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Abstract

Learning-to-communicate (LTC) in partially observable environments has gained in-
creasing attention in deep multi-agent reinforcement learning, where the control and
communication strategies are jointly learned. On the other hand, the impact of commu-
nication has been extensively studied in control theory, through the lens of information
structures (ISs). In this paper, we seek to formalize and better understand LTC by bridg-
ing these two lines of work. To this end, we formalize LTC in decentralized partially
observable Markov decision processes (Dec-POMDPs), and classify LTCs based on the
ISs. We first show that non-classical LTCs are computationally intractable, and thus
focus on quasi-classical (QC) LTCs. We then propose a series of conditions for QC
LTCs, violating which can cause computational hardness in general. Further, we de-
velop provable planning and learning algorithms for QC LTCs, and show that examples
of QC LTC:s satisfying the above conditions can be solved without computationally in-
tractable oracles. Along the way, we also establish some relationship between (strictly)
QC IS and the condition of having strategy-independent CIB beliefs (SI-CIB), as well
as solving general Dec-POMDPs beyond those with SI-CIB, the only known condition
that enables planning/learning in Dec-POMDPs without computationally intractable or-
acles, which may be of independent interest.

1 Introduction

Learning-to-communicate (LTC) has emerged and gained traction in the area of (deep) multi-agent
reinforcement learning (MARL) (Foerster et al., 2016; Sukhbaatar et al., 2016; Jiang & Lu, 2018).
Unlike classical MARL, which aims to learn a control strategy that minimizes the expected accumu-
lated costs, LTC seeks to jointly minimize over both the control and the communication strategies
of all the agents, as a way to mitigate the challenges due to the agents’ partial observability of the
environment. Despite the promising empirical successes, theoretical understandings of LTC remain
largely underexplored.

On the other hand, in control theory, a rich literature has investigated the role of communication
in decentralized/networked control (Tatikonda & Mitter, 2004; Nair et al., 2007; Xiao et al., 2005;
Yiiksel, 2013), inspiring us to examine LTCs from such a principled and rigorous perspective. Most
of these studies, however, focused on linear systems, and did not explore the computational or
sample complexity guarantees when the system knowledge is not (fully) known. A few recent
studies (Sudhakara et al., 2021; Kartik et al., 2022) started to explore the settings with general
discrete spaces, with special communication protocols and state transition dynamics.

More broadly, (the design of) communication strategy dictates the information structure (IS) of the
control system, which characterizes who knows what and when (Witsenhausen, 1971). IS and its
impact on the optimization tractability, especially for linear systems, have been extensively studied
in decentralized control, see (Yiiksel & Basar, 2023) for comprehensive overviews. In this work,
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we seek a more principled understanding of LTCs through the lens of information structures, with a
focus on the computational and sample complexities of the problem.

Specifically, we formalize LTCs in the general framework of decentralized partially observable
Markov decision processes (Dec-POMDPs) (Bernstein et al., 2002), as in the empirical works (Foer-
ster et al., 2016; Sukhbaatar et al., 2016; Jiang & Lu, 2018). We detail our contributions as follows.

Contributions. (i) We formalize learning-to-communicate in Dec-POMDPs under the common-
information-based framework (Nayyar et al., 2013b;a; Liu & Zhang, 2023), allowing historical in-
formation sharing. (ii) We classify LTCs through the lens of information structure, according to the
ISs before additional information sharing. We then show that LTCs with non-classical (Mahajan
et al., 2012) baseline IS is computationally intractable. (iii) Given the hardness, we thus focus on
quasi-classical (QC) LTCs, and propose a series of conditions under which LTCs preserve the QC
IS after sharing, while violating which can cause computational hardness in general. (iv) We pro-
pose both planning and learning algorithms for QC LTCs, by reformulating them as Dec-POMDPs
with strategy-independent (SI) common-information-based beliefs (SI-CIB) (Nayyar et al., 2013a;
Liu & Zhang, 2023), with quasi-polynomial time and sample complexities. Along the way, we also
establish some relationship between (strictly) quasi-classical ((s)QC) ISs and the SI-CIB condition
in the framework of (Nayyar et al., 2013a), as well as solving general Dec-POMDPs beyond those
with SI-CIBs, the only known condition that enables planning/learning in Dec-POMDPs without
computationally intractable, which may be of independent interest.

