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ABSTRACT

In order to meet the requirements for performance, safety, and
latency in many IoT applications, intelligent decisions must be
made right here right now at the network edge. However, the con-
strained resources and limited local data amount pose significant
challenges to the development of edge Al To overcome these chal-
lenges, we explore continual edge learning capable of leveraging
the knowledge transfer from previous tasks. Aiming to achieve fast
and continual edge learning, we propose a platform-aided federated
meta-learning architecture where edge nodes collaboratively learn
a meta-model, aided by the knowledge transfer from prior tasks.
The edge learning problem is cast as a regularized optimization
problem, where the valuable knowledge learned from previous
tasks is extracted as regularization. Then, we devise an ADMM
based federated meta-learning algorithm, namely ADMM-FedMeta,
where ADMM offers a natural mechanism to decompose the origi-
nal problem into many subproblems which can be solved in parallel
across edge nodes and the platform. Further, a variant of inexact-
ADMM method is employed where the subproblems are ‘solved’
via linear approximation as well as Hessian estimation to reduce
the computational cost per round to O(n). We provide a compre-
hensive analysis of ADMM-FedMeta, in terms of the convergence
properties, the rapid adaptation performance, and the forgetting
effect of prior knowledge transfer, for the general non-convex case.
Extensive experimental studies demonstrate the effectiveness and
efficiency of ADMM-FedMeta and showcase that it substantially
outperforms the existing baselines.
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1 INTRODUCTION

The past few years have witnessed an explosive growth of Inter-
net of Things (IoT) devices. In many of these IoT applications,
decisions must be made in real time to meet the requirements for
safety, accuracy, and performance [46]. A general consensus is that
the conventional cloud-based approach would not work well in
these applications, calling for edge intelligence or edge Al [28, 48].
Built on a synergy of edge computing and Al, edge intelligence is
expected to push the frontier of model training and inference pro-
cesses to the network edge in the physical proximity of IoT devices
and data sources. Nevertheless, it is highly nontrivial for a single
edge node to achieve real-time edge intelligence since AI model
training usually requires extensive computing resources and a large
number of data samples. To tackle these challenges, we resort to
continual learning capable of leveraging the knowledge transfer
from previous tasks in the cloud or by other edge nodes. Simply
put, continual learning (CL) is a machine learning paradigm that
is designed to sequentially learn from data samples corresponding
to different tasks [27]. Rather than learning the new model from
scratch, CL aims to design algorithms leveraging knowledge trans-
fer from pre-trained models to the new learning task, assuming that
the training data of previous tasks are unavailable for the newly
coming task (this is the case for edge learning).

To facilitate edge learning, collaborative learning has recently
been proposed to leverage the model knowledge distillation, includ-
ing cloud-edge collaboration and edge-edge collaboration. More
specifically, a distributionally robust optimization based edge learn-
ing framework has been introduced to build a cloud-edge synergy
between the pre-trained model in the cloud and the local data sam-
ples at the edge [46]. Along a different avenue, building on the
recent advances in meta-learning [9, 26] and federated learning
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[24], a significant body of work has been devoted to federated meta-
learning [5, 15, 21, 47] and personalized federated learning [8, 40],
under a common theme of fostering edge-edge collaboration. In
particular, federated meta-learning aims to learn a good model ini-
tialization (meta-model) across source edge nodes, such that the
model of the new task can be learned via fast adaptation from the
meta-initialization with only a few data samples at the target edge
node.

Most of the existing works on federated meta-learning focus
on the learning from a given set of tasks, each with its training
data, but have not addressed the well-known catastrophic forgetting
issue in continual learning [11] [27]. Further, the performance of
the fast adaptation depends on the similarity among tasks [8, 21].
As a result, the meta-model obtained via federated meta-learning
may not work well when the tasks on the target node are dissimilar
to those at the source nodes. It is also worth noting that most of
the existing federated meta-learning algorithms are gradient-based,
which may suffer from some limitations such as vanishing gradients
and sensitivity to poor conditioning [37]. It has been observed in
practice that these gradient-based algorithms often exhibit slow
convergence in training the meta-model, especially on complex
tasks [5, 8, 15], resulting in low communication efficiency and high
computational cost.

To tackle the issues noted above, in this paper, we study contin-
ual edge learning via federated meta-learning with regularization.
Notably, regularization-based methods have been widely used in
continual learning [17, 31, 44] and transfer learning [32, 34]. In-
spired by theoretical neuroscience models via imposing constraints
on the update of the neural weights [2], regularization approaches
can help to alleviate catastrophic forgetting [27]. Meanwhile, valu-
able knowledge learned from previous tasks can be extracted as
regularization to improve the training speed and the performance
of the new task (so-called “positive forward transfer” [22]). Accord-
ingly, we cast the federated meta-learning problem as a regularized
stochastic optimization problem, using Bregman divergence [4] to
define the regularization. Further, to reduce the computational cost
and to facilitate collaborative learning, we employ the alternative
direction method of multipliers (ADMM) technique to decompose
the problem into a set of subproblems that can be solved in parallel
across edge nodes and the platform. In particular, by “decoupling
the regularizer” from the computation at local edge nodes, it suffices
to run the regularization only in the platform for global aggregation.
Observe that the conventional ADMM technique requires the exact
solutions to a set of (possibly non-convex) subproblems during each
iteration, incurring a possibly high computational cost. To over-
come this challenge, we develop a variant of the inexact-ADMM
algorithm for the regularized federated meta-learning problem,
namely ADMM-FedMeta, where we use linear approximation in
each subprobleml, as well as Hessian estimation, and then trans-
form it into a quadratic form that can be solved with a closed-form
solution, thus achieving computational complexity of O(n) per
round, with n being the model dimension.

We note that the error induced by linear approximation and
Hessian estimation, complicates the proof of the convergence of

!As shown in the proof of convergence of ADMM-FedMeta, it is unnecessary to
obtain the exact solutions in each iteration, and this is the underlying rationale of the
inexact-ADMM.
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the proposed algorithm, and the existing results [1, 12, 39] cannot be
applied directly, simply because the sufficient descent condition of
the Lagrangian function is violated. In this paper, we develop a new
technical path to resolve this issue and establish the convergence
guarantee for the general non-convex case. Further, we rigorously
show that our method can mitigate the catastrophic forgetting
and alleviate the performance degradation due to the dissimilarity
between the source nodes and the target node. Besides, different
from the previous approaches [8, 21], our algorithm can converge
under mild conditions, i.e., without regular similarity assumptions
on the training nodes. Therefore, it can be applied to unbalanced and
heterogeneous local datasets, unleashing the potential in dealing
with the inherent challenges in federated learning.

The main contributions of this work are summarized as follows:

e Aiming to facilitate fast and continual edge learning, we pro-
pose a platform-aided federated-meta learning architecture
where edge nodes join forces to learn a meta-model with the
knowledge transfer from previous tasks. We cast the edge
learning problem as a regularized optimization problem, in
which the transferred knowledge is in the form of regular-
ization using Bregman divergence. We devise an inexact-
ADMM based algorithm, called ADMM-FedMeta, where the
ADMM technique is employed to decompose the problem
into a set of subproblems that can be solved in parallel across
edge nodes and the platform, and also it suffices to run the
regularization only in the platform for global aggregation.
Further, a variant of the inexact-ADMM method is devised
where the subproblems are ‘solved’ via linear approximation
as well as Hessian estimation to reduce the computational
cost of per round to O(n), achieving lower computational
complexity compared to most of the existing methods.

e We carry out a comprehensive analysis of the proposed
algorithm for the general non-convex case, where we es-
tablish the convergence and characterize the performance
of fast adaptation using local samples at the target node.
We also quantify the forgetting effect of model knowledge
transferred from previous tasks for a special case. Besides,
we show that ADMM-FedMeta can mitigate performance
degradation incurred by the dissimilarity between the source
nodes and the target node.

e We evaluate the performance of the proposed algorithm
on different models and benchmark datasets. Our extensive
experimental results showcase that ADMM-FedMeta out-
performs existing state-of-the-art approaches, in terms of
convergence speed, adaptation performance, and the capa-
bility of learning without forgetting, especially with small
sample sizes.

2 RELATED WORK

In this section, we briefly review the related work in the following
three areas.

Meta-Learning. Meta-learning has emerged as a promising so-
lution for few-shot learning. Ravi et al. [30] propose an LSTM-based
meta-learning model to learn an optimization algorithm for training
neural networks. Different from [30], a gradient-based Model Ag-
nostic Meta-Learning (MAML) algorithm is proposed in [9], which
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aims at learning a model initialization, based on which using a
few gradient descent updates can achieve satisfactory performance
on a new task. To reduce the computational complexity, Nichol
et al. [26] introduce a first-order meta-learning algorithm called
Reptile, which does not require the computation of the second-
order derivatives. Multiple follow-up works extend MAML from
different perspectives, e.g., [6, 10, 29, 33]. Along a different line,
Fallah et al. [7] establish the convergence of one-step MAML for
non-convex loss functions and then proposes a Hessian-free MAML
to reduce the computational cost with theoretical guarantees. The
convergence for multi-step MAML is studied in [13]. Wang et al.
[38] further characterize the gap between the stationary point and
the global optimum of MAML in a general non-convex setting.

