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Abstract

The finite-time convergence of off-policy temporal difference (TD) learning has been compre-
hensively studied recently. However, such a type of convergence has not been established for
off-policy TD learning in the multi-agent setting, which covers broader reinforcement learning
applications and is fundamentally more challenging. This work develops a decentralized TD
with correction (TDC) algorithm for multi-agent off-policy TD learning under Markovian
sampling. In particular, our algorithm avoids sharing the actions, policies and rewards of the
agents, and adopts mini-batch sampling to reduce the sampling variance and communication
frequency. Under Markovian sampling and linear function approximation, we proved that
the finite-time sample complexity of our algorithm for achieving an e-accurate solution is in
the order of (9( 51\(411_“;;)12 ), where M denotes the total number of agents and o3 is a network
parameter. This matches the sample complexity of the centralized TDC. Moreover, our
algorithm achieves the optimal communication complexity (9( */?_17‘;;71) for synchronizing
the value function parameters, which is order-wise lower than the communication complexity
of the existing decentralized TD(0). Numerical simulations corroborate our theoretical

findings.

1 Introduction

Multi-agent reinforcement learning (MARL) is an emerging technique that has broad applications in control
Yanmaz et al.| (2017); |Chalaki & Malikopoulos| (2020), wireless sensor networks [Krishnamurthy et al.| (2008);
Yuan et al.| (2020), robotics|Yan et al.| (2013), etc. In MARL, agents cooperatively interact with an environment
and follow their own policies to collect local rewards. In particular, policy evaluation is a fundamental problem
in MARL that aims to learn a multi-agent value function associated with the policies of the agents. This
motivates the development of convergent and communication-efficient multi-agent TD learning algorithms.

For single-agent on-policy evaluation (i.e., samples are collected by target policy), the conventional TD(0)
algorithm [Sutton| (1988)); |Sutton & Barto| (2018]) and Q-learning algorithm [Dayan| (1992) have been developed
with asymptotic convergence guarantee. Recently, their finite-time (i.e., non-asymptotic) convergence has
been established under Markovian sampling and linear approximation [Bhandari et al.| (2018); |Zou et al.
(2019). However, these algorithms may diverge in the off-policy setting [Baird| (1995), where samples are
collected by a different behavior policy. To address this important issue, a family of gradient-based TD
(GTD) algorithms were developed for off-policy evaluation with asymptotic convergence guarantee [Sutton
et al.| (2008; 2009)); [Maei| (2011). In particular, the TD with gradient correction (TDC) algorithm has been
shown to have superior performance and its finite-time convergence has been established recently under
Markovian sampling [ Xu et al.| (2019); |Gupta et al.| (2019); [Kaledin et al.| (2020]).

For multi-agent on-policy evaluation, various decentralized TD learning algorithms have been developed. For
example, the finite-time convergence of decentralized TD(0) was established with i.i.d samples Wai et al.
(2018)); [Doan et al.| (2019) and Markovian samples [Sun et al. (2020), respectively, under linear function
approximation, and an improved result is further obtained in Wang et al.| (2020) by leveraging gradient
tracking. However, these algorithms do not apply to the off-policy setting. In the existing literature,
decentralized off-policy TD learning has been studied only in simplified settings, for example, agents obtain
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independent MDP trajectories Macua et al.| (2014)); |[Stankovié & Stankovid| (2016); [Cassano et al.| (2020)) or
share their behavior and target policies with each other |Cassano et al| (2020), and the data samples are
either i.i.d. or have a finite sample size. These MARL settings either are impractical or reveal the agents’
policies that may be sensitive. Therefore, we want to ask the following question:

e QI: Can we develop a decentralized off-policy TD algorithm for MARL with interdependent agents and
avoids sharing local actions, policies and rewards of the agents?

In fact, developing such a desired decentralized off-policy TD learning algorithm requires overcoming two
major challenges. First, to perform decentralized off-policy TD learning, all the agents need to obtain a
global importance sampling ratio (see Section . In (Cassano et al.| (2020)), the authors obtained this ratio
by sharing all local policies among the agents, which may lead to information leakage. Therefore, we aim
to develop a safer scheme to synchronize the global importance sampling ratio among the agents without
sharing any sensitive local information. Second, the existing decentralized TD-type algorithm achieves a

communication complexity (number of communication rounds) of O((e™! + %) Ine~!) for networks

with M agents and parameter o2 (See Assumption |5|in Section [4] for the definition of o2) |Sun et al.| (2020).
This induces much communication overhead when the target accuracy e is small. Hence, we want to ask the
following theoretical question:

e Q2: Can we develop a decentralized off-policy TD learning algorithm that achieves a near-optimal finite-time
sample complexity and a near-optimal communication complezity under Markovian sampling?

In this work, we provide affirmative answers to these questions by developing a decentralized TDC algorithm
that avoids sharing the sensitive information of the agents and achieves the near-optimal sample complexity
as well as a significantly reduced communication complexity. We summarize our contributions as follows.

1.1 Summary of Contribution

To perform multi-agent off-policy evaluation, we develop a decentralized TDC algorithm with linear function
approximation. In every iteration, agents perform two-timescale TDC updates locally and exchange model
parameters with their neighbors. In particular, our algorithm adopts the following designs to avoid sharing
agents’ local sensitive information and reduce communication load.

e We let the agents perform local averaging on their local importance sampling ratios to obtain approximated
global importance sampling ratios.

o All the agents use a mini-batch of samples to update their model parameters in each iteration. The
mini-batch sampling reduces the sampling variance and the communication frequency, leading to an
improved communication complexity over that of the existing decentralized TD(0).

o After the decentralized TDC iterations, our algorithm performs additional local averaging steps to achieve
a global consensus on the model parameters. This turns out to be critical for achieving the near-optimal
complexity bounds.

Theoretically, we analyze the finite-time convergence of this decentralized TDC algorithm with Markovian
samples and show that it attains a fast linear convergence. The overall sample complexity for achieving
an e-accurate solution is in the order of (’)( %lj‘;;)lz) When there is a single agent (M = 1), this sample
complexity result matches that of centralized TDC [Xu et al.|(2019) and matches the theoretical lower bound
O(e1) Kaledin et al.| (2020) up to a logarithm factor. In addition, the sample complexity is proportional
to M, which matches the theoretical lower bound of decentralized strongly convex optimization [Scaman

et al.| (2017)). Moreover, the communication complexity of our algorithm for synchronizing value function
\/Mln e !
l1—0o

parameters is in the order of (9( ), which is significantly lower than the communication complexity

Ot + % Ine~!) of the decentralized TD(0) Sun et al.| (2020) and matches the communication

complexity lower bound [Scaman et al.| (2017)).

Technically, our analysis is a nontrivial generalization of the analysis of centralized off-policy TDC to the
decentralized case. In particular, our analysis establishes tight bounds of the consensus error caused by
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synchronizing the global importance sampling ratio, especially under the Markovian sampling where the
data samples are correlated. Moreover, we strategically bound the estimation error of the global importance
sampling logarithm-ratio. Please refer to the proof sketch at the end of Section [4] for details.

