dataset
Di, for all tasks i are equal toDjy .

In the outer loop, once we have the updated models
{wi,, }B, for all tasks in By, we compute the revised
meta-modelwy.1 by performing the update

®)
% & . .
| $ ##2f,(w,D}) #fi(wk,,,Dl),
iB
where the stochastic gradient #f;(w,, ,D.) corre-
sponding to task T; is evaluated using the data set
D! and the models{w},, }E, computed in the inner
loop, and the stochastic Hessiar# 2f; (wy, D) for each
task T; is computed using the data setD;,. Note that

Algorithm 2:  First-Order MAML (FO-MAML)
while not done do
Choose a batch ofi.i.d. tasks B & | with
distribution p and with size B = |B|;
for all Tj withi " By do
Compute #f; (wx, D}, ) using datasetD/, ;
Setwj,, = wg $ ##f;(wk,Dl,);

end |
Wist - Wk S (%/B) g, #fi(wl,,,Dh);
k' k+1;

end

the data setsD}, used for the inner update are di"er-
ent from the data sets D!, and D}, used for the outer
update. It is also possible to assume thatD) = Dj,,
but in this paper we assume thatD) and D, are inde-
pendent from each other that allows us to use a smaller
batch for the stochastic Hessian computation which is
more costly. Here also we assume that the sizes &f,
and DL are bxed and equal tdD, and Dy, respectively.
The steps of MAML are outlined in Algorithm 1.

MAML as an approximation of SGD. To better
highlight the fact that MAML runs SGD over F in (2),
consider the update of GD for minimizing the objective
function F with step size % which can be written as

Wk+1 = Wk $.%# F(Wk): ) (62
W $ REimp | $ ##%F(wi) #Fi(wi $ ##Fi (W)

As the underlying probability distribution of tasks p
is unknown, evaluation of the expectation in the right
hand side of ©) is often computationally prohibitive.
Therefore, one can use SGD for minimizing the func-
tion F with a batch By which contains B tasks that
are independently drawn. Then, the update is
Wi+l =

% 3 (
" $ B iB
If we simply replace# f; and# 2f; with their stochastic
approximations over a batch of data points we obtain
the update of MAML in ( 5).

()
I $ ##Zfi(Wk)) #Ei(we $ ##1(W)) .

Smaller batch selection for Hessian approxima-

tion. The use of brst-order methods for solving prob-
lem (2) requires computing the gradient of F which

needs evaluating the Hessian of the los§;. Indeed,

computation of the Hessians# 2f; for all the chosen
tasks at each iteration is costly. One approach to lower
this cost is to reduce the batch sizeDy used for Hes-
sian approximation. Later in our analysis, we show
that one can perform the update in (5) and have an ex-
actly convergent method, while setting the batch size
Dy, signibcantly smaller than batch sizesDi, and B.

First-order MAML (FO-MAML). To reduce the
cost of implementing the update of MAML one might
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suggest ignoring the second-order term that appears
in the update of MAML. In this approach, which is
also known as brst-order MAML (FO-MAML) [ Finn
et al., 2017, we update wy by following the update
Wit = We$ %o #fi(Wha D), (8)
iB
where the pointswi,, are evaluated based on4). In-
deed, this approximation reduces the computational
complexity of implementing MAML, but it comes at
the cost of inducing an extra error in computation
of the stochastic gradient of F. We formally char-
acterize this error in our theoretical results and show
under what conditions the error induced by ignoring

the second-order term does not impact its convergence.

The steps of FO-MAML are outlined in Algorithm 2.

3 Hessian-free MAML (HF-MAML)

To reduce the cost of implementing MAML we propose
an approximate variant of MAML that is Hessian-
free, i.e., only requires evaluation of gradients, and
has a computational cost ofO(d). The idea behind
our method is that for any function &, the product of
Hessian# 2&(w) by a vector v can be approximated by

+ 1
# &(w + v)ﬁ# &w$ 'v) ©)

with an error of at most (' )v)?2, where ( is the pa-
rameter for Lipschitz continuity of the Hessian of &.
Based on this approximation, we propose a computa-
tionally elcient approach for minimizing the expected
lossF debned in @) which we refer to it as Hessian-
free MAML (HF-MAML). As the name suggests the
HF-MAML is an approximation of the MAML that
does not require evaluation of any Hessian, while it
provides an accurate approximation of MAML. To be
more precise, the update of HF-MAML is debned as

(10)
"% & #
#._fi Wk$##-fi(Wk,Diln),Dlo $#dL

#28(W)V (

Wi+ =

o
Wk$i

iB g

where# is the step size for each taskd4 is the stepsize
for the meta update, and the vectorsd, are dePned as