Federated Meta-Learning. Very recently, the integration of
federated learning and MAML has garnered much attention. Chen
et al. [5] propose a federated meta-learning framework called Fed-
Meta based on FedAvg [24] and MAML-type algorithms, which
improves the performance and convergence speed of FedAvg. Jiang
et al. [15] analyze the connections between FedAvg and MAML,
and proposes a federated meta-learning algorithm called person-
alized FedAvg. Lin et al. [21] analyze the convergence properties
and computational complexity of federated meta-learning for a
strongly convex setting. Another recent work [8] proposes a feder-
ated meta-learning algorithm called Per-FedAvg and provides the
convergence guarantee for the general non-convex setting. How-
ever, these studies focus on collaborative learning on a given set of
tasks without exploring the valuable knowledge transfer from the
previous tasks [27].

ADMM. A number of existing works [12, 23, 36, 39] analyze
the convergence of ADMM for the case where the solution to each
subproblem is computed exactly. Wang et al. [35] extend the ADMM
method from two-block to multi-block form. Besides, there are also
a few works [1, 14, 20, 25] studying the performance of ADMM in
an inexact and non-convex setting, by linearizing the subproblems
that are difficult to solve exactly. It is worth noting that linear
approximation is insufficient for the meta-learning problem which
generally requires higher-order information.

3 CONTINUAL EDGE LEARNING VIA
FEDERATED META-LEARNING WITH
REGULARIZATION

We consider a platform-aided federated meta-learning architecture
for edge learning (as illustrated in Figure 1), where a set J of source
edge nodes joint force to learn a meta-model, aided by the valuable
knowledge learned from previous tasks in the cloud. Specifically, the
knowledge transfer is in the form of regularization using Bregman
divergence on the prior model.

3.1 Problem Formulation

For ease of exposition, we consider a general supervised learning
setting where each edge node i € 7 U {m} has a labeled dataset
D; = {(x{,y{)}?:il with total D; .samples. Here (x{,.y{) e XixY;
is a sample point with input X{ and true label y{, and follows

an unknown underlying distribution P;. For a model parameter
#i € R™, the empirical loss function for a dataset D; is defined as
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Figure 1: Illustration of the platform-aided federated meta-
learning architecture with knowledge transfer.

Li(¢i, D) £ (1/Dy) Z?:il li (¢, (x{,y{)), where [; (-, ) is a general
differentiable non-convex loss function.

Motivated by the recent success of regularization approaches in
transfer learning and continual learning [27], we use regularization
for extracting the valuable knowledge from the prior model to
facilitate fast edge training and to alleviate catastrophic forgetting.
More specially, for a model parameter 6 € R", we denote 6, € R"
as the prior model parameter, and use the Bregman divergence
Dy (6,0p) [4] as the regularization, given by:

Dy(6,0,) £ h(6) — h(6)) — (Vh(6)), 60 - 6,), (1)

for some continuously-differentiable strictly convex function A(:).
It is worth noting that Bregman divergence is a dissimilarity mea-
sure between two objects (e.g., vectors, matrices, distributions, etc.).
It encompasses a rich class of divergence metrics, including squared
Euclidean distance, squared Mahalanobis distance, Kullback-Leibler
(KL) divergence, and Itakura-Saito (IS) distance, which are widely
used in machine learning to encode the dissimilarity from differ-
ent perspectives, and is particularly useful for the regularization
approaches [16, 32, 42]. Note that while for ease of exposition, in
this paper we consider the regularizer on the model parameters
using Bregman divergence, the same methodology can be applied to
generalize the regularization to be in terms of Bregman divergence
between two functions of 6 and 0, respectively (see Assumption
2).

Following the same line as in MAML [9], we divide the dataset
D; for the source edge node i € T into two disjoint sets, i.e., the
support set D7 and the query set D? . Based on the prior model,
we can formulate the federated meta-learning with knowledge
transfer among the source edge nodes as the following regularized
optimization problem:

min ;wm (¢1(6), D) + ADy, (6, 6p) @)
st ¢i(0) =0-aVLi(0,D5), ie T 3)

where w; = D;/>;cr Di, a is the learning rate, and A is a penalty
parameter that can be used to balance the trade-off between the
loss and the regularization. In this formulation, we aim to find a
good meta-model such that slight updating, i.e., one-step gradi-
ent descent, results in substantial performance improvement for
any task across the edge nodes. That is, the source edge nodes
collaboratively learn how to learn fast with a few data samples.
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Further, by penalizing changes in the model via regularization, the
learned model from (2)-(3) is confined to stay ‘close’ to the prior
model for enabling collaborative edge learning without forgetting
prior knowledge, thus the learned meta-model can widely adapt to
different types of tasks.

In the fast adaptation stage, the platform transfers the learned
meta-model 6 to the target node (denoted by m) after solving the
regularized federated meta-learning problem (2)-(3). Based on 0, the
target node m can use its local data set D;, to quickly compute a
new model ¢, by performing one-step stochastic gradient descent,
ie.,

dm =0 —aVLly(6, D}). 4)

Note that the target node also can execute a few steps of stochastic
gradient descent updates for better performance when needed.

3.2 An Inexact-ADMM Based Algorithm for
Regularized Federated Meta-Learning

As alluded to earlier, general gradient-based federated meta-learning
approaches cannot handle the regularized optimization problem
(2)-(3) well. To address this problem, we propose an inexact-ADMM
based federated meta-learning algorithm (ADMM-FedMeta) to solve
(2)-(3).

Observe that the federated meta-learning problem (2)-(3) is equiv-
alent to the following constrained optimization problem:

min " wiLi($:(6:), DY) + ADy (6, 0p)
{010
iel ©)
s.t. 0;—0=0iel

where ¢;(6;) is given by (3). To solve (5), we form the augmented
Lagrangian function as follows:

L((00yi}.0) = 3" (wiLi($:(0). DY) + (yi, 01 - 0)

iel
+ 2116, - 01%) + 2D, (0.6p). ©)

where y; € R" is a dual variable and p; > 0 is a penalty parameter
foreachie I.

When the classical ADMM method is applied [3], the variables
0i, 0 and y; are updated alternatively in solving (5) as follows:

9“’1 = arg ming L({ef, yit}) 9)’
eit+1 = argming, Li(ei,yf, 9t+1)’ ™)
yf+1 - yf +pi(9it+1 _ 9t+1))

where £; (03,3, 0) £ wiLi(¢i(0:), D) + (yi, 0 — ) + 5L 116; - 01|
The conventional ADMM decomposes the problem (5) into a set
of subproblems that can be solved in parallel, while computing
Dy (6,0p) and L; (¢i(9i),2)?) separately. Based on that, to fully
take advantage of the combined computation power of the local
edge nodes and the platform, we provide the following alternating
updating strategy: 1) updating 6 at the platform and 2) updating
{6i,y;} at the source edge nodes in a distributed manner. Particu-
larly, in this way, the computation corresponding to the regularizer
can be decoupled from the edge nodes to the the platform. However,
attaining the exact solution to each subproblem is computationally
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costly, especially with a complex DNN model. To tackle this chal-
lenge, we devise the inexact-ADMM based federated meta-learning
(ADMM-FedMeta) below.

Specifically, in communication round ¢ = 0, the platform initial-
izes 6° and sends it to all edge nodes. Each node i € 7 initializes
yl._1 locally.

e Local update of {0;,y;}. After receiving 6! from the plat-
form at communication round ¢, each edge node i € 7 would
do the following updates:

(1) Update node-specific model ¢;. Based on the dataset D7,
¢! is updated as:

¢f = 0" — aVLi(6", D}). ®)

(2) Update local parameter 6;. Based on (7), given the meta-
model 6 and local dual variable yf ~! from last communica-
tion round, the local parameter 6; should be updated as:

¢! =argmin {wiLi (¢i(9,~),1)?) + (yf_l, 0; — 6%
0;

+%||9i—9f||2}. ©)

To simplify the computation, we use linear approximation
(i.e., first-order Taylor expansion) around 6 to relax this
subproblem, i.e.,

Qit =arg min {wiLi(g’)it, Z)lq)
0;

+ <Wl' (I - aVzLi(Qt, Df))VLi(qﬁit, Z):Z)
+yi 70— 0%+ Ejo - etnz}, (10)

where ¢>It is from (8). Nevertheless, (10) is still insufficient
since the computational complexity of the Hessian-gradient
product V2L; (6, Z)is)VLi( l.t, Z)lq) is O(n?). To further re-
duce the computational cost, as in [7, 13], we replace the
Hessian-gradient product by a first-order estimator, i.e.,

‘. VL,‘(@t + 51‘,17‘{, Dls) - VL; (Qt — 51‘,17‘{, Z)ls)
9 = 25;
it

. 1y

where rf £ VL;(¢}, Z)?) and 8;4 > 0 is the degree of free-
dom capturing the estimation accuracy. In a nutshell, the
local parameter 6} is updated as follows:

(e Y (LG DY) ~ )

0; =6 o , (12)
where (12) is derived by the optimality of (10) after replacing
V2L (0", DF)VLi (¢!, D) with g!.