1.2 Other Related Work

Centralized policy evaluation. TD(0) with linear function approximation is popular for
on-policy evaluation. The asymptotic and non-asymptotic convergence results of TD(0) have been established
in [Sutton| (1988); Dayan| (1992); |Jaakkola et al. (1993); Gordon| (1995); Baird, (1995); Tsitsiklis & Van Roy|
1997); Tadid| (2001); Hu & Syed| (2019) and Korda & La (2015); Liu et al. (2015); Bhandari et al.| (2018);
Dalal et al. (2018b)); [Lakshminarayanan & Szepesvari| (2018)); [Wang et al.| (2019); |Srikant & Ying| (2019));
et al| (2020b) respectively. |Sutton et al.| (2009) proposed TDC for off-policy evaluation. The finite-sample
convergence of TDC has been established in Dalal et al.| (2018a} [2020)) with i.i.d. samples and in Xu et al|
(2019); \Gupta et al. (2019); Kaledin et al| (2020 with Markovian samples.

Decentralized policy evaluation. Mathkar & Borkar| (2016) proposed the decentralized TD(0) algorithm.
The asymptotic and non-asymptotic convergence rate of decentralized TD have been obtained in
and [Sun et al| (2020); Wang et al| (2020) respectively. Exisitng decentralized off-policy evaluation
studies considered simplified settings. [Macua et al.| (2014); [Stankovi¢ & Stankovid| (2016) obtained asymptotic
result for decentralized off-policy evaluation where the agents obtained independent MDPs.
obtained linear convergence rate also with independent MDPs by applying variance reduction and
extended to the case where the individual behavior policies and the joint target policy are shared among the
agents.

Decentralized policy control. Decentralized policy control is also an important MARL problem where
the goal is to learn the optimal policy for each agent. Many algorithms have been proposed for decentralized
policy control, including policy gradient |Chen et al.| (2021 and actor-critic |Qu et al| (2020); Zhang et al.|

(2021)).

2 Policy Evaluation in Multi-Agent RL

In this section, we introduce multi-agent reinforcement learning (MARL) and define the policy evaluation
problem. Consider a fully decentralized multi-agent network that consists of M agents. The network topology
is specified by an undirected graph G = (M, £), where M = {1,2,--- | M} denotes the set of agents and &
denotes the set of communication links. In MARL, the agents interact with a dynamic environment through
a multi-agent Markov decision process (MMDP) specified as {S, {A™}M_, P {R("™1IM_ '~} To elaborate,
S denotes a global state space that is shared by all the agents, A corresponds to the action space of agent
m, P is the state transition kernel and R("™) denotes the reward function of agent m. All the state and action
spaces have finite cardinality. v € (0,1] is a discount factor.

At any time ¢, assume that all the agents are in the global state s; € S. Then, each agent m takes a certain
action agm) € A™) following its own stationary policy 7™, i.e., agm) ~ ™) (.|s;). After all the actions are
taken, the global state transfers to a new state s;11 according to the transition kernel P, i.e., s;41 ~ P(-|s¢, at)
where a; := {a§m)}%:1. At the same time, each agent m receives a local reward Rgm) = R™ (54, a4, 8t41)
from the environment for this action-state transition. Throughout the MMDP, each agent m has access to
only the global state {s;}; and its own actions {agm)}t and rewards {R,Em)}t. The goal of policy evaluation
in MARL is to evaluate the following value function associated with all the local policies 7 := {m(™}M_, for
any global state s.

(s)=E +ootiM (M) sy = s, 7| 1
Vo(s) =E[ D7 (57 20 R |so = 7] (1)
t=0 m=1

A popular algorithm for policy evaluation in MARL is the decentralized TD(0) (2020). Specifically,
consider a popular linear function approximation of the value function Vy(s) := 6" ¢(s), where § € R? contains
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the model parameters and ¢(s) is a feature vector that corresponds to the state s. In decentralized TD(0),
each agent m collects a single Markovian sample {s;, agm), St+1, RE’”’} at time ¢ and updates its own model
parameters 0, ’ with learning rate o > 0 as follows.

O = 3 Vi 0™ + (A0 +5™), (2)
m’' €N,

where N,,, denotes the neighborhood of agent m, V' corresponds to a doubly stochastic communication matrix

and Ay = ¢(s¢)(vp(s5¢41) — D(s¢)) T, b§’") = Rgm)gb(st). The above update rule applies the local TD error to
update the parameters and synchronize the parameters among neighboring agents through the network.

3 Two-Timescale Decentralized TDC for Off-Policy Evaluation

3.1 Centralized TDC

In this subsection, we review the centralized TD with gradient correction (TDC) algorithm [Sutton et al.
(2009). In RL, the agent may not have enough samples that are collected following the target policy .
Instead, it may have some data samples that are collected under a different behavior policy m,. Therefore, in
this off-policy setting, the agent would like to utilize the historical data to help evaluate the value function
V7™ associated with the target policy .

In |Sutton et al.| (2009), a family of gradient-based TD (GTD) learning algorithms have been proposed
for off-policy evaluation. In particular, the TDC algorithm has been shown to have superior performance.
To explain, consider the linear approximation Vj(s) = 67 ¢(s) and suppose the state space includes states
51, ..., S, we can define a total value function Vp := [Vp(s1), ..., Va(sn)] . The goal of TDC is to minimize the
following mean square projected Bellman error (MSPBE).

MSPBE(0) := E,, ||[Vy — HT™Vp|?,

where pp is the stationary distribution induced by 7, T™ is the Bellman operator and II is a projection
operator onto the space of linear models. Given the i-th sample (s;, a;, s;+1, R;) obtained by the behavior
policy, we define the following terms

pi = m, bi = piRid(si),  Ai = ped(si)(v(siv1) — d(s:)) ",
B; = *7Pt¢(5i+1)¢($z‘)Ta C;:= *¢(5i)¢(5i)Tv (3)

where p; is referred to as the importance sampling ratio. Then, with learning rates o, 8 > 0 and initialization
parameters g, wy, the-two timescale off-policy TDC algorithm takes the following recursive updates for
t=0,1,2,...

Or11 = 0¢ + a(Ab; + by + Bywy),

4
W1 = Wt + ﬁ(Atf)t -+ bt -+ tht)~ ( )

(TDC): {

3.2 Decentralized Mini-batch TDC

In this subsection, we propose a decentralized TDC algorithm for off-policy evaluation in MARL. In the

multi-agent setting, without loss of generality, we assume that each agent m has a target policy =("™) and

its samples are collected by a different behavior policy 7r£m). In particular, if agent m is on-policy, then we

have ﬂém) = 7(™) In this multi-agent off-policy setting, the agents aim to utilize the data collected by the

behavior policies m, = {Wbm)}%zl to help evaluate the value function V™ associated with the target policies

™= {W(m) %I:r

However, directly generalizing the centralized TDC algorithm to the decentralized setting will encounter

several challenges. First, the centralized TDC in eq. consumes one sample per-iteration and achieves the
sample complexity O(e~!loge™!) |[Xu et al| (2019). Therefore, the corresponding decentralized TDC would
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perform one local communication per-iteration and is expected to have a communication complexity in the
order of O(e~!loge~!), which induces large communication overhead. Second, in the multi-agent off-policy
setting, every agent m has a local importance sampling ratio pz(-m) = ﬂ(m)(az(-m)|si) /ﬂlgm) (agm)|si). However,
to correctly perform off-policy updates, every agent needs to know all the other agents’ local importance
sampling ratios in order to obtain the global importance sampling ratio p; := H% 1 pgm). To address
these challenges, we next propose a decentralized TDC algorithm that takes mini-batch stochastic updates.

