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Abstract

Since reinforcement learning algorithms are no-
toriously data-intensive, the task of sampling ob-
servations from the environment is usually split
across multiple agents. However, transferring
these observations from the agents to a central
location can be prohibitively expensive in terms
of the communication cost, and it can also com-
promise the privacy of each agent’s local behavior
policy. In this paper, we consider a federated
reinforcement learning framework where multi-
ple agents collaboratively learn a global model,
without sharing their individual data and poli-
cies. Each agent maintains a local copy of the
model and updates it using locally sampled data.
Although having N agents enables the sampling
of N times more data, it is not clear if it leads to
proportional convergence speedup. We propose
federated versions of on-policy TD, off-policy TD
and Q-learning, and analyze their convergence.
For all these algorithms, to the best of our knowl-
edge, we are the first to consider Markovian noise
and multiple local updates, and prove a linear
convergence speedup with respect to the number
of agents. To obtain these results, we show that
federated TD and Q-learning are special cases of
a general framework for federated stochastic ap-
proximation with Markovian noise, and we lever-
age this framework to provide a unified conver-
gence analysis that applies to all the algorithms.
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1. Introduction

Reinforcement Learning (RL) is an online sequential
decision-making paradigm that is typically modeled as a
Markov Decision Process (MDP) (Sutton & Barto, 2018). In
an RL task, the agent aims to learn the optimal policy of the
MDP that maximizes long-term reward, without knowledge
of its parameters. The agent performs this task by repeatedly
interacting with the environment according to a behavior
policy, which in turn provides data samples that can be used to
improve the policy. This MDP-based RL framework has
a vast array of applications including self-driving cars
(Yurtsever et al., 2020), robotic systems (Kober et al., 2013),
games (Silver et al., 2016), UAV-based surveillance (Yun et
al., 2022), and Internet of Things (loT) (Lim et al., 2020).

Due to the high-dimensional state and action spaces that are

typical in these applications, RL algorithms are extremely

data hungry (Duan et al., 2016; Kalashnikov et al., 2018;

Akkaya et al., 2019), and training RL models with limited
data can result in low accuracy and high output variance

(Islam et al., 2017; Xu et al., 2021). However, generating
massive amounts of training data sequentially can be ex-
tremely time consuming (Nair et al., 2015). Hence, many

practical implementations of RL algorithms from Atari do-
main to Cyber-Physical Systems rely on parallel sampling of

the data from the environment using multiple agents (Mnih

et al., 2016; Espeholt et al., 2018; Chen et al., 2021a; Xu

et al., 2021). It was empirically shown in (Mnih et al., 2016)

that the federated version of these algorithms yields faster

training time and improved accuracy. A naive approach

would be to transfer all the agents’ locally collected data to
a central server that uses it for training. However, in appli-
cations such as 10T (Chen & Giannakis, 2018), autonomous

driving (Shalev-Shwartz et al., 2016) and robotics (Kalash-
nikov et al., 2018), communicating high-dimensional data

over low bandwidth network link can be prohibitively slow.
Moreover, sharing individual data of the agents with the

server might also be undesirable due to privacy concerns

(Yang et al., 2019; Mothukuri et al., 2021).

Federated Learning (FL) (Kairouz et al., 2019) is an emerg-
ing distributed learning framework, where multiple agents
seek to collaboratively train a shared model, while comply-
ing with the privacy and data confidentiality requirements
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Figure 1. Schematic representation of FRL where N agents follow a
Markovian trajectory and synchronize their parameter every K
time steps.

(Qi et al., 2021; Yang et al., 2019). The key idea is that
the agents collect data, use on-device computation capabil-
ities to locally train the model, and only share the model
updates with the central server. Not sharing data reduces
communication cost and also alleviates privacy concerns.

Recently, there is a growing interest in employing FL for
RL algorithms (also known as FRL) (Nadiger et al., 2019;
Liu et al., 2019; Ren et al., 2019; Xu et al., 2021; Zhang et
al., 2022). Unlike standard supervised learning where data
is collected before training begins, in FRL, each agent
collects data by following its own Markovian trajectory,
while simultaneously updating the model parameters.

To ensure convergence, after every K time steps, the agents
communicate with the central server to synchronize their
parameters (see Figure 1). Intuitively, using more agents
and a higher synchronization frequency should improve the
convergence of training algorithm. However, the following
questions remain to be concretely answered:

1. With N agents, do we get an N-fold (linear) speedup
in the convergence of FRL algorithms?

2. How does the convergence speed and the final error
scale with synchronization frequency K ?

While these questions are well-studied (Wang & Joshi, 2021;
Stich, 2018; Qu et al., 2020; Li et al., 2019) in federated su-
pervised learning, only a few works (Wai, 2020; Shen et al.,
2020) have attempted to answer them in the context of FRL.
However, none of them have established the convergence
analysis of FRL algorithms by considering Markovian local
trajectories and multiple local updates (see Table 1).

In this paper, we tackle this challenging open problem
and answer both the questions listed above. We propose
communication-efficient federated versions of on-policy TD,

off-policy TD, and Q-learning algorithms. In addition, we
are the first to establish the convergence bounds for these
algorithms in the realistic Markovian setting, showing a lin-
ear speedup in the number of agents. Previous works (Liu
& Olshevsky, 2021; Shen et al., 2020) on distributed RL
have only shown such a speedup by assuming i.i.d. noise.
Moreover, based on experiments, (Shen et al., 2020) conjec-
tures that linear speedup may be possible under the realistic
Markov noise setting, which we establish analytically. The
main contributions and organization of the paper are sum-
marized below.

¢ In the on-policy setting, in Section 4 we propose and
analyze federated TD-learning with linear function
approximation, where the agents’ goal is to evaluate a
common policy using on-policy samples collected in
parallel from their environments. The agents only share
the updated value function (not data) with the central
server, thus saving communication cost. We prove a
linear convergence speedup with the number of agents
and also characterize the impact of communication
frequency on the convergence.

In the off-policy setting, in Section 5 we propose and
analyze the federated off-policy TD-learning and fed-
erated Q-learning algorithms. Again, we establish a
linear speedup in their convergence with respect to
the number of agents and characterize the impact of
synchronization frequency on the convergence. Since
every agent samples data using a private policy and
only communicates the updated value or Q-function,
off-policy FRL helps keep both the data as well as the
policy private.

e In Section 6, we propose a general Federated
Stochastic Approximation framework with Markovian
noise (FedSAM) which subsumes both federated TD-
learning and federated Q-learning algorithms proposed
above. Considering Markovian sampling noise poses
a significant challenge in the analysis of this algo-
rithm. The convergence result for FedSAM serves as
a workhorse that enables us to analyze both federated
TD-learning and federated Q-learning. We character-
ize the convergence of FedSAM with a refined analysis
of general stochastic approximation algorithms, funda-
mentally improving upon prior work.

2. Related Work

Single node TD-learning and Q-learning. Most existing
RL literature is focused on designing and analyzing algo-
rithms that run at a single computing node. In the on-policy
setting, the asymptotic convergence of TD-learning was
established in (Tsitsiklis & Van Roy, 1997; Tadi¢, 2001;
Borkar, 2009), and the finite-sample bounds were studied
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Table 1. Comparison of sample complexity results for federated supervised learning (local SGD) and reinforcement learning algorithms.
The possible distributed architectures are: 1) Worker-server, with a central server that coordinates with N agents; 2) Decentralized, where
each agent directly communicates with its neighboring agents, without a central server; and 3) Shared memory, where each agent modifies a
subset of the parameters of a global model held in a shared memory, that is accessible to all agents. (Recht et al., 2011).

Algorithm Architecture References ULpodca?uIes N'La;ilzc;v SIF.)ieneedaurp
Local SGD Worker-server (Khaled et al., 2020) v’ 7 v’
Local SGD Worker-server (Spiridonoff et al., 2021) v’ 7 v’
TD(0) Worker-server (Liu & Olshevsky, 2021) v’ 7 v’
Stochastic Approximation Decentralized (Wai, 2020) 7 v’ 7
A3C-TD(0) Shared memory (Shen et al., 2020) 7 7 v’
A3C-TD(0) Shared memory (Shen et al., 2020) 7 v’ 7
TD & Q-learning Worker-server This paper v’ v’ v’

in (Dalal et al., 2018; Lakshminarayanan & Szepesvari,
2018; Bhandari et al., 2018; Srikant & Ying, 2019; Hu &
Syed, 2019; Chen et al., 2021c). In the off-policy set-ting,
(Maei, 2018; Zhang et al., 2020) study the asymptotic and
(Chen et al.,, 2020a; 2021c) characterize the finite time
bound of TD-learning. The Q-learning algorithm was first
proposed in (Watkins & Dayan, 1992). There has been a
long line of work to establish the convergence properties of
Q-learning. In particular, (Tsitsiklis, 1994; Jaakkola et al.,
1994; Bertsekas & Tsitsiklis, 1996b; Borkar & Meyn, 2000;
Borkar, 2009) characterize the asymptotic convergence of Q-
learning, (Beck & Srikant, 2012b; 2013; Wainwright, 2019;
Chen et al., 2020a; 2021c) study the finite-sample conver-
gence bound in the mean-square sense, and (Even-Dar &
Mansour, 2004; Li et al., 2020; Qu & Wierman, 2020) study
the high-probability convergence bounds of Q-learning.

Federated Learning with i.i.d. Noise. When multiple
agents are used to expedite sample collection, transferring
the samples to a central server for the purpose of training
can be costly in applications with high-dimensional data
(Shao et al., 2019) and it may also compromise the agents’
privacy. Federated Learning (FL) is an emerging distributed
optimization paradigm (Konecny et al., 2016; Kairouz et al.,
2019) that utilizes local computation at the agents to train
models, such that only model updates, not data, is shared
with the central server. In local Stochastic Gradient De-
scent (Local SGD or FedAvg) (McMahan et al., 2017; Stich,
2018), the core algorithm in FL, locally trained models
are periodically averaged by the central server in order to
achieve consensus among the agents at a reduced communi-
cation cost. While the convergence of local SGD has been
extensively studied in prior work (Khaled et al., 2020; Spiri-
donoff et al., 2021; Qu et al., 2020; Koloskova et al., 2020),
these works assume i.i.d. noise in the gradients, which is
acceptable for SGD but too restrictive for RL algorithms.

Distributed and Multi-agent RL. Some recent works have
analyzed distributed and multi-agent RL algorithms in the
presence of Markovian noise in various settings such as
decentralized stochastic approximation (Doan et al., 2019;
Sun et al., 2020; Wai, 2020; Zeng et al., 2020), TD learning
with linear function approximation (Wang et al., 2020a),
and off-policy TD in actor-critic algorithms (Chen et al.,
2021e;f). However, all these works consider decentralized
settings, where the agents communicate with their neighbors
after every local update. On the other hand, we consider a
federated setting, with each agent performing multiple
local updates between successive communication rounds,
thereby resulting in communication savings. In (Shen et al.,
2020), a parallel implementation of asynchronous advantage
actor-critic (A3C) algorithm (which does not have local
updates) has been proposed under both i.i.d. and Markov
sampling. However, the authors prove a linear speedup only
for the i.i.d. case, and an almost linear speedup is observed
experimentally for the Markovian case.

3. Preliminaries: Single Node Setting

We model our RL setting with a Markov Decision Process
(MDP) with 5 tuples (S; A; P; R; ), where S and A are
finite sets of states and actions, P is the set of transition
probabilities, R is the reward function, and 2 (0; 1) de-
notes the discount factor. At each time step t, the system
is in some state S¢, and the agent takes some action A:
according to a policy (jSt) in hand, which results in re-
ward R(St; At) for the agent. In the next time step, the
system transitions to a new state St+1 according to the state
transition probability P (jSt; At¢). This series of states and
actions (St; At)to constructs a Markov chain, which is the
source of the Markovian noise in RL. Throughout this paper
we assume that this Markov chain is irreducible and aperi-
odic (also known as ergodic). It is known that this Markov
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chain asymptotically converges to a steady state, and we
denote its stationary distribution with .

To measure the long-term reward achieved by following
policy , we define the value function
n #
% t . .
R(St; At)jSo = s; At (jSt) : (1)
t=0

V(s)=E

Equation (1) is the tabular representation of the value func-
tion. Sometimes, however, the size of the state space jSj is
large, and storing V (s) for all s 2 S is computationally
infeasible. Hence, a low dimensional vector v 2 RY,
where d  jSj, can be used to approximate the value
function as V(s) (s)>v (Tsitsiklis & Van Roy,
1997). Here (s) 2 RY is a given feature vector corre-
sponding to the state s. Using a low-dimensional vector
v to approximate a high-dimensional vector (V (s))s2s is
referred to as the function approximation paradigm in
RL. For each é’s; a) pair, we also define the Q-function,
Q(s;a) = E[ ;.o 'R(St; At)jSo = s;Ao = al, which
will be employed in Q-learning.

3.1. Temporal Difference Learning

An intermediate goal in RL is to estimate the value function
(either (V (s))s2s orv) corresponding to a particular pol-icy
using data collected from the environment. This task is
denoted as policy evaluation and one of the commonly-
used approaches to accomplish this is Temporal Difference
(TD)-learning (Sutton, 1988). TD-learning is an iterative
algorithm where the elements of a d (or jSj, in the tabular
setting) dimensional vector is updated until it converges to
v (or V). This evaluated value function can be employed in
different RL algorithms such as actor-critic (Konda &
Tsitsiklis, 2000). In the on-policy function approximation
setting, the update of the n-step TD-learning is as follows

Sample At+n (j5t+n)}st+n+1 P(jst+n}At+n)
t 1
update Vi+1 = Ve + (St) " YR(SI; AN)
I=t
+(Sk1) v (S1)7ve);

(2)

where is the step size. Note that in this setting, the evaluat-
ing policy and the sampling policy coincide. In contrast, in
the off-policy setting these two policies can in general differ,
and we need to account for this difference while running the
algorithm. We will further expand on TD-learning and its
variants in Sections 4.1 and 5.1.1.

3.2. Control Problem and Q-learning

Assuming some initial distribution on the state space,
the average value function corresponding to policy is

defined as V () = Es[V (s)]. This scalar quantity is a metric

of average long-term rewards achieved by the agent, when it
starts from distribution and follows policy . The ultimate
goal of the agent is to obtain an optimal policy which
results in the maximum long-term rewards, i.e. 2 arg

max V(). Throughout the paper, we denote

the parameters corresponding to the optimal policy with,

e.g., V() V(). The task of obtaining the optimal policy

in RL is denoted as the control problem.

Q-learning (Watkins & Dayan, 1992) is one of the
most widely used algorithms in RL to solve the con-
trol problem. At each time step t, Q-learning pre-
serves a jSj:jAj dimensional table Q:, and updates it
table as Qi+1(s;a) =  Qu(St; At) + (R(St; At) +
maxa Qt(St+1;a) Qt(St; At)), if(s;a) = (St; At) and
Q:i+1(s; @) = Qu(s; a) otherwise. The jSjjAj elements of
the vector Q; are updated iteratively until it converges to
Q, corresponding to an optimal policy. Using Q, one can
obtain an optimal policy via greedy selection.

3.3. Stochastic Approximation and Finite Sample
Bounds

Both TD-learning and Q-learning can be seen as variants

of stochastic approximation (Chen et al., 2020b; 2019b;a;

2021d; Tsitsiklis, 1994). While generic stochastic approxi-
mation algorithms are studied under i.i.d. noise (Even-Dar

& Mansour, 2004; Shah & Xie, 2018; Wainwright, 2019;
Liu et al., 2015; Dalal et al., 2018), to apply them for study-
ing RL we need to understand stochastic approximation

under Markovian noise (Tsitsiklis, 1994; Qu & Wierman,
2020; Srikant & Ying, 2019; Chen et al., 2021c) which is

significantly more challenging.

For a generic stochastic approximation (i.i.d. or Markovian
noise) with constant step size , parameter vector x7 , and
convergent point x, it can be shown that the algorithm have
the following convergence behaviour

Elkxr  xk?] C1(1 Co)" + Cy; (3)
where Cp; C1; and C; are some problem dependent positive
constants (Look at Appendix A for a discussion on a lower
bound on the convergence of general stochastic approxima-
tion). The first term is denoted as the bias and the second
term is called the variance. According to this bound, xt
geometrically converges to a ball around x with radius
proportional to C2. Notice that we can always reduce the

variance term by reducing the step size , but this will lead to

slower convergence in the bias term. In particular, in

order to get E[I§x xk?] , it is easy to see that we

need T O £ logl sample complexity. Now suppose
the constant C; is large. In this case, the variance term in
the bound in (3) is large, and the sample complexity, which
is proportional to Cz will be poor. Notice that by the dis-
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cussion in Appendix A, this bound is tight and cannot be
improved.

This is where the FL can be employed in order to control
the variance term by generating more data. For instance,
in federated TD-learning, multiple agents work together
to evaluate the value function simultaneously. Due to this
collaboration, the agents can estimate the true value function
with a lower variance. The same holds for estimating Q_in
Q-learning.

4. Federated On-policy RL

4.1. On-policy TD-learning with linear function
approximation

In this section we describe the TD-learning with linear func-
tion approximation and online data samples in the single
node setting. In this problem, we consider a full rank feature
matrix 2 jSj d, and we denote s-th row of this matrix
with (s); s 2 S. The goal is to find v 2 RY which solves
the following fixed point equation:

v=((T)"): (4)

In equation (4), () is the projection with respect to the
weighted 2-normbi.e., (V) = argmin,,ga kv Vk. Here
kVk = V>V and is a diagonal matrix with
diagonal entries corresponding to . In equation (4), (T )"
denotes the n-step Bellman operator (Tsitsiklis & Van
Roy, 1997). It is known (Tsitsiklis & Van Roy, 1997) that
equation (4) has a unique solution v, and v is “close” to
the true value function V. n-step TD-learning algorithm,
which was shown in (2), is an iterative algorithm to obtain
this unique fixed point using samples from the
environment. Note that in this algorithm states and actions
are sampled over a single trajectory, and hence the noise in
updating v is Markovian. Furthermore, since the policy
which samples the actions and the the evaluating policy
are both , this algorithm is on-policy. As described in
(Tsitsiklis & Van Roy, 1997; Bertsekas & Tsitsiklis, 1996a),
the TD-learning algorithm can be studied under the umbrella
of linear stochastic approximation with Markovian noise.
More recently, the authors in (Bhandari et al., 2018; Srikant
& Ying, 2019) have shown that the update parameter of TD-
learning vt converges tov in the form E[kv: vk?] O((1
Co)t + ). In the next section we show how FL can imp?ove
this result.

4.2. Federated TD-learning with linear function
approximation

The federated version of on-policy n-step TD-learning with
linear function approximation is shown in Algorithm 1.
In this algorithm we consider N agents which collabo-
ratively work together to evaluate v. For each agent

i;i =

rameters v‘0 = 0. Furthermore, each agent i samples
its initial state S{, from some given distribution . In the
next time steps, each agent follows a single Markovian tra-
jectory generated by policy , independently from other
agents. At each time t, the parameter of each agent i is
updated using this independently generated trajectory as
Vi,p = vi+ (ST)E' Finally, in order to ensure con-
vergence to a global optimum, every K time steps all the
agents send their parameters to a central server. The central
server evaluates the average of these parameters and returns
this average to each of the agents. Each agent then continues
their update procedure using this average.