(3) Update local dual variable y;. Based on 6" and the updated
local parameter 9{, the auxiliary dual variable yl.t is next
updated according to:

yl =yl + pi (07 - 0"). (13)

¢ Global Aggregation towards Meta-Model 0. Each edge
node i € 7 sends the updated local parameters 9{ and yf to
the platform. With the prior model 0, transferred from the
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Algorithm 1: Inexact-ADMM Based Meta-Learning Algo-
rithm (ADMM-FedMeta)

Input: Hp, a, A, pi, Z)is, Z)? forie I

Output: Finial meta-model 0
1 Each edge node i € 7 initializes yi’l;

2 Platform initializes §° and sends it to all edge nodes;
3 fort =0to T do

4 fori=1toIdo

5 Compute ¢! — 0" — aVL; (0", D?);

6 Compute Gl.t by (12);

7 Compute y! — y!~! + p; (0! — 6");

8 Send 91? and y:f back to the platform;

9 end

10 Platform updates 0**! by (14) and sends it to all edge

nodesi € 1;

11 end

12 Platform transfers 67 to target node for fast adaptation;

cloud, the platform performs a global update of the model
initialization 6 based on:

g+ — Yier (Y} +pi]) = AVg: Dy (0%, 9p)

ZIEI pPi

where (14) is derived from the optimality of the linearized
L({Hit , yf },0) around 67 similar to (12). Then, the platform
sends 0"+ back to all edge nodes for the next communication
round.

o Fast Adaptation. After the training phase, the platform
transfers the learned meta-model 67 to the target node m.
Based on §7, the target node performs one or a few steps of
stochastic gradient descent on its own dataset to obtain a
new model.

The details of ADMM-FedMeta are summarized in Algorithm 1.
Note that due to linearizing all decomposed subproblems and esti-
mating Hessian by its first-order estimation, we enable the compu-
tation complexity of ADMM-FedMeta to be O(n) per round, which
maintains the lowest among all existing federated meta-learning
approaches.

(14)

4 PERFORMANCE ANALYSIS

In this section, we analyze the performance of ADMM-FedMeta.
First, we study the convergence properties and characterize the
communication complexity for ADMM-FedMeta. Then, we quantify
the forgetting effect to previous tasks of the meta-model and analyze
the fast adaptation performance at the target edge node.

4.1 Convergence Analysis

For convenience, we denote the objective function of (2) as F(6):

F(0) = Z wiLi(¢7,~(9),D?) + ADp (0, 6p), (15)
iel
where ¢;(0) = 0 — aVL;(0, D;). Next, we characterize the conver-

gence and communication complexity of the proposed algorithm
for finding a first-order stationary point of function F(8). Formally,
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the definition of an e-approximate first-order stationary point is
given as follows.

Definition 1 (e-FOSP). A solution® € R" is called an e-approximate
first-order stationary point (€-FOSP) of (2), if ||[VF(0)|| < €, fore > 0.

The above definition implies that if a solution 6 obtained by
an algorithm is a e-FOSP, then the gradient norm of the objective
function is bounded above by e.

Note that the first-order estimator of Hessian introduced in the
subproblem (12) inevitably complicates the convergence analysis of
ADMM-FedMeta, making the existing analysis methods of ADMM
[1] not suitable here. To establish the convergence of ADMM-
FedMeta, we impose the following standard assumptions in the
literature.

Assumption 1. F(60) is lower-bounded, i.e., F(8) > —oo, for all
0 e R™

Assumption 2 (Smoothness and Bounded Gradient). For each
i€ TU{m}, any Df, and 0p € R", both L; (-, D) and Dy, 0p) are
twice continuously differentiable and smooth, i.e., for any x,y € R",
there exist constants p; > 0 and pr > 0 such that:

IVLi(x, D7) = VLi(y. D) < pillx =y, (16)
IVxDh(x,0p) = VyDp(y, 0p)Il < pirllx =yl 17)

Besides, the gradient norms of Li(-, D7) is bounded by a positive
constant f; > 0, i.e., for any x € R™, the following holds:

IVLi(x, D) < pi. (18)

Assumption 3 (Lipschitz Continuous Hessian). Foranyi € I and
any D7, the Hessian of Li (-, Df) is {;-Lipschitz continuous, i.e., for
any x,y € R", we have:

IV2Li(x, D7) = V2Li(y, DY) < dillx — yll- (19)

Assumption 4 (Bounded Variance). Foranyie€ I U{m} and0 €
R™, the stochastic gradient V1; (9, (%, y)) and Hessian Vzli(ﬁ, (%, y))
with respect to data point (x,y) € X; X Y; have bounded variances,
ie.,

E(xy)~p; IVEi (6, (x.)) = VL:(0)II?} < (o7)%, (20)
E(xy)~p {IV25(6. (x,y)) = VLi(O) %} < (61)2, (21)

for some positive constants alg > 0 and O'ih > 0.

Assumptions 1-4 are standard in the state-of-the-art studies on
the analysis of federated learning algorithms [8, 21, 45]. In par-
ticular, (18) is critical for analyzing the convergence as it enables
characterizing the estimation error of the Hessian. Assumption 3
implies the high-order smoothness of L;(-, Df) for dealing with
the second-order information in the update steps of Algorithm
1. Furthermore, Assumption 4 provides the upper bounds of the
variances of the gradient and Hessian estimations.

To quantify the convergence behavior of ADMM-FedMeta, we
first study the properties of the objective function F(6). Denote
Fi(0) = Li(:(0), Z)?) Based on Assumptions 2 and 3, we have
the following result about the smoothness of F; as in the standard
analysis of federated meta-learning approaches.
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Lemma 1. Given Assumptions 2 and 3, for eachi € T U {m}, F; is
proper and vi-smooth, i.e.,

IVFi(x) = VEi(y)ll < villx - yll. YVx,y € R", (22)

where v; is defined as follows:
vi = (1+ap)(1+ pi)pi + afili. (23)
ProoF. The proof is standard. The detailed proof is provided in
Appendix A of the technical report [43]. ]

Next, we impose the assumptions on the hyper-parameters.

Assumption 5. Foralli € I, p; is large enough such that:

% —4w;v; > 0, (24)
i 4w;v; 1 A
P22 2, | 2 ) (25)
2 piz pi 21
i—3vi >0, 26
p

where v; is a smooth scalar defined in (23). Besides, for alli € I, the
additional degree of freedom parameter {5; +} for the approximation
of Hessian-gradient products is chosen to be a monotonically non-
increasing positive sequence and satisfies 3,32, 8i, < co.

We impose Assumption 5 on the penalty parameter p; and the
degree of freedom parameter J; ;. Intuitively, (24)-(26) imply that
a large p; is required to balance the error caused by the linear
approximation and Hessian estimation in (12).

Based on Lemma 1, we are ready to establish the convergence
and characterize the communication complexity for Algorithm 1.

Theorem 1 (Convergence and Communication Complexity). Un-
der Assumptions 1-5, we have the following results based on Algorithm
1:
(i) {0'} has at least one limit point and each limit point 6* is a
stationary solution of (2), i.e., ||[VF(6)| = 0.
(ii) Algorithm 1 finds an e-FOSP of Problem (2)-(3) after at most
O(1/€?) communication rounds.

Proor. For part (i), we first characterize the successive difference
of the augmented Lagrangian function. Based on that, we next show
lim; 0 |07+ — 07| = 0 and lim; o |61 — 6|| = 0. Lastly, we
bound ||VF(6")|| via [|6!*! - 67| and [|6"*! — 67||. We prove (ii) via
dividing the sum of the Lagrangian successive difference into two
finite parts. The detailed proof is presented in Appendix F of the
technical report [43]. O

Theorem 1 indicates that Algorithm 1 always converges to a
stationary point of (2). Besides, to find an e-FOSP of Problem (2)-
(3), Algorithm 1 requires O(1/€%) communication rounds between
edge nodes and the platform. It is worth noting that in contrast
to the previous methods [7, 8, 21], ADMM-FedMeta can converge
under mild conditions, i.e., not depending on the similarity assump-
tions (i.e., Assumption 6) across different edge nodes. This implies
that Algorithm 1 can be applied to unbalanced and heterogeneous
local datasets, revealing the potential in dealing with the inherent
challenges in federated learning.