To elaborate, note that p; can be rewritten as

pi = exp (M C a7 2%21 In pim)).

(m)

Therefore, all the agents just need to obtain the average 7 Z 11np;, which can be computed via local

communlcatlon of the logarithm-ratios {ln pz )}M 1 for L rounds Specifically, every agent m initializes
Aﬁ’o) =In pz(- and for iterations £ =0,...,L — 1 do
pz Z+1 Z m,m pz N/ 7 (5)
m/' €N,
(Output) : ﬁgm) = exp(M - f)ﬁnz)) (6)

In Corollary (see the appendix), we prove that all of these local estimates {ﬁfm M_ converge exponentially

fast to the desired quantity p; as L increases. Then, every agent m performs the following two-timescale
TDC updates

(t+1)N 1
0 = 3 Ve 4 2 N S (A L5 1 B ™), (7)
m/'€ENm i=tN
3 (t+1)N—1
W = S Vw <m>+N SO (A0 15 4 ™), 8)
m’' ENm i=tN

where Agm), BZ-(m),EZ(-m) are defined by replacing the global variables p; and R; involved in A;, B;, bgm) (see
eq. ) with local variables ﬁgm) and RZ(-m) respectively. To summarize, every TDC iteration of Algorithm
consumes N Markovian samples, and requires two vector communication rounds for synchronizing the

parameter vectors 0(m) (m)

sampling ratio ({p; z) i= tN ., (t+1)N —1,m € M} are shared in the ¢-th communication round). We
summarize these update rules in Algorlthm [[l Moreover, after the decentralized TDC updates, the agents
perform additional T local averaging steps to reach a global consensus on the model parameters.

, and L scalar communication rounds for estimating the global importance

4 Finite-Time Analysis of Decentralized TDC

In this section, we analyze the finite-time convergence of Algorithm E Denote fir, as the stationary distribution
of the Markov chain {s;}; induced by the collection of agents’ behavioral policies m,. Throughout the analysis,
we define the following expected quantities.

A=y [A), Bi=Eqr (B, C:i=Eg[Cl, b =y, [B™], b= = SM 6™ b =K, [Bi],

where E,, denotes the expectation when s; ~ fir,, al™ ~ ﬂém)(st) and s;.1 ~ P(|s;,a;). It is well-known

that the optimal model parameter is * = —A~!b Xu et al. (2020b)); Xu & Liang (2020). We make the
following standard assumptions.

Assumption 1. There exist constants v > 0 and 6 € (0,1) such that for all t > 0,

Sug drv (Pﬂb (St | S0 = 5) ; /u’ﬂb) < V5t7 (9)
se

where dpy denotes the total-variation distance.
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Algorithm 1 Decentralized mini-batch TDC.
Input: Batch size N, iterations T,T", learning rates «, (3.

Initialize: Qém), w(()m) for all agents m € M.
for iterationt=0,1,...,7T —1 do

Each agent collects NV Markovian samples and computes their local importance sampling ratios pgm).
for agent m € M in parallel do
Agent m estimates global importance sampling ratios for the N samples via egs. and @ and
performs the updates in egs. and .
end

end
for iterationt =T,T+1,...,T+T' —1do
for agent m € M in parallel do

|0 = Svens, V6™,

end
end
Output: {ngnj_)T, M

Assumption 2. The matrices A and C are invertible.

Assumption 3. The feature vectors satisfy ||¢(s)]| < 1,Vs.

Assumption 4. There exist Rmax, Pmax > 0 such that for all m € M: max; , o R(m) (s,a,s") < Rmax and
maxg ,(m P (5,a™)) < prax.

Assumption 5. The communication matriz V is doubly stochastic, and its second largest singular value
satisfies oo € [0,1).

Assumption |1| has been widely adopted in the existing literature [Bhandari et al. (2018]); Xu et al.| (2019));
Xu & Liang| (2020)); Shaocong et al.| (2020; [2021)). It holds for all homogeneous Markov chains with finite
state-space and all uniformly ergodic Markov chains. Assumptions [2] - [ are widely adopted in the analysis
of TD learning algorithms [Xu et al.| (2019); | Xu & Liang| (2020)). In particular, Assumption [2| implies that
AL = Amax(ATC7EA) > 0, Ao := —Apax(C) > 0. Assumptioncan always hold by normalizing the feature
vectors. Assumption {4 holds for any uniformly lower bounded behavior policy, i.e., inf(s 4 wém)(s, a) >0,
which ensures that every state-action pair (s,a) is visited infinitely often. Assumption is standard in
decentralized optimization |Singh et al| (2020)); |[Saha et al.| (2020) and TD learning |Sun et al.| (2020); Wang
et al.| (2020]).

We obtain the following finite-time error bound for Algorithm [I] with Markovian samples.

Theorem 1. Let Assumptions hold. Run Algorithm [ for T iterations with learning rates o <

min{O(8), 0(172)}, 8 < O(1), batch size N > max{O(1),0(2)} and L > 0(%) (see eq. -

(38)). Then, we have

_ AT - Ljagr
E[||[0r — 6*[|°] < (1 - %) (180 — 0% || + wo — w|?) + O(% + @IQT) (10)

Furthermore, after T’ iterations of local averaging, the local models of all agents satisfy that: for all
m=1,.. M,

M*Ba Mﬂaa§/42T). (11)

E[I05r —0rlP) < 8701+ 5 + T

Consequently, by choosing o = O(1=22), 3 =0(1), T = (’)(‘/?_17‘;;_1), N = (’)( VM ), L= O(M +

VM €(1—02) (1—02)?
%), T = (’)(ﬁ In E(TM@))’ we obtain that E(HG(TT_)T, —0%||?) < € for all m. The overall communication
complexity for synchronizing anb) s T —+ T’ — O(\/?_lina;_l), and the total sample comple:z:ity is NT =
Mine !
0(6(170'2)2 ) ’
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The above theorem shows that our decentralized TDC achieves the sample complexity (9( Ejtfll_n;;)z ), which, in
the centralized setting (M = 1, oo = 0), matches that of centralized TDC for Markovian samples Xu et al.
(2019) and matches the theoretical lower bound O(e~!) given in [Kaledin et al.| (2020) up to a logarithm
factor. In addition, the sample complexity is proportional to M, which matches the theoretical lower bound
of decentralized strongly convex optimization in [Scaman et al| (2017). Importantly, the communication

complexity O (%) is substantially lower than the communication complexity O ( (6_1 + %) lne™ 1)

of decentralized TD(0) [Sun et al.| (2020) E| . Intuitively, this is because our algorithm adopts mini-batch
sampling that significantly reduces the communication frequency, since communication occurs after collecting
a mini-batch of samples to compute the mini-batch updates. Moreover, the communication complexity
has a logarithm dependence Ine~! on the target accuracy, and this matches the theoretical lower bound of
decentralized strongly convex optimization in|Scaman et al.| (2017]).