Notice that the averaging step is essential to ensure syn-
chronization among the agents. Smaller K results in more
frequent synchronization, and hence better convergence
guarantees. However, setting smaller K is equivalent to
more number of communications between the single agents
and the central server, which incurs higher cost. Hence, an
intermediate value for K has to be chosen to strike a balance
between the communication cost and the accuracy. At the

end, the algorithm samples a time step T qT € where

t
q$(t)=P% for t=0;1;:::;T 1 (5)
t0=0Ct

and ¢ > 1is some constant. Since we have q°{t) Oand

Lol af (t) = 1, it is clear that g° () is a probability

distribution over the time interval [0; T  1]. In Theorem
4.1 we characterize the convergence of this algorithm as
a function of , N, and K. Throughout the paper, V()
ignores the logarithmic terms.

Algorithm 1 Federated n-step TD (On-policy, Function
Approx.)
1: Input: Policy;

2: Initialization: viy = Oand S, and fA'; S| g, for
Ol n 1andalli
3: fort=0toT 1do
4: fori= 1;:::;N do
5 Sample . ,A' (iSt+n); Sten+1
i i 6:
ei;l =P RS+ 7 AP n) +1t I
+(S" )>vl (S")>v! for
l=t::;t+n 1
7. Eit - '|c+n 1) te"J
: - n =t i
8: vi,p = vi+ (S)E 9,
end for
10: ift+ 1 modK_= 0then
. N i .
11: Visr N je1 Vie1: 812 [N]
12:  endif
13: end for

14: Sample T qPTTq“15:
1 N

. a _ i
Return: =1 A

Ve
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Theorem 4.1. Letva = L

i"s, v denote the
average T N 7

of the parameters across agents at the random time T'. For
small enough step size, and T O(log 1), there exist
constantctpL 2 (0; 1) (see Section C.1 for precise state-

ment), such that we have

1 2
E[kVTI_\ VkZ]chDi(l 7cTDL)To+ CTDL_'\? +

TD 2 TD,32.

CTO(K 1)2+ CTPu32
where CiTDL , i = 0;1;2;3;4 are problem dependent
constants, and = Oflog(1=)). By choosing =

O("’g(TiNT))andK = T=N, weachieve E[kv, , vk?] élvithin
T=0 , fiterations.

For brevity purposes, here we did not show the exact depen-
dence of the constants C' °*, i = 0;1;2; 3 on the problem
dependent constants. For a discussion on the detailed ex-
pression look at Section C.1 in the appendix.

Theorem 4.1 shows that federated TD-learning with linear
function approximation enjoys a linear speedup with respect
to the number of agents. Compared to the convergence
bound of general stochastic approximation in (3), the bound
in Theorem 4.1 has three differences. Firstly, the variance
term which is proportional to the step size is divided
with the number of agents N. This will allow us to control
the variance (and hence improve sample complexity) by
employing more number of agents. Secondly, we have
an extra term which is zero with perfect synchronization
K = 1. Although this term is not divided with N, but it is
proportional to 2, which is one order higher than the
variance term in (3). Finally, the last term is of the order
O(3), which can be handled by choosing small enough
step size.

Furthermore, according to the choice of K in Theorem 4.1,
after T iterations, the communication cost of federated TD is
T=K = N. However, by employing federated TD-learning
in the naive setting where all the agents communicate with
the central server at every time step, the communication cost
will be O(T). Hence, we observe that by carefully tuning
the hyper parameters of federated TD, we can significantly
reduce the communication cost of the overall algorithm,
while not loosing performance in terms of the sample com-
plexity.

Finally, federated TD-learning Algorithm 1 preserves the
privacy of the agents. In particular, since the single agents
only require to share their parameters v/, ,, the central
server will not be exposed to the state-action-reward tra-
jectory generated by each agent. This can be essential in
some applications where privacy is an issue (Mothukuri
et al., 2021; Truex et al., 2019). Examples of such applica-
tions include autonomous driving (Liang et al., 2019; Zhao
et al., 2021), Internet of Things (loT) (Nguyen et al., 2021;

Ren et al., 2019; Wang et al., 2020b), and cloud robotics
(Liu etal., 2019; Xu et al., 2021).

Remark. In algorithm 1, the randomness in choosing T'is
independent of all the other randomness in the problem.
Hence, in a practical setting, one can sample T* ahead of
time, before running the algorithm, and stop the algorithm
at time step T and output va. By this method, we require
only a single data point to be saved, which results in the
memory complexity of O(1) for the algorithm.

5. Federated Off-Policy RL

On-policy TD-learning requires online sampling from the
environment, which might be costly (e.g. robotics (Gu et al.,
2017; Levine et al., 2020)), high risk (e.g. self-driving cars
(Yurtsever et al., 2020; Maddern et al., 2017)), or unethical
(e.g. in clinical trials (Gottesman et al., 2019; Liu et al.,
2018; Gottesman et al., 2020)). Off-policy training in RL
refers to the paradigm where we use data collected by a
fixed behaviour policy to run the algorithm. When employed
in federated setting, off-policy RL has privacy advantages
as well (Foerster et al., 2016; Qi et al., 2021; Zhuo et al.,
2019). In particular, suppose each single agent attains a
unique sampling policy, and they do not wish to reveal
these policies to the central server. In off-policy FL, agents
only transmit sampled data, and hence the sampling policies
remain private to each agent.

In Section 5.1 we will discuss off-policy TD-learning and
in Section 5.2 we will discuss Q-learning, which is an off-
policy control algorithm. For the off-policy algorithms,
we only study the tabular setting. Notice that it has been
observed that the combination of off-policy sampling and
function approximation in RL (also known as deadly triad
(Sutton & Barto, 2018)) can result in instability or even di-
vergence (Baird, 1995). Recently there has been some work
to overcome deadly triad (Chen et al., 2021b). Extension of
our work to function approximation in the off-policy setting
is a future research direction.

5.1. Federated Off-Policy TD-learning

In the following, we first discuss single-node off-policy TD-
learning, and then we generalize it to the federated setting.

5.1.1. OFF-POLICY TD-LEARNING

In off-policy TD-learning the goal is to evaluate the value
functionV = (V (s))s2s corresponding to the policy using
data sampled from some fixed behaviour policy p. In this
setting, the evaluating policy and the sampling policy , can
be arbitrarily different, and we need to account for this
difference while performing the evaluation. Although and
b can be different, notice that the value functionV does
not depend on . In order to account for this
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difference, we introduce the notion of importance sampling
as1°(s; a) = (:”;) which is employed in the off-policy
TD-learning.

Recently, several works studied the finite-time convergence
of off-policy TD-learning. In particular, the authors in (Kho-
dadadian et al., 2021; Chen et al., 2021c; 2020b; 2021d)
show that, similar to on-policy TD, off-policy TD-learning
can be studied under the umbrella of stochastic approxi-
mation. Hence, this algorithm enjoys similar convergence
behaviour as (3).

5.1.2. FEDERATED OFF-POLICY TD-LEARNING

The federated version of n-step off-policy TD-learning is
shown in Algorithm 2. In this algorithm, each agent i at-
tains a unique (and private) sampling policy ' and fol-
lows an independent trajectory generated by this policy.
Furthermore, at each time step t, each agent i attains a jSj-
dimensional vector Vit and updates this vector using the sam-
ples generated by /. In order to account for the off-policy
sampling, each agent utilizes 117 (S7; AT) = (A3 ) in
the update of their algorithm. We further define Imax =
maxs.a;i 1) (s; a), which is a measure of discrepancy be-
tween the evaluating policy and sampling policy ' of all the
agents.

In order to ensure synchronization, all the agents transmit
their parameter vectors to the central server every K time
steps. The central server returns the average of these vec-
tors to each agent and each agent follows this averaged
vector afterwards. Notice that in federated off-policy TD-
learning Algorithm 2, each agent share neither their sam-
pled trajectory of state-action-rewards, nor their sampling
policy with the central server. This provides two levels
of privacy for the single agents. At the end, the algo-
rithm samples a time step T' q"?, where the distri-

bution gf is defined in (5) and ctp = 1 55 where
, -1 L0:5e™4 (2 nin(1 ")) H d
ip = - ere, we de-
Pe 14 2_minp "*1
2 zmln(l n+1'
note min = Mins;i (s). The constant ctp is carefully

chosen to ensure the convergence of Algorithm 2. Further-
more, for small enough step size , it can be shown that
0< crp < 1.

Theorem 5.1 states the convergence of this Algorithm.

Theorem 5.1. Consider the federated n- steg off-policy TD-

learning Algorithm 2. Denote V4 = V'f\ For
small enough step size and large enough T, we have

1 2
Vk21]CTDT CTﬂDT"' CTDT2 +—

E[kV '

CT D3-r ( K 1)2;

cTDr. Lan 2 cTDr _

TDr _ :
where C, = 1 s )

Algorithm 2 Federated n-step TD (Off-policy Tabular Set-
ting)
1: Input: Policy ;

2: Initialization: Vij= OandSj andfA'; S/ g for
Ol n Zlandalli
3: fort=0toT 1do
4: fori= 1;:::;N do
5: Sample AL, . (jS'); ST ., P(iSi.,
CwniAra) .
6: et;l = R(SI;A)+Vi(S/+,) V/(SI)
7: UBdate Vii(s) = Vi(s) +
e eIl (sT AT) el lif s = St
I=t 70t t
andV'i, (s) = Vt(s) otherW|se.
8: end for
9: ift+ 1modK _= 0then
10: Vil & L V5812 (N]
11: endif
12: end for
13: Sample T
14: Return: F =, Vi,
3 1l:c: 2 7
CT Dr.! mamxgnJ(SlJ,lt))Ag (isi) CT Dr _ CT Dr.! ma;mJ(SlJ l)t;g (JSJ)I
and CITDT, i = 1;2;3 are universal problem indepen-
dent constants. In addition, choosing = 8'%
and K = T=N, we have E[kVs Vk?] afterT =

o V7" Cis))log’(isi)
N 5 (1) 9

min

iterations.

The proof is given in Section C.2 in the appendix.

Note that similar to on-policy TD-learning Algorithm 1,
off-policy TD-learning also enjoys a linear speedup while
maintaining a low communication cost. In addition, this
algorithm preserves the privacy of the agents by holding
both the data and the sampling policy private.

5.2. Federated Q-learning

So far we have discussed policy evaluation problem with
on and off-policy samples. Next we aim at solving the
control problem by employing the celebrated Q-learning
algorithm (Watkins & Dayan, 1992; Tsitsiklis, 1994). In
the next section we will explain the Q-learning algorithm.
Further, in Section 5.2.2 we will provide a federated version
of Q-learning along with its convergence result.

5.2.1. Q-LEARNING

The goal of Q-learning is to evaluate Q, which is the unique
Q-function corresponding to the optimal policy. Knowing
Q, one can obtain an optimal policy through a greedy
selection (Puterman, 2014), and hence resolve the control
problem.
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Suppose fSt; Atgto is generated by a fixed behaviour pol-
icy b. At each time step t, Q-learning preserves a jSj:jAj
table Qt and updates the elements of this table as shown in
Section 3.2. By assuming p to be an ergodic policy, the
asymptotic convergence of Q: to Q has been established
in (Bertsekas & Tsitsiklis, 1996b). Furthermore, it can be
shown that Q-learning is a special case of stochastic ap-
proximation and enjoys a convergence bound similar to (3)
(Beck & Srikant, 2012a; Li et al.,
2020; Chen et al., 2021c).

Two points worth mentioning about the Q-learning algo-
rithm. Firstly, Q-learning is an off-policy algorithm in the
sense that only samples from a fixed ergodic policy is needed
to perform the algorithm. Secondly, as opposed to the TD-
learning, the update of the Q-learning is non-linear. This
imposes a sharp contrast between the analysis of Q-learning
and TD-learning (Chen et al., 2019a).

5.2.2. FEDERATED Q-LEARNING

Algorithm 3 provides the federated version of Q-learning.
We characterize its convergence in the following theorem.

Algorithm 3 Federated Q-learning

: Input: Sampling policy fori= 1;2;:::;N, initial
distribution
2: Initialization: Q}y= 0 and S}
fort=0toT 1do
4. fori= 1;:::;N do

foralli 3:

5: SampleA't (%) 8 e P(JS A')

6: Update Qi.1(s; a) = Qli(si; Al)+
R(St;Ait) + maxa Qt(stll;é) Qt(str t) , if
(s;a) = (St;Ay) and Quals;a) = Qi(sia)
otherwise.

7 end for

8 ift+ 1modK_= Othen

o Q.1 ¥ ,!\‘:1 Q.81 2 [N]

10:  endif

11: end for

12: Sample: T g;*

13: Return: &

i i\I=1QT

Theorem 5.2. Consider the federated Q-learning Algo-

rithm 3 with cq = 1 , where " q =
. 1=4 .
1 (0:5¢ (2 min{ D) and we denote . = =
Pe 1+ 422min2n1m§1 )2 2
Pn

mins.a;i (s)'(ajs). Denote Q. =2+ v i O‘Ir“ For
small enough step size and large enough T, we have

2
ElkQp QKk*] C; 10cL+Qc2 Q%M %)2;

Q_ ~Q 1 Q _ ~Q.jSjlog?(jsj) Q _
WherelC le—yg' C = C W} C
CQ w and CQ i = 1;2;3 are universal problem

(1) &’

mln

2020; Qu & Wierman,

independent constants. In addition, choosing = w
and K = T=N, we have E[kQ~ Qk*]  within
T=0 & % iterations.

min

According to Theorem 5.2, federated Q-learning Algorithm
3, similar to federated off-policy TD-learning, enjoys lin-
ear speedup, communication efficiency as well as privacy
guarantees. We would like to emphasize that the update of
Q-learning is non-linear. Hence the result of Theorem 5.2
cannot be derived from Theorems 4.1 and 5.1.

6. Generalized Federated Stochastic
Approximation

In this section we study the convergence of a general fed-
erated stochastic approximation for contractive operators,
FedSAM, which is presented in Algorithm 4. In this algo-
rithm there are N agentsi = 1;2;:::;N. At each time
stept 0, each agent i maintains the parameter i 2, RY. At
time t = 0, all agents initialize their parameters with ' =
@ Next, attimet 0, each agenti updates its param-eter as i
"+ G (;yl) T+ bi(y) + Herg denotes the step

size, and y' is a noise which is Marko-vian along the time

t, but is independent across the agents i. This notion is
defined more concretely in Assumption 6.4. We note that
functions G'(; ) and b'() are allowed to be dependent on

the agent i. This allows us to employ the convergence

bound of FedSAM in order to derive the convergence

bound of off-policy TD-learning with different behaviour

policies across agents. In order to avoid diver-

gence, every K tlme steps we synﬁhronlze the parameters
of all the agents as ' | t, —N =1 ,tfor alli 2 [N].
Note that although smaller K corresponds to more frequent
synchronization and hence more “accurate” updates, at the
same time it results in a higher communication cost, which
is not desirable. Hence, in order to determine the optimal
choice of synchronization period, it is essential to charac-
terize the dependence of the convergence on K. This is one
of the results which we will derive in Theorem B.1. Finally,
the algorithm samples T qT¢ where qTe (t) = p,ci’ .
and outputs . This sampling scheme is essentiafofé’)rcthe
convergence of overall algorithm. We further make some
assumptions regarding the underlying process.

First, we assume that the expectation of G'(; y'),geometri-
cally converges to some function G' () and the expectation of
bi(y') geometrically converges to O. In particular, we
have the following assumption.

Assumption 6.1. For every agent i, there exist a function
G'() such that we have

Jim E[G'(;y)] = G'()
Jim E[b(v})] = O: (6)
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Algorithm 4 Federated Stochastic Approximation with
Markovian Noise (FedSAM)

1. Input: cesam; T;0;K; 2 i

=ogoraII|—1 """ ;N.3: fort

=0toT 1do

4 = ¢ GGy} [+ bi(y) ;8 2(N]
5: |ft+ 1 mod K =0tf|3en

6: LT e, A L7 Li8121(N]

7:  endif

8: end for

9: Sample T rsAM ().

10: Return: g id—l ;

Furthermore, there exists m1, m> 0and 2 [0;1), such
that foreveryi = 1;2;:::;N,

kG'() E[G'(;v')lkc makkc'

KEDb'(y)Tke ms; 7)

where k k. is a given norm.

Next, we assume a contraction property on the expected
operator G ().

Assumption 6.2. We assume all expected operators G' ()
are contraction mappings with respect to k k¢ with contrac-
tion factor . 2 (0; 1). Thatis, foralli = 1;2;:::;N,

kGi(l) Gi(z)kc cki  2ke; 81522 RY:

Next, we consider some Lipschitz and boundedness proper-
tieson G'(; ) and b().
Assumption 6.3. Foralli = 1;:::; N, there exist constants
A1, A2 and B such that

1. kG'(1;y') G'(2;y')ke Aiky 2k, forall 1;2;y'.

2. kGi(; y')ke Azkkc forall;vyi. 3.
kbi(y')kc B forally'.

Remark. By Assumption 6.2 and due to the Banach fixed
point theorem, G' () has a unique fixed point for all i =
Furthermore, by Assumption 6.3, we have
G'(0;y) = 0. Hence the point O is the unique fixed point of
G'().

Finally, we impose an assumption on the random data y'.

Assumption 6.4. We assume that the Markovian noise yit
(Markovian with respect to time t) is independent across
agentsi. In other words, for all measurable functions f ()
and g(), we assume the following

Ee ([f(y!) gly)l= Ee c[f(yo)] Ee clglye)l;’

forallr t;i=j.

Theorem 6.1 states the convergence of Algorithm 4.
Theorem 6.1. Consider the federated stochastic approxi-
mation Algorithm 4 with cpsam = 1 ?2 (0;1) ("2 is
defined in Equation (14) in the appeBdlx) and synchroniza-

tion frequency K. Denote ¢ = lN 1 ,tand consider »
as the output of this algorithm after T iterations. As-
sume = d2log le. For T maxfK + ;2g and small
enough step size , we have
Elk, kz] Cic’ 21+ Gy + Ca(K 2 1) + C432%; (8)
FSAM
where CI, i = 1;2;3;4 are sore constants which are

specified preC|ser in Appendix B, and are independent of
K;; N. Choosing = 8'°3(N%ancLK = T=N,

2
wegetT = O Ni
Elk; kP .

sample complexity for achieving

Theorem 6.1 establishes the convergence of a fo zero in
the expected mean-squared sense. The first term in (8) con-
verges geometrically to zero as T grows. The second term
is proportional to similar as (3). However, the number of
agents N in the denominator ensures linear speedup,
meaning that for small enough (such that =N is the dom-
inant term), the sample complexity of each individual agent,
relative to a centralized system, is reduced by a factor of
N. The third term has quadratic dependence on, and is
zero when we have perfect synchronization, i.e. K = 1.
The last term is proportional to 3, and has the weakest
dependency on the step size . For K > 1 we can merge
the last two terms by upper bounding 3 2. The current upper
bound, however, is tighter since with K = 1 (i.e.
perfect synchronization) we have no term in the order 2.
Note that similar bounds (sans the last 3 term) have been
established for the simpler i.i.d. noise case in the federated
setting (Khaled et al., 2020; Koloskova et al., 2020). Conse-
quently, we achieve the same sample complexity results for
the more general federated setting with Markov noise.
Remark. The bound in Theorem 6.1 holds only after T >
maxfK+; 2g and for all synchronization periods K 1. At
K = 1 the third term in the bound goes away, and we will
be left only with the first order term, which is linearly
decreasing with respect to the number of agents N, and the
third order term @(3). The last term, however, is not tight
and can be further improved to be of the order O(1); j > 3.
However, for that we need to assume larger , which means the
bound only hold after a longer waiting time. In particular, by
choosing = drlog e, we can get O(2" )}for the last term
(see the proof of Lemma B.2).
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Appendices

The appendices are organized as follows. In section A we discuss the lower bound on the convergence of general stochastic
approximation. In Section B we derive the convergence bound of FedSAM algorithm. Next, we employ the results in
Section B to derive the convergence bounds of federated TD-learning in Section C and federated Q-learning in Section D.