To characterize the impact of local data samples on the expected
performance on the source nodes, we provide the following corol-
lary.

Sheng Yue, Ju Ren, Jiang Xin, Sen Lin, and Junshan Zhang

Corollary 1. Given Assumptions 1-5, the e-FOSP solution 0¢ found
by Algorithm 1 satisfies that:

E{“ > wiLi(6e ~ aVLi(0c)) + ADj (e, 9,,)”}
iel

i 1
35+Zwiaf i B—— (27)
iel ‘/Df A ID?
where w; = 1/I and L;(-) is the expected loss denoted by:
Li(6) £ E(xy)-p, {1 (6. (x.))}. (28)
Proor. The detailed proof is presented in Appendix G of the
technical report [43]. O

Corollary 1 implies that despite e-FOSP of the deterministic loss
(2) can be obtained within O(1/€?) rounds, performance degrada-
tion may happen due to small sample size.

4.2 Performance of Rapid Adaptation at Target
Node

While the task similarity assumption is not required to guarantee
the convergence of Algorithm 1, we impose such an assumption to
study the fast adaptation performance at the target node m.

Assumption 6 (Task Similarity). There exist positive constants lﬁlg >

0 and lﬁlh > 0 such that for any i € I and 0 € R", the following
holds:

IVLm(6) = VLi(0)] < ¥, (29)
IV°Lin(6) = V2Li(O)I| < ¥, (30)
where L;(-) is defined in (28), and the same applies to Ly, (-).

Assumption 6 indicates that the variations of the gradients be-
tween the loss of source edge nodes and the target edge node are
bounded by some constants, which capture the similarity of the
tasks corresponding to non-IID data and holds for many practical
loss functions [45], such as logistic regression and hyperbolic tan-
gent functions. In particular, 1//? and ¢lh can be roughly seen as a
distance between data distributions Py, and P; [7].

Next, we present the following result about the performance of
rapid adaptation.

Theorem 2 (Fast Adaptation Performance). Suppose that Assump-
tions 1-6 hold. For any € > 0, the e-FOSP solution 0. obtained by
Algorithm 1 satisfies that:

E{IVFm(0e)ll} <+ afm ) witf + (ap+ 1D > wif

iel iel

1 1
+ap(ap+1) Z wicr? —+ W
NI KRN ok

iel

+ (ap+1) Z wiaig

iel

+afm Z w,-crlh

iel

1 1
+

VDi DS
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where Fpy (0) 2 Ly (0 — aVLm (60, D3, Z)q) + ADy(6,8p) for any
D3, and DL, with respect to distribution P, and p = max;e 7 {y1;}.

Proor. The detailed proof is presented in Appendix H of the
technical report [43]. O

Theorem 2 sheds light on the performance of fast adaptation
with the previous knowledge, which depends on the size of datasets,
the variance of stochastic gradient and Hessian, and the simi-
larity between the target node and source nodes. In particular,
if D = O(e7?) and D! = O(e™2) for i € I U {m}, then an
Ole+Yier wi(t//l.h + 1//1.9))—FOSP can be obtained at the target node.
However, it is clear that the larger the dataset of source nodes
dissimilar to the target node is, the worse the rapid adaptation
performs. In the next subsection, we will show these issues can be
alleviated via regularization with a good prior model.

4.3 Forgetting effect on Prior Knowledge

In this section, we quantify the forgetting effect of the previous task
of Algorithm 1 in a special case, where the regularizer is squared
Euclidean distance, i.e., Dy (0,0,) = (|0 - 9p||2. To do so, we first
derive an upper bound of Dy, (0, 8)) via the following lemma.

Lemma 2. Given Assumptions 1-5, for any e > 0, the e-FOSP solution
Oc obtained by Algorithm 1 satisfies that:

{Dh(9e,9p)}< +— 10 = 6yl

€+ Zwl Bi+
iel \/> \/>

Particularly, suppose Dy, (0, 0) is strongly convex with respect to 0,
i.e., there exists M > 0 such that for x,y € R", the following holds:

(VDh(x,0p) = VDp(y, 0p), x —y) = Mllx —ylI>.  (33)

Then (32) can be written as:
2

[24
E{Dy(6c,0p)} < M72 e+ > wilBi+ pioy

. (39)
iel \/> \/_

Proor. The detailed proof is presented in Appendix I of the
technical report [43]. O

For a current model parameter 8, we define the forgetting cost of
0 on the previous task p as L, (6) [18], where Ly (+) is the expected
loss over the data distribution of task p (defined by (28)). Based on
Lemma 2, we next characterize the forgetting cost of the e-FOSP
solution.

Theorem 3. Suppose that Ly (-) is pp-smooth, |[|[VLy (60p)]| < €p for
some €p > 0, and Dy (6, 0p) = |16 - 9p||2. Under Assumptions 1-5, for
the e-FOSP solution 0, we have the following result:

IVLy ()l < €p +

€+ Wi .
Z ny (35)
iel \/_ \/_

ProorF. The result can be directly obtained by Lemma 2. ]
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Based on Theorem 3 and corollary 1, it is clear that by selecting
a suitable A, the regularizer enables the meta-model to learn on the
current task while maintaining good performance on the previous
task. On the other hand, combined with Theorem 2, Theorem 3
also implies that due to the independence of (35) and similarity
conditions, a good prior reference model (e.g., with a relatively small
[IVLm(6p)ll) can effectively alleviate the significant performance
degradation caused by the dissimilarity between the source nodes
and the target nodes.

5 EXPERIMENTAL RESULTS

In this section, we evaluate the experimental performance of ADMM-
FedMeta on different datasets and models. In particular, our exper-
imental studies are designed to evaluate the performance of the

proposed ADMM-FedMeta algorithm in challenging edge learning

settings where edge nodes have limited data samples. Specifically,
we assume that each source node has only tens of data samples

during the training stage and that in the testing phase, each target

node has only 10-20 data samples. Clearly, edge learning in these

settings is highly nontrivial, particularly for sophisticated datasets

(e.g., CIFAR-100).

Datasets and models. We evaluate the performance of ADMM-
FedMeta on three widely-used benchmarks, including Fashion-
MNIST [41], CIFAR-10 [19], and CIFAR-100 [19]. Specifically, the
data is distributed among I edge nodes as follows: 1) Each node
has samples from only two random classes [21]; 2) the number
of samples per node follows a discrete uniform distribution, i.e.,
D; ~ U(a,b) fori € I.Here we seta = 20, b = 40, I = 50 for
Fashion-MNIST and CIFAR-10, and I = 100 for CIFAR-100. We
randomly select 80% and 20% nodes as the source nodes and the
target nodes respectively. For each node, we divide the local dataset
into a support set and a query set (i.e., D7 and D?), each with
50% of the local data. We set the meta-step stepsize as a = 0.01,
the penalty parameters p = 0.3 for Fashion-MNIST, and p = 0.7
for CIFAR-10 and CIFAR-100, where p; = p for all i € 7. We set
the regularizer as squared £;-norm, and the degree of freedom pa-
rameter §;; = 1/(10t + 100) with t = 1,2,...,100 for i € 7. For
Fashion-MNIST, we use a convolutional neural network (CNN)
with max-pooling operation and Exponential Linear Unit (ELU)
activation function, which contains two convolutional layers with
sizes 32 and 64 followed by a fully connected layer and softmax.
The strides are set as 1 for convolution operation and 2 for pooling
operation. For CIFAR-10 and CIFAT-100, we use a CNN containing
three convolutional layers with sizes 32, 64, and 128, and a CNN
containing four convolutional layers with sizes 32, 64, 128, and 256,
respectively, while keeping all the other setups the same as that in
Fashion-MNIST.

Implementation. We implement the code in TensorFlow Ver-
sion 1.14 on a server with two Intel® Xeon® Golden 5120 CPUs and
one Nvidia® Tesla-V100 32G GPU. Please refer to https://github.
com/XinJiang1994/HFmaml for full details.

Baselines. We consider two existing baseline algorithms, i.e.,
FedAvg [24] and Per-FedAvg [8] with one or multiple local update
steps. For the sake of fair comparison, we test different hyper-
parameters of Per-FedAvg from {0.001, 0.005,0.01, 0.05,0.1} (ie.f
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Dataset  # local updates FedAvg Per-FedAvg ~ ADMM-FedMeta
. 1 83.99% + 3.90% 87.55% + 2.42% 95.69%+0.37%
Fashion-
MNIST 5 88.86% + 1.57% 89.65% =+ 3.26% N/A
10 85.29% + 1.93% 90.95% + 2.71% N/A
1 41.97% + 1.33% 60.53% = 1.12% 74.61%+2.19%
CIFAR-10 5 56.58% + 2.27% 65.93% £ 9.97% N/A
10 56.58% + 1.15% 67.43% + 0.99% N/A
1 42.35% + 1.55% 48.19% + 2.18%  63.56%+0.87%
CIFAR-100 5 50.00% + 1.09% 49.56% + 1.09% N/A
10 49.97% + 1.04% 48.73% + 1.23% N/A

Table 1: Comparison of the accuracy on target nodes of different algorithms.
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Figure 2: Comparison of the convergence speed of different algorithms.

in [8, Algorithm 1]), and select the best for the experiments, i.e.,
0.005 for Fashion-MNIST and CIFAR-10, and 0.001 for CIFAR-100.