2 Preliminaries

2.1 Learning-to-Communicate

For n > 1 agents, a Learning-to-Communicate problem can be depicted by a tuple £L =

(H,S,{Ain}icim)nerm) {Oin ticm] netm) iMin Yiem)nem)s T, O, pa, {Ra b nera, {n b nerm)s
where H denotes the length of each episode, and other components are introduced as follows.

Decision-making components We use S to denote the state space, and A; j, to denote the control
action space of agent ¢ at timestep h € [H]. We denote by s, € S the state and by a;, the
control action of agent 7 at timestep h. We use ap, := (a1,h, - ,ann) € Ap = Hie[n] Aipto
denote the joint control action for all the n agents at timestep h. We denote by T = {T} },¢c(q) the
collection of state transition kernels, where s,11 ~ Tp(- | sp, an) € A(S) at timestep h. We use
1 € A(S) to denote the initial state distribution. We denote by O; 5, the observation space and by
0;.n, € O, the observation of agent 4 at timestep h. We use op, := (01,1,02,h, " ,0n,n) € Op i=
O1,h X Oz p X --- Oy p to denote the joint observation of all the n agents at timestep h. We use
O = {On }heqa to denote the collection of emission functions, where oy, ~ Oy (- | sn) € A(Op) at
timestep h and state s;, € S. Also, we denote by O; 1, (-| sp,) the emission for agent 4, the marginal
distribution of o; ;, given Oy, (- | s3) for all s;, € S. At each timestep h, agents will receive a common
reward rp, = Rp(spn, an), where Ry, : S x Ay — [0, 1] denotes the reward function.

Communication components In addition to reward-driven decision-making, agents also need to
decide and learn (what) to communicate with others. At timestep h, agents share part of their infor-
mation z;, € Z; with other agents, where Z;, denotes the collection of all possible shared informa-
tion at timestep h. Here we consider a general setting where the shared information z; may con-
tain two parts, the baseline-sharing part zg that comes from some existing sharing protocol among
agents, and the additional-sharing part z ), for each agent i that comes from explicit communication
to be decided/learned, with the joint additional-sharing information zj, := Uj_, 2, . This general
setting covers those considered in most empirical works on LTC (Foerster et al., 2016; Sukhbaatar
et al., 2016; Jiang & Lu, 2018), with a void baseline sharing part. We kept the baseline sharing
since our focus is on the finite-time and sample tractability of LTC, for which a certain amount of
information sharing is known to be necessary (Liu & Zhang, 2023). Note that 2, = 2> U 2 and
2% N z¢ = (). The shared information is part of the historical observations and (both control and
communication) actions. We denote by 22, Zy, and Z;fh the collections of all ZZ, 2y, and zf h-
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At timestep h, the common information among all the agents is thus defined as the union of all the
shared information so far: ¢;,~ = Uz, U 20, and ¢;+ = U, 2, where ¢j,~ and ¢+ denote the
(accumulated) common information before and after additional sharing, respectively. Hence, the
private information of agent ¢ at time h before and after additional sharing is defined accordingly as
Pin- = {oi,ain,- - ,ai,hqaoi,h}\ch—’pi,m = {041,051+ , @i h—1,0in}\Cp+, TESPEctively.
We denote by pj,- := (p1,5-, - ,Pn,n-) the joint private information before additional sharing, by
Pr+ = (P1,p+, "+ »Pn,n+) the joint private information after additional sharing, at timestep 7. We
then denote by 7; - = p; - U cp—, Ty p+ = pip+ U cpr the information available to agent 7 at
timestep h, before and after additional sharing, respectively, with 7,— = pp—Ucp—, Th+ = pp+Ucy+
denoting the associated joint information. We use Cp,—,Cp+, P; p— P n+, Pn—»

Pr+, Tin—» Tin+s Tn-, Th+ to denote, respectively, the corresponding collections of all possible
Ch=5Cht s Dih—sDPihtsPh—sPhtsTih—5 Ti,ht s Th—5 Tht-

We use m; j, to denote the communication action of agent i at timestep h, and it will determine what
information z{;, she will share, through the way specified later. We denote by M, j, the space of
My p, and by my, == (M1 p, -+, My p) € My 1= My px--- M, the joint communication action
of all the agents. KCj, : Z — [0, 1] denotes the communication cost function, and k, = Kp(zf)
denotes the incurred communication cost at timestep 5, due to additional sharing.

System evolution The system’s evolution alternates between the communication and control steps.