1
20}

_ﬁfl (wk_(sllc@fl(wk _aﬁfl(wlﬁ D:,n): DZ)): D;L)) . (ll)

di = (@f@' (wk +5i@fi(wk_a@fi(wk>pzn)>Df))>,D;l)

Note that d‘k is an approximation for the term
#-Zfi(Wk, DL)#.-fi(Wk $ ##-fi(Wk, Diin ), Dl)) which ap-
pears in # F. In addition, '} > O indicates the ac-
curacy of the Hessian-vector product approximation.
As depicted in Algorithm 3, this update can be im-
plemented elciently in two stages similar to MAML.

Algorithm 3:  Hessian-free MAML (HF-MAML)

while not done do
Choose a batch ofi.i.d. tasks B & | with

distribution p and with size B = |B|;

for all Tj withi " By do
Compute #f; (wx, D}, ) using datasetD/, ;
Setwj,, = wg $ ##f;(wk,Dl,);

end

Compute w1 according to the update (10);

k' k+1;

end

4 Theoretical Results

In this section, we characterize the overall complexity
of MAML, FO-MAML, and HF-MAML for bnding a
brst-order stationary point of F when the loss func-
tions f; are nonconvex but smooth.

Debnition 4.1. A random vector w- " RY is called

an !-approzimate first order stationary point (FOSP)
for problem (2) if it satisfies E[)# F(w-))]* !.

Our goal in this section is to answer two fundamen-
tal questions for each of the three considered meth-
ods. Can they bnd an!-FOSP for arbitrary !> 0? If
yes, how many iterations is needed for achieving such
point? Before answering these questions, we brst for-
mally state our assumptions.

Assumption 4.2. F is bounded below, min F(w) >
$+ and!:=( F(wp)$ miny, re F(W)) is bounded.

Assumption 4.3.  For everyi " | , fi is twice contin-
uwously differentiable and Lj-smooth, i.e., # fi(w) $
#fi(u))* Li)W$ u).

For the simplicity of analysis, in the rest of the paper,
we mostly work with L := max; L; which can be con-
sidered as a parameter for the Lipschitz continuity of
the gradients # f; forall i "I .

Assumption 4.4.  For everyi" | , the Hessian # °f;
is (i-Lipschitz continuous, i.e., for every w,u " RY,

i.e, J# 2 (w) $# 2fi(u)* (Hw$ u).

To simplify our notation we use ( := max (; as the
Hessians Lipschitz continuity parameter for alli "1 .
Note that we do not assume any smoothness conditions
for the global lossF and all the required conditions are
for the individual loss functions f;. In fact, later we
show that under the conditions in Assumption 4.3, the
global lossF may not be gradient-Lipschitz in general.

The goal of Meta-learning is to train a model based
on a set of given tasks so that this model can be used
for learning a new unseen task. However, this is only
possible if the training tasks are somehow related to
unseen (test) tasks. In the following assumption, we
formalize this condition by assuming that the gradient
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#f;, which is an unbiased estimator of the gradient
#f = Ei» p[#fi(w)], has a bounded variance.

Assumption 4.5.  The variance of gradient # fi(w)
s bounded, i.e., for some $ > 0 we have

Ei pD# T (W) $# fi(w))?]* $2.

Note that this assumption is less strict comparing to
the bounded gradient assumption in Finn et al., 2019

Rajeswaran et al, 2019. In addition, for strongly con-

vex functions, this assumption is closely related to the
one in [Khodak et al., 2019 which states the optimal

point of loss functions of all tasks are within a ball
where its radius quantibes the similarity.

12)

In the following assumption we formally state the con-
ditions required for the stochastic approximations of
the gradients # f;(w,") and Hessians# 2f;(w,").

Assumption 4.6.  For any i and any W " RY, the
stochastic gradients # f;(w,") and Hessians # %f;(w,")
have bounded variance, i.e.,

E/D# fi(w,")$# fi(w)?]* $2,
E D# 2fi(w,") $# 2f(w)) 2] * $3,

(13)
(14)

where $ and $y are non-negative constants.

Finally, to simplify the statement of our results for
MAML, FO-MAML, and HF-MAML, we make the
following assumption on the relation of parameters.
Later in the appendix, we drop this assumption and
state the general version of our results.

Assumption 4.7.  We assume (#/IL = O(1). Also,
we assume $2 +$2 = O(1), where $ and $ are defined
in Assumptions 4.5 and 4.6, respectively.