To demonstrate the impact of the knowledge transfer and the
inexact-ADMM based methods respectively, we first remove the
regularization term (i.e., letting A = 0) and compare the convergence
speed and adaptation performance between ADMM-FedMeta and
the baselines. Then, we conduct the experiment using a prior model
for regularization and show the performance improvement in terms
of convergence, adaptation, and forgetting effect.

Performance and computational efficiency. To be fair, we
set A = 0 to remove the benefit of using the regularization in ADMM-
FedMeta. We repeat the experiments 10 times, then show the com-
parison of the accuracy along with 95% confidence intervals in Table
1. We have the following observations. (1) ADMM-FedMeta substan-
tially outperforms Per-FedAvg and FedAvg, especially on sophis-
ticated datasets. Specifically, ADMM-FedMeta achieves 7.7% over
FedAvg and 5.2% over Per-FedAvg on Fashion-MNIST, 31.87% over
FedAvg and 10.65% overPer-FedAvg on CIFAR-10, and 27.12% over
FedAvg and 28.25% over Per-FedAvg on CIFAR-100. Note that the
computation costs of each local update are O(n), O(n?), and O(n)
for FedAvg, Per-FedAvg, and ADMM-FedMeta, respectively. This
performance improvement clearly indicates that ADMM-FedMeta
is more computationally efficient on non-convex loss and heteroge-
neous datasets with a small number of data samples. (2) It should
be noted that the gaps between ADMM-FedMeta and the two base-
lines on CIFAR-10 are smaller when the number of local updates
increases. The underlying rationale is that with more local update
steps, the number of the overall iterations in the two baseline algo-
rithms actually increases, thus resulting in a better model. However,

a large number of local update steps would lead to high compu-
tational cost and may cause failure to convergence [8, Theorem
45].

Convergence speed and hyper-parameter. As shown in Fig-
ure 2, ADMM-FedMeta converges significantly faster than the exist-
ing methods, often requiring tens of rounds to obtain a high-quality
meta-model, which indicates ADMM-FedMeta can achieve a great
communication efficiency. Besides, Figure 2 also suggests that de-
spite the sample size is small, edge nodes can obtain a satisfactory
model via federated meta-learning with only one-step stochastic
gradient descent. Further, we investigate the impact of the hyper-
parameter p on the convergence of ADMM-FedMeta (we let p;
be the same across different nodes). It can be seen from Figure 3
that ADMM-FedMeta has a relatively faster convergence speed
with a smaller p in terms of the training loss. In particular, a small
change of p does not greatly affect the convergence properties of
the algorithm, which implies that ADMM-FedMeta is robust to the
hyper-parameters.

Forgetting effect to the previous task. To demonstrate the
forgetting effect to the prior task on different algorithms, we pre-
train a model 8, with satisfactory performance on the data of the
first five classes as a prior task, and then use 9p as the initialization
to train the meta-models by different algorithms on the data of
the last five classes as a new task. Similarly, over CIFAR-100, we
use the first fifty classes and the last fifty classes as the prior and
new tasks respectively. After that, We test the adaptation perfor-
mance of the meta-models on the prior and new tasks to show
the forgetting effect. We set 1 = 0.5 for Fashion-MNIST, A = 1
for CIFAR-10 and CIFAR-100, and use squared Euclidean distance
as the regularizer. As illustrated in Table 2, the existing methods
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6 CONCLUSION

In this paper, we presented an inexact-ADMM based federated
meta-learning approach for fast and continual edge learning. More
specifically, we first proposed a platform-aided federated meta-
learning architecture enabling edge nodes to collaboratively learn
a meta-model with the knowledge transfer of previous tasks. We
cast the federated meta-learning problem as a regularized optimiza-
tion problem, where the previous knowledge is extracted as regu-

Fashion-MNIST CIFAR-10
25 12
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20 == p=06 10 -e=p=20
w p=120 . =50
z g
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Figure 3: Impact of penalty parameter p.
Prior Per- ADMM-
D Task FedA
ataset 35 Model edAvg FedAvg FedMeta
Fashion- Prior 95.63% 41.27%  49.60% 92.86%
MNIST New 49.21% 94.05% 94.84% 94.04%
Prior 75.74% 41.08% 42.08%  62.38%
CIFAR-10 New 17.33%  55.45% 47.03% 71.29%
Prior 66.27% 35.32% 37.62%  59.52%
TFAR-1
CIFAR-100 New 45.63% 40.48% 57.92% 63.10%

Table 2: Comparison of the accuracy on prior and current
tasks.
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Figure 4: Impact of 0, and A.

suffer from the catastrophic forgetting on the previous task due
to a lack of mechanisms to extract the knowledge from the prior
model. Clearly, ADMM-FedMeta can effectively mitigate this issue
via a regularization with the prior model, while also maintaining a
satisfactory performance on the new task.

Impact of prior knowledge. To quantify the impact of the
knowledge transfer on the convergence of model training and the
adaptation performance of target nodes, we pre-train a prior model
as 0 using images of 3-10 classes on CIFAR-10. Then, we train the
meta-model 8 on source nodes with images of 1-8 classes and test
the accuracy on the target nodes with all 1-10 classes. In this way,
the pre-trained model can be considered as containing valuable
knowledge of the current task. As shown in Figure 4, with the
useful knowledge transferred from the previous task to the edge
nodes, faster convergence, and higher adaptation performance are
achieved by appropriately selecting the trade-off parameter A. In
other words, the regularization with useful knowledge transfer
can help get a high-quality meta-model and achieve faster edge
learning.

larization. Then, we devised an ADMM based algorithm, namely
ADMM-FedMeta, in which the original problem is decomposed
into many subproblems which can be solved in parallel across edge
nodes and the platform. Further, we developed a variant of the
inexact-ADMM method to reduce the computational cost per round
to O(n) via employing linear approximation as well as Hessian
estimation. We provided a comprehensive analysis and empirical
results to demonstrate the effectiveness and efficiency of ADMM-
FedMeta. The advantages of the proposed algorithm are summa-
rized as follows: First, it can decouple the regularizer from edge
nodes to the platform, which helps to alleviate the local computa-
tional cost while exploiting the resources between local devices and
the server effectively. Besides, by inexact-ADMM technique, we
further reduce the computational complexity during local update
and global aggregation. We show that ADMM-FedMeta can con-
verge under mild conditions, particularly, with weak task similarity
assumptions. Lastly, empirical results show that ADMM-FedMeta
converges faster than existing benchmark algorithms.

There are a number of interesting questions and directions for
future work. First, it is of interest to incorporate the experience
replay method and parameter isolation approaches into the ADMM-
FedMeta to further mitigate the catastrophic forgetting. Secondly,
despite ADMM-FedMeta can be directly applied to reinforcement
learning with policy gradient, it may lead to poor sample efficiency.
It remains largely open to develop efficient collaborative reinforce-
ment learning for edge learning. Moreover, our experimental re-
sults indicate that even without the regularization term, in practice
ADMM-FedMeta can still converge faster than the existing gradient-
based methods, especially on small sample sizes. It is intriguing to
get a more deep understanding of this phenomenon.
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APPENDIX

A PROOF OF LEMMA 1

The proof is standard. For simplicity, we denote F;(6) = L;(6 — aVL;(6, D7), Z)lq) Recall that VF;(x) = (I, - aV2L;(x, Z)is))VL,- (x -
aVLi(x, Dis), Z)?) and we have

[VFi(x) = VEi(y)|| <[|VLi (x - aVLi(x, D7), DY) = VLi(y — aVLi(y. D}), D} | (36)
+a||V2Li(x, D) VL (x — aVL;i(x, D), DI)
- V2Li(y, DF)VLi(y — aVLi(y, DF), DY), (37)
and
—pily < VLi(x, DF) < pil, ¥x € R™. (38)

To prove (22), we need to bound (36) and (37). For (36), based on Assumption 2, we have
[VLi (x = aVLi (x, D7), 1)7) - VLi(y — aVLi(y, D7), Z)lq)”
<pil|x -y - a(VLi(x, DF) - VLi(y, DY))||
<pi(Ilx - yll + @l|VLi(x, DF) - VLi(y, D))
<(1+ap)pillx = yll. (39)
To bound (37), it can be shown that
[V2Li(x, DY) VLi(x — aVLi(x, Df), D) - V2Li(y, D})VLi(y — aVLi(y. D}), DY)
=(|V2Li(x, D})VLi (x — aVLi(x, Df), DY) - VLi(x, D) VLi(y — aVLi(y, D), DI)
+ V2Li(x, D})VLi(y — aVLi(y, D7), D) = V2Li(y, D) VLi(y — aVLi(y, D7), DY) |
<|IV2Li(x, D)) - |VLi (x = aVLi(x, DF), D) - VLi(y — aVLi(y, D7), OF) |
921 D) - $2Lita DD - [9Laly - Vs 9, D)
<(@+ app? + Gl VLily - aVLi(5. D7), DY) ) Ix -yl
<((1+ap)pf + Gifi) Ix = yll, (40)
where (40) follows from (18), (38), (39) and Assumption 3. Combining (39) and (40) yields the result.