Taking a deeper look, Theorem (1| shows that the average model §7 converges to a small neighborhood
of the optimal solution #* at a fast linear convergence rate that matches the convergence rate of
centralized TDC [Xu et al.| (2019); Xu & Liang| (2020). In particular, the convergence error is in the order of

L/4
O(Nia + %), which can be driven arbitrarily close to zero by choosing a sufficiently large mini-batch size
N and communication rounds L (with T fixed), and choosing constant-level learning rates a, 5. Moreover,
the T” steps of extra local model averaging further help all the agents achieve a small consensus error at
a linear convergence rate . Egs. and together ensure the fast convergence of all the local
model parameters. We want to point out that the 77 local averaging steps are critical for establishing fast
convergence of local model parameters. Specifically, without the T” local averaging steps, the consensus error
IE[HH(Tm) — 67]|*] would be in the order of at least O(1), which is constant-level and hence cannot guarantee
the local model parameters converge arbitrarily close to the true solution.

Proof sketch of Theorem The proof of the theorem is a nontrivial generalization of the analysis of
centralized off-policy TDC to the decentralized case. Below, we sketch the technical proof and elaborate on
the technical novelties.

e Step 1. We first consider an ideal case where the agents can access the exact global importance sampling
ratio p; at iteration t. In this ideal case, every agent m can replace the estimated global importance
sampling ratio ﬁﬁm) involved in Agm), Bfm), Efm) in the update rules and @i by the exact value p;.
Then, with the notations defined in Appendix [A] the averaged update rules (14]) and become

§t+l =0; + o(As0; + by + Bawy), (12)
Wiy =Wt + B( Al + by + Cywy), (13)

which can be seen as one step of centralized TDC. Hence, we can bound its optimization error terms
El||@i41 —wi|?] and E[[|f+1 — 6*(17].

« Step 2. We return to Algorithm [I|and bound its optimization error terms E[||[w;+1 — w}||?, E[|[ws41 —
w},1||* and E[[|f;41 — 6%||%. This is done by bounding the gap between the centralized updates and
(13)) (with exact p;) and the decentralized updates and (with inexact p;). The key is to establish

Corollary 2 which strategically controls the gap between the inexact global importance sampling ratio

ﬁgm) and the exact value p;.

To elaborate, note that the locally-averaged importance sampling ratios b{trg) in eq. exponentially

converges to the value In p;. However, the initial gap |In pgm) — In p¢| can be numerically large since pgm)
may be a numerically small positive number. To avoid such divergence issue, our proof discusses two
complementary cases. Case 1: the quantity pupi, := min,eam pgm) € [02L / 2, Pmax)- In this case, the proof is
straightforward as the initial gap is bounded. Case 2: the quantity pmin € (0, 02L / 2]. In this case, we show

that the locally-averaged logarithm-ratio f){tnz) is below a large negative number O(lnpﬁ) < 0 (See eq.

). which implies that both the global importance sampling ratio p; and its estimation ﬁﬁm)

M
m=1

are close to

zero. In both cases, {ﬁgm)} converge exponentially fast to p; as L increases. This prove eq. .

ISun et al.| (2020) does not report communication complexity, so we calculated it based on their finite-time error bound.
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e Step 3. Finally, we prove the consensus error . Although the consensus error exponentially decays
during the T” extra local average steps in Algorithm [1} it is non-trivial to bound the initial consensus
error [|AO7 | of the T” local average iterations (see eq. (34)), which is caused by the T decentralized
TDC steps. To bound this error, note that each decentralized TDC step consists of both local averaging
and TDC update, which makes the consensus error ||[AO;||r diminishes geometrically fast with a noise
term Z%Zl hm ]l (see eq. ) Such a noise term is induced by the TDC update and hence its bound
depends on both the consensus error and the model estimation error in eq. (10). We need to apply these
correlated bounds iteratively for T iterations to bound the initial consensus error ||A©¢| p.

5 Experiments

5.1 Simulated Multi-Agent Networks

We simulate a multi-agent MDP with 10 decentralized agents. The shared state space contains 10 states and
each agent can take 2 actions. All behavior policies are uniform policies (i.e., each agent takes all actions with
equal probability), and the target policies are obtained by first perturbing the corresponding behavior policies
with Gaussian noises sampled from A(0,0.05) and then performing a proper normalization. The entries of
the transition kernel and the reward functions are independently generated from the uniform distribution on
[0,1] (with proper normalization for the transition kernel). We generate all state features with dimension 5
independently from the standard Gaussian distribution and normalize them to have unit norm. The discount
factor is v = 0.95.

We consider two types of network topologies: a fully connected network with communication matrix V' having
diagonal entries 0.8 and off-diagonal entries 1/45, and a ring network with communication matrix V' having
diagonal entries 0.8 and entries 0.1 for adjacent agents. We implement and compare two algorithms in these
networks: the decentralized TD(0) with batch size N = 1 (used in [Sun et al.|(2020))) and our decentralized
TDC with batch sizes N = 10, 20, 50, 100.

Effect of Batch size: We test these algorithms with varying batch size N and compare their sample and
communication complexities. We set learning rate a = 0.2 for the decentralized TD(0) and o = 0.2 x N,
B =0.002 « N for our decentralized TDC with varying batch sizes N = 10,20, 50,100. Both algorithms use
L = 3 communication rounds for synchronizing ptm). All algorithms are repeated 100 times using a fixed set
of 100 MDP trajectories, each of which has 20k Markovian samples.

We first implement these algorithms in the fully connected network. Figure [I] plots the relative convergence
error ||6; — 6%|/||6*|| v.s. sample complexity (£N) and communication complexity (¢). For each curve, its
upper and lower envelopes denote the 95% and 5% percentiles of the 100 convergence errors, respectively. It
can be seen that our decentralized TDC with different batch sizes achieve almost the same sample complexity
as that of the decentralized TD(0), demonstrating the sample-efficiency of our algorithms. On the other hand,
our decentralized TDC require much less communication complexities than the decentralized TD(0), and
the required communication becomes lighter as batch size increases. All these results match our theoretical
analysis well.

We further implement these algorithms in the ring network. The comparison results are exactly the same
as those in Figure [1] since the update rule of §; does not rely on the network topology under exact global
importance sampling.

Effect of Communication Rounds: We test our decentralized TDC using varying communication rounds
L =1,3,57. We use a fixed batch size N = 100 and set learning rates « = 5, § = 0.05, and repeat each
algorithm 100 times using the set of 100 MDP trajectories. We also implement the decentralized TDC with
exact global importance sampling ratios as a baseline. Figure [2] plots the relative convergence error v.s.
communication complexity in the fully-connected network (Left) and ring network (Right). It can be seen
that in both networks, the asymptotic convergence error of the decentralized TDC with inexact p decreases
as the number of communication rounds L for synchronizing the global importance sampling ratio increases.
In particular, with L = 1, decentralized TDC diverges asymptotically due to inaccurate estimation of the
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Figure 1: Comparison between decentralized TDC with varying batch sizes and decentralized TD(0).

global importance sampling ratio. As L increases to more than 5, the convergence error is as small as that
under exact global importance sampling.
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Figure 2: Effect of communication rounds L on asymptotic convergence error.