A. Lower Bound on the Convergence of General Stochastic Approximation

In this section we discuss the convergence of general stochastic approximation. In this discussion we provide a simple
stochastic approximation with iid noise which can give insight into the general convergence bound in (3). In particular, we
show that the convergence bound in (3) is tight and cannot be improved.

Consider a one dimensional random variable X with zero mean E[X] = 0 and bounded variance E[X2] = 2. Consider the
following update

Xt+1 = Xt + (Xt Xt); t 0; (9)

where we start with some fixed deterministic xo and X is a an iid sample of the random variable X . It is easy to see that the
update (9) is a special case of the update of the general stochastic approximation with the fixed point x = 0.

By expanding the update (9), we have

X 1
xt= (1 )ixo+ (1 )t X
k=0
Hence, we have
g1 ta § 1
x2=(1 )%’ (1 )% Xy +2(1 )'%o (1 )% X
k=0 k=0
Taking expectation on both sides, and using the zero mean property of X, we have
1 2
EDXGl=(1 )*'%%§ %E (1 )" f X«
0k=° 1
1t Xt
0
=(1 )2tX26_ ZE@ (1 )Z(t k 1)X2|2" (1 )Zt k k Zxkxoe
k=0 k;k0=0;k=k°
0 1
Xt X1t
=(1 )2 2@ (1 )tk b2y (1 )2k ZE[XK]E[XOJA (iid property)
k=0 k;k0=0;k=kO
X1 !
=(1 )% ° (1 )2k m2 (zero mean)
k=0
1 (1t ) 2
=(1 2t2 22
(1 )%x%g 7, ) 5
1 (1 )Zt
=X20(1 )Zt + 2 27
2 2 2 2
= (x5 TXH )2t + :~2|—%2 (10)
e} | {z} — -
T1:bias Ta:variance

It is clear that (10) has the same form as the bound in (3) with T1 as the geometric term which converges to zeroast! 1, and
T, term proportional to the step size . In addition, note that in the above derivation, we did not use any inequality, and hence
the bounds in (10) as well as (3) are tight.
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B. Analysis of Federated Stochastic Approximation

First, we restate Theorem 6.1 with explicit expressions of the different constants.

Theorem B.1. Consider the FedSAM Algorithm 4 withcpsam = 1 '2—2(’ 2 is defined in (14)), and suppose Assumptions
6.1, 6.2, 6.3, 6.4 are satisfied. Consider small enough step size which satisfies the assumptions in (21), (23), (32), (35).
Furthermore, denote = d2log e, and take large enough T such that T > maxfK + ;2g. Then, the output of the

FedSAM Algorithm 4, " iN P j= 1 if\, satisfies

2

1 7T 241
Elkak?]cC1 ™ 1— 2 5+ Gy * Cs(K 1)2 + C43% (11)
2
where C; = 16d.mMo(log 1 + ,1—2), Mo = ﬁ Ci% B + (A2 + 1) kokc+ B_2C1 + kok. 2Ca
= 8Ucm Cst ,+ Ci3="2, and GC; = 80B2Ci7Ucm 1+ 51 ), ='2, and Ca = 8U,m C7
, t C11 + 0:5C3Cq 3 C23C10 + 2C1C3C10 + 3A1C3 + C13 ='3. Here the constants

Ucm; lem; "2; C1; C3; C7; Cg; Co; C10; C11; C12; C13; C17; B are problem dependent constants which are defined in
the following proposition and lemmas.

Next, we characterize the sample complexity of the FedSAM Algorithm 4, where we establish a linear speedup in the
convergence of the algorithm.

Corollary B.1.1. Consider FedSAM Algorithm 4 with fixed number of iterations T and step size = 8I%Suppose T
is large enough, such that satisfies the requirements of the step size in Theorem B.1 and T > 4. Also take K = T=N.
Then we have E[k; k.2 after T = O | itdrations.

Corollary B.1.1 establishes the sample and communication complexity of FedSAM Algorithm 4. The O(1=(N)) sample
complexity shows the linear speedup with increasing N. Another aspect of the cost is the number of communications
required between the agents and the central server. According to Corollary B.1.1, we need T=N = O(N) rounds of
communications in order to reach an -optimal solution. Hence, even in the presence of Markov noise, the required number of
communications is independent of the desired final accuracy , and grows linearly with the number of agents. Our result
generalizes the existing result achieved for the simpler i.i.d. noise case in (Khaled et al., 2020; Spiridonoff et al., 2021).

In the following sections, we discuss the proof of Theorem B.1. In Section B.1, we introduce some notations and preliminary
results to facilitate our Lyapunov-function based analysis. Next, in Section B.2, we state some primary propositions, which
are then used to prove Theorem B.1. In Sections B.3,B.4,B.5, we prove the aforementioned propositions. Along the way, we
state several intermediate results, which are stated and proved in Sections B.6 and B.7, respectively.

Throughout the appendix we have several sets of constants. The constants Ci; i = 1;:::;17 are problem dependent
constants which we define recursively. The final constants which appears in the resulting bound in Theorem B.1 are shown as
Ci; i = 1;:::;4. Finally, the constant c is used in the sampling of the time step T. "

B.1. Preliminaries

We define the following notations:

e, L 1=, virtual sequence of average (across agents) parameter.

o= ;i N : set of local parameters at individual nodes.
Y = vy, ;1: AR . : Markov chains at individual nodes.

* I the stationary distribution of y' agst! 1.
P. S
e G(t; Ye), iN i=N G'(\; y, ) : average of the noisy local operators at the individual local parameters. o
P. ) )
G(t;Ye), J= NG y") average of the noisy local operators at the average parameter.

P. o
e b(Yy), Ni i"= ;1 b'(y') : average of Markovian noise.
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P. o
e G(t), lN | =N1 G'(') ; average of expected operators evaluated at the local parameter.

P )
G(t), 4= _NG'(¢) : average of expected operator evaluated at the average parameter.

e = 0 is the unique fixed point satisfying = Gi() for all i = 1;:::;N. Note that this follows directly from the
assumptions. In particular, by Assumption 6.2, G'() is a contraction, and hence by Banach fixed point theorem
(Banach, 1922), there exist a unique fixed point of this operator. Furthermore, by Assumption 6.3, we have

kG'(0)ke = kE,i[G'(0;y)lke EyikG'(0;y)ke A2E,i[kOkc] = 0:

Hence G'(0) = 0 and O is the unique fixed point of the operator G'().

otékt tkc;i t=NEi=N1t;i 1 N i
P 2 -~
t= n i=1(¢)°: measures of synchronization error.
Throughout this proof we assume k k¢ as some given norm. E¢[] , E[jFt], where F¢ is the sigma-algebra generated by
21N

et

f,gir='=1, {75t L Unless specified otherwise, k k denotes the Euclidean norm.

Generalized Moreau Envelope: Consider the norm k ke which appears in Assumptions 6.1-6.3. Square of this norm need not
be smooth. Inspired by (Chen et al., 2020a), we use the Generalized Moreau Envelope as a Lyapunov function for the
analysis of the convergence of Algorithm 4. The Generalized Moreau Envelope of f () with respect to g(), for > 0, is
defined as

Mf’g(x)= min f(u) + lg(x u) (12)
u2Rd

Let f(x) = ;—kxkf and g(x) = zlkxksz, which is L-smooth with respect to k ks norm. For this choice of f; g, M "8() is

essentially a smooth approximation to f, which is henceforth denoted with the simpler notation M (). Also, due to the
equivalence of norms, there exist Ics; Ucs > 0 such that

Icsk ks k kc chk ks: (13)

We next summarize the properties of M () in the following proposition, which were established in (Chen et al., 2020a).

Proposition B.1 ((Chen et al., 2020b)). The function M () satisfies the following properties.

(1) M () is convex, and “-smooth with respect to k ks. Thatis, M (y) M(x) + hrM (x);y xi + L—k2< vk, fof all
x;y 2 R,

(2) There exists a norm, denoted by k km, such that M (x) = Zlkkaz.

(3) Let‘cm = (1+ %)™ 2 anducm = (1+ uZ)'™2. Thenit holds that ‘cmk km k ke Ucmk km.

By Proposition B.1, we can use M () as a smooth surrogate for 24( k..2Furthermore, we denote

1+ u? . , 114L(1+ w2
'y = ————chs; ',=1 Y% and 3 = ar_ Q): (14)
1+ ‘% ‘2

Note that by choosing > 0 small enough, we can ensure’; 2 (0;1).

B.2. Proof of Theorem B.1

In this section, first we state three key results (Propositions B.2, B.3, B.4). These are then used to prove Theorem B.1. The first
step of the proof is to characterize the one-step drift of the Lyapunov function M (), with the parameters generated by the
FedSAM Algorithm 4, which is formally stated in the following proposition.

Proposition B.2 (One-step drift - I). Consider the update of the FedSAM Algorithm 4. Suppose the assumptions 6.1, 6.2,
6.3, and 6.4 are satisfied. Consider = d2logeandt 2, we have

Et 2 [M(t+1)]
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+ 2 + 1)2
2LA;  L,L(A1 + 1) 2, ,6Lu m 4 (A2 c 1)

1 2 1 2 5 Et 2 [M(t)] cs cs cs
m,L 2 3 12 4 12 2
P Eoalke ok (15)
L {#}
<
s b a1 (Al %2 4 3m? B alke o K2 . (16)
| & 2 1% 2 {7 3 }
Cy 3 2
+ - T 43u A1 +31)+ Az + m_ 4 2 E 2
| L22 3_[22(2 1+31) + A2 1 _L-zug_12 e 2[A3
3 cs 4
{z c }
] (17)
+ L 3u?™ + 3 (A1 + 1)+ m1 Et 2f
214 (g | c 3 {z }
Ce
2.2 2
r“2|ucm|- 4
+ 2y, 4 2 (19)
|~z }
Cy
1 3L
+ 1+ 2E; 5 kb(Y:)k?; (20)
b ¥} c
Cs
where 1, 2, 3, and 4 are arbitrary positive constants.
Proof. The proof of Proposition B.2 is presented in full detail in Section B.3. O
Before discussing the bound in its full generality, we discuss a few special cases.
. Perfect synchronization (K = 1) with i.i.d. noise: since

t+ = O0forallt, = 0 (independence across time), andC7 = 0 (see Lemmas B.2 and B.5 in Section B.6), the terms (15),

(16) (17),(18), (19) will not appear in the bound, which is the form we get for centralized systems with i.i.d. noise
(Rakhlin et al., 2012).

e Infrequent synchronization (K > 1) with i.i.d. noise: = 0, and C; = 0, the terms (15), (16),(18), (19) will not
appear in the bound, which is the form we get for federated stochastic optimization with i.i.d. noise (Khaled et al.,
2020).

e Perfect synchronization (K = 1) with Markov noise: since
+ = 0 for all t, the bound in Proposition B.2 generalizes the results in (Srikant & Ying, 2019; Chen et al., 2021c).

Next, we substitute the bound on ky + k¢ (Lemma B.6) and ke + k2 (Lemma B.7) to further bound the one-step drift.
Establishing a tight bound for these two quantities are essential to ensure linear speedup.

Proposition B.3 (One-step drift - I1). Consider the update ofzth;e FedSAM Algorithm 4. Suppose Assumptions 6.1, 6.2, 6.3,
and 6.4 are satisfied. Define C () = Gmilucd 4 GL(A”ZI) il S 144(A23' 1)C lzlzcm 2, For

2
lcs

2
lcs

1 . ’ 2 .
360(A, % 1)’ 2Cy5() '

min (21)

= d2loge,andt 2, we have
2 X t

Et 2[M(+1)] (1 ’2)Et 2[M()]+ C1a()? + Ci6() + C17 WEt 2

kl; k=t
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2
where Ci4() = C7+ Ci1+ 0:5C3C2 + C3Cy0+ 2C1C3C10 + 3A1C3 + Ci3 + Cg ‘;;; 2m3? 2, Cie() =
2 2
Cs ”CIEB + 14 C1; 2andCi7 = (3A1C3 + 8A%G4 + Cs + Cs). Here we define Co = §|1D°—, Cio = | [)8(—"‘11%3—"
cDh ¢ ¢
Ci1 = Sciciiu%*, Ciz = 78(:“2]2”82 ,C13 = 71?(:4@”“%.
6 ch ch(l 7
Proof. The proof of Proposition B.3 is presented in full detail in Section B.4. O

Conditional expectation Ex 2[]. The conditional expectation E+ > [] used in Proposition B.3 is essential when dealing with
Markovian noise. The idea of using conditional expectation to deal with Markovian noise is not novel per se. In the
previous work (Bhandari et al., 2018; Srikant & Ying, 2019; Chen et al., 2021c), conditioning on t is sufficient to
establish the convergence results. Due to the mixing property (Assumption 6.1), the Markov chain geometrically converges to
its stationary distribution. Therefore, choosing “large enough” , and conditioning ont , one can ensure that the Markov
chain at time tis “almost in steady state.” However, in federated setting, conditioning ont  results in bounds that are too
loose. In particular, consider the differences ki + kcandk: t kZin (15)and (16) respectively. In the centralized setting, as
in (Bhandari et al., 2018; Srikant & Ying, 2019; Chen et al., 2021c), these terms can be bounded deterministically to yield 2
bound. However, in the federated setting, this crude bound does not result in linear speedup in N. In this work, to achieve a
finerboundonk: t k¢, we go steps further back in time. This ensures that the difference behaves almost like the difference
of average of i.i.d. random variables, resulting in a tighter bound (see Lemma B.6). By exploiting the conditional expectation E ¢
2 [], we derive a refined analysis to bound this term as O(?=N + #), which guarantees a linear speedup (see Lemmas B.6 and
B.7).

Taking total expectation in Proposition B.3 (using tower property), we get

2 X t
EIM(ts1)] (1 "2)E[M(¢)] + C1a()* + Ci6() + Ci7 N E[
k] (22)
k=t

To understand the bound in Proposition B.3, consider the case of K = 1 (i.e. full synchronization). In this case we have

i = 0 foralli, and the bound in Proposition B.3 simplifies to E [M (ts1)] (1 ’2) E[M (¢)] + C14()3 + C16()". This——
recursion is sufficient to achieve linear speedup. However, the bound in Proposition B.3 also include terms which are
proportional to the error due to synchronization. In order to ensure convergence along with linear speedup, we need to
further upper bound this term with terms which are of the order O(3(K 1)) and M (;). The following lemma is the
next important contribution of the paper where we establish such a bound for weighted sum of the synchronization error.
Notice that the weights fwg are carefully chosen to ensure the best rate of convergence for the overall algorithm.

Proposition B.4 (Synchronization Error). Suppose T > K + . For such that

, 1 In(5=4)
min 5 2 ATHK—?
2 .
(log()+ 1) , 57 v . | (23)
In(5=4 '
2(log() + 1)3exp 2 2log + 1 exp o n(5=4) FE
4K 2 ) (1+ All
where v = m, the weighted consensus error satisfies
T n . # T
2c;, X, X ~ 10C 4m, 1 X
2WT L, =t
2np2 17
B 1+ + 1)(K 1)+ W+EM (y): 24
. s ) (DK Dy wEMG) (24)
Proof. The proof is presented in Section B.5. O

Finally, by incorporating the results in Propositions B.2, B.3, and B.4, we can establish the convergence of FedSAM in
Theorem B.1.
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Proof of Theorem B.1. Assume wp = 1, and consider the weights w; generated by the recursion wt = wt 1 1
Multiplying both sides of (22) by %Mand rearranging the terms, we get

2 1.
2
2w ! w.
WiEM() Tt 1 ZEM(y) "EM (t41) 2 2
’ 2 7 t
2w 2w, C
+ T )t s+ T E
P - -t
1" 2 "2
t
= L 20w 1EM() WeEM(ua)l+ , B0+ Cas() ¢ 0, Y wf X
2 2 .,
15 (25)
where we use wt 1= wt 1 2, Summing (25) overt = 2 to T (define Wt = t=, wy), we get
X g
_ w EM ()
Wit=2
2 1 X
, —fws 1EM(2) wWrEM(7+1)]+ , C14{-2)*3+ Ci6() — o Wt
2Wr 2 N Wr
n #
1 Xt 2WtC17 Xt
W, 2 ‘=t
2 2 c,, X X
w
£l — - E—ZMJ(TH ,  C1a()® + Cis() +, Wi
2Wr 2 N 2Wr
2T 2+1 3 XT " t
2 (*M() O;Wr wr)= ,21 EM(2) + , C2@)3+XCie() %, Wi
- - 2z 2 - 2 T N ZWT t=2 ‘=t
- (26)
P . hp,
Substituting the bound on g =~ t'=, w =t
i
from Proposition B.4 into (26), we get
Na 2T 2+1, 3
V\lk WEM(), 12 EM(2)+ , Cia()®+ C26l() _
L 2 2 N
T
1 0G X
+2B%  —— 1+ _4m +1)(K 1)+ _ 1 EM
7 2 ( )M ) vy, t=0Wt (t))
T T 2+1
1 §E[M 1 & Mo+ , Cia()3+ C
wy Ll WEMOL, 1 6+, Cial)’+ Ca80) _
2 T o241
+ 2% ,OlG 1+ _4m; (+ 1)(K 1+2 1 22 Mo; (27)
N -
where Mds a problem dependent constant and is defined in Lemma B.6. To simplify (27), we define C1s() =
B2 1+ Ff4—,Cio() = ., Cis(). We have
C g "y 2 4C
% wWEM() +21 2T Mg+ ) ()3+1C18()(I{[4 1)2+ Cq9() : (28)
w2 2 2 2 N
P
Furthermore, define Wt =  t=, wt Wr. By definition of T, we have E[M (; )] = We 1 t=p wtEM(t), and hence
A TT
1 X? 1 X
EM(~ )= — WtEM (¢) + —
Wi-o
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Mo X* 1 X
W—O Wi + TW WtEM (¢) T (Lemma B.6)
t=0 =2
2Mow 1 X T
L\NI'P W—WtEl\/l(t)T T (wt wisq forallt 0)
t=2
2Mow 1 X T
ow2 1 _ WtEM(t) T
wt=2 W
1, T 241 1 T x
=2Mp 1 + — wWiEM() T
2 Wit=2
T, T 241 1 X T
2Mp 1 + WEM(e) T o,
2 W
2+1 4
4v, ., Mol f A 0k 12 cas) — (by (28)
2 2 C 2 N
7o T 241 AC
=C20() 1 ZT + 1‘L’3+418()(|< 1) + Ci1o() ;2 N
where C20(;) = 4Mo+ ., 4¥ygrthermore, by Proposition B.1, we have M (a) = 2 knken L. -k k2 anl;lhence
’2T 2+1 5 3
Elk; kckCa(;)1 + C2() + C3()(K _1)°+ Ca() (29)
p N
where C1(;) = 2Ucn€20(;), C2() = 2ucnCas(}, Ca() = 2ucmCas() ahd Ca() = 2up: 0. 2 —