B PROOF OF LEMMA 3

Based on Lemma 1, we next prove the Lemmas 3-6 for the convergence analysis. In the following lemma, we first bound the variations of yf
via the variations of . For simplicity, denote

£(0) £ Li(6.D), £1(¢0) = Li(ds, D), Fi(6) £ L;(6 - aVLi(6, DF), D). (41)

Lemma 3. Suppose that Assumption 1-3 are satisfied. Then, the following holds true

Iy ™" =il < wavill0™* =01+ (810 + Suern)awilif. (42)
Proor. First, define
VE(0™) £ V() - agi*, (43)
where g{)i”l = 0'*1 — aVf;(6'*!). We have the following observation from (12)
wiVE(0™) + 4! + pi (011 — 01y = 0. (44)
Using (13), we conclude that (44) is equivalent to
—yi*t = wiVE(0"). (45)
Thus, for all ¢ € N, the following is true
llyi ™" = yill = wi [IVF;(0"") = VE;(6")]]. (46)

(@
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Using Lemma 1, we derive the upper bound of (a) as follows
() :||(VFi(9t+1) _ @Fi(etﬂ)) — (VE(6"*) - @F,-(Ht))”
<IVE(6™!) = VE (6" || + IVF;(6"") - VF: (6"
<IIVE(0"1) = VE(0" )| + [IVE:(0"1) = V(8" + [VFi(0") = VFi(6") |

<vill6™*! = 61| + (S + Sier)aliB}, (47)
where the last equality uses the following result in [7]
IV2 @ DHVE () - 97| < Sien i} (48)
Plugging (47) into (46), we have
g™t =yl <wivill 0+ = 08|l + (8ip + O p1) awili B2, (49)
which completes the proof. O

C PROOF OF LEMMA 4

To bound the successive difference of the augmented Lagrangian function L({@it , yit },60") defined in (6), we first bound the successive
difference of £;(6;, 6", yi[), which is defined as follows

L0107, y) 2wiFi(6) + Gyl 0 - 0°1) + 2, — 07412 (50)
Then, we have the following lemma.

Lemma 4. Suppose that Assumption 1-3 are satisfied. The following holds true

L0077yt — L4000, 0y < - T CT RO g gy HLEW iy
i
2
+ mgip#“!/f” =yt + awili B2 l16F — 0111
Proor. First, we define £;(6;, 0%, yf) and £;(6;, 611, yl.t) as follows
Li(0:, 0" yh) 2wi((I - aVEAO" D) VEL(GIH), 0 — 0"41) + wiFi(0"1) + (y!, 6; — 0"*1) (51)
+ 2Ly, - 012, (52)
Zi(6: o1+ yl) ﬁwi<vf,-q(¢it+l) —agh™ 0 — 0" + wiFi(07) + (!, 6 — 011) (53)
+ 00— 011, (549
where gf“ and gﬁi”l are defined in (11) and (8), respectively. For each i € 7, using Lemma 1 yields
L6001, yf) < Li(05, 07 y) + 226 - 01|12 (55)
Recall that
V20" VAL () = gi Ml < Gl S (56)
Thus, using the Cauchy-Schwarz inequality, we can write
Li(60:,0" yh) <Li(0;, 0", y!) + awi i B2Si 1116 — 0" (57)
Combining (55) and (57) yields that
Li(0:,6"",yf) <Li(010" ) + ZE16; = 0" + cwi i1 — 67 (8)

Based on (44) and the strong convexity of £;(6;, 0:*1, yf) with modulus p;, we can show that for each i € T
L6007, yf) = £i(61,0*, ) < =21 j0F - 0112 (59)
It follows that
Li(07,0"" yp) = Li(07,6"", yp)
=wi (VA (¢i*") — agi*™, 0F — 6"1) + wiF; (6"") — wiFi(6))

WiVi ot t+12
6 = 6P+

wivi

=wiFi(0""") — wiF;(6]) — wi(VF;(0)), 0" - 07) - 2

”911‘ _ 0t+1 ”2
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+Wl<qu ¢l‘+l) ! —VF (9 ) et 9t+1>

Wle

@
SW[(vf;‘](¢[t+l) agf+l VFl(glt)s 9t+1> |0t 9t+l”2

wjV;
<will VA (¢) — agi™t = V(07| - 116} - 9t+1|| +wil[VE:(0""1) = VE (6| - 116] — 0" + — l||9t "2
<3/2 - wivil|0 — 0" [P + awi (i B7 Si 41 116f — 61|
(b)
<3wivi (16] = 077 [P + 116/ = 0" I%) + awiliffESieer (116] = 67111 + 1167 = 0°+1))), (60)
where (a) is derived from Lemma 1 and (b) is based on the following fact
llx +yll® < 2[lx)1? + 2llyll, xy € R". (61)
Combining (58)-(60), we conclude that
L (9t+1 0t+1ay1) Lt(et 0t+1,y?)
<£ (9t+1 9t+1 yl) Ll(et 9t+1’yl)+‘£l(0[ 0t+1’y1) Ll(et 6t+l,yl?)
Vi
ik ||9t O IP + awi i 7 Si 16 = 07|
8w;v,
<- %nef“ = 717 + dwiill 0" = 07N+ 2awii 76 e 161 = 0|
+aw;{i 25 r4110F — 01|
(©) i — 8wjvi 4w;v; Zawiéfiﬁ.zéi,tﬂ
< - B0 - 017+ =y - v P+ T - o
i
+ awiif} it 16F — 671, (62)
where (c) is derived from (13). This completes the proof. m]

D PROOF OF LEMMA 5

Based on Lemma 4, we derive the successive difference of the augmented Lagrangian function £({6},y}}, 6*) in the following lemma. Note
that due to the error induced by linear approximation and first-order Hessian estimation, the sufficient descent does not hold below.

Lemma 5. Suppose that Assumption 1-3 hold. Then the following holds

L{OFL Y 11,0™1) = L{6Lyf 1 0°) <= 3 (aellof™ = 6717 + g 0" 07|

iel

b[+1”9t+1 glt” b[+1”9t+1 gt” t+1) (63)
where a; e and a;p are defined in (24) and (25), respectively. bl”el, bf:l, and c?ﬂ are defined as follows

bt+1 = awlgzﬂ i t+15 (64)
piHl = 2avi Wi B 5i,t+1’ (65)

pi

4w 1 Z(aW'év‘,B-z)sz',tH
¢! = 2(8ir + Sier) (awilif}) ( T ;) M —CTR L) (66)
i 1 1

Proor. Based on the update (13), we first obtain
({0~t+l, yl+1} 9t+1) ({01“—1’ ylt }’ €t+l)
_Z<yt+1 yl’9t+l 0t+1>

iel

=>, —||y”1 v, (67)

1€I
Using Lemma 4 and Assumption 2, we have

L0 yih 0 - L({07,y71,0")
=L({0; i}, 0") = L0, y;} 077) + L({6, 43}, 07) = L1067, ;}.0")
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= (L6101 yh) = £i(05, 071, y)) + L((6L, 4! 07) — L((6L. 4!}, 0")

iel
@
pi — 8wV pi — A /1 -
D e A e e e e A
2 2 2

iel ?

20wi (i B8 r41
- —————lly*" -~ yill - awiliB} il - 9§||), )

1

where the bound of (a) is derived in the similar way as in Lemma 4. Combining (67) and (68), we conclude that
L({9§+1)y5+1}, 9t+1) _ L({elt, yf}) 91‘)
:L({ef+l’yl{+l}, 6t+1) _ L({9§+1’ yit}i’ 0t+1) + L({git+1’ ylt}, 9t+1) _ L({elt, yl[}’ 91‘)

pi — 8wV pi — Apr /I dwiv;i 1
:_Z ITHHQZHI_95“2_'_%”9”1_91?”2_(++_-)”y;f+l_y;f”2
iel Pi pi
20w (i 7S e41
- p—fnyf“ =yl - awilifiSi e ||6F - 0771
L
pi — 8wV pi — Apr /T dwiv; 1
< | B gt - ot PSR o — o2 - () (2wiElot - 6
iel i
20wilif28i 11
42085+ 810402 (@wiliD?) = =L (il = 011+ (Bi + Sy awidifBE) = cwidiPE S 16f — 0
1
== D" (aiellOf = 011 + aipll6™T — 6°I12 = BEETIONT = 0F1 = BEST IO = 0] - ), (69)
iel
thereby completing the proof. O

E PROOF OF LEMMA 6

In the next lemma, we show that the augmented Lagrangian function L({Gf , yit}, 6') is lower bounded for any ¢ € .