We further plot the maximum relative consensus error among all agents max,, |\9§m) —04)|/1107|| v.s. commu-
nication complexity (¢) in the fully-connected network (Left) and ring network (Right) in Figure |3 where the
tails in both figures correspond to the extra 77 = 20 local model averaging steps. In both networks, one can
see that the consensus error decreases as L increases, and the extra local model averaging steps are necessary
to achieve consensus. Moreover, it can be seen that the consensus errors achieved in the fully connected
network are slightly smaller than those achieved in the ring network, as denser connections facilitate achieving
the global consensus.

5.2 Two-Agent Cliff Navigation Problem

In this subsection, we test our algorithms in solving a two-agent Cliff Navigation problem Qiu et al.| (2021) in
a grid-world environment. This problem is adapted from its single-agent version (see Example 6.6 of |Sutton
& Barto| (2018)). As illustrated in Figure [4] two agents start from the starting point “S” on a 3 x 4 grid and
aim to reach the destination “D”. Here, global state is defined as the joint location of the two agents, and
there are in total (3 x 4)? = 144 global states. In most states, an agent can choose to move up, down, left or
right by one step and receives —1 reward. However, once an agent falls into the cliff “X” ) it will return to the
starting point “S” and receive —100 reward. When an agent reaches “D”, it will always stay at “D”, and
receives 0 reward if the other agent also reaches/stays at “D”, or receives —0.5 reward otherwise. If an agent
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Figure 3: Effect of communication rounds L on consensus error.

S X X KV

Figure 4: Two-agent cliff navigation. (“S”, “X”, “D” denote starting point, cliff and destination respectively.
The optimal path is shown in red.)

is not at “X” or “D” and selects a direction that points outside the grid, then it stays in the previous location
and receives —1 reward.

We apply the aforementioned algorithms with different batchsizes N to solve this problem. The hyperparam-
eters and the ways to generate behavior policy and target policy are the same as the previous simulation
experiment, except that L = 3 and the communication matrix V has diagonal entries 0.7 and off-diagnoals
0.3. All algorithms are repeated 100 times using a fixed set of 100 MDP trajectories, each of which has 20k
Markovian samples. Figure |5 plots the relative convergence error ||0; — 6*||/||6*| v.s. sample complexity (tN)
and communication complexity (t). We can see that compared with the decentralized TD(0), our decentralized
TDC with different batch sizes achieve comparable sample complexities and much lower communication
complexities. Moreover, the required communication becomes lighter as batch size increases. These properties
are similar to those shown in the simulation and thus have generality.

6 Conclusion

In this paper, we develop a sample-efficient and communication-efficient decentralized TDC algorithm for
multi-agent off-policy evaluation. Our algorithm synchronizes the local importance sampling ratios among
the agents and adopts mini-batch stochastic updates to save communication. In particular, it avoids sharing
agents’ sensitive local information. We prove that the proposed decentralized TDC algorithms achieve a

10
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Figure 5: Comparison between decentralized TDC with varying batch sizes and decentralized TD(0).

near-optimal sample complexity as well as an optimal communication complexity that improves over the
existing decentralized TD(0). In the future, we expect that our algorithm can serve as a fundamental
component in the design of advanced policy optimization algorithms for MARL.
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A Notations and Filtration

A.1 Notations to rewrite update rules in Algorithm [I]

We introduce the following additional notations

vl M m — M m m
et:ﬁzmzleg )a Wt:ﬁZmzlwt( ) b§ )*P

= thm)Qb(St)v Bt = ﬁ Z%ﬂ b(m)
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Then, by averaging the update rules and over m, we obtain the following update rules of the model
average 0;, W;.

M
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A.2 Filtration

Define the filtration F; = o ({sy, ap JIN MU {sin}). Then
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B Proof of Theorem [I

We first bound the following tracking errors of w41, §t+1 obtained by the centralized update rules and
respectively.
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any aj,az € R and o > 0, and applies Jensen’s inequality to the convex functions || - || and || - ||2, (iii) uses
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< 1-— 222 _ * max 1 7 _p* *
< (1= T e = w P+ e e (1 5) (18 = 1 4671 + Ri)
15,80”4 m m
+ 222 (07 e (10574 10§ + B2+ B2+ 3)%)
M
24a° pma,x i —(m) p(m) =(m (m
e E[HMle(At o 45 4 B H ‘]—‘t} (25)
V)

where (i) uses the inequality that ||a; + az|? < (1 + U)||a1||2 + (14 o7 1)|Jaz||? for any a;,as € R? and o > 0,

ii) uses eq. (|24 as well as the notation that w} = —C~1(A8, + b), (iii) uses f < - (this implies that
(ii) (4 ;

A2
2[63/ /((’(f@’\;g) 1] < % and eqs. . ﬂ and 1 The above term (V) can be upper bounded as follows.

1 —(m) (m =(m) —(m m 2
:IE[HMZ @0 5+ B wi™)||'| 7]

, M
< 2|5 > (( (@ - + 3" -5+ B - Boul™)|[ |7]
rouf| L f: @0 + 5 + B |7
M = - t o t

17
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i) 2 X ) = A o ) — (. -

< SB[ - A6 + G, )+ (B = Bowl™) || 7] + 2B (|48, + b + B )
m=1

i) 6 L —m) = 22 . E s 2 s w2y (m) )2

< o7 22 BT A0 + o =67+ 1B = Bel[lwt™ |7 7]
m=1

*

- (40pmax (1 + pim) i@

e [T —

2 160,0max(1/4)r1) <1+pmax> (

N(1 A2
() 605" m m
< 222 (20 max (06" | + 6™ || + Rana)*[L + B(20max + 3)|* + R )

)

2 160p%, (v +1
4 2(80070 (14 22V, = 0| S — i P+ e L) (1 P g2 g2 )
N(1—-9) )
where (i) uses the inequality that [la; + az|* < 2 a1H2 + 2||az||? for any ay,ay € R?, (i) applies Jensen’s
inequality to the convex function ||-||?, (iii uses eq (21) and the inequality that ||a; +asz —I—a3H2 < 3Zk 1 lax]?
for any a1, as,a3 € R?, (iv) uses eqs. (50)), (51] , (52) and . Substituting the above inequality into eq.

yields that
E[|[We 41 — wiy |12 F]
ﬂ)‘Q 120a2p§nax — * (|2 5346p12nax(1/+1) i 2 1920a2pﬁ1ax Pmax Sl _p*2
(1*T+ B3 )”wt*wt | +{ Na(1—9) (1 )\2) BA3 <1+ Ao ) }”ot 7l

R ) R O e e

4 200 (5 + 2% 00 e (1067 + 10"+ Ranes) 211+ A2+ 3 (26)
M)\Q B}\g nI{lea/\)El 0 ’LUO max Pmax .