Finally, note that by definition of , we have = d2loge 1+2log = 1+ 2(In)(|og e)=1+2logi)Ini 1+ (62 log )
Hence, we have C1(;) 2u,,Mo(4+ log .+ 2-) 16u,Mo(logl, +-4-) = Ci:2where C; =116umMo(Iog 1+ ).
FurthePmore, we hdve C4() = 2u.nCis() = 2Ucy ., Ci6() = SZUW(C“ *Ci2)g Bpem Cot? +C”24C274Mbetewe

8u Cg+7+C12 2 ( , )

7
2

cm

[ T derbte  to emphasize the dependence of on, and C; =

Note thaf we have = O(log(1=)).
80BCiyul (144, )

2
In addition, C3() = 2u.mCis() = 8087 Carucn (144s )): C3, where C3And lastly, = L
Cal) - 8U , (C7+C1140:5C;Cy+C3C10+2C1C3C10+3A1C3+C13) 5 a2, where Cs _
8u,, C7+ C11+ 0:5C2C2 + C3C10+ 2C1C3C10 + 3A1C3 + C13 =">. |

~ 2 4my ~ 4my

2
Next we will state the proof of Coyollary B.1.1. | '

"2
Préof of Corollary B.1.1.3By this choice of step size, for large enough T, will be small enough and can satisfy the
requirements of the step size in (21), (23), (32), (35). Furthermore, the first term in (29) will be

Tyq 241 1 4|cg(NT)(-|- 2+1) 2T Iog((NT)")(l+1—
— T = TNy T
ClD 1 5 C 1—e C%Iog(NT) €

C1'2T 1 (143 T)

= 8tog(NT) N4T4

0:5
Ci LT 1 ;
Assumptionon T

8log(NT) N4T# (Assumt )

C1'2T 1

~ 8log(NT) N2T2
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’
Ci 2

=0 7

Furthermore, for the second term we have

2
2 Ca=">

cN— =6 NI —

Finally, for the third and the fourth terms we have

log?(NT =4 o’
C3(K  1)%+ Ca® = O(C3=22 + Ca="?) °8 LE ) ol Q=) }
2 2 T2 NT
Upper bounding (29) with , we get O 1 2*C2="2%Ca="a#Ca="y Hence, we need to have T =

~

~ , — 2 -3 . . NT . . .
Crla*Ca=ratCa=TteCe number of iterations to get to a ball around the optimum with radius .

o 2 D

B.3. Proof of Proposition B.2

The update of the virtual parameter sequence fig can be written as follows
t+#1 = t+ (G(t;Yr) ¢+ b(Yy)): (30)

Using P—L-smoothness of M () (Proposition B.1), we get

L
M (t+1) M(t) + hrM (¢); te1 i + ) kes1—tksS (Smoothness of M ())

= M(t)+ hrM (¢); G(t; Yi) o+ b(Yy)i+ e KG(eYe) ¢+ b(Ye)k?
= Mfy) +
rM(t)l;G(t) t§7+ hrM(t),'b(Yr)iT1:E>{;§ctedupdat}e

T2: Error due to Markovian

noise b (Y
+ hrlM(t);G(t;YtlZ G(t)i*’hrM}(t)}?(t) G(t)i{:z }
T3: Error due to Markovian noise Y i Ta4: Error due local updates
LZ
+ —kG(t;Yt) t + b(Yt)k . 2 (31)
2 {z } S

1
Ts: Error due to noise and discretization

The inequality in (31) characterizes one step drift of the Lyapunov function M (¢). The term T1 is responsible for negative drift
of the overall recursion. T2 and T appear due to the presence of the Markovian noises b'(y') and G'('; y') ip the update
of Algorithm 4. T4 appears due to the mismatch between the parameters of the agents'; i = 1;: N Finally, Ts appears
due to discretization error in the smoothness upper bound. Next, we state bounds on T1; T2; T3; Ta; Ts in the following
intermediate lemmas.

Lemma B.1. For all 2 RY, the operator G() satisfies the following
T1 =
rM(); G() 2'2M():

Lemma B.1 guarantees the negative drift in the one step recursion analysis of Proposition B.2. It follows from the Moreau

6.2).

Lemma B.2. Consider the iteration t of the Algorithm 4, and consider = d2loge. We have

Et [T2]= Ex hrM(¢); b(Ye)i
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L 2
k ke+ _E2 kb(Yi)k 2
ZTEAF t ot ket JEZ b(Yt)ke
L 1 Lm,2 2
e e N LU
cs

where 1 is an arbitrary positive constant.

In the i.i.d. noise setting, E[T2] = 0. In Markov noise setting, going back steps (which introduces: ) enables us to use
Markov chain mixing property (Assumption 6.1).

Lemma B.3. Foranyt 0, denote T3 = hrM (t); G(t; Yt) G(t)i. For any < t, we have

Ee [Ts]
2LA2 | ,L(A1+ 1) 6miluc, ! 2
+ + E. [M()
’ AT 12,
2LA2 1 W2 L(A1+ 1) 3u? 3mal h N
+Tj+72:+ 2 223+2 +T Et k t t k
N Eg_m+3 L(A1+1) LA, E
23 ? "2, 12
] cm _
o3 Y3 fArytma ][
22 2 les 2l £t
where ; and 3 are arbitrary positive constants.
Lemma B.4. For anyt O, we have
L2u?
Ta= hrM(1); G(t) G(t)i sM () ¥ 2 2 e
2l 4,
t
where 4 is an arbitrary positive constant.
Lemma B.5. Forany0 < t, we have
6(A; + 1)2 2 3A 2
Ts = KG(e; Ye) ¢+ b(Yt)kZ (A2 )" Ucm + i . 2
s 123 |2 12
t + kb(Yt)kCchcs cs

Substituting the bounds in Lemmas B.1, B.2, B.3, B.4, B.5, and taking expectation, we get the final bound in Proposition
B.2.

B.4. Proof of Proposition B.3

First we state the following two intermediate lemmas, which are proved in Section B.7.
Lemma B.6. Suppose = d2loge and

1 1
min 5 ; (32)
12" Az+ 1'8(Ay + 1)
For any 0 t 2 we have the following
, !
M) . = L B4 (Ar+1) koket B+ kok. Mo (33)
lem2 CZ 2C, ¢
Furthermore, for any t 2, we have the following
t c B Ucp ( Ucp 8m;
Ee o[ke ¢ k] 4C1E ,[kek ]+ 8 —+ P21+72C)
IcD |cD 1

+ 6A1 Et 2][i]:i=t
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Lemma B.7. Suppose = d2loge and

1.1 1
I 002 (35)
Ci’4Cy"40C, 2

P
whereC1 = 3 A2+ landCz = 3Cy1 + 8. We have the following

BZ u2
2 22,2 2 D 22
E: 2[kt t k] 8(: C Et zktk1+ 8—<2 c Xz:[)l2 Ni

UZ m24
+ 1420 2+ 82A7 Ey 2% icpisg

In Lemma B.6, we define Co , §“—,i—';5; Cio, f;n(Zl“Cf. Hence, we can bound the term in (15) as

2C3Et alke k]
X t
2C3 AC1E¢ 2[kik] + Co —+ @r02(1+ 2C1) + 6A; Ev 2[k] k=t
hp N Xt
2¢cs 4C1ucmEr 2 2M(:) + Cgpﬁ+ C10%(1+ 2C1) + 6A; Ev 2[k]
k=t
(Proposition B.1)

1 -, b P
= —4C1C3Uucm>2 6 2E¢ MY

6 |
X £
+2C5  Co e C102(1+ 2C1) + 6A1 Ee 20kl (P is concave, s > 0)
k=t
8 2Cc2u2 3 6
123mS2 4 26, 5[\ ()] + C3Co —+ CaCigé{1+ 2C1) .
C N
X 1g i b :
+ 6A1C3 Et 2 > + 5k (Young’s inequality)
k=t
8C?2 CZ 2 3
T 1,3 524 2E S[M()] + C3Co —+ *[C3@0(l+ 2C1) + 3A1C3( + 1)] {z }
ch N
t
+ 3A1C3 Et 2[
K] (By (58))
k=t

1 N 1 2 X
C1a®% + 2Ee 2[M(J)]+ ,C°C* & 370 + *[C3Crof1+ 2C1) + 3A1C3( + 1)1+ 3A1Cs Ee

2 !
kl: (36)

k=t

Furthermore, using Lemma B.7, (58) and Proposition B.1, the term in (16) can be bounded as follows:

X
CaBt 2ke t k* 16%22C°Cau’,Er 2 [M[1)]+ 8°A%Ca  E¢ 2[,

t k] k=0
.\ 8C4u7CDBziz+ 14Cauypm3 4 (37)
|2D N |2D(l )Z .
L f7—} —{z__}

C12 Ci3
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Inserting the upper bounds in (36) and (37) in the upper bound in Proposition B.2, we have

Et 2 [M(t+1)]
L2LA, LL(AL+ 1),

1 2’ 2 1 2 > 32 |2 ‘4 6
+ 26"['12& m + EAZ+21)+ 216°C%Cay’n Et 2[M(d)] s
+ CsEy 2
t]+ CeEr 2 u?
¢ ] 3 9 12 2
+ C7+ C11%2+ 0:5C%C? + C3Cy0+ 2C1C3C10 + 3A1C3( + 1)+ Cy3 + Cg—<22m?? *]
(z cb } o0
u?, B2 2 0 X t
Cs Cg + 4 C122 —+ 3A;Cs3 + 82A2C4 1 Et 2[
DENENLE N ot

u?

0 2
We define Cy4() C14() , C7+ Ci1+ 8:5C2C23+ €3C1o +q2C1C3C10 +3A1cs+ Cis+ Cs I”’?ﬁﬁzz ’. Also, we
p T 2 P T a—

2
2 lcs 2 Ics

choose1 = 4= 6= '2=10, 2 = 10 2LA23 7 10 L(A u1), and denote
6mqlL 6L(A2 + 1)2
Cls() _ mi Ucm 2 ( 2 ) ucm 2 144(A2+21)C4Ucm2i (39)
12 2 1%
This yields
Et
3 2 p2 2
JIMe1)] 1 o+ as() Ee 2 IM(]+ Co— —+ 4+ ERET —
2 I, 2 > N
Xt
+ C1a()* + (3A1C3 + 82A2Cq +,Cs + C¢) Ev 2
k]
k=t
3, . . 2 X
1 E'z + “Cis() Et 2[M(t)]+ Caa()” + Casl() W+ Ci7 Er 2f
kl; (40)
k=t

where C16() = cs’ Jé)af ) +1C122 and C17 = (3A1C3 + 8A;Ca + Cs + Cg). Dueto ,. , wehavel '3+
Cis() 1 ’2. This corpletes the proof.

B.5. Proof of Proposition B.4

First we state the following lemma, which characterizes a bound on the expectation of the synchronization error

t. In 5=4)
Lemma B.8. Suppose Assumptions 6.1, 6.3 holds and the step size satisfies 2(1+A{ WK 1) Then, for sk t (s
P )
+ 1)K 1, wheres = bt=Kc, the network consensus error N N P2
v, =+ i=; ke (k. satisfies
t 1
E - 4m, ~ X
2 2 2 2,¢
¢ 52(t sK)B? 1+ + 52(t  sK)A» E keok?; (41)
B(1 ) )
t0=sK
where A7 = ZAFZUEZ Ky = 2A|§2u;2,. = TL:B. Here, A1; A2; B are the constants defined in Assumption 6.3, and l¢2; uc2
c2 c2 <

are constants involved in the equivalence of the norms: Iz kk, kkC uca kk,.

Due to the assumption on the step size, the bound in Lemma B.8 hold. Substituting the bound on
« from Lemma B.8, we get

2C45 Xr Xt
W
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X Xt am 1
52(‘ sK)B2 T+ )72 +52(" sK)AS Ekoke (42)
t0=s.K

2Cq7
"2 Wy

t=2 ‘=t
where s+ = b‘=Kc. Hence, s-K denotes the last time instant before * when synchronization happened. The first term in

(42) can be upper bounded as follows.
T t

X X B
,23\7 Wi 52( sK)B? "1+ 174”‘2
2Wr (1)
~ 1 49 U t
_ 2"~2 X 1
= 1+ XS K
ST CRIN I y ) 2g24
)1 1y
+ Wit (K 1)
B(l ’ XT Xt
L e, oo 1 ¢ sk 1)
_ 2gp2 17 X
= “BL1+ , " w + 1)(K 1
B(L ) 7, Wr v e
4dm, 0C 1
2p2 ~ L 1)
B 1+ + 1)(K 1)
i DK )
Next, we compute the second term in (42). (43)
X' Xt Xt
267 T T s sk)AS keok?2
W, 0=s.K
T t L1
20C 2 X X X
2p, A em Ty, (© sK) M () 2
™W t=2 ‘=t “0=g.K
2 (Proposition B.1)
3
6 t 1 T t 1 7
2 g X X X X X X 7
27, ~ 29C17Ucm g Wi (“ sK) M () + Wi (“ sK) M (0)75 (44)
2WT 2t|:2 —t iz =gk ) lﬂe+1 -t i 0=s.K ) E
11 I2
where if K < 2,117 = 0. Next, we bound I1; |2 separately.
X Xt X1
|1 = Wt (l S’K) M(O)
t=2 =t 0=s.K
Xt k1
(K 1) Wit M («0) (for’ < K,s-=0;for'=K, " sK=0)
t=2 ‘=t ‘0=0
K1
(K 1)( + 1) Wt M(’o)
t=2  ‘0=0
K 1
(K 1)K 2+ 1)(+ 1)wk M (¢); (45)
t=0

where, (45) follows since wt 1 wi; 8 t. Next, to bound |, in (44), we again split it into two terms.

K+ Xt X1 X; X ‘1

Iy = Wi (“ sK) M (o) + Wy (“ sK) X M(o):
t=K+1 ‘=t {Z ‘0=g.K } t=K++1 ‘=t {Z ‘0=g.K }
| I3 | la
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First, we bound | ;.

K+ X 1 Xt X1 #
I3 Wt (“ sK) M (o) + (© sK) M ()
t=K+1 " =t 0=5.K ‘=K+1 4 0=5.K
by Xk Xt X1
Wit ‘ M (o) + (“ K) M («0) (s*=0for“< K, s 1forK “ K +)
t=K+1 "'=t ‘0=0 ‘=K+1 ‘0=K
|$(+ 5( 1 X 1 #
wi K(K+1 t+) M(o) + (t K)? M («0)
t=K+1 “0=0 0=k
K1 Ky 1
wi+ K? M (¢) + 3w M (t): (46)
t=0 t=K
Next, we bound I4, assumingtoK + T < (to+ 1)K + , where to is a non-negative integer.
X' Xt X1
lq = Wt ‘ sK M(‘o)
t=K++1 ‘=t ﬁK—{lz_"ULSIK
X Xt k1
(K 1) Wit M ()
F':K++1 ‘=t ‘0=s.K
Kyl “xl 2k 1yl #
= (K 1) wgs+1 M(o)+ + Wkssk 1 M ()
N ‘=K+1 ‘0=s.K ‘22K 1‘0=s.K
26+ ‘y1 3k 1yl #
+ (K 1) wake+ M(o)+ + W3k+ 1 M («)
. =2K 0=siK ‘=3K 1'0=s.K
t%(+ X 1 XT X 1 #
+ + (K 1) weoks M{(o) + + wr M (%)
. ‘=toK ‘0=s.K ‘=T ‘0=s.K
K+ 2K 2 #
(K D+ 1) Wi+ M()+ + Wak+ 1 M ()
" ‘=K ‘=K
2K 1 3K 2 #
+ (K 1)(+ 1) wakes M()+ + Waks 1 M ()
. =2K ‘=2K
to|X+ 1 5( 1 #
+ + (K 1)(+ 1) weeks M)+ + wr M ()
" ‘=toK ‘=toK
ZKXr 2 3er 2 ;( 1 #
(K 1)K(+ 1) waks 1 M()+ Wags 1 M(s) + + wr M ()
" =K 0=2K ‘=toK
2% 1 2K% 2 )
(K )K( + 1) waks+ 1 M () + M ()
‘=K ‘=2K |
3K 1 3KX 2 )
+ W3k+ 1 M () + M (%)
“0=2 ‘0=3K 1
IE’?OK ¥ tokyr 1 K1 #
+ + Weoks 1@ M () + M (o)A + wr M ()
‘0=(tp 1)K ‘O=toK ‘=toK
K 1 3K 1 T 1 #
(K 1k(+1)  C D X we M)+ X wee M)+ rwr X M)

K ‘=K ‘=2K ‘=toK
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T yK % 1 #
(K 1)(+1) Wik 1M() + wr M ()
. =K =T K +1 u
TXK w 'S( 1 w
= (K 1)(+1) — xs M)+ g M)
=x 1 =% =Tk #1152 ,
(we= weer 1 22 )

K 1)(+1) " ' X

( )’( + K)+ I \NtM(t): (47)
1 - t=K

Using the bounds on I3; 14 from (46) and (47) respectively, we can bound I5.