Lemma 6. Given Assumption 1-5, the augmented Lagrangian function defined in (6) is lower bounded by Algorithm 1.
Proor. Recall that in (45)
—yi* = wiVF (0", (70)
where VF;(8*1) = Vfl.q(¢)it+l) - agf“. Besides, due to Lemma 1, we can write
Fi(9t+1) SFi(eiHl) + (VFi(QfH), g+l _ 91;+1> + %Hefﬂ _ 9t+1||2

:Fi(eit+1) + (VE;(6*1), 0141 — eit+1> n <VFi(9,'t+1) ~VE(9'*), 01+ — eit+1> n %Heiﬂl — g2

<F(071) + (F(6"1), 071 — 0!y + %”9?1 o2, (71)
Based on the definition of the augmented Lagrangian function (6) and (71), we can show the following observation

L({M y*1y, 01+
ZADh(eﬁl’ep) + Z (WiFi(OitH) + <ylg+1’9it+1 — o1y 4 %Heiﬁl _ 9t+1”2)

iel
_ t+1 o pt+l O oty pt+l _ pt+ly |, Piyat+l _ pr+1)2
=AD(0°,8p) + ) (wiFi(6FT) + (wiTF (07),071 — 011 + Eljjot+1 — 01
iel
— Z (WiFi(ng—l) + <WiﬁFi(et+l)’ et+1 _ 9{+1> + %”elt+l _ 9t+1||2) +/1Dh(9t+1’ 9[7)
iel
— Z (WiFi(eit+1) + <WiVFi(9t+1), 9t+1 _ 91_t+1> + wi<6Fi(6t+l) _ VFi(9t+l), 9t+1 _ eit+1>
iel

+ 51017 = 071 1E) 4 2D, (0. 0p)
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> 37 (WiFiBE) + QuiVE(6°1), 01 — 671) — i l[FF(6°7) — VE, (0] - 61 — 0!
iel
+ %||91t+1 _ 9t+1||2) +A.Dh(9t+l, Hp)

> Z (WiFi(9t+1) + %”9;41 _ 9t+1”2 _ awiéviﬂizai,t+1”9t+1 _ 91t+1”) +ADh(9t+139p)s
iel
where the last inequality is derived from v;-smoothness of F; and first-order Taylor expansion. Due to Assumption 1, ADj, (671, 0p) +
Y e wiFi (%) is lower bounded. According to Assumption 5, it is easy to show that

D (B0 = 072 — awi 2107+ = 0F1]1) > —oo, (72
iel
thereby completing the proof. O

F PROOF OF THEOREM 1

First, we prove part (i). Note that the RHS of (63) is the sum of some independent quadratic functions of ||(9l.[+1 - 9{ | and |61 - 0[ ||. Due to

Assumption 5 and Lemma 5, for each i € 7, based on the form of roots of quadratic function, it is easy to see that there exist 0 Land y“’l

such that

lim 0”1 0,
t—oo
lim )/H'l 0. (73)
t—o00
When [|6*! - 01| > o1*1,
aiell07! — 67117 = by 165 = 6F ]| — it > 0; (74)
and when [0+ — 67| > y/*!
aipll 0 — 6|1 = b3HI6" — 6" > 0. (75)

Next, we show lim;—;c0 ||9it+l - Qf|| =0 and lim;— e ||0**! = 6| = 0 by two steps.
1) Suppose that there exists T > 0 such that for all t > T, the following is true

Z (ale”9t+1 _et”Z +al,p |9t+1 9t||2 bt+1”9t+l 0:” bt+1”9t+l et” _c§+1) > 0. (76)
iel
It follows that under Assumption 5, using Lemma 5-6, £ ({9{“, yf“ }, 6¢ +1) will monotonically decrease and converges. Thus, we obtain
Jim > (a6~ 6112 bSO — 611+ ap 167 — 67117 ~ b6 — 67 - cf*) = ()
iel

which implies that ||91t +H_ 9{ || and [|6**! — 6| converge to the positive roots of corresponding quadratic functions, i.e., LHS of (74) and
(75), otherwise the limitation will not be 0. Due to (73), the positive roots of the above quadratic function converge to 0, which implies

Jim, 07 — o0t =0, Vie T, (78)
Jlim |07+ — 6" = 0. (79)
By Lemma 3 and (13), we can show that
hm i+l =0, Viel, 80
Yi Y
lim [0/ — 9" =0, Vie I. 81
t 1

2) Suppose that there exists a sequence {¢; | j € N} such that
t+1 t- 2 +1 2 t+1 t+1 t tj+1 1 . ti+1
D (aiellof™ = 0712 + apllo*t = 0012 = b 0 - 071 - b 65 — 09 - ") < 0. (82)
iel
Due to Assumption 5, the minimum value of the above quadratic function converges to 0, which implies
lim > (aill6]
t—o0
iel

t+1 t» 2 tit+1 tin2 t+l t+1 t- i+l a4l t tj+1
P07 + aipllOVT - 0V by, 1107 - 071 - b, 1109 - 0 - ¢ )=0~ (83)
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Similar to (78) and (79), we have

lim |67 09| =0, Vie I,
t—oo 1 i

lim ||§5*1 = %) = 0.

t—o00
We also define a nontrivial sequence {tq | ¢ € N} £ N~ {¢; | j € N}. Note that

tg+1 tg 2 to+1 ton2 tg+l, tg+1 t +1 0 41 t tg+1
D (anel6i ™ = 0717 + a0t — 0%l - bt 10T - 071 - b5 16 6t - i) > 0.
iel

Similar to 1), we have
tg+l
i

lim 16,7 -0/ =0, Vie I,
—o00
lim ||0%a*! — 94 = 0.
t—00
Based on the above observations, for any n > 0, there exists k > 0 such that when j > k and q > k, the following holds true
167 — 67| <n VieT,
165+ - %] < p,
I — 6l < vie T,
ll6%a*! — 6'a|| < .
Thus, for any t > t;, we can write
o+ — 6l <n VieT,
6"+ - 61| < n,
which implies that
lim [|6/* - 6! =0, Vie I,
t—o0
lim [|6**! - 67| =0,
t—o0
thereby (78)-(81) hold.
Using the optimality condition of (12) leads to
w,ﬁF,-(é)”l) + yf+1 =0,
where VF;(0+1) 2 Vfiq(qﬁit“) — agi*!. For each i € I, we derive an upper bound of || Ve L({6:*1, 5141}, 07*1) || as
||v‘9_[+1 L({ef+l, y§+1 }, 9t+1) ”
=lwiVE (O +y ! + pi (07 = 07|
<l VEOF*) = wiF (0™ + pillOf! — 071 + wiVF (0°1) + 41|
<[lwiVEi(6;") = wiVF; (0" || + [|wi VFi (6"1) — wi VEi (6" ) || + pil 6]+ — 6"
<IwiVE(6]*") = wiVE (0" )| + pill 607 = 6" | + awidi 7 Si 1.
Taking limitation of ¢ — oo on both sides of (98), and using Assumption 5 and (81) yields
IVo: L({07.y;1.07)Il =0, VieT.

Note that

Vet L6+, i1}, 6°1)|| < Z (pillef“ = 0F || + wivil| 01 — 6'|| + 2awl~§iﬂ§5i,t).
iel
Similarly, we obtain
Vo- L({0].y7}.0%) = 0.
Finally, we bound || ¥;e 7 wi VFi(01) + AVD,, (61, 0,)|| by

H > wiVE(07) + AVD (0™, ep)H
iel

(84)

(85)

(86)

(93)
(94)

(95)

(96)

(97)

(98)

(99)

(100)

(101)
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s” D wiVE(O") + AVD(0, 8)) = 3 Ve L1015}, 67

‘ + ” D Vo L0y, 9t+1)”
iel

iel iel
= 7 wi(VE6 ) - VE(01*) + 29D (67, 6p) - N (uf + pucl* - 67|
iel iel
+]| D vgra L1051yt 07|
ier
< D wiill0 = 0+ Vg L0771, 07 1+ D Ve L0, 513,051 (102)
iel iel

Taking limitation of (102) by t — oo, and combining (81), (99) and (101) yield part ().
Next, we prove part (ii), Summing up the Inequality (63) from ¢t = 0 to T and taking a limitation on T, there exist some positive constants
ay and a; corresponding to p; such that