Communication step: At each timestep h, each agent ¢ observes o; j, and may share part of her pri-
vate information via baseline sharing, receives the baseline sharing of information from others, and
forms p; ,— and c;,-. Then, each agent i chooses her communication action, which determines the
additional sharing of information, receives the additional-sharing of information from others, forms
Di,p+ and cp+, and incurs some communication cost . Formally, the evolution of the information
is formalized as follows, which, unless otherwise noted, will be assumed throughout the paper.

Assumption 2.1 (Information evolution). For each h € [H],

(a) (Baseline sharing). zb 1 = Xa+1(py+t,an, ont1) for some fixed transformation x4 1;

(b) (Additional sharing). For each agent i € [n], z¢), = @i n(Pi,n-,mi,5) for some function ¢; 5,
given communication action m; p, and m; ;, € 2z, ; and the joint sharing 2} := Uien] z3, 1s
thus generated by 27 = ¢y (pp-, msp), for some function ¢y;

(¢) (Private information before sharing). For each agent i € [n|, p;(hp1)- =
§int1 (pi’h+ s Qi hy Of, n+1) for some fixed transformation &i.n+1, and the joint private informa-
tion thus evolves as p(, 1)~ = &ny1(Ph+, an, 0ny1) for some fixed transformation &5, 1;

(d) (Private information after sharing). For each agent i € [n], p; n+ = pin-\2{1;
(e) (Full memory). For each agent i € [n], 7, ,- C 7; p+ C Ti (h41)-» and 0; 4 € T4 .

Note that as fixed transformations (e.g., x and &; ,, above), they are not affected by the realized
values of the random variables, but dictate some pre-defined transformation of the input random
variables. See (Nayyar et al., 2013b;a) and §B in (Liu & Zhang, 2023) for common examples of
baseline sharing that admit such fixed transformations when there is no additional sharing, and
examples in §A on how they are extended in the LTC setting. It should not be confused with
some general function (e.g., ¢;j above), which may depend on the realized values of the input
random variables. (a) and (c) on baseline sharing follow from those in (Nayyar et al., 2013a; Liu
& Zhang, 2023); (b) and (d) on additional sharing dictate how the communication action affects
the sharing based on private information. For example, a common choice of (M p, ¢; ) is that
M, = {0, 1}|pivhr*‘ , forany p; - € P; - and my;,, € M p, i n(Pin-,min) consists of the
k-th element (k € [|p; 5,-|]) of p; 5~ if and only if the k-th element of m; 5, is 1. As m; j, (depicting
what to share) will be known given Z, (what has been shared), m; , is thus also modeled as being
shared, i.e., m; ), € zf - This is also consistent with the models in (Sudhakara et al., 2021; Kartik
et al., 2022) on control/communication joint optimization. (e¢) means that the agent has full memory
of the information she has in the past and at present. We emphasize that this is closely related,
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but different from the common notion of perfect recall (Kuhn, 1953), where the agent has to recall
all her own past actions. Condition (e), in contrast, relaxes the memorization of the actions, but
includes the instantaneous observation o, ;. This condition is satisfied by the models and examples
in (Mahajan et al., 2012; Nayyar et al., 2013b;a; Liu & Zhang, 2023). See also § A for more examples
that satisfy this assumption.

Decision-making step: After the communication, each agent ¢ chooses her control action a; p, re-
ceives a reward ry,, and the joint action ay, drives the state to s,+1 ~ Tp (- | sp, ap)-

Strategies and solution concept At timestep 5, each agent ¢ has two strategies, a control strat-
egy and a communication strategy. We define a control strategy as g7, : 7; ,+ — A;p and a
communication strategy as g;, : 7; p- — M, . We denote by gy = (gih, e 7gfhh) the joint
control strategy and by ¢g7* = (g7, - ,g",) the joint communication strategy. We denote by
Gi'n,Gi'h, 91 9" the correspondin’g spaces of 9i'n> 9in 9h- 9h' > respectively.

The objective of the agents in the LTC problem is to maximize the expected accumulated sum of
the reward and the negative communication cost from timestep A = 1 to H: Jz(gf. 5, 977y) =

Ec |:ZhHl(Th — k)

the system evolution, given the strategies (g, g77 ). With this objective, for any ¢ > 0, we can
define the solution concept of e-team optimum for L as follows.