1 K+ 1 T o1
K ~X X K 1 1 X
2 wk+K? M (¢) + 3wk M (¢) + ( )(HM#): (48)
t=0 t=K 1 2

Substituting the bounds on I1; |, from (45), (48) respectively, into (44), we get

X' Xt X1
2607 Ty, 52(  s.K)AS kok?2
W, -5 K
20C17u " K * X tooX #
27, LLK 1)K 2+ 1)(+ 1)wk M(e) + K2wis M(t)2 T
t=0 t=0
" K+ 1 T 1 #
20C K 1)(+1
+ 2A '17&3WK+ )M(t)+ ( )( ) th\/ht) (49)
2Wr t=K 1 22 K+ 1 (_g
P
We analyze the terms in (49) separately. First, for the terms with t'<=01 M (t),
K 1
1 20C X t
T o2pp 17“Cm|<(+1)[(|< 2+ L)wyg + wys ]l M()
Wt t=0
n #
~ 7 2 ls( ! Wi Wit
20C,’
= W2y, 1ucm|<(+1) (K 2+ 1) L , KL M)
1T t—‘x 1 1 2 1# 2 +
1 ZOC - n
= _— 2p5 Lucm&ul) (K 2+ 1)+ : Wt M ()
WT 2 1 2 1 'y K t
" t=0 # 2 2
C 1 K
ZQMU 1) (K 2+ 1)+ : = WM () 2
1 t=0 Wr
1 %1
witM (t); (50)
2Wt
where (50) holds since we choose small enough such that
n #
ocC 2 1
2A2«217,7”cm(|< 2+ 1)+ 1flék+ 1) 2
5 _
2
To get this, we use the inequality 1 x exp ;& forx < 1, 2'2—2 ant < 2log + 1, we get ﬁ
2
exp ‘2 2log + 1 . For (50) to hold, it is sufficient that
( )

2 2 i
T

1
80C17u ., A2K2(log() + 1)

1
—. (51)
K " 2(log () + 1)exp ’ o, 2log +1
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Next, for the remaining terms in the third line of (49), by the assumption on the step size, we have

2AzAzoclyucn% , 31 -
2 1 5 4
2 (52)
2, 20C17Uen (+1)(K 1) 1
7y 1 v, k+o1 4’
2
and hence we get
n #
1 ,,.20C17ucd sw o F 1|\)§|t (+1)(K 1) ' X 2 t=x
— 2pp Y : ()+ = wm()
Wt 2 1 ) 1 2«
M- T
VVt“ﬂ t
W=k (53)
Substituting (50), (53) in (49), we get
X' Xt X1 X'
,2C17 Wt 52(l S'K)A2~ ktkzC L WtM(t)Z 2
W, t=s.K LA (54)
Finally, substituting the bounds in (43), (54) into (42), we get
n #
T
2C17 X X'
Wt E
W
2 T2 ‘=t
1
2np2 1
B2, ‘da+ 4ty 1)(K 1)+ waEM{):
2 B(1 —) awy (55)
B.6. Auxiliary Lemmas
The following lemma is of central importance in proving linear speedup of FedSAM. 0
Lemma B.9. Letl.p and ucp be constants that satisfy Icpk kp k ke ucpk kp, where k kp = x> D x for some
positive definite matrix D 0. Note that for any,D 0, these constants always exist due to norm equivalence. Furthermore, in
case the norm kxk. is defined in the form x>Dx forsomeD O, wetakel.p = ucp = 1. We have
Ee ([kb(Ye)ke] P o 2m," (56)
%D
4 g2
Ev r[kb(Yt)k2] —<P2 N+ 2m3?" (57)
cD

Lemma B.9 is essential in characterizing the linear speedup in Theorem B.1. This lemma characterizes the bound on the
conditional expectation of kb(Y¢)k. and kb(Yt)kzc, conditioned on r time steps before. In order to understand this lemma,
consider the bound in (57). For the sake of understanding, suppose the noise Y ¢ isi.i.d. In this case we will end up with the first
term which is proportional to 1=N. This is precisely the linear reduction of the variance of sum of N i.i.d. random
variables. Furthermore, in order to extend the i.i.d. noise setting to the more general Markovian noise, we need to pay an
extra price by adding the exponentially decreasing term to the first variance term.

Lemma B.10. The following hold
kG(t; Yi) G(e; Yok, Ajp A% 2 2
t
t 2
t. (58)
Lemma B.11. For the generalized Moreau Envelope defined in (12), it holds that

2
rM 2(x) = kxk_;
D . rE .
rM; B(x);x  2M, E(x):
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B.7. Proof of Lemmas

Proof of Lemma B.1. Using Cauchy-Schwarz inequality, we have

?

59
| m, mo] {2 ) (59)
rM(); G() krM()k G() hrM (); i;
{ } T11 T12
where k k.7 denotes the dual of the norm k km. Furthermore, by Proposition B.1 we have (Lemma B.11)
(a)
T ki(m:kG()km (By (13))
kkm:lem X G'()
17N 1
= c
1t N.
kkm:lem = NG' () i=1 (triangle inequality)
kkpm: "“Tkkmm
Assumption 6.2, Proposition B.1
=2uIcmc ): em ( P P )
Furthermore, by the convexity of the k km norm (Lemma B.11), we have (60)
T12 kk,, £ 2M():
Hence, using (60), (61) in (59) we get (61)
FM(); G() 21 Ueme (62)
IM() = 22M(); em
where’ 5 is defined in (14). O
Proof of Lemma B.2. Givensome < t, T2 = hrM (t); b(Yt)i can be written as follows:
Ta=hrM () rM (¢ ); b(Ye)i+ hrM (¢ ); b(Ye)i krM (t)
FM (¢ )ko:kb(Ye)ks + hriA (¢ ); b(Ye)i (Cauchy—Schwarz)
LAQ v ket ! kbf—\ét)kc + hrM (¢ ); b(Ye)i ° (Proposition B.1)
| Cs
2
, %35 ke o K2+ KBEYOK? + hrM (¢ )5 b(Ye)i: (63)
Taking expectation on both sides, we have
Et [T2]=2|2 425 Ee ke ¢ k*+ 2Ect kE(Yt)k2+ h”\i'(t ); Ee [b(Ye)]i
212 4 in ke ¢ ke+ ZEQ kb(Ye)ke + krMAf¢ )kgkEe [b(Yz)]ks: (64)
e I {z }
T
For T21, we have
I
Tor ey ReM (e )k kES [b(Yo)lk,
[krM (¢ )ksma] 7 (Assumption 6.1)

ms2
ZTH“M(t ) rM (K’ + krM )k es (assumption on )
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2
MZ 0 ket krM(:)  rM(0)K? cs

2 (Proposition B.1)
msy L
—fke tke + kike] cs

2
2
szLZI L ke ™ Uem L | ks 1 e (By (13))
2
my L 1 my2ucm L
ke ko c = 7;“* + Z'Vl(t):“ (Proposition B.1; 1 > 0)
1% cs 2 I
Substituting (65) in (64), we get (65)
L 2 2 2 L m2
Et [Tz] Z—Et—kt t ks + Etckb(¥t)k + Ect kt—tkc+
2 2, ‘4 2 I 2 2
2
1 my 8enL
= 2T 4 2k M)
I1 czs
Proof of Lemma B.3. 0
T3 =hrM(t); G(t; Ye)  G(1)i
=hrM(¢) rM(t );G(t;Ye) G(e)i
| {z }
T31
+TVM(t ); G(t; Yt) Gt }Y{7)+G(t ) G(+)i ) (66)
T32
+ hrM (¢ );G(¢ ;Y:) G(t )i:Tss
| {z }
Next, we bound all three terms individually.
I. Bound on T31:
1 X
T31=W ot t
rM(:) rM (e );G'(5y) G'(')i=1
1 S o
M) MGk G (Y 6() (67)
Nooo | ot st Y,
T311 T312
For T311, we have
L
T =krM(¢) rM(c ks ke ¢ ke (68)
CsS
where the inequality follows from Proposition B.1 and (13). For T312, we have,
Ts12 =kG'(;y'), EyiG'(5y)ks T
P2 GGy et Eyi G Y, X (Triangle and Jensen’s inequality)
1 i 2A .
loo [Azkike + Azkike] “ 2 (Assumption 6.3)
ik
k o e+ Kike (triangle inequality)
2A,

| 'tE kike :es (69)
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Substituting (68) and (69) in (67), we get

n X N #
2LA 1 ;
31 SALI k¢ t ke "+ kike s i=1
12 N !
2LA vl
28 - X kit ke ¢+ e ki —+Kke 2kikm #
s N -1 2 4 (Proposition B.1)
2LA 1 X 1 2 2 2L
T U L T P B
I N oy 2 2 2 (Young’s inequality)
¢ 2 ke t%"’ M) + 2 2 1
N z
2, 2 2 2 (70)
t
Il. Bound on T3;:
1 X
Ta2 = o . vt ) oot oot t
rM (e );G'(5y) GY(T sy + G ) GI(N)i=a
X N
—krm k.k@(y") Gli(y ; )4 G'(y G'(k ; 71
TV kGG (Gl s ) 6T ) 6Tk . (71)
i=1 T321 T322
where the last inequality is by Hélder’s inequlaity. For T321, we have
i -
Tz21 =krM (¢+ ) rM(O)k; ki— Oks (Proposition B.1)
L
4[.kl tk +ckt t klics (72)
For T322, we have
T322:kGi(i;tyt)i Gi(t ;Iyt)+iGi(i ) tGi(i)kS t
LBy G syder G ) 6, o
cs— t ot t (triangle inequality)
1A1k, b ket k' Ke, i
les— (Assumptions 6.2 and 6.3)
A+ 1 . )
1 ! tt+ kt t k + t ! ¢
les c c (¢ 1;triangle inequality)
A+ 1 ) ;
=21 ¢ ke ¢ kc+t : !
cs (73)
Substituting (72) and (73) in (71), we get
L(A, +1) 1 XN 1 . .
T3z (1|72) W3ktkc t+4<t 't kc+t cs iil
1 )3(N . ; #
+W ki ¢ ket ke 't ket o i=2 !
L(Al+;1) 2
Sk gy Rk e i
cs — i=t— >
+ 1k k. + 13XN+ Kt i ket ° i (Young’s inequality)
ket Ke 22N7t ti t Ket ¢ i g q Yy

i=1
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N

L(A|+11)2M(t)+ 3Um+ Zktz t k2+ 3um+ 3 (i32+ (i )2 L‘(AH- 1)2M(t)+ = + Zkt
2 72 N 72 5 t t 23
Su 3 3 3 i=1
v ke + + [ 3u2 2
1 3 Ucm 2 cm _
i+ % 3 2 22 2
E (74)
I11. Bound on T33: Taking expectation on both sides of T33, we have
Ev [Ts3]=
rM (¢ );Ee [G(t ;Ye)] G(t¢ )
- ix\l i i i
N i i
rM (e );Ee [G'(¢ sydd]l G'(¢ )i=1
11 XN o s By (13
r*krM(t )k? Ets [GI(I ;yl)]t Gl(lt )cizl . ( y( ))
1 kN M (¢ )k’ mak ke €
I N i=1r ' me o F (Assumption 6.1)
1 X N ,
™7 kM (e KK ke
les N ;- ® (assumption on )
L1 X N
M2 ke kg kees
12 N =1 (By Proposition B.1 and (13))
L1 X N
M1 kit k ki kc+ kt t ke i
1& N i=1 ¢ . . .
" # (tringle inequality)
m. 1 X 1 myl
|%t 2+ e ok &2+2tc t7CI'1’11 E, 132
€ s i= (Young’s inequality)
1
ktk%AQt S -
t CSL 1 ((a+ b)2 2a%+ 2b?)
m
= 1 Et 6Ucm'\4(t)+ 3kt t k2+
|Q L cs c 5 (75)
Substituting the bounds on T31; Tsz; T3z from (70), (74), (75), in (66), we get the result.
O
Proof of Lemma B.4. Denote T4 = hrM (t); G(t) G(t)i. By the Cauchy-Schwarz inequality, we have
Ts krM (t{)zk_}ig(tl) G(t){k7} PTa (76)

Ta2
For Ta41 we have

krM (t)ks =krM (¢)  rM (0)k, °

(Proposition B.1)
(By (13))
(Proposition B.1)

(77)
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For T42 we have

KGl) Glok< N 6 ey (), G(e)%-
t t s = WS |=1t t W t t)7i=1
1 XN . X N
—— G'('), G'(+) S A
[ N cs ¢ 1N c

where (78) follows from Assumption 6.2. Combining (77) and (78), for an arbitrary 4 > 0, we get

Lucm B X N
Ta — 2N ‘t, ! t cs N cs
| li=N ¢
1 X Np 1. Lu
— 4 ZM‘t, —% Cmi=1 4
N s b S
u
R T L
o1 4 4 2 4 2
L u2 CcS
= 4M(t)+ 2l a zgm
cs4

t-

Proof of Lemma B.5. Denote Ts = kG(t; Yi) ¢+ b(Yt)k,. We have

Ts=KG(; Ye) + G(e; Ye)  G(e;Ye) ¢+ b(Yoks  °

3G Ve ik, +3KG (V) Gl Yk, +3 kb(Yoks ras

I
Ts2

For Ts1 we have

Tsa les kG (e; Ye)kC + kek )l

2 2
(As keke + kek 2= 21A2*

1)2u? c
IYE“ )2
cs

For Ts2 we have

N 2 N
Ts2= 1% (G'(5y) G(sv) 1X G'(5y) Gy ie 2
Ws i=§ ot t W tot t
XGNI(I i) i( . i)zcs S
NIZ ;Y t q ty; Y 'flc
AleN i 2|cs
_ . R
2 N i=1 c
2
- A1
12,
t.Cs

Using the bounds in (81), (82), we get

6(A, + 1)%u_ 2 3A, 2
e S LN V| L
TS |2 cm (t)+ 2 s

t + 3 kb(Yt)kz;cs Ics

where the last inequality is by the assumption on .

(Jensen’s inequality)

(78)

(c 1)

(Young’s inequality)

(79)

O

(80)

(By (13))
(Assumption 6.3)

(81)

(k k%is convex)

(By (13))

(Assumption 6.3)

(82)

(83)
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P. .
Proof of Lemma B.6. Define; = 1 i 5\‘1 |- By the update rule of Algorithm 4, if | + 1 mod K = 0, we have

+1 = — 41, = ++ (G'(i;y)) 1 +b'{yy)) =1 fi=1
N N
X N , o
|+ JNQG'(';V')kc,+ k'kc + kb'(y')kci=1

L X N (triangle inequality)
|+ ﬁA2+1)k|kc+Ei=1

=(1+ (A2 + 1))+ B: (Assumption 6.3)

(84)
. _ 4. = 1P N i i oeydy i iyl i
Furthermore, if | + 1mod K = 0,wehavel+, = & ;= (, + (G'(;;y/) ' + bl(y)), ahd hence
1 X 1 X 1 X ) o
I+1 = Ne1 o = v +N(GJ(|;V|) | 4 b”(yj)))li=1 |
— i — =1 —j=1
N N N ¢
X N o
|+ kG'('; vy ) ke + kike + kb'(y')ke; i=1 (triangle inequality)
and the same bound as in (84) h@Jds. By recursive Iapplicatioln of (84), we get
I
1 (1+ (A2 + 1)* %+ B (1 + (A + 1)) =0
(1+( +1p*t 1
=(1 + A + 1 I+1 + B .
(1+ (A2 + 1) AR ST
(85)

Notice that for x '°82, we have (1 + x)*1 1+ 2x(+ 1). If0 | 2 1, by the assumption on, we have (1 + (A +
1))*1 (1+ (A2 + 1))2 1+ 4(A2+ 1) 2. Hence, we have
4(A, + 1
| 20+ B (A2 )=20+4B:2 (86)
Furthermore, we have
(A + 1)
kKivr ke =kG(i;y1) 1+ b(yi)kckG(i; vi)

tke + kb(yi)ke . . .
(triangle inequality)

1 X N .
= ﬁG'(';y')I )+ kb(y)kei=1 ¢
1 X )
NﬁlN(l; v gt Bisa
1x N i (convexity of norm)
N4A2 +1) + Bli=a
=(A2 + 1)+ B:
(Assumption 6.3)
(87)
Suppose 0 t 2. We have
IlX 1 #
ki oke kkez  kke (triangle inequality)

k=0
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IlX 1 #
(A2 + 1)k + B k=0
t 1
Bt+ (Ax + 1) X (20+ 4B)«k=0
2(B+ (Ax + 1)(20 + 4B))

1 B
— B+ (A2+ 1 + —
C, (A2 + 1) o 2C,

Furthermore, by Proposition B.1, we have M (¢) = , Rik,,, and hence for any 0 t 2 we have

1
M) ~ _kek cm 2

213
(kt ot okc)zcm
1lke  oke + koke)?

212
em—
2

21
ok, + kok?)

2
B + (A2 + 1) kokc+ B + kok.2 ;
2Cq

which proves the first claim.

Next we prove the second claim. By the update rule in 30, we have

kiew ke 2KkG(1; Y1) 1+ b(Y))k? .

32kG(1; Y1) ik?+ 3%kb(Y)k? + 32kG(1; Y1) G(1; YiI)k? 62(kG(i; Yi)k? +

kike) + 32kb(Y)k2 + 32kB(;; Y1)  G(i; Vi)k?
0 2 1

(By (87))

(By (86))
(t 2)

(88)

(triangle inequality)

X .
=62 @Ni G'1;y') + kk?2 A+ 32kb(Y)k? # 32kG(1;Y1) G(1;Y)K20
i=1
C !2 1
oo .
62 @ Ni G5y, + kik?A+ 3%kb(Y1)k? + 3°kG(1; Y1) G(1; Yi)k?i=1
(convexity of norm)
0 2 I
62 @ Askike + kik?A+ 32kb(Y)k? + 3%kG(1; Y1)  G(i; Yi)k? .
i=1
(Assumption 6.3)
1
=62(A% % 1)k|k2 +.32kb(Y))k? + 37kG(1; Y1) G(1; Yi)K? .

62(A2 + Afuk? + 32kb(Vi)k? + 32422, ||

where (89) follows from Lemma B.10. Taking square root on both sides, we get

q
ki+1 1ke 3 A, + 1idke + 2kb(Y )ke + 2A1;:

Combining the above inequality with the fact that kjs1 ke kike kis1 ke, we get

qa
kis1ke (1+ 3 A, + 12)k|kc+ 2kb(Yi)ke + 2A1

(89)

(90)
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=(1+ Ci)kikc + 2kb(Y|)ke + 2A1; (91)
P
where we denote C; = 3 A2+ 1. Assuming t | t, and taking expectation on both sides, we have

E+ 2[k|+1kc] (1+ Cl)Et 2[k|kc]+ 2E¢ 2[kb(Y|)kc]+ 2A1Et 2[|]

u +
(1+ C1)E¢ 2[kike]+ 2 <° = ganz' T2 4 2A1E: 2o (Lemma B.9)
u
(1+ C1)Er alkike]+ 27 <° IB—_—’f g_ijhl T4 2A1E: 2[i] e (Assumption on )
= (1+ C1)Er afkike] + ce(l) + 2A1Ee 2[I]; (92)

h i
where c¢(l) = 2‘,’—;7'3 pﬁﬁ + 2my' ' | By applying this inequality recursively, we have

Et 2[kis1ke] (1+ C1)Et 2[kike] + ce(l) + 2A1Er 2[i]
(1+ C1)[(1+ C1)Er 20k ake]+ ce(l 1)+ 2A1Ec 2[i )]+ ce(l) + 2A1E: 2] ], (1+ Cq)*t

X! X!
Ev alke ke]+ (1+ C1)' *ce(k) + 2A1E: » (1+C1)' 5
k=t =t
Xt n Xt #
k
(1+ C1)+1Et s ke ke + (1+ Cl)t kCt(k)+2A1Et 2 (1+ Cl)t kk : (93)
k=t
I z__ 1} =z}
T
=t :
T1
We study T1 and T3 in (93) separately. For T1 we have
X B
Ti=2YP " (1 +co) ¢k 2mt
—b- _ -
| k=0 N #
k
Ucp . X
1+ C¢™" 1
=2 '!-( i’y 1, 2my(1+ C1)
lo B oy ¥ G
" 1+Cy)*t 1 ]
Ye _( 1) + 2ma(1+ Cq) k (> 0) 2
lco N B C k=0 lco
1+ C,)*? 1
Uo B ( 1) + 2ma(1+ Cl)% : (94)

NC 1

Notice that for x '°82_we have (1 + x)*! 1+ 2x( + 1). By the assumption on , we have (1 + C1)*? 1+ 2Cy1( +
1) 1+ 4C; 2and(1+ C1) 1+ 2Cy 1+ 1=2 2. Hence, we have

4
T2, 2+ (95)
I s _
ch N 1
Furthermore, for the term T> we have
X . X
To= (1 +C1) “t vk (1 + C1)t +kk=0k=0 (dueto > 0)
X X
(1 + 2C1)t +x 2 ¢t «:
(96)
k=0 k=0
Subtituting (95), (96) in (93), for every t | t, we get
2u 4B adm -
Ev 2[kike] 2E¢ 2[ke kel+ = <° -+ 4 AA1 ¢ ke 197) cp ks
P

| N 1
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But we have

n X 1 #
Et 2kt t ke Et 2 kit ike (triangle inequality)
i=t
K 1
Et 2 [Cikike + 2kb(Yi)ke + 2A1i] (by (90))
<1 ’ 2up 4B 4 3
X 4 Uep _ ma 15 X <D -
(:1t fEt 2[ke kel + -+ o + 4Aq Ev 2[t j]° 2t j=0 (by (97))
+ 2 P pB+ 2m, 2
i=t  ¢P N
¥ 1 (Lemma B.9)
+ 2Aq Et 20i]i=t
2 4B . 4 X -
CL42E2 Sk kJ*+ “°0 oo+ &m“ 4A, B o[ 5 =0 3
| lo _u | N ko
+2° o+ 42 P my— +43Ar E: 2[i] (assumption on )
c@ N C:b i=t
B 8 2 2
2C1E; alke k+ U P _8cigZ+ 2+ M2 1% pefim;
lep N lep C 1 1
X t
+ (4A1°C1 + 2A1) Ev 2[i] (i 0)i=t
4 X '
2C1E¢ alke k] + 4 <P B__+|”°°& m2 24|1¢11m+ 3A; Ev 20]: (98)cp e
N )

i=t

Furthermore, by triangle inequality, we have ki ke ki t+ ke + kikc. By assumption on , we have 2Ci1k: k¢
2C1kt t ke+ 2Cikike 0:5ki +t ke + 2Cikike. By taking expectation on both sides, and substituting it in (98), we get
(34).