E[[|6¢+1 — %[ F]

(i) 1 - . 6 .
<(1+ W)]E[et+1 — ')+ (1+ o 3)E[Bu41 — 0141 |F]
(1) 6—2a\ a\ L2 13ap?.
= 6o Bk (=50l + I

N (1—0) L(allor | + 2R2, + 1) (14 )]

2
ES
t‘“’t“

A2
LE[ oy (@A™ — )™ + 5" — 8™ + B™ — By H 7]
+a/\1 HMmz_:1 ¢ e t t) ‘
(iid) A . 18ap? . 1 . 300ap? . . max ) 2
(1= )|+ s+ ) a2 1) 1+ 522)

M
6 —m - m =(m) —(m m 5} m
+W12EH|(A§ A0 +b -5+ (B - Bow™ || R

(iv) al; 18ap2 2 300apZ, (v+1) 2 Prmax \ 2
< ot max (|75 __ * max 4 * 2 1
- (1 )‘ )\1 H’LUt wt + N)\l(l _ 5) ( ’ 9 + Rmax )( + AQ )
W[zo max (057 + 10" | + Ranas)2[1+ 820mae + 32 + B2, (27)
M)\l meM 0 0 max max max

where (i) uses the 1nequahty that ||a1 +as]|? < (14 0)|lar]|? + (1 +o71)||az||? for any a1,a; € R? and ¢ > 0,
(ii) uses eqs. (14), (12) and (23), (iii) uses @ < 1/A; and applies Jensen’s inequality to the convex function
|- |I?, and (iv) uses the inequality that [|ay + az + az)|? < 33%_, [lag||? for any ai, as, a3 € R? and then uses

cas. (50)-(52)

18
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Taking expectation on both sides of egs. and and summing up the two inequalities yields that
E(|0er1 — 07)1%) + E([@i+1 — wipq|?)

(4) Bla  120a2pk 18ap?
< (1= max max)E o o *2
< (1= g + o B — wi )

ali | 534Bppax(v +1) 1\2 | 192007 pj Prmax e
1-— 1+ — 1 -
+[ 3 © Ny(1 —6) ( Ag) BA3 ( W ) }E(Het 1%

3840p§1ax(y+1) 5 142 a2p1%nax Pmax 2 « *(|2 2
PN [ () e (1 B 0 R 1)

2550L/4 120202, als " "
(54 =G+ 50 ) maa 10671+ g™ |+ R [+ 5(2pmas + 31
2 m

M),

@ a\ 5 5 _ gy 60008p2, (v +1) /. pmax) 2 .

< - _ Q* _an¥ max *

< (1 T LB — 0 1P) + B, — i )] + =g e (125 ) (1077 4+ R 1)
574805/

(m) (m) 2 2t
max + —+ R, 1 + o] 20 ax +
7‘{)\2 mEM(HeO H ||’LU0 || de) [ ( max 3)]

2
where (i) uses the conditions that N > %ﬁﬁgl) (1+ %2)2,

: BAA] BAS _ BMida BAa A1 _Ble ; : . .
a < min (23040%”, 5357 1520700 T Zha? A ) Iterating the inequality above yields that

E(||0r — 6*|]° + ||wr — w*||*)

<(1- O‘—Al) (/[0 — 67

A T—1-t 60006 r2nax( +1) max 2 *
+Z(1_E) [ NA/;“ _”6) (1+pA2 ) (1072 + B2+ 1)

* o+ [[wo — will?)

+ M—; e (1067 4 ™ | + Rana)2[1 + B(20max + 31|

O (0N ey 3600080 (v 4 1) () P\ 2 s o
< (1= 0=+ o — )+ ) (1 P 1 - R 1)
57480y 27 m m
s max (1057 + g™ |+ R)”
aA — 12 _ " B 50L/42T
(1_71) (180 — 0°]1° + o — wt ) + O 5= + Z2-=), (28)

where (i) uses the definitions of ¢19, ¢11 in Appendix [Aland the conditions that o < /\% and 8 < m

which respectively imply that 1 — O‘T)‘l > % and that 14 5(2pmax + 3) < V2. This proves eq. .

Next, we prove eq. . Note that the local model averaging iterations can be rewritten into the matrix-vector

form as O, = V@t where T <t < T+ T and ©;, = [9(1) 9(2 H(M)] Hence, it can be derived from
Lemma that
120747 | = AV Or||r = [V AO1|r < 03 (| AO7 | 5. (29)

Hence, we only need to obtain an upper bound of E||A©7||?. Subtracting eq. from the local update rule
yields that for any 0 <¢ < T — 1,

0 —Fir = S Vi (0™ = 1) + M1 @™o 3, § B wim)
m'ENm
M ’
T <z<m'>9<m'>+z<m)+§<m’> )
Y t t t t Wy .

m/=1,m'#m
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This can be rewritten into the following matrix-vector form,
AO; = VAO; + [h1; hoy...; h,]w]T7

B ) " — ) oy =) m)  (m
where h, = Mo (A0 48, + B wl™) = £ SNy (A0 43+ B ),

The item 2 of Lemma implies that for any 0 <t <T — 1,

M M
128 11llr < o2l AOF + 4| D Il < 02| A8 [|r + D [[hu- (30)

m=1 m=1

Then, using eqs. — yields that

Z ol < 2

(Z) M m n m J— n * J— * * - n
< 4a(pmae + 1) z (105 = 8ol + [[w™ —w|| + 18 — 6*[| + [T — wi ]| + [16%]| + |C~(AB, + b))

M
L (20) (2max +2) ST 101 + Runax + ™))
m=1

2

(Z’L) m n m J—
< da(pmax + 1) (0 (105" = Bl + ™ — )

m=1

2pmax

* * M prax *
M (14 ) B = 0%+ M — |+ L (207 4 Ro))

A2

where (i) uses the notations that w; = —C~(A6; + b), (ii) uses egs. 7 and . Hence, we obtain
that

D) —2

E(180.13) < (1+ 25— )3E(1a64) + = ——)E [(Znhmn)}

—~

(”) 1—'—0’2 480& 1+0' m = m _
< — 2E(||A@t||2F)+%(0max+l)2E{2MZ 16™) = 8,)1% + [lwl™ —w,||?)
m=1
2pm X n * —_— * 4M2p12n X *
4322 (14 222 (15, 0[P + i — wf ) + 58 (107 + Ruvan)?]. (31)
2

where (i) uses eq. and the fact that (u + v)? < (1 + o)u? + (1 + o~ 1)v? for any w,v,0 > 0, (ii)
uses (30, ¢i)? < ”Ez 1 ¢? for any ¢; € R and n € N*. Similarly, we obtain from the update rule of

Wy = [wgl);wg), cw EM)] € RM*4 and eq. that
1+ 02 4802(1 + 03) M S — m)
E(| AW 2) < 2E(aw ) + SEUER (0 amlar S (6 B2 + ™ - )
2 m=1
2pmax 2 n * — * 4M2p12nax *
+ 02 (14 229, 072+ [ — wi[2) + 5207 + Rne)?) (32)
Ao by

Summing up egs. and yields that
E(|AG¢1]1F + AWt F)
(21+U§E( 9602 (1 + 03)
2 1—02
2pmax A
+M2<1+ Pma ) ((1—2) (160 - 0*|?
A2

360005pr2nax(y+1) Pmax *1(2
aN Ao (1—0) (H N ) ("1

1A 13 + AW} + (P + 1)E[2M (|AG 13 + AW 13)

+ [0 — wg1*)