4.1 Challenges in analyzing MAML methods

Before stating our main results for MAML, FO-
MAML, and HF-MAML, in this subsection we briel3y
highlight some of the challenges that emerge in ana-
lyzing these algorithms and prove some intermediate
lemmas that we will use in the following subsections.

(I) Unbounded smoothness parameter: The
global loss function F that we are minimizing in the
MAML algorithm by following a stochastic gradient
descent step is not necessarily smooth oveRY, and
its smoothness parameter could be unbounded. We
formally characterize the parameter for the Lipschitz
continuity of the gradients # F in the following lemma.

Lemma 4.8. C(Consider the objective function F de-
fined in (2) for the case that # " [0, %] Suppose
that the conditions in Assumptions 4.3-4.4 are satis-
fied. Then, for any w,u" RY we have

W E(w)$# F(u))* min{L(w),L(u)}) wsu). (15)

where L(W) :=4L+2#E» p)# fi(w)).

The result in Lemma 4.8 shows that the objec-
tive function F is smooth with a parameter that
depends on the minimum of the expected norm
of gradients. In other words, when we measure
the smoothness of gradients between two points
w and u, the smoothness parameter depends on
min{ Ej- ,)# fi(w)), Ei- p)# fi(u))} . Indeed, this term
could be unbounded or arbitrarily large as we have no
assumption on the gradients norm. Moreover, compu-
tation of min{E;~ ,)# fi(w)), Ei~ p)# fi(u))} could be
costly as it requires access to the gradients of all tasks.

(Il) Stochastic stepsize: For most optimization
methods, including SGD, the stepsize is selected pro-
portional to the inverse of the smoothness parameter.
However, in our setting, this parameter depends on
the norm of gradient of all tasks which is not compu-
tationally tractable. To resolve this issue, we propose a
method for choosing the stepsizé4 by approximating
L(w) with an average over a batch of tasks. Specif-
ically, we approximate E;- p)# fj(w)) in the debni-
tion of L(w) using the estimator ;5 ,)#f; (w, D}))
where D, is a dataset corresponding to taskj with
sizeDy. Hence, we estimatel (w) by

2 %
BS
imB

E(w):=4L + YT (w,DL)). (16)
Using this estimate, our stepsize% is tuned to be a
constant times the inverse oft:(w) which we denote by
%{w) = 1/E(w), i.e., % = c%w) = c/LE(w). This sim-
ple observation shows that the stepsize that we need
to use for MAML algorithms is stochastic as1/ E(w) is
a random parameter and depends on the choice @&®
Therefore, we need to derive lower and upper bounds
on the expectations E[%] and E[%], respectively, as
they appear in the convergence analysis of gradient-
based methods. Considering the debntiofy = c¥%{w),
we state these bounds fofq{w) in the following lemma.

Lemma 4.9. Consider the function F defined in (2)
for the case that # " [0, L]. Suppose Assumptions 4.5-
4.6 hold. Further, consider the definition

1 1

= ! -
E(w)  4L+2(# s ) #fj(w,D}))/B ¥
17
where B® is a batch of tasks with size B® which are
independently drawn with distribution p, and for every
ji"B% D) is a dataset corresponding to task j with
size Dy . If the conditions

FW):=

BS% 05(#S$/L )%, Ds% (R#$/L)>  (18)
are satisfied, then we have
" " 4
. 0.8 . 3.125
0 2 %
E %w) % LW’ E %w) L(w)? (29)

where L(W) =4L +2#Ei» p)# fi(w)).
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Lemma 4.9 shows that if we set% = c%{wy), with

%gwy) given in (17) and the batch-sizesB® and Dy

satisfy the conditions (18), then the brst moment of %

is bounded below by a factor oft/L (wy) and its second
moment is upper bounded by a factor ofl/L (w)?.

Throughout the paper, we assume at each iteration
k, the batches BE,{DL}J- i ; are independently drawn
from By and {D,,D!, D!}z , used in the updates of
MAML methods. Also, it is worth emphasizing that
the batch size for the random setsB and {Dg}j B
are independent of the desired accuracy and the extra
cost for the computation of these batches is 00(1).