Proof of Lemma B.7. From (91) we have

kie1k? {1+ C1)%kik? + 42kb(Y()k? + 42A22 1
+ 4(1+ Ci)kikckb(Y))ke +4A1(1 + C1)kiker + 8%2A1 kb(Y) ke : 9
41+ Calkikekb(Yidke + 4a (1 + Cadkikey Lkp(Y)ke: } (999
T1 T2 T3
For T1 we have
p_. p .
T1=2 (TF Ci)kike 2 (17+ T1Tkb(Yi)ke
2(1+ Ci)kike + 2(2+ C1)kb(Y))k,4kk, + 2 (ab 3a?+ 1b?)
4kb(Y1)ke; (100)

where the last inequality is by the assumption on . Analogously for T, we have

pP__ p
T2 =2 (1+ C1)k|kc 2A4 (1+ C1;|
Akik, +2 8N, 2 22 (101)
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For T3 we have

T3 =2kb(Y|)ke 4Aq)
22kb(Yi)k? + 82A%%: | | (102)
Combining the bounds in (100), (101), and (102), and noting that (1 + C1)%2 1+ 3Cy, from (99) we have
kis1ke 31+ 3C1)kik, + 4%kb(Y))k, + 42A3%, 2 2
+ 4kik? +,4kb(Yi)k? + 4kik? + 4A%2 + 22kb(Y)k? + 82A%%=(1+ (3Cy+ ,

8))kik® + (6% + 4)kb(Yk* + A%(12% + 4)> | 2 |

(1+ Ca)kik. + POkb(Y))k, + 16A,,: 2 2 (103)
where C; = 3C; + 8. Taking expectation on both sides, we have

Ev 2kiv1k? {1+ C2)Er 2kik? + 10E¢ 2kb(Y)k? + 16A%E »[’] |

B 2 +
(1+ C2)E¢ 2kik, + 16-<2 Y +ﬁzm22(I ©2) 4+ 16AE: 2[i]20 2 (Lemma B.9)

= (1+ C2)Er 2kik?+ ) + 16A2Et 2[2]I |

h , (104)
where ¢l) = 10 us N+ 2m?220 ) Hence, foranyt | t, we have o
E: 2kis1k? (1+ Cz)(1+ C2)Et 2ki 1kc+ dl 1)+ 16A1E: 2, 1] 5
+ dl)+°16ALE: B[] 2 '
n #
X' X!
(1+ C2)"" "E ake K2+ (14 C2)' 'di) + 16A%E: » (1+ Ca)' "2 ;
i=t " i=t "
Xt Xt ;
(1+ C2)* Ee ake K2+ o (1+ C2)t 'd(i} +16A4E¢ 2 (1+ Cp)t 2 5 (105) "
i=t
{Eﬁ_— |I {z_  ———
Ta Ts
For the term T4 we have
X . B2 )
T4=10482 (1 + Cp) '~ + 2m?2%cD -0
|&) B2(1+ C2)+1 1 N UZDZ Zi i
=10 Zeof +20 ,2(3+ C2) S
7N C > T?; o, X 1+0
2 f+ C +1 1 2 62
10. oo BE+ C2) w20 0me2(15 C;) %10
I 2N ¢ 2 |2 i=0
(1+ Cy)*t (C2 0)
2 D 22
I2 N 4-Llo—m—(1+ Ci? 1 92t -
<P (106)

By the same argument as in Lemma B.6, and by the assumption on , we have (1 + C2)*? 1+ 2Ca( + 1) 1+ 4C, 2
and (1+ C2) 1+ 2C2 1+ 1=2 2. Hence, we have

2 2 2 2
R B
Tad0 52 o+ T (107)
Furthermore, for Ts, we have
X

Ts= (1 +Cz) 'Et 2[; +i]1%o0
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X
(1 + C2)Ee 2[; 4+i]i=6

X
(1 + 2C2)E¢ 2[; +i]i=@

X
2 Et 2[; il:izd

(C2 > O)

(assumption on )

(108)
Combining the bounds on T4 (107) and Ts (108) in (105) we have for any t | t,
U2 BZ 23 1 X
Ev 2kike 2E¢ 2ke ke + 4o-|2ﬂ , Nt MYy 324 E? 2f; ]t 2 (109)
ch i=0
Furthermore, we have
X 1 '
ke + ke 2 ki1 ike (triangle inequality)
i=t
% 1
ki+1 ikci=t 2
X 1
2C2kik? + 32kb(yi)k? + 32A%, i-t . 2
(from (89))
Taking expectation on both sides, and using the bounds in Lemma B.9 and (109), we get
Et Zkt t kz c
t 1 " BZ 3 H
2¢2 X 2F ok K2+ 40—<% + ——m? 4 3207 B, o ]
1oy c 20 N 1 2 1izo
t 1 t1
;32 X L2 572_'_ 2my20i t+2) 4 3242 ) X Ee 5 2i=t
cD 12 N i=t i
D 2 2 2 3 2 2
22,2 2 u B m 2 :3 2m
2 ki k“+ 40- O -+ -2 + e — 4+ - =
€ 2 2k 05 2 N 12 3|50N 1 2
+ 2A%(3+ 32C;) % x Et¢ 2 i°
i=0 ()
(110)
Furthermore, by triangle inequality, we have ki kc ki t ke + kike. Squaring both sides, we have k; k2 .
(ki ¢ ke+ kike)? 2ki + k?+ 2kik?. By assumption on, we have 222C?k; k? 422C2ky . )
¢ kz"E: 422C2ktk21 OSkE ¢ k2+ 422C2kt‘!(2. 1 .
Proof of Lemma B.8. ForsK + 1 t (s+ 1)K 1, wheres = bt=Kc, 0
N N
— i _ i 2
N 1X N 1X
t t = k ¢
X ikei=1 i=1 X
N s t 1 t ot t t 2
"N 'koosk G'('o;y'%) o+ b'(y)  (Gleo;ye)  w+ blyw))
i=1 t0
3 Cc
e T T2 o ?
4 bl(ylto) b(yw) + G'(po5ye) ' (Glto;yw) w) i=1 >
N
t0=sK c t0=sK

[

(* s’ = sk and Young’s inequality)
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2 3
2 u%xz Nitglx 2 X1
—=£ 6, by, b(yto7) +, ¢ t {
b'(y's) blyw);b'(y'e) blywn)
i=1 t%;t%0=sK
102400
42 t Xl XN h . . 2 . i 2
+ W(—'t SK) l}(:ZGI(Ia;tylo)t G(to;yto) + Ioz o, f0=sKi=1
5 (Triangle inequgality, and kkC uc2 kk,)
t 1
2u3 NX6 o X L pityi)? + X 7
S g o2 vl c t t 5
b'(y't)  blyw); bi(yo)  blyten)
i=1 P c2 £0.400 5K
£0=¢00
t 1 N o
+4 %t sK) X X HQG'('o;yto)i+ 2 wl 2 (le kk , kk and Var(X) E[X?])
N to=sKk i=1 |2 c c
Taking expectation
E[ 2 2 2 2 X
2u, . |2 4 N vl t t
J e sk T2 TN E
b'(y's) b(yw); Ewb'(y'n) b(yt)
2 i=1¢%;t%=sK
<t
+ E(t SK) X X E %UQnGI(IO;yto)i Gl(to,'ylo) + Gi(to;yto) + Iio Zoo 2
N t0=sK i=1 |22 t toc c t c
(using Assumption 6.3)
22,2 4202, N X X1 o o
—g(-ﬁ SK)B2 + U; c El:)l(yla)t b(yto) E+to bl(yloo) P(ytﬂﬂ)
| 2N i=1¢0.400=5K 2 ¢
¢ ,t0<t00
(using Ic2 kk, kk.)
22t sk "KW 2" 2 ° 2 .
+ TN T E IZ—CZ Afw ' u+ A kok? + o, w0 . (Assumption 6.3)
t0=sK i=1 2
N 1 1
(a) 222 . SK)BZ . 42'.122 2m,B X X X £ 00 40
|:2 lc2N lc2 i=1192sK t°%=sK
to<t @
1
+ 4%(t  sK) x 1+ 2Atud, 2202
2 2 C
tig K 2 c2 kt!)kz 0 ! c2
c2
(b) 222 4m,B et 2A2
uzc(t sK)B? + m2 + 42(t  sK) 1 X Y2 . 2 7
|2 2A2 2 2 c
t0 Ug ktokzj 1 (111) c2 Itost Ic2 c2
where (a) follows since
Eb'(ys) b(yw), Evob'(ye) b(yto)e
2 ! 28t R 2 393
- o 1 X . _
E4b'(yh), < Evo b'(y'oo) + Eo 4 b(yth,)5 | =5 (Var(X) E[X2], and Triangle inequality)
t . N j=1
N J c,
2 g N h i =93
E 4l b'(y'o) . Evo b'(y'e) .+ 1 X Ew b(ytojo) s (Jensen’s inequality)
lea v : t N =1 o
B ¢ 00 0 )
—2m3E : (Assumption 6.1, 6.3)

lc2
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Finally, the inequality in (b) follows since

X ! X ! E htOO tO i_ X ! X ! tOO tO _ X ! t to
t9=sK t%%=sK t0=sK t0=t%+1 t%=sK 1
t0<t®
_(t sK) 1 tskq
1
(t sK)1

For simplicity, we define A", = %; A, = %; B = 42B. Hence, (111) simplifies to
c2 c2 c2

n #
E ~ 4m; X1 ~ ~ 2
2%(t sK) B2 1 2 1+ A1)E
e 22t sK) a1 ) £2 e
t0=sK
to + A2E kiokC : (112)
Recursively applying (112), going back 2 steps, we see
t o1 t 2
E ~ 4m, ~ X . ~ X
¢ 22B%(t sK) 1+ B (1 + 42(t  sK)Aa, Ekewk®+ 42(t  sK)(1+ A1) E "
( ) t0=gK t0=sK
to0
2
2 2 2~ 4m; ~ 2
+ 4%t sK)(1+ A{J2%(t sK 1) B 1+ B(ﬁz (1+ A1)E
0=sK
w+ AsE ktUkC I - T {Z
}
h
~ - 4n12 ~ !
= 22B%(t sK) 1+ B(1 ) 1+ 4%2(1+ A1)(t 1 sK)
n X 1 2 #
+ 4%t sK)AS kok® + 42(1+ A7)t 1 sK) E ko ke?
t0=sK t0=sK
h iy 2
+ 4%t sK)(1+ Af) 1+ 4%(1+ A1)t 1 sK) E
" tot0=sK
2 " 2 ~ I ~9 4m; '~ K 2
4%(t sK) 1+ 4°(1+ A1)(t 1 sK) B 1+f + A E keokC't
( ) #t°=sK
. X
+(1+ A1)E

to (113)t0:sK

To derive the bound for going back, in general, j steps (suchthatt j sK), we use aninduction argument. Suppose for
going back k(< j) steps, the bound is

: . 4m, k ¢h . i
4%(t sK)B? 1 1+ 4%(1+ A)(t * K
¢ 4°(t  sK) +B(1 ) . + 4°(1+ Ag)( sK)
N 1h i 5( 1
+ 42(t  sK)A; 1+ 4%(1+ AQJ(t * sK) E keokc?
=1 t0=sK
w lh i X k
+ 42t sK)(1+ A9} 1+ 421+ At © sK) E
i (114) =1 t0=sK

We derive the bound for k + 1 steps. For this, we further bound the last term in (114).
IY 1h it Xk 1

~ ~

#



42(t
sK
)(1
+
A
1)
1
+ 4%(1
+
A
1)(t
s
K
)
E

o +
t
E
=1
t0=
=s
K
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'Y lh |tX 1
4%t sK)(1+ A1)" 1+ 421+ AJ(t “ sK) E
‘=1 t0=sK
N 1h i
+ 4%t sK)(1+ A7) 1+ 4%(1+ AQJ(t * sK)
‘=1
n #
t 1
- 4 X« .
A2(t k sK) B2 M1+ M2, (1+ A1)E 2
B(1 ) 6
t0=sK

o+ A2E kiokC (using (112))

IY lh |tX 1

4%t sK)(1+ A1)" 1+ 421+ AJ(t © sK) E
‘=1 t0=sK
Y 1h i
+ 42(t  sK) 1+ 4%2(1+ AJ(t  “© sK)
‘=1
" #
2 2~ 4m; e ~ 2
4%(1+ A1)(t k sK) B2 "1+ < 4 (1+ &1)E
B(1 ) .
t0=sK
(115)

to + AsE kto kc
Substituting (115) into (114), we see that the induction hypothesis in (114) holds. We can go back as far as the last instant
of synchronization,j t sK. Forj =t sK, we get

t\}sKh i

we 42(t sK) 1+ 4

42(1+ A1)t sK) =1
1

~ adm 2
B 1+ 2 4R Ekwk®+ (1+ A
B(1 ) 2)0( toK 4 (~ JE
t0=sK
sK (116)
Next, using 1+ x e* forx 0, we get

. ]

ty sk h i t 1 sK ’

1+ 4%2(1+ AJ(t  “© sK) exp 4%2(1+ A1)t “  sK)

=1 =1

exp 22(1+ A1)t sK)?
> (117)

41

if is small enough such that 22(1+ A1)TK 1)2 In2, whjch holds true by the assumption on the step size. Using (117)

in (116), we get

2 3t 1
E 4 X
~ AL c ~ ] (X
¢ 5%(t sK)4B2 1+ + Ay E keod@ +
(1 ) X 0 -
o 4m2 - t0=sK 2
1+ AYE—
S }5 t 1
= 52(t sK)B? 1+ + 52(t sK)A; E keoke ; (118)
B(l ) t0=sK
O

which concludes the proof.

Proof of Lemma B.9. We have
Et r[kb(Yt)kc] ucpEt r[kb(Yt)kop]

q —
= UcDEt r b(Yt)>Db(Yt)
q




Ucp Et r[b(Yt)>Db(Y¢)] (concavity of square root)
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v 2 . .3
u = 1S LI
Y IR X ‘
=ucot B 4 U bi(y) Do bi(y]) S
i=1 i=1
\" o) 2
u = 3
u 1 X ‘ 2 X o
= ucotEe +4 2, bi(y.)>Dbi(yd)+ -, bi(y)>Dbi(yJ)>
N i=1 N i<j
w— Ty, h Gy - h i
i ]-_IN - > 2 K -
= Ucof 72 Ee r bI(y) + -, Eu fbi(yt)>PEt robi(ye) ig2 (Assumption 6.4)
N t D N i<i
W oo h i s h i#
UcD t ﬁx Ev r bi(yg) g T ﬁx Et r bl(ytl) > DEt bj(y%) : (119)
i1 o
IN T {2 L {z }
T T,
For the term T1 we have
! !
h i N
1¢ X 2 pi(yi) 2 1 ¢ 2
T N - Ee v Ip DVY) | Nlco |=1Et r[B2] (Assumption 6.3)
_B pl )
|cD N_ (120)
For the term T2 we have
25 h i
T2 N kBt r bi(y) ko kEt r bi(y:) ko (Cauchy-Schwarz)
i<j
S h H
2 .S ) - i T - J T
Ni |CDkEt r bl(yt) kc kEt r bj(yt) kc
i<j
S
2 A 2 .
— [Com2r mar (Assumption 6.1)
i<j
2m>"
I (121)
ch
Substituting (120) and (121) in (119), we get the result in (56).
The proof of (57) follows analogously. .
Proof of Lemma B.10. By definition, we have
2
. ¥k _71% i i ool
kG(tlYt) G(tlYt) c = N (G ( ity l G (tly ))t i=1
C
2 |
iXNGI(i, i) GI( . i) i1
N s Vi) Yl ¢ 0= (convexity of norm)
2
1 W |
W Al ktl tkc
i=1 (Assumption 6.3)
= (A1:)?
1 x N .
N—Alkt2 itkei=12

(convexity of square)
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=A2
t: (By definition of
t)

Furthermore, by the convexity of ()2, we have

N
2 lXNi 1 X 2 -
t N t ﬁ’ t O
tri=1 i=1
Proof of Lemma B.11. Since M, ‘8() is convex, and there exists a norm, k km, such that M ;fg(x) = 1 gxk2 {see

Proposition B.1), using the chain rule of subdifferential calculus,
rM; ‘8(x) = kxkm uy;
where uy 2 @kxkm is a subgradient of kxkm at x. Hence,

?
rM; 8(x) = kxkm kuxkni;
m
where kk?mis the dual norm of kk . Since kk is convex and, as a function of x, is 1-Lipschitz w.r.t. kk  we have

kuxk?m 1 (see Lemma 2.6 in (Shalev-Shwartz et al., 2012)).

Further, by convexity of kkm norm, kOkm kxkm + huy; xi. Therefore,
D E
rM; ‘8(x); x = kxkm huy; xi kxkrh = 2M; B(x): 0

C. (ederated TD-learning

C.1. On-policy Function Approximation

Proposition C.1. On-policy TD-learning with linear function approximation Algorithm 1 satisfies the following:

N
(V]
-
1
wm
T
(2]
~+z
Q
=
o
>
Pt
1
—
>
Ny
>
=z

3.y = (SHAG ;S 15 AL, 15 Shn) @and Y = (St; A i Sten 15 Aten 15 Sten)

4. :Stationary distribution of the policy .