574Bo L ot

MMXs

R 1) + mr (105" + 105" + R

20



Under review as submission to TMLR

AMP PR 11 o
+ 5 (0" + Bonax)’]
2
(i) 2 + o3 9 9 192M32a? 2Pmax - A2 .12
< ZERE(JAGdE + [AWIE) + T(pmdﬁl) (14 e . ) (160 — 6%+ l1o — w;12)
2828 8M2p? o o 574804 12! (m) (m) .
max 0* o m7a = 0 max )},

(G, g )01 o B 1) + 2= e (10571 + ™+ Rana) (33)
where (i) uses eq. , and (ii) uses ([|0*] + Rmax)? < 2/07]% + 2R2 ., o < m and N >
12802, (v+1) e\ 2 )

ey (14 Py )™,
Iterating eq. . 33]) yields that
E(|aer|%) <E(|A67|E + |AWz|F)
2+ 03\T 192202 2pmax \ 2
< (F52) (1400ll3 + 1AW |3) + =5 (pmas+ 1?14+ 222
3 1-— (72 )\2

2 . 2828 | 8M?piax\ (y10+
im0 — il + (55, + ) (1071 + B+ 1))

T [%(H?o _ o

574805 42T m m
T max (1057 + g™ + o)’
M2 (8 MBa2ot L/4gT
< [|A A (= + M? T EE—
120 + ol + o[ 20 (2 ) 4 M2 2]
(1) M4Ba  MBaok/*oT
<01 4
o( HNTIEESE 1— oo ): (34)

where (i) uses a < ﬁ = O(f). Substituting the above inequality into eq. proves eq. .

To summarize, the following conditions of the hyperparameters are used in the proof of Theorem [I] including
those required by Corollary 2] and lemma [C.4]

o <min( B )\1 (1+pmax)72 i 6)\2 6)\1)\% 6)\% 6)‘1)‘2
S e + 2740020 U N )N A 230400k 53020 43202,
1—o0y BA2 B . ~1/2
= min{O(B),0(M~*(1 -0 35
T 7T e 2y) = {08, 0 21— o)) (33)
1 2
< S 1
ps mm(A 5(2pmdx+3)) o) (36)
8¢sq 8cvargQA 12fcg
> : = .
N 2 max (54, o ) = max{0(1), 0(8/a)} (37)
12 In M + (8M 4 10) In pryax (’)( M ) (38)
Inoy o1 1—o09

Under the above conditions, we choose the following hyperparameter values.

a=0M 1?1 —-ay)),8=0(1)

T_Cglmel_q@ﬁ;l)

Iy

L (i () ) o AL OM 10 _ (VA M) oIy
T (o1 M Moot 2
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3.5 2
- mi;lln (6710<1+ 1]\{ o9 + ?]—VIUZ)> - O(l —102 ln(e(lj\—/laz)))

Substituting these hyperparameters into egs. and ([11)) implies E(||67 — 6* || Hgﬂnj_)T, —0r|?) < O(e),
so E([|65 — 6%(|2) < 2E([|0%7 — 07]12) + 2E(\|9T - e*u ) < O(e). Therefore, the overall communication

\/Mlnefl)
1—02 ’

complexity for synchronizing Qt(m) isT+T = (9( and the total sample complexity is NT =

O(fey).

C Supporting Lemmas

In this section, we prove some supporting lemmas that are used throughout the analysis of Algorithm

Lemma C.1. Regarding the terms defined in Appendiz[A] their norms have the following upper bounds.

lAdls Il s Al < 20mans (39)
1Bl [Bellr, | BllF < pmaxs (40)
1Cllrs [Cell s IC]F < 1, (41)
1671185 el el 1B < e R (42)
IC™H =23 (43)
Proof. Consider any two vectors u,v € R, we have that |uv | ||p = \/tr(vuTuvT) = |lu||||v]|. Therefore, by

Assumption [3| we obtain that

1Adllr <prll(se) 176 (st1) = &3l < prmae [YIB(st41) | + (5] < 20ma
1Bellr <vpill@(se+)ll|o(se)]l < pmaxs
Cile <l < 1

5™ || <peR™ [[d(s0)]l < prmax Rimax-

The proof for ||A§m)\|p, ||g§m)|\, etc. is similar.
On the other hand, by Jensen’s inequality, we obtain that

(t+1)N—1

1Allr = [Ex, [AdllF < B [ Addlr < 20max,  [Aillr < 50 > [1Aille < 20max.
i=tN

The proof for the other remaining matrices in egs. lj is similar by using the Jensen’s inequality.
Finally, we prove eq. . Note that —C = E, (qb(st)qﬁ(st)) = 0 with Apin(—C) = —Amax(C) = A2, Hence,
IC7H = Amax(—C~* )—/\_ (—C)=x" O

min
Lemma C.2. Suppose the MDP trajectory {s;,a;}1>0 is generated following a behavioral policy m, where

2 {a,(gm)}m. For any deterministic mappings Y : S x Ay x ... x Ay x § = RP*? such that |Y (s, a,s)||r <
Cy,Vs,s' € S,a™ € A, where a = {a™},,, we have

(t+1)N—1 9O
Y
HE{* Z (s, 500)| o] = HSN(1—5)’
(tJrl N 1 2
1 —2 8C (V+1)
LG _ PO A N—
E[HN P V(s ais siva) YHF‘E} =N —4)

where Y = EY (s;,a;, 8i41)-
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Note: A simplified version of the above lemma has been proposed and proved in |[Xu et al.| (2020a), where a;
and s;y; are omitted in the above inequality. We add a; and s;4; so that this lemma can be better applied

to the quantities A;, B;, C; and bgm) which rely on s; as well as a; and s;11. The proof logic is very similar
to that of | Xu et al.| (2020a) and thus omitted here.

Corollary 1. Regarding the terms defined in Appendiz[4], they have the following upper bounds.

E[|[C, - C|lr|F] < % (44)
BB - Bl |7] < ot ()
B[ — o]} ] < s mart 1 (46)
E[|[4, - C.c Al ) < W(l n %2)2 (47)
B[ — G b1 < Lot D, 1y (48)
B[ - B A - AT Al ] < Pl LU () pne (19)

Proof. Let Y(s,a,s’) = —vp(s,a)p(s")¢(s) T in Lemma Then it can be checked that Y (s¢, at, St41) =
By, Cy = prmax> ZEZ}@Nﬂ Y (si,ai,8i+1) = By, and Y = E., Y (s;, a4, 8i41) = B.

Applying Lemma to these equations proves eq. . The eqgs. and can be proved in a similar

way.

Let Y(s,a,s") = p(s,a)p(s)[vo(s’) — ¢(s)]T + vp(s,a)p(s')p(s)TC~LA. Then, it can be checked that
Y (s¢,at, 8¢41) = Ay — ByC7LA, % Zg:g]l\;]vfl Y (si,ai,si+1) = Ay — ByC~1A. Moreover,

||Y($,a, Sl)HF < pmaX('Y + 1) + ”YpmaXHCHl””AH < 2pmax + PmaX(Az_l)(meax) = QPmaX(l + PmaX/AZ) = Oy7
Y =E,Y(si,ai,8i11) =A—BC A= ATC'A.