(111) Biased estimator: The statement that MAML
performs an update of stochastic gradient descent at
each iteration on the objective function F is not quite
accurate. To better highlight this point, recall the up-
date of MAML in ( 5). According to this update, the
descent directiongx for MAML at step k is given by
1$ % _ &
Ok = E Ai,k #'fi Wk$##'fi(Wk,Diln),D:) s
iB
with Ajx = (I $ ##2f; (wx, D})), while the exact gra-
dient of F at wy is given by
*

# F(Wk): Ei- p( | $ ## 2](i(Wk))#fi(Wk$##fi(Wk)) .

Given wg, 0Ok is not an unbiased estimator of
the gradient #F(wy) as the stochastic gradi-
ent #f;(wg,D} ) is within the stochastic gradient
#1i(w $ ##f;(w, D}, ),Dl). Hence, the descent di-
rection that we use in the update of MAML for up-
dating models is a biased estimator of# F (wy). This
is another challenge that we face in analyzing MAML
and its variants. To overcome this challenge, we need
to characterize the brst-order and second-order mo-
ments of the expression# f; (wy $ ##f;(wy,D!,),D.).

Lemma 4.10. Consider F in (2) for the case that
#" [0, L]. Suppose Assumptions 4.3-4.6 hold. Then,

Eo,, 0, [F i (Wi $ ##1i(wi, D), Do) [Fi] - (20)

= # i (WS ## (W) + e, where) e )™ ,#::_)$ :
in

Moreover, for arbitrary & > 0 we have 4

Ep,, o )T (Wi $ ## 1 (wi, D}, ), DL))? | F
0

s 14 é Y (Wi $ ## 5 (w)))2

2] 2¢2 2

. (1+ &#°L%$ N i 21)
Din Do

The result in Lemma 4.10 claribpes the reason that
the descent direction of MAML denoted by g« is a
biased estimator of # F (wy). It shows that the bias

is bounded above by a constant which depends on

the variance of the stochastic gradients#f; and the

stepsize# for the inner steps. By setting # = 0, the

vector #f (wy $ ##f;(wg, D!, ),D!) becomes an unbi-
ased estimate of# f;(wx $ ## f;(wx)) as our result in
(20) also suggests. Also, the result in 21) shows that
the second moment of#f;(wx $ ##f;(wy,D! ),Dl)

is bounded above by the sum of a multiplicand of
W fi(we $ ##1;(wy)))? and a multiplicand of $°.

4.2 On the Connection of F and B

In this subsection, we investigate the connection be-
tween F and P debned in @) and (3), respectively. In

particular, in the following theorem, we characterize

the di"erence between their gradients. Later, using

this result, we show all the methods that we study

achieve the same level of gradient norm with respect
to both F and 2, up to some constant.

Theorem 4.11.  Consider the functions F and © de-
fined in (2) and (3), respectively, for the case that
#" (0, %] Suppose Assumptions 4.3-4.6 hold. Then,
for anyw " RY, we have

$

Yt B(w) $# F(w))* 2#L 5 L3S

+ #2
Dtest

. (22)

test

Next, we mainly focus on characterizing the behavior
of MAML, FO-MAML, and HF-MAML with respect

to F, and by using the above theorem, we can im-
mediately obtain bounds on the norm of# P as well.

In fact, the above theorem indicates the di"erence be-
tween# F and # P is O(max{ %5 — SuS 1y,

? D test

4.3 Convergence of MAML

In this subsection, we study the overall complexity of
MAML for Pnding an !-FOSP of the loss functionsF
and P debned in @) and (3), respectively.

Theorem 4.12. Consider F in (2) for the case that
#" (0, &] Suppose Assumptions 4.2-4.7 hold. Con-
sider running MAML with batch sizes satisfying the
conditions D % -2#2$E|. and B % 20. Let % =
F{wyi )/ 12 where %W) is given in (17). Then, for any
1>1!> 0, MAML ﬁfc:lss a solution W- such4that

$2 %2 $2
+

B BD, D

ED# F(w-))]*O 2 + S +1 (23

with a total number of iterations of
6 7
L LB N L(BD,+ Din)

O(1)!'min 2§ 37

(24)

The result in Theorem 4.12 shows that after run-
ning MAML for O(&% + & + BBgPi) iterations, we
can bPnd a pointw that its expeggted gradient norm

ED# F(w))]isatmostof ! + O( % + g5+ £).
This result implies that if we choose the batch sizeS3,

D,, and Dj, properly (as a function of!), then for any
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I> 0itis possible to reach an!-FOSP of problem (2)
in a number of iterations which is polynomial in 1/! .
We formally state this result in the following corollary.

Corollary 4.13.  Suppose the condition in Theo-
rem 4.12 are satisfied. Then, if the batch sizes B, Dy,
and Din satisfy the following conditions,

B % (C1$%)/! 2, Din,BDo % (Co$2)/'2%,  (25)

for some constants Cy and Cy, then MAML finds an
I-FOSP after ! O(L/' ?) iterations.