Furthermore, choose some arbitrary positive constant > 0. The corresponding G'('; y}) and b'(y') ip Algorithm 1 for
On-policy TD-learning with linear function approximation is as follows

Pl 11t e i rcivsi
1. GI(I;tyl)tz |+t;(s|) . ot t (S' 1)>| (I§I)>It | .

2. bi(yl) = 3s1), MU R(SAD#(S1F )7V (S
where v solves the projected bellman equationv = ((T )"v). Furthermore, the corresponding step size in Algorithm 4

IS

Lemma C.1. Consider the federated on-policy TD-learning Algorithm 1 as a special case of FedSAM Algorithm 4 (see
Proposition C.1). Suppose the trajectory fSigt=o;1;;;; converges geometrically fast to its stationary distribution as follows

drv (P (S‘t = jS‘Uj‘()) mfor allit= 1;2;:::; N. The corresponding G' () in Assumption 6.1 for the federated TD-learning
is as follows
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6=+ Ep) ); (122)
where > 0 is an arbitrary constant introduced in Proposition C.1. In addition, (6) holds. Furthermore, fort n+ 1, we
have m = maxf2&m 2Bng, where A, and B are specified in Lemma C.3 and =

Lemma C.2. Consider the federated on-policy TD-learning 1 as a special case of FedSAM (as speciﬁed in Proposition C.1).

Consider the jSj jSjmatrix U = > ("(P)" 1) with eigenvalues f1;:::;s;g. Define max = maxijijand = max;
Re[i] > 0, where Re[] evaluates the real part. By choosing large enough in the linear function (122), there exist a
weighted 2-norm kk = >, such that G'() is a contraction with respect to this norm, i.e.,
kGi(1) Gi(z)k k1 2kforc=1 a - 2

max 2

Lemma C.3. Consider the federated on-policy TD-learning Algorithm 1 as a special case of FedSAM (as specified in
Proposition C.1). There exist some constants A1, A, and B such that the properties of Assumption 6.3 are satisfied.

Lemma C.4. Consider the federated on-policy TD-learning Algorithm 1 as a special case of FedSAM (as specified in
Proposition C.1). Assumption 6.4 holds for this algorithm.

C.1.1. PROOFS

Proof of Proposition C.1. Items 1-4 are by definition. Subtracting v from both sides of the update of the TD-learning, we
have

i o 1| i i Lo . i
|t+1{ } I_{%/_:}-(St) 1 t R(SI,'|AI)|+(S|+1)>‘VI (§I)>VI|“ .
te1 | t | - | |
=1 ?. (S') ¢ It R(SI;AI)|+(S||+1) (
=t

{ }ly) v(S')( {_L+V gtV

i i 1 i txn 1| t i >i i\>i
=" & —(S') (" 1) (s 1,
1=t {z }

Gi(ly,) |
1 txn 1 )

tb o =(Sy) PUR(STAND)+ (Ska)tv (ST
| =t (7 )

bi(yi)

which proves items 1 and 2. Furthermore, for the synchronization part of TD-learning, we have

which is equivalent to the synchronization step in FedSAM Algorithm 4. Notice that here we used the fact that all agents
have the same fixed point v.

Proof of Lemma C.1. It is easy to observe that O

Gi(}yt)iz + (Stl n($t+n)> |(St)>: i
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Taking expectation with respect to the stationary distribution, we have

Gl =B v S S (s
“Esp BO¥ l(si)t n(si+”)t> (s)” Sit t (tower property of expectation)
=Esy + (S "ELO(Sua)iSed 0(Sy) =B+

i i i i
) — ’ 1
(SY) "((P)")(st) ()(s")=+ "7 ("(P)" ):
! t t t
where P is the transition probability matrix corresponding to the policy , and is a diagonal matrix with diagonal
entries corresponding toelements of .

As explained in (Tsitsiklis & Van Roy, 1997), the projection operator is a linear operator and can be written as =
(>) >, where is a diagonal matrix with diagonal entries corresponding to the stationary distribution of the policy . Hence, the

fixed point equation is as follows v = () 1>((T )"v). Since is a full column matrix, we can eliminate it from both sides of
the equality, and further multiply both sides with >. We have>v =

>((T)"v), and hence >((T )"v  v) = 0, which is equivalent to Es [*(S)((T )"v)(S)
(v)(S)] = 0. By expanding (T )", we have E: [>(OSi) o Inzol(R(S‘I; Al + (V)(ST )|, 4(v)(S)] = Q, which
means

Eyb'(y) = O; (123)
and proves (6).

Moreover, we have

kG'() E[G'Gy'flke=E, [G'Gy)] EfG'GY)T = (v)
P(y' = viy')G'(y')
vy t t t o0 t
X o
(v')  Plye= vy )6’y )y ¢
XV Py = vy Az kke:yi

t

(kaxke = jajkxkc)

(Assumption 6.3)

X
i i isy,i
(y'") Py’ =yliv) ,
yt
= (St;atl;:!:;sun, P(St;atl;:f:;snnjyo) :
si;al;ind,,
= X (se)(@ejst)P(8ee1isi; ar) i1t P(SpuniSten 15 @ten 1)
spialyiinsg,
P(s;iSp)(atise)P(stnaise;ac) 11 i P(SepniStin 15 At4n 1) (t n+ 1)
X . . . .
= (s¢) i P(s¢jSh)(acjse)Pi(sis1ise; ar)i::iP(StinSten 16 @ten 1)
si;al;ii;sien
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X o
= (SI) tP(SljSIt) Sk

=2dry (P (S! = jS1)jj()) 2m
n t

=2m"):

Elb'(y)I°=E[b'(y')] E,, [b'(v')]c (By (123))
t X t o ) ) :
_ (y) Py =y'iy') b'(y")
X ‘
(yv") Pt(yi = yltjyi)btl%l)C' t
X v, ) )
(v')  Plye = vivo)B
vt (Assumption 6.3)
2Bm !

Furthermore, define max = max;jij and =

= max; Re[i] > 0, where Re[] evaluates the real part. Consider the

matrix U% = | + ——1—U. It is easy to show that the eigenvalues of U® are f1 + ——L—;:::;1+ -2\ g Foran
arbitrary i, the norm of the i’th eigenvalue satisfies
i 2 Re[i] ° Im[;] 2
1+ 2m31x_ = 1-Emax§ 2"max_ 2
Re[i] Imii] 2
1+ szxz 2m"éx: > (Re[i] < 0)
2
1+ + max
zmax& 2m2ax=
2
=1 .
4 max

Hence, all the eigen
2-norm as kk =
particular, there exist a choice of such that we have =_1

max

Proof of Lemma C.3. The existence of A1 and A, immediately follows after observing that G'('; yi)tis a linear function of
i Fl,{rthermore, the result on B follows due to v being bounded as shown in (Chen et al., 2021b).

Proof of Lemma C.4. For the sake of brevity, we write S‘t =
have

Ee [f(yi) glyl

8 2

lues of UY are in the unit circle. By (Bertsekas et al., 1995), Page 46 footnote, we can find a weighted
> such that U° is contraction with respect to this norm with some contraction factor ¢. In
2

H

= s! simply as s}, and similarly for other random variables. We
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X y )
= P(si;ak; i dun 15 80n 1,st+n,s a """ ;st+n [ jat+n t]_fS+nJFt ) f(ye) gly)
stiabiiiden 1580 158
ls’éa’;::}.;m”\i p;atkoan

X 1iSt+n
= P(S![ r;::"§t+n 1lalt+n 1fst+n15t r;::"§t+n 1;at+n ﬂ:s+nJFt r)f(yt) t
g(y )St riiiiiSgen 153440 155ten
St fiinStan psat+n 158t +n

X i J j i
= P (st r}::"§t+n 15 dten 15 SteniFt r)P(st r;::"§t+n p;at+n ;s njFe t
f)f(yt g(y )Sjt ri'”}lsnn 1;38t+n 1:St+n
St preiSt+on 1,at+n 1,5t +n
=Ec [f(y{)] Ec c[glye)]: 0

Proof of Theorem 4.1. By Proposition C.1 and Lemmas C.1, C.2, C.3, and C.4, it is clear that the federated TD-learning with
linear function approximation Algorithm 1 satisfies all the Assumptions 6.1, 6.2, 6.3, and 6.4 on the FedSAM Algorithm 4.
Furthermore, by the proof of Theorem B.1, we have w; = (1 % t and the constant ct p in the sampling distribution g
; oL jn Algorithm liscrpL = (1 '7 2) 1, Furthermore, by choosmg the step size small enough, we can satisfy the
requirements in (21), (23), (32), (35). By choosmg K large enough, we can satisfy K > . Hence, the result of Theorem
B.1 holds for this algorithm with some ctpL > 1. Also, it is easy to see that (1 2—2} = O(1), which is a constant

that can be absorbed in ClT P Finally, for the sample complexity result, we simply employ Corollary B.1.1.

Next, we derive the constant ctpL. Since k ke = k k, which is smooth, we choose g() = 1k kz2 By taking = 1, we have
1

les = Ues = 1. Therefore, wehave’s = 1,and’2 =1 , andctpL = 1T1°) , Where ¢ is defined in

Lemma C.2. O

C.2. Off-policy Tabular Setting

In this subsection, we verify that the Off-policy federated TD-learning Algorithm 2 satisfies the properties of the FedSAM
Algorithm 4. In the following, V is the solution to the Bellman equation (124).
n #

X X
V(s)= (ajs) R(s;a)+ P(s’js;a)V(s?) (124)

a s0

Note that V is independent of the sampling policy of the agent. Furthermore, we take k ke = k k1.

Proposition C.2. Off-policy n-step federated TD-learning is equivalent to the FedSAM Algorithm 4 with the following
parameters.

LTV, Vv

2. St = (S St )andAr = (AL AY)

3. yb= (S AL i S 15 A, 15 Sken) @nd Y = (St; A i:i;Sten 15 Atsn 15 Sten)
4. ' : Stationary distribution of the sampling policy of the i-th agent.

5. G'(5yY)s = 1(s)+ 1fs=stgF:”“ |1t| tl= |<"(s AT) gsi Y (s .
6. i (ys = Trosyg 0 T = O(STADR(S A V(ST ) ST

Lemma C.5. Consider the federated off-policy TD-learning Algorithm 2 as a special case of FedSAM (as specified in
Proposition C.2). Suppose the trajectory S gt=0.1;::: converges geometrically fast to its stationary distribution as follows
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drv (P (S! = jS'}ji'()) mforallti = 1;2;:::;N. The corresponding G'() in Assumption 6.1 for the federated TD-
learning is as follows

G'()s =(s) + "(P)" (s):

Furthermore, fort n+ 1, we have my = 22 ™ where A, is the constant specified in Assumption 6.3, mz = 0, and =

Lemma C.6. Consider the federated off-policy TD-learning 2 as a special case of FedSAM (as specified in Proposition
C.2). The corresponding contraction factor ¢ in Assumption 6.2 for this algorithmisc = 1 min(1 "*1), where min =

mins;i'(s).
Lemma C.7. Consider the federated off-policy TD-learning 2 as a special case of FedSAM (as specified in

Proposition C.(Z). The constants A1, Az, and B in Assumption 6.(3 can be chosen as follows: A1 = Ay =1+
n Imax Ff1 2 n if Imax = 1
1+ ) n ; and B = Spmax n , where Imax =
1 |ma];< (h M@x) 1 (I mrr;axx) O:W.:
maxsi.qi 11 (s'; af).

Lemma C.8. Consider the federated off-policy TD-learning 2 as a special case of FedSAM (as specified in Proposition
C.2). Assumption 6.4 holds for this algorithm.

C.2.1. PROOFS

Proof of Proposition C.2. Items 1-4 are by definition. Furthermore, by the update of the TD-learning, and subtracting V
from both sides, we have

Yl+1 Vo (s)= Vi V(s)

{z_—} |—Adz—1}
i (s) ¢ is)
o1 h o o o |
+ lgsos g DU dO(ST AT RS AD+V(SLY) VIS
I=t
=t(i5) Y
e o o o . .
+ lysosig P LS A RIS AN vf('S.m {y(s|+1')+}V(S.+1)'
= )
#)
\ll‘t(s‘.) {ZV(S‘}.%V(SE) |
i(ts'\)l
( !
=Us)+  (s)¢ leeesig | PSS AT S (S (S () |
1=t {z 1
Gi(ly)s
e o o . . )
+ Ligosg PELLU(S AL R(STAD V(ST ), V(ST s
- {z }bily)s

which proves items 5 and 6. Furthermore, for the synchronization part of TD-learning, ift mod K = 0,

Vi



Federated Reinforcement Learning: Linear Speedup Under Markovian Sampling

which is equivalent to the synchronization step in FedSAM Algorithm 4. Notice that here we used the fact that all agents
have the same fixed point V. O

Proof of Lemma C.5. By taking expectation of G'('; Yi){, we have

| #
Her
G'()s =Esii () + lgsosig PEIsTAY) (ST ) (ST i
o1 h o A . i
=(s) + Esii Lroos,g it oS AT, (ST ) (ST,
I=t | {z }
T
Denote E! [] = E[jfS"; A'grk 1;S']. For Ti, we have
h h ii
A 1 i i i
T|=Eslti hE| ifs=5ig|tt J=t|(|)(SJ'AJ) h A (hSA|+1)A (S|) : .
=Es i :Lfs:stgIit jztl(ll)(gliAI) j EF (ST AN (ST o) T (S)) T
Here,
ho i X , A o
E} 1S AN(SI) = PS4 = ;A F ajs (ST A & a)(s) sia
X P(Sl Ai 'Sib(ajSi)I ( )
= +1=S; = a - — (S
o I+1 | J I(aJS|I)
el o ajs |
- isIp(sis'ia) S d)
oa ajs )|
X ) ) )
= P(sjsS';a)(ajs')(s), [P1(S"); s;a
P
where [P]s,;s1 = @ P(s1jso; a)(ajso). Hence, we have
h h ii
12 R i A . |
Ti=Esti Legosigt = U(ST A NE o 100(ST A 1) (P)(ST) (S)';

B Mpns g =M B A (PI2)ST 1) (PSS 1) !

SEon Tt ((P) BIST) (P (S =i (s)' Y,
((P) 1) (s)  ((P)' ")(s)

=) Th(s) ((P) )(s) = !

t+1i(P)| t+1 | ti(P)l t (S),

where we denote ' as diagonal matrix with diagonal entries corresponding to the stationary distribution . Hence, in total we
have

t4n 1
Gi()S =(S)+ | t+1i(P)| t+1 | ti(P)I t (S)

I=t

=(s)+ "(P)" T (s):
Furthermore, by the same argument as in the proof of Lemma C.1, we have

kG'() E[G'GydIKe  '(ye)  P(Yr = yiiVo): AL KKC;ye
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and
i n

X _ _ yi .
_'(y')t P(y'= y'iy) 62m );

which proves that m1 = 2mM, " constant. In addition, we have

o ’ “};“ o #
E[b'(y")]°= E lfsosig - ol (555 A)) R(ST;A) +1V(S,q)  V(S)) i
n =t ¢
oy 1 h i#
= E lposig PR (ST AT) RIST AT 4 V(ST g) V(s
2 1=t c 3
oy 1 o h o . . i
= E4%.5, L= (ST AT E IS AY) RIS A+ V(ST ) LV(ST) 5 7
-t | {2 }
T c
For the term T, we have
n #
X L aisS i ’ X L .
T= '(ajS')|:-( JI !) R(S'; )+ P(s%jS/;a)v(s®) V(S')]
| (aJS) 0
n #
X ) ) X ) )
= (ajS)) R(S';p)+ P(s%jS);a)V(s®) V(S')q
s0
:0;
which shows that m; = 0.
Proof of Lemma C.6. O
kGi(l) Gi(Z)kc=1+ n+1i(P)n+11 il 5+ n+1i(P)n+12 i21= I i(l n+1(P)n+1) (1
2),
I et ) ki 2k1: (definition of matrix norm)
Since the elements of the matrix | (I~ "*1(P)"*1) is all positive, we have | (I  "*1(p)n+1) =
(000 LRIk (L ka1 Tig( ") 1 ("), 1
m O
Proof of Lemma C.7.
kG'(1;y)  G'(2;y)ke |
X1 | [ i)yci.pl i .-
= mSaX1(s) 2(s)+ Legosig ! =t](')(5';ﬁ') i 1(Sika)  1(Sy) 1=t
wX1 A . !
Lis=sig LU A) (st ) als) (*c=1)
I=t j j j |+
" t+n 1 A ) ) #
max ji(s) 2(s)j+ X DS AT 1 (Sha) 2(Sika) L a(S) 2(Sy) i
1=t j i . . .
(triangle inequality)
vy 1 o | | | #
max ji(s) a(s)j+ DS AT (ST ) a(ST )+ (S 2(ST) ,
S

I=t
(triangle inequality)
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n tw 1 #
max_ji(s) 2(s)j+ PSS AT [k okl + ki 2ky] (definition of k k1)
n |=t #
tw 1
max ja(s) 2(s)j+ Pyl Ml lke 2k1 + ki 2ky] 1=t (definition of Imax)
X 1
= ki 2kl +[ki 2kl + ki 2k;]limax (Imax)'
(:o
n if Ilmax=1
= ki 2kl + [k 2kl + ki 2k;]lmax (PP LE S,
T ma ) — owe
Imax
Furthermore, we have
kb'(yike = max - Lsosig TS AT 0 R(SAD + V(SLL) V(s)) e
i S I=t
ty 1 L o ) )
max bl j_tl(')(S'j;AJ!) R(S'iA'}+V(S' I)+1 V(S') | (triangle inequality)
Si-Al::::Git 4 -
v I=t
tixw 1 ) ) ) )
max Pogl =1 pisi: Ay + v(S' ) V(S')
oo ) max | | [+1
S't;A't:::;Stun I=t
t4x1 1
It 1 t+1 (N i i ; : .
si~AT?-)~(su | o R(S ‘IA } + V(S )Jlr+1\/($ ) (triangle inequality)
[2aR SEARA T =t
tw 1
max bt e+l 1+ . 1
Sit;Ait:::;Sitafn =t max 1 1
21 t 1
= 21 max (|max)| t
1
(I=t
zlmax n |f |max = 11
=T ) " omw:
x 11 max o
O
Proof of Lemma C.8. The proof follows similar to Lemma C.4. O

Proof of Theorem 5.1. By Proposition C.2 and Lemmas C.5, C.6, C.7, and C.8, it is clear that the federated off-policy
TD-learning Algorithm 2 satisfies all the Assumptions 6.1, 6.2, 6.3, and 6.4 of the FedSAM Algorithm 4. Furthermore, by
the proof of Theorem B.1, we have w, = (1 LZ) t and the constant c in the sampling distribution q¢ 4n Algorithm 1 is

c= (1 % 1. In equation (125) we evaluate the exact value of w;.

Furthermore, by choosing step size small enough, we can satisfy the requirements in (21), (23), (32), (35). By choosing K

large enough, we can satisfy K > , and by choosing T large enough we can satisfy T > K + . Hence, the result of Theorem
B.1 holds for this algorithm.