Applying Lemma to these equations proves eq. . The equations and can be proved in a

similar way. 0
Lemma C.3. The doubly stochastic matriz V' and the difference matrix A = I — %11—r have the following
properties:

1. AV=VA=V - 111"

2. For any x € RM and n € N*, ||[V"Az|| < o%|Az|| (o2 is the second largest singular value of V).
Hence, for any H € RM*M ||V AH||p < o3 ||AH || F

Proof. The first item can be proved by the following two equalities.
AV = (1 inT)va TuvovotuT
N M N M N M
1 1 1
A=V(I-=11")=V-=Vi11' =V - —11"
va=v( ; )=V =V V- o
The proof of the item 2 can be seen in page 3 of Qu & Li| (2017). O

Based on Lemma we obtain the following inexactness of importance sampling ratio estimation ﬁim) & Py
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Corollary 2. Under Assumptz'onand choosing L > O(%), the estimation error of the inexact

Ino,
global importance sampling ratio f)ﬁm satisfies 2%21 (ﬁgm) Pt )2 < 02L/4. Therefore, the following inequalities

hold.

M

> A - At!lwz A A5 < o3 (50)
m=1 m=1

- )

> IB™ - BthZ IB™ = Billy. < o3, (51)
m=1 m=1

M

DRI Z Hb B < otiR2, (52)

3
E‘

As a result, the following upper bounds hold.

||A1§ )HF7 At HF S 2pmax+2 (53)
||B7£m)||F7 EEm)HF < Pmax +1 (54)
Ty 2™
Hbt H’ ||bt || S Rmax(pmax + 1) (55)

Proof. Eq. (5| can be rewritten into the following matrix form.

Pt P ] = VIR 3ot ]

Hence, the item 1 of Lemma [C.3] yields that

AR D = ViAo ).

Then the item 2 of Lemma yields that

[NV | e PN o e AR v (56)

,0

Denote pmin := min,, e apm pgm). Then Assumption || implies that ﬁffg) =In pgm) € [In pmin, 10 Pmax]. Then it

can be proved by iterating eq. that Z){tnz) € [In pmin, In pmax]. Hence,
1 m
i Inp; = Z In p( ) € [In pmin, In prmax| (57)

Then eqs. and imply that

o (L g (s L
> (Ptfz - Mlnpt) <o3t > ( 0 - Mlnpt) < Mo3" 0% (pimax/ pmin)- (58)
m=1 m=1
Hence,
m 1 L pmax (Z) 1 pmax
‘5;; - —lnp| <VMofIn (pmin) < sl (pmin), (59)

where (i) uses the conditions that L > Z2IMEEMHO M pmax oy o) € [0, 1).

In(o, ')
Hence, egs. and imply that

. 1
ﬁg)L) < In Pmax + m In (pmax/pmin) . (60)
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Therefore, we obtain that

M
(") = )" & 3 (M0 — ey
m=1 m=1

(i6) M) 2 2

23 [max (ML o) P17 — Inp)
m=1

(447)

S UngH]\i[axvpmax/pm1nln pmax/pmln)

(iv)

< MPo3" (P Prion) (61)

where (i) uses eq. (6), (ii) uses the Lagrange’s Mean Value Theorem, (iii) uses egs. (57), and (60)), (iv)
uses the inequality that Inz < x for £ = pmax/Pmin > 1.

Since at least one of {Z}ﬁ?&)}me M equals In ppin, we have

M
Inp, = Z ﬁ{tfg) < In pin + (M — 1) In ppax. (62)

m=1

Then, egs. (59) and (62)) imply that
1
A5 < gy e+ (1= 537) o (63)

Hence, we conclude that

M ) M m M ~(m) (i)
(") =" = 3 (M0 =) < B max (U, ) < Mpmnglin (68

=1

m
where (i) uses eq. @ (ii) uses egs. . ) and .
When pmin > 02/ , €q. implies that Z (ﬁff“) — pt)2 < M3pf\n4&f(2 5 0 75L. When pmm < JL/2 <1,

eq. (64) implies that E% 1 (ﬁfgm) - Pt) < MpIQI]J\gX ! L/2- Both imply Z (ﬁz(fm) - pt) S 05/4 since
L > 121n M+(8M+10) In prax
11’1(0’2 ) ’

Then, eq. can be proved as follows.

m=1

M M
STA™ = Al < el lve(sis) — o(so)] |5 DoA™ = pr)? < (1 +9)%05* <40y (65)
m=1

m=1

The above inequality implies that Z,Ale Hg,(gm) - t||2F = Zr]\le I tht}\?N 1(A(m) ||F < 40L/4,

where < applies Jensen’s inequality to the convex function | - ||%. Egs. and ( can be proved similarly.

Eq. implies that HAEm) - AtHF, Hzﬁm) - ZtHF < 2. Hence, eq. 1) can be proved using triangle
inequality and eq. (39). Egs. and can be proved similarly. O

The proof of Corollary [2] introduces a new technique, which includes discussion of two cases: ppin =
min,, e am pgm) lies in [07/2, pymax] and (0,0%/?]. This is necessary as the local average is applied to In ’(m),
which may be a large negative number that cannot ensure a small consensus error for a fixed number of local
average steps L.

Lemma C.4. Under the update rules of Algom'thm and choosing L > 121n M+Sé\;[:1)o) lnp‘“a", a< ﬁ,
> max

the parameters have the following upper bound.

a(m) (m) <9 a(m) (m) s 1 2 s T'
max [|07 | + max [lwg | < 2 max (1667 + [lwo™ [l + Rmax)[1 + B(20max + 3)] (66)
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Proof. Since [ > 2IM+EMA0) I pmax o — hold. Hence, these equations and the update rule

In(oy ")

imply that

||0t(7+n1) | < Zm'e/\fm Vin,m/ ||9t(m/)|| + a(pmax + 1)(2||0§m) Il + Rmax + ||wt(m) ). Taking maximum with respect to
m yields that

ma [|0f}}]] < max Z;/ Vit e (1657 4 (e + 1) (2 mae 16" + Riae + max ™).
m m

< 0(prmax + 1) (2 max (107" + Ruax + mae [lw™ ) + mae [lwy™]. (67)

Similarly, it can be obtained that

max [lwyi |l < 26(pmax +1) max [[6;7]] + (1 + 8) max [Jwy™ || + SRmax(pmax +1)- (68)

Adding up egs. and yields that

(m) (m)
fr?eajfl ||9t+1 | + Tgleaji Hwt—H [

< 2+ 8)(pmax + 1) max 6" + (@pumax + @+ B+ 1) max ™ | + Runax( + B) (o + 1)
(4)

< B(2pmax + 3 0™ || 1+ (1568 + 1 M1 40568 Rinas (2max -+ 3

< B(2pmax +3) max 16" | + (158 + 1) max [|eof™ | + 0.58 Rrmax(2pmax + 3)

<1+ B(2pmax + 3 pm) TN 4 0.58Rumas (20max + 3
< [14 B(2pmax + 3)]( max 116, + max [Jw;™[]) + 0.56 Rmax(20max + 3),

where (i) uses the condition that o < 5 B and (ii) uses pmax > 1. By iterating the inequality above and

max+2
using max,e ||9(()m)\| + max,em ||w0m)|| < QmaxmeM(Hé‘ém)H + ||w(()m)||), we prove eq. 1@} O
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