D2t < L({60,49},60°) - LU0Fy70") < oo, (103)
t=0
where 2! is denoted by
2 2y Y (165 = 0P + 110 = 01 112) —ar ) (Siaa (1657 = 011+ 16741 = 0°11) + 82, ) (109
iel iel
4 4
=z -z}, (105)

zg, zi are denoted as the first and second sum terms, respectively. Due to Assumption 5 and Theorem 1, it is easy to see that there exists

some positive constant a3 such that the following holds true

Poah=ar > (S (165 = 0fl1+ 0 - o) + 62, ) (106)

=0 t=0ief
(o) (e8]
<a Z (225i’t+1 +2512,t) + a3 (107)
iel t=0 =0
< 0. (108)
Hence, we have
(o]
Z zé < b < oo, for some constant b > 0. (109)
=1

Due to 372, zi < oo, it is easy to see that the augmented Lagrangian function is upper bounded and 6? is finite, which shows {0’} has at

N .

least one limit point. Denoting T?(€) £ min{z | [|6'*! — 6%||? < e,t > 0} and Tiz(e) 2 min{t | ||9it+1 - 9{“2 < gt > 0}, then we can write

asT?(e)e < Zzé <b, (110)
t=1

a;TH(e)e < ) 25 <b. 111)
t=1

That is, T?(e) = O(1/¢) and Tiz(e) = O(1/e) hold. Further, we denote T(e) £ min{t | ||§**! — 0*|| < ¢,t > 0} and T;(€) £ min{t |
||t9l’.f+1 - 9f|| < €t > 0}. Based on (110) and (111), we have T(¢) = O(1/€?) and T;(e) = O(1/€?). Due to Assumption 5, combining (42) and
(98) yields

(wivi + pi)wivi

e ot + (2wivi + 3pi)awilifi? .

i Pi

||V9_t+1.£({9it+1, yl_‘+l }) 9t+l) H <

1

it (112)

Similarly, it is easy to see that the convergence rate of §; ; is O(1/€). Therefore, for any € > 0, Algorithm 1 finds a point ({6;}, 6, y) with
Vo, L({6:, yi}, )|l < e, after at most 0(1/€). In the same way, it can be shown that

IVges L0, 413,07 1) 1 < 3 (pilloF = 0111+ wivil|0°1 = 0| + 2awili B8 ), (113)
iel



MobiHoc °21, July 26-29, 2021, Shanghai, China Sheng Yue, Ju Ren, Jiang Xin, Sen Lin, and Junshan Zhang

which implies that ||Vgt+1.£({9it+l, yl+1} 6*+1)|| has the same communication complexity as ||V9g+x.£({9it+1, yl“} 6*+1)||. Moreover, it is
easy to show that ||Vyl.L({9,-, yi}, 0) || also the same complexity. Combining with (102), it completes the proof.

G PROOF OF COROLLARY 1

First, we prove the following result

E{HVL,-(@ - aVL;i(0)) - VL;(0 — aVL; (6, Df),le])H} < atio; (114)
DS ’
We can write
B{[IVLi(6 - aVLi(0)) - VLi(6 - aVLi(0, DF), D)}
E{||VL,-(9 — aVL;(0)) - VL (0 — aVLi(6, z);))||} +E{HVL,-(9 — aVLi(0, DS)) — VL (6 — aVLi (6, z);),z)?)”} . (115)
(a) (b)
For (b), due to Assumption 4, we have:
D
© 5\ {80 - = > Vs oy D))
z Jj=1
DY
1 - i w2
= |—— ) Ei|VLi(¢)) = Vi(¢s, (x],y!
i le {IvLign = vilgi o yD) I}
.o
<—, (116)
oF
where ¢; = 0 — aVL;(6, Dis). For (a), based on Assumption 2, it can be bounded by:
apio?
M) < E{api”wi(e, D3) -VL,-(9)||} <t (117)
J;
Plugging (116) and (117) into (115), (114) holds. Based on (114), the following holds
B{| ), wiVLi(0c = aVLi(0)) + AVD, (0, 6}
iel
< 3 wiB{[[VLi(6c - aVLi(60)) - VLi(6e ~ aVLi(0e, D). DY) |} +B{| " wiVLi(6e ~ aVLi(6, DF), D) + AVD4(0c, 65)] |
iel iel
<e+Zw,ag( el ) (118)
iel 1' 1}
thereby completing the proof.
H PROOF OF THEOREM 2
Let 6, denote the e-FOSP obtained by Algorithm 1, which satisfies that
[ Z WiVFi(0e) + AVDp(0c, 0p) | < €, (119)
iel
for some € > 0. Then, for the learned model parameter 0, E{||VFm(95) + AVDp (6e, 0p) ||} can be upper bounded by
B{IIVEm () + AVD, (06, Op)II} =B{|| " wiVFi(6e) + AVD, (0, 0p) + )" wi(VFm(0e) — VFi(0)) |}
iel iel
<e+B{IVEn(0c) - D wiVF:(60)| }. (120)
iel

(@



Inexact-ADMM Based Federated Meta-Learning for Fast and Continual Edge Learning MobiHoc °21, July 26-29, 2021, Shanghai, China

Due to Assumption 6, for i € 7 U {m} and D; with respect to P;, we can write

E{||VLi(6, D) - VLi(0) ]} <

8-

Based on (121), observe that

E{IIVLm (8, D) — VL: (6, Di) I}
<E{”VLm(9 D) = VL (O)I} +E{IIVLm (0) = VLi(O)I} + E{IVLi (6, Di) — VL:(0) I}

ag
_t/f"+ .
VDm \/Di
Similarly, we can show that
2 2 h O'h O'h
E{|[V2Lim (0, D) — VELi(0, DI} < ¢ + —— + —.
{IV°Lin(0, D) i(0,D)} < ¥y oD

Thus, for (a), we obtain
[vEm(0) - ) wiVF ()

HVQL,,, (6~ V(6. D3). DL) — > wiVLi(0 — aVLi(6, z);),z)iq)”
iel

“VLm 0~ aVLn(0.D}). DL) — > wiVLi(0 ~ aVLi(6, D;),@?)H
iel

(b)

+aHV Lin(0. D)V (0 — VL (6, D3,). DE) — > wiV?Li(0, D) VL (0 — aVLi(6, z)f),z)f)H.

iel

©
Based on Assumption 2 and 6, we have
E{(b)} sE{”VLm(G —aVLn(0,D5), D) - Z wiVLi(0 — aVLm(0,. D). DI
iel
+]| D wiVL(0 = aVLm (0, D3), Df) = 3" wiVLi(6 - aVLi(6, D5), D) |}
iel iel

R J—)”l;w’( o \/_)

@

Similarly, for (c), it follows that
E{()} <aE{”V Lin (6, D5) VL (0 — aVLin (6, DS,), D)

= D WYL, D) VL (0 — &V Ln(6, D3, D) |}
iel

+aB{|| Y, wiVLi(6, D)) VL (0~ aVLm (6, D},), Dfy)

iel

= > wiVRLi(6. D))VLi(6 - aVLi(6, D), D)}

iel

b Y (w” o, o ) @
<apm wily; + +——|+ay-(d).
iel Dfn ,[Df

(121)

(122)

(123)

(124)

(125)

(126)
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Plugging (125) and (126) in (124) yields

B{@)} <afm Y| (¢h+ o crh)+< SUCDY ( 7, %
)y SPm wil¥; o ap wj —_t+ —
& o &V o o

+(ay+1)Zwi(¢ig+\/Di_?n+%

iel
Z h 2 Z g Z a o
=afm wii' + (ap+1) wil; + afm Wi —+—
iel iel iel VDfn ,[Df
o o
+ (ap+ 1) (ap) Z wi + (ap+ l)O’lg Z wi : — (127)
iel N, ‘[ iel VDfn
Therefore, plugging (127) in (120), we obtain
h h
0.
E{[IVFm(0c) + AVD,(0c, 0p) I} <e+afm Y withf + (apr+1)2 > with? + aPm D wi i (128)
iel iel iel VD Df
4o o o
+(ay+l)(a,u)2w,~ L +(a,u+l)2w1 ls +—1,
iel JD?n "Di iel D, Df

thereby completing the proof.

I PROOF OF LEMMA 2
From Corollary 1, the following holds

o 1

Thus, based on Assumption 2, we can obtain

AIDR(Oc,Op)ll =|| " wiVLi(6c - aVLi(00)) + AVDA(0c, 05) = " wiVLi (6 — aVLi(0c)

{H > wiVLi (e — aVLi(6e)) + AVDR(0e, QP)H} <e+ > wio!

iel iel

|

iel iel
s” > WiVLi(6e — aVLi(6e)) + AVDR(0e, ep)” | wivLi(6e - avLi(80) )
iel iel

| 5. “’z i
<e+ zeZI wi (ﬁ, \/]; \/,) (129)

Due to the convexity of Dy (-, 8p) and Dy (8p,8p) = 0, we have

E{D)(6.6,)} < % e+ > wil i+ %, 16c - 6,1 (130)

iel \/— \/_

Equation (34) can be directly derived via (33).
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