The result shows that with sulcient samples for the
batch of stochastic gradient evaluations, i.e., D, and
D,, and for the batch of tasks B, MAML Pnds an
I-FOSP after at most O(1/! ?) iterations for any ! > 0.

Remark 4.14. Based on Theggem 4.11, the diffeg-
ence between #F and # P is O max{ A— 3%y

? D test
Given that, and since in practice, we usually choose
Diest at least as large as Din , one can see that as long
as By is not significantly larger than $, the order of
norm of gradient for both F and © would be similar
for all the results, up to some constant. This argument
holds for FO-MAML and HF-MAML as well.

4.4 Convergence of FO-MAML

Now we proceed to characterize the convergence of the

brst order approximation of MAML (FO-MAML).

Theorem 4.15. Consider F in (2) for the case that
#" (0, ﬁ] Suppose Assumptions 4.2-4.7 hold. Con-
sider running FO-MAML with batch sizes satisfying
the conditions D % -2#2$E|. and B % 20. Let
% = Y{wy)/ 18 where Y{W) is defined in (17). Then,
for any 1>1> 0, FO-MAML finds W- such that

93 a

7

ED# F(w-))]*O0 2 #2L2+é +

$ 82
+
BDo Din
(26)

+1!

with a total pumber of iterations of 7
L L , L(BDo+Din)
12’ $2(#2L.2+ B&1) %2

O(1)! min

Comparing Theorem 4.15 with Theorem 4.12 implies
that FO-MAML, in contrast to MAML, may not con-

verge to an exact brst-order stationary point even
when we use large batch sizes (see Appendix Specif-
ically, even if we choose large batch sizeB, Dj, , and
D, for FO-MAML, the gradient norm cannot become
smaller than O(#$). This is because of the#2L2$?

term in (26) which does not decrease by increasing the
batch sizes for the tasks and stochastic gradient evalu-

ations. Now we state the results for FO-MAML when,
as in corollary 4.13 we use batch sizes 0D (1/! ?).
Corollary 4.16.  Suppose the condition in Theo-

rem 4.15 are satisfied. Then, if the batch sizes B, Dy,
and Din satisfy the following conditions,

2
B %C]_#T]l-_z, Din,BDo %sz, (27)
for some constants C1 and Cy, then FO-MAML finds
a point W satisfying the condition E[}# F(w ))] *
O(#$L), after at most ! O(L/ (#2$°2L)) iterations.

4.5 Convergence of HF-MAML

Now we proceed to analyze the overall complexity of
our proposed HF-MAML method.

Theorem 4.17. Consider the function F defined in
(2) for the case that # " (O, &] Suppose Assump-
tions 4.2-4.7 hold. Consider running HF-MAML with
batch sizes satisfying the conditions Dy, % -36(#( $)2.
and B %20. Let % = 94wy )/ 25 where Y{w) is defined
in (17). Also, we choose the approximation parameter
" in HF-MAML as

1
6(# ) # T, (WS ##F; (W, Dl ),Di))

Then, HF-MAML finds a solution W+ such that

/ 0
. $2 $2  ¢2
ED# Fw))I*O o+ gr—+ o

with a total nurgber of iterations of

LB L(BD,+ D,n)
[ -
Comparing the results in Theorem4.17for HF-MAML
with the result in Theorem 4.12for MAML shows that
the complexity of these methods and the resulted ac-
curacy are the same, up to a constant factor. Hence,
HF-MAML recovers the complexity of MAML  with-
out computing second-order information or performing
any update that has a complexity of O(d?). As the re-
sults for HF-MAML are similar to the ones for MAML,
we can show that similar results to the ones in Corol-
lary 4.13also hold for HF-MAML (Appendix H).

i
K =

+ 1 (28)

O(1)! min (29)

5 Conclusion

In this work, we studied the convergence properties
of MAML, its brst-order approximation (FO-MAML),

and our proposed Hessian-free MAML (HF-MAML)
for non-convex functions. In particular, we character-
ized their best achievable accuracy in terms of gradi-
ent norm when we have access to enough samples and
further showed their best possible accuracy when the
number of available samples is limited. Our results in-
dicate that MAML can bnd an !-prst-order stationary
point, for any positive ! at the cost of using the second-
order information of loss functions. On the other hand,
we illustrated that although the iteration cost of FO-
MAML is O(d), it cannot reach any desired level of
accuracy. That said, we next showed that HF-MAML
has the best of both worlds, i.e., it does not require
access to the second-order derivative and has a cost of
O(d) at each iteration, while it can bnd an!-brst-order
stationary point, for any positive !.
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