Next, we derive the constants involved in Theorem B.1 step by step. After deriving the constants C1, C, C3, and C4 in

Theorem B.1, we can directly get the constants Ci° fori = 1;2;3;4.

In this analysis we only consider the terms involving jSj, jAj, ; +Fmax, and min. Since k ke = k k1, we choose g() = 1k
k?, i.e. the p-porm with p = 2log(jSj). Itis known thatg() is (p 1) smooth with respect to k kp norm (Beck, 2017), and

hence L = (log(jSj)). Hence, we have Ics = jSj ™ = L1 = (1) and ucs 1. Therefore, we
e
have’1 = 11%)2%75 = 1+ 1+ . By choosing = (Lre)2 1= 1%(_;[ ¢) = min(l ") =
cs 1+pe ¢ c
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1+ P (5—=<)?
(min(1 ), which is = O(1), wehave’'y = | = eperT)z . = O(1), and
v
S u
d+ < U 7<) _0:5(1+ (Jel=4 e 0:50172 (1 1))
ERE 1+, -1t 1+(12+4°Q)21=1 "o 1+ 2=1 p 2 min(l P )
) : e 1+ 5 e 1+ g5
p . _ 1+ 1
>1 1+ =1 . ¢ = L= 0:55min(1 ") =
2. 2
(min(1 1)) 2
T -V o — =0 —
ry o HF ue) o log(Si)(1+ e ) log(jSj) log(jSi)
. , c min(l )
Using "2, we have
0
1
"2 t_ B 0:25e™%(2 min 1 ")) C
we=1 2= 1 B2+ ° 2 on ) ¢ (125)
2 p ‘ 2
e 1+ i n+1
2 2min(1 nt1)
Further, we have
lem = (1+ 13)¥2= (1)
Uem = (1+  u%)'™2= (1)

Since TV-divergence is upper bounded with 1, we have m= O(1). By Lemma C.7, we have

(
if 1 =1
Ar= Ay =1+ (1+) ., ) mex =
0.W.
|max
and A1 = Ay = .
|f Imax = 1 m
(1), o:W: =0 I
2lmax N
= 1 (Imax) 1n
1 I'max
and B = 2 n 1
(1). Hencemy = 22 ™= O(lay). Also, we have my = 0.

O(Imx 1

We choose the D-norm in Lemma B.9 as the 2-norm k kz. Hence, by primary norm equivalence, we have |cp = #; iﬁ and
j

P —

Ucp = 1,and hence y<> = = JSj.

We can evaluate the rest of the constants as follows

p -
p -
( min(1 ))
S S ! !
2= 11_6 2 |ne25_= min(l in(l
2 )
in 1 : =
et togisi)
m )
log(jsj)
and similarly s 1
3= ’ 2 _|§_5_ min(l )
10 L(A+1) log(jS])



q__
C1=3 AZ+1=0 10, %

and

Ci =
(1);
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L2 2LA;
+ 24 —cm

2

2 214 © 2
log?(jS})

=0 m%n(i ) + m|n(1 )

108(iS]) | gay

C2=3C1+ 8= 0 Ipay

122
log(jsj)

\2

a

108(jS]) | gay

CS2

2

log(jSj) |
A}
U

a e
2 + min(l )

log,(1S1)max
=0 Tnhtt )2

3Uym

Cs= £ o+ 2 }

3L(A+ 1)

- )
mba—) + wmmtt—)

LA L%u,m

Tos
fog(jsj)

log(jSi)lmay

+

PR}
l0g(jSi)may

=0 min(I P mintl )
2

2
=0 e
3L(A; + 1)
+ 2 #+
3/.c:
log, (iSi)lmay

St )2

Co= g

=0

1
Cmn_ﬂ(l

Co

8C4U2D82
Ciz2=—+HP—=0
(1)

m'n

2

mid (T

mil

2'25

log(jsj)

3

2,2 2

ZUM_L_
2

2:ché1

C; =

3L 8

-4

log(jSj) 2

(0]

2

!
_8UCDB

p._.
- o JSilmax
leD 1
- n
8MaUcp————

Co=ioa ) ©

C11 =

Iog_(jZSj)Im 1 _lmax

miffl: )2

2
14C4ucD m;

Zo(1  2)

Ci3 = = 0:

= 0 migtt—R—mintt——

=0

mtn(élL

3A2L2 22
1,

log?(jSj)

min(1+ 13 mintt +)T0g_(ij)I2“

I max, 108(iS])

108(S])Igmay  |may 108(iS))
mih(E )

2 e

iSi108 (55)! mag,
(13— ;
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2
Cia() = C7+ Ci1+ 0:5C2C24 C3Cq0+ 2C1C3Ca0 + 3A1C3 + Cis + cg—lb'Dzm”2 2= 0;cp

2 Sjl Sj)n, Sil si)3n 1
Ciol)=Cs ' B h iacy,? = oISII0BUSII , ISilog (ISP 3,

|c Cg 2 - S — 1 ) > max
D (1 ) 3 min min(l ) 4
iSilog,(iSillmaxy 2
=0 —ttJiia ;
C17 =(3A1C3 + 8A3Cs + Cs + Cé)
=0 0+ 1 : Zn—?—POgl (JSJ max2 F(Slg_z(jsj'_)lmax : rroé,
max * 3 . 3 -
Jsjflmax mln(l )2 mln(l )3 mln(l )3
=o maX g !I I!
m?n(l )2

Similarto k kp = k ka2, we have lc; = £ %ﬁ and uc2 = 1.

2A 242
A’l = _fUcz = O Izr:axzjsj;

&
2A
AZ = 2 c2 = o |2n JSJI
~ tu?
_lz max
2
~ uc22 JSJImax
=- B (@] 2;
I, (1)
! 2
M LB+ (A + 1)koke + B rek? - 0 max+ (Infyid: Lmox 41
= — + + = T max —
0 n C2 2 okc 2¢, 0 c 1
=O ax
FRE:
1 |4n 2 1 |4n 2
C1 = 16u?, Mo og — =0  —ma =0 - -m——
1 e €e ZA’ (1) uml ) (1) min 2
8uyy Cs+ 1+ Ciz 1 log(jSj) jSjlog,(jSj)Em 17,
C = mln%1 F—nin @ ‘)7min+1—)—47+1+ 2 —n
jSjlog,(jsj)En *
=O m'!n(] )4 max
2
80% C17u2cm1+ B(l4rﬂ2 1 J-Sj2|4nl |3n 3_|0g_(ij) T,

e mall L0 Vol B ma, o
17 3J'SJ'2_|0gi\(J'5J')
i 8
=0 _m,:a,z,al.n_(_]__)__
Cs =8U2m Cs+ Cqq1 + 0:5C32C92+ C3Cqi0+ 2C4C3Cq9 + 3A1C3 + Cq43="5 = O:

’

Finally, for the sample complexity result, we simply employ Corollary B.1.1.
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D. ;ederated Q-learning
In this section, we verify that the federated Q-learning algorithm 3 satisfies the properties of the FedSAM Algorithm 4. In
the following, Q is the solution to the Bellman optimality equation (126)

P(js;a)
Q(s;a) = R(s;a)+ Eso a®max Q(s%;a°%) (126)

Note that Q is independent of the sampling policy of the agent. Furthermore, k ke = k k1.
Proposition D.1. Federated Q-learning algorithm 3 is equivalent to the FedSAM Algorithm 4 with the following parameters.

L.'zQ', Q

2. St = (S&:;SN)and A = (AL AN)

3. yi = (SL AL SL ;AL) and Y = (St A St Arsn)

4. ' : Stationary distribution of the sampling policy of the i’th agent.
5. G'( ¥ )¢s;a) = '(s;a)

tlfsi=s;aizag  MaXao "+ Q(S;+1;39) (ST A]) , maxa Q(Siq;a°) 6!
bi(yi )(s;a) = 1fSi=s;A" =ag R(Si; Ai) + maxao Q(Syq; aO) Q(Si; Ai)
t t t t t t t
where 1, is the indicator function corresponding to set A, such that 1o = 1is A is true, and 0 otherwise.
Lemma D.1. Consider the federated Q-learning Algorithm 3 as a special case of FedSAM (as specified in Proposition D.1).
Suppose the trajectory fS it; Aigt:O;l“" converges geometrically fast to its stationary distribution as follows drv (P (S‘t =

s

is as follows

h i
G'()(s;a) =(s5@) + '(s;2) Esop(js;a) max(+ Q(S%2%)) (s;a)  maxQ(s%a’) :

Furthermore, we have m1 = 2A;mwhere A; is specified in Lemma D.3, m; = 0,and = .

Lemma D.2. Consider the federated Q-learning as a special case of FedSAM (as specified in Proposition D.1). The
corresponding contraction factor ¢ in Assumption 6.2 for this algorithmis ¢ = (1 (1  )min), Where min = mMins;a;i
'(s; a)

Lemma D.3. Consider the federated Q-learning as a special case of FedSAM (as specified in Proposition D.1). The

constants A1, Az, and B in Assumption 6.2 are as follows: A1 = A, = 2andB = 1—2

Lemma D.4. Consider the federated Q-learning as a special case of FedSAM (as specified in Proposition D.1). Assumption
6.4 holds for this algorithm.

D.1. Proofs

Proof of Proposition D.1. Items 1-4 are by definition. Furthermore, by the update of the Q-learning, and subtracting Q
from both sides, we have

Ql,1(s;a)  Q(s;a) = Q'(s;a) . Q (s;a)
|t1 r+'1l{5:'a) } Q[QS Vlts{7 _'_}
+ Lis;a)=(si;aijg R(Se;A)I+ max Qi(Siaba) QS Ay i
= (§;
(55 a) ) 3

+ 1f(s;a)=(st;At)g R(S¢; Ay) + maX4Og(St+1;a) Q(St+1;a)+Q(St+1;ai)5 ;
i i i i i

a | i(tSt{Zl;a) }




Federated Reinforcement Learning: Linear Speedup Under Markovian Sampling

0 1
@Q'(s’;A") Q(s’; Ay +Q(sh; A Aac
[t dsfapt 0

=.(5;a) -

(addition and subtraction)

+  i(sja)+ Lesiog.aicag Max ¢+ Q(Sy1;a%)  +(Se; A maxQ(Syy;a’)  (s;a)

| t t aO

aO

Az
NERNEF AN/ D]

+ Lysi-sia-ae R(SGAY+ maxQ(shyza®) Qs A)
| {2

bi(y{)(s;a)

t s
3

which proves items 5 and 6. Furthermore, for the synchronization part of Q-learning, we have

Qi i)@l Qj
t N . t
i ix\l (Qi Q
= ) ?—t{.EQ N j=1 |2 2!
e

which is equivalent to the synchronization step in FedSAM Algorithm 4. Notice that here we used the fact that all agents

have the same fixed point Q.

O

Proof of Lemma D.1. G()(s.a) can be found by simply taking expectation of G'('; yit)(s.ta), defined in Proposition D.1,

with respect to the stationary distribution .iFurthermore, we have

kG'() E[G'(;y')Ike

i c t

=€, [G'Gy) " EIG (Y

(s;a;8%a% P (S'= s;A = a;S4 = s% Ang = a%ST;
sjaps;al _ R t I L 0 o
= (s;a;5%2°)  P(S'=s;A"= a;Sq = %A = a%JSAT)IGI(YY),
s;a;s0;a0 t t 0 0
(%a;5%a%) P(S'= s;A"= a; Sy = s% AL, = a5 Ag):Askke |
s;a;s0;a0

s;a;s0;al

X (s;a) P(S¢ = s;A;= ajSo; Ao):Azkke

S;a
=2d7v ('(;); P(S' =5 Al = jST; AQ)):Aakke
2A2kkcm t

In addition, we have

X

ADG'(;y')

t
(kanc = Jajkxkc)

C

(Assumption D.3)

'(s;a)P(s%s;a)'(a%s®) P (S'= s;A" = ajs’; A))P(s%is; a) (a%s):Azkke

(definition of transition probability)

KE[b'(y{)]kc =max P (S,'= s; A/'= ajSq;Ag) R(s;a)+ Esop(s;a)[maxQ(s®;a®)] Qfs;a)
s;a al

=0:

(Bellman optimality equation (126))

O
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Proof of Lemma D.2.
kG'(1) G'(2)ke = maxjG'(1)(s;a) G'(2)(s;)]
s;a
h i
=max1(s;a)+ '(s;a) Esop(js;a) Max(z+ Oa(SO;aO)) 1(s;a) maxQ(s%a%) .
S;a a a
h i

2(s;a) + '(s;a) Esop(js;a) max(a+ Q(S%2%) a(s;a)  maxQ(s’;a’)
a a

=max (1 '(s;a))(s(s;a) 2(s;a))

h i
+(s;a)Esop(js;a) max(yy Q(s%a%) max(z+ Q(s%a%)
" max
(1 s;a)(a(s;a) af(s;a))
S;a .#
h i
+ '(s; a)Esop(js;a) max(1+ Q(s%a%) max(2+ Q(S%a%) (triangle inequality)
ER al
max_ (1 (s;a)) ks 2kl (definition of k k1)
h i #
+'(s;a) Esop(js;a) max(i+ Q(S%2%) max(z+ Q(s%a%) " (‘(s;a) 0)
a a
max (1 i(s;a)) ks 2kl
’ #+

‘(s;a) Esop(js;aymax (1 + Q(S%a%) max(z+ Q(s%a)
al al

Jensen’s inequalit
Next, we note that for any functions f () and g(), we have ( a V)

(mgxf(X)) (maxxg(X)) maxjxf(X) g(x)j:
(127)

The reason is as follows. We have maxyf(x) = maxxf(x) g(x)+ g(x) (max«xf(x) g(x))+ (maxxg(x)).
Hence, (maxx f(x)) (maxxg(x)) maxxf(x) g(x) maxxjf(x) g(x)j. Now suppose maxyf(x) maxy
g(x). Then we can apply absolute value to the left hand side of the inequality, and we get the bound.
By a similar argument for the case maxxf(x) maxx g(x), we get the bound in (127). Hence, we have
jmaxa (1 + Q(S%a%) maxa (2 + Q(S%a%)j maxa j1(S%a)  2(S%a®)j ki 2ki. As a result, we have

kG'(1) G'(2)ke max(1 (s;a))ki 2kl + i(s;a)[ks 2kil=max 1 (1
)(ss;a)ki 2kl

1 (1 )minkili Zkl
s;a

(1I (1 Jmin)ks 2kl =(1
(1 )min)ks 2kC:

Proof of Lemma D.3. First, for A1, we have

kG'(1;y) G'(2;y)ke
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=maxi(s;a)+ lgs=s;a-ag max(1+ Q(S%a%) 1(S;A)  maxQ(s%aP)

s;a 2(s;a)+ Lis-s;a-ag mak(2+ Q(S%2%) 2(S;A)  maxQ(s?;a’)
max (1 1fS:s;A=ag)(1(S; a) 2(5;8)) a0 a0

s;a

+ Lfsos.azag ma)éo(l + Q(s%a%) max(2a0+ Q(s%a%) (triangle inequality)

max ki 2kl + lgsog;a-ag max (1 + Q(S%a%) max(2+ Q(s%a%) (definition of k k1)

; a a
mag(;a ki 2kl + 1fS=S;A=agk1 > k1 (By (127))
2ks  2k1
=2k1 2k

Second, for A2, we have
h
KG'(; y)ke =max(s;a) + Lis=s;a-ag max(+ Q(s%a%) (S;A) maxQ(SO;.aO)gpax (1
i
Lisggin-ag)(a;s) + Les-s;a-ag max(+ Q(s%a%) ,maxQ(s®;a’) 0
(triangle inequality)

max krkl + Lgsos,a-ag max(+ Q(s%a%) maxQ(s®;a?) (definition of k k1)
al af

58 h I
max_kk1 + max j(§% a%)j (By (127))
; a
2 kkl
=2 kkc :
Lastly, for B, we have
h i
kb'(y')ke =max 1es-g;a-ag R(S;A) + maxQ(sa’)  Q(S;A)
si8 h @ i
max lfs-s;a-ag jR(S; A)j+ maxj(ol(SO;ao)j +jQ(S; A)j (triangle inequality)
S;a a
1 1
max 1+ —+
S;a 1 1
-— 2 .
=
Proof of Lemma D.4. The proof follows similar to Lemma C.4. L]
O

Proof of Theorem 5.2. By Proposition D.1 and Lemmas D.1, D.2, D.3, and D.4, it is clear that the federated Q Algorithm
3 satisfies all the Assumptions 6.1, 6.2, 6.3, and 6.4 of the FedSAM Algorithm 4. Furthermore, by the proof of Theorem

B.1, we havewt = (1 2} ', and the constant c in the sampling distribution q¢ 4n Algorithm 1isc = (1 'Ufl. In
equation (128) we evaluate the exact value of w.

Furthermore, by choosing step size small enough, we can satisfy the requirements in (21), (23), (32), (35). By choosing K
large enough, we can satisfy K > , and by choosing T large enough we can satisfy T > K + . Hence, the result of Theorem
B.1 holds for this algorithm.

Next, we derive the constants involved in Theorem B.1 step by step. In this analysis we only consider the terms involving
iSi, JAj, 73 Imax, and min. Since k ke = k ki1, we choose g() = ,k ki, i.e.the p-norm with p = 2log(jSj).
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It is known that g() is (p 1) smooth with respect to k kp norm (Beck, 2017), and hence L = (log(jSj)). Hence, we

have Ics = jSj 7P = L = (1) and ues = 1. Therefore, we have 1 =1i1*%“ =1+Tp,7 1+ . By
2
choosing = (12+CC 2 1= 1%& )= min(l )=
(min(1 1)), which is (5—=)° = O(1), we have
S
1= 11++?= Epe+(lzL)2 17 O(1), and
S - — - 1 . 1=4 .cal=4
el T a1 u | z+1+f)2 s ¢ 0S(r e 2q 0%eT2 min(l )
1—2— T+ F Z—mmt T
1+ o i p 2 p . 2
e —epgi 8 1+ 2c e 1+ 2 2min(l )
p . _ 1+ 1 .
>1 ¢ 1+ =1 ¢ = —=0:5min(l ) =
2 (min(l %)C
'y = L1+ _uz)_ Olog(ij)(1+ cs ) o log(jSj) log(jsj) 1
. ‘2 c “min(l )
Using ', we have
0
1
ot 0:25e14(2  in 1 C
we= 1 2 - 1 %=2 er ( min )) & . (128)
2 p { 2
e 1+ 2 (1 )
2 2min(1 )

Further, we have
(1+ 12)*7%=(1)

(1+ uZ)*=%=(1)

Ucm
Since TV-divergence is upper bounded with 1, we have m= O(1). By Lemma D.3, we have
A1 = Ay = 2= 0(1)

and A1 = Ay =

Hence my = 2A,m= O(1). Also, we have m; = 0.
We choose the D-norm in Lemma B.9 as the 2-norm k kz. Hence, by primary norm equivalence, we have l.p = f&jl?, and
j

Ucp = 1,and hence %<2 = P jS7. The rest of the proof is similar to the proof of Theorem 5.1 where Imax is substituted
with 1. The sample cocrtﬁplexity can also be derived using Corollary B.1.1.

O