9.1 g{’fH] , where the expectation E is taken over all the randomness in

Definition 2.2 (¢e-team optimum). We call a joint strategy (g, g77y) an e-team optimal strategy
of the LTC L if maxgs . ego . gm, ecm, Je(91.0, 90 m) — Jc(98. 1, 910) < €

2.2 Information Structures of LTC

In decentralized stochastic control, the notion of information structure (Witsenhausen, 1975; Maha-
jan et al., 2012) captures who knows what and when as the system evolves. In LTC, as the additional
sharing via communication will also affect the IS and is not determined beforehand, when we dis-
cuss the IS of an LTC problem, we will refer to that of the problem with only baseline sharing. In
particular, an LTC £ without additional sharing is essentially a Dec-POMDP (with potential base-
line information sharing), as defined in §E for completeness. We call a Dec-POMDP induced by L
as the problem without additional sharing, (as defined in F.3).

(Strictly) quasi-classical ISs are important subclasses of ISs, which were first introduced for decen-
tralized stochastic control (Witsenhausen, 1975; Mahajan & Yiiksel, 2010; Yiiksel & Basar, 2023)
(see the instantiation for Dec-POMDPs in §F.2). An IS that is not QC is non-classical (Mahajan
et al., 2012; Yiiksel & Basar, 2023). We extend such a categorization to LTC problems as follows.

Definition 2.3 ((Strictly) quasi-classical LTC). We call an LTC L (strictly) quasi-classical if the
Dec-POMDP induced by L (cf. Definition F.3) is (strictly) quasi-classical. Namely, each agent in
the intrinsic model of D, knows the information (and the actions) of the agents who influence her,
either directly or indirectly.

Note that intrinsic model (defined in F.3) is oftentimes used for discussing information structure,
where each agent only acts once throughout the problem evolution, and the same agent in the state-
space model at different timesteps is now treated as different agents.

3 Structural Assumptions and Hardness

It is known that computing an (approximate) team-optimum in Dec-POMDPs, which are LTCs with-
out information-sharing, is NEXP-hard (Bernstein et al., 2002). The hardness cannot be fully cir-
cumvented even when agents are allowed to share information: even if agents share all the informa-
tion, the LTC problem becomes a Partially Observable Markov Decision Process (POMDP), which
is known to be PSPACE-hard (Papadimitriou & Tsitsiklis, 1987; Lusena et al., 2001). Hence,
additional assumptions are necessary to make LTCs computationally tractable. We introduce several
such assumptions and their justifications below, whose proofs can be found in §B.
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Recently, (Golowich et al., 2023) showed that observable POMDPs, a class of POMDPs with rela-
tively informative observations, allow quasi-polynomial time algorithms to solve. Such a condition
was then generalized to the joint emission function of Dec-POMDPs in (Liu & Zhang, 2023) . As
solving LTCs is at least as hard as solving the Dec-POMDPs considered in (Liu & Zhang, 2023) ,
we first also make such an observability assumption, to avoid computationally intractable oracles.

Assumption 3.1 (y-observability (Golowich et al., 2023)). There exists ay > 0 such that Vh € [H],
the emission Oy, satisfies that Vb1, by € A(S), (D)Zbl — @Zbg”l > ’y||b1 — bng.

However, Assumption 3.1 is not enough when it comes to LTC, if the baseline sharing IS is not
favorable, in particular, non-classical (Mahajan et al., 2012). The hardness persists even under a
few additional assumptions to be introduced later (as shown in Lemma B.3).

Hence, we will focus on the quasi-classical LTCs hereafter. Indeed, QC is also known to be critical
for efficiently solving continuous-space and linear decentralized control (Ho et al., 1972; Lamperski
& Lessard, 2015). However, in our discrete setting, even QC LTCs may not be computationally
tractable: the additional sharing may break the QC IS, and introduce computational hardness. We
formalize this intuition with the following discussions on when QC may break, and computational
hardness results to justify the associated assumptions.

Firstly, QC may break by additional sharing, if an agent influences others (only) via such sharing,
while others cannot fully access the information used for determining the communication action.
Indeed, the general communication-strategy space in §2.1 allows the dependence on agents’ private
information, making this case possible. We show that this causes computational hardness in general.

To avoid this hardness, we thus focus on communication strategies that only condition on the com-
mon information. Intuitively, this assumption is not unreasonable, as it means that which historical
information to share is determined by what has been shared (in the common information). Note that,
this does not lose the generality in the sense that the private information p; ;,— can still be shared.
It only means that the communication action is not determined based on p; ;,-, and the additional
sharing is still dictated by z';, = ®i,n(Pi n—>min) (cf. Assumption 2.1), depending on p; 5,—.
Assumption 3.2 (Common-information-based communication strategy). The communication
strategies take common information as input, with the following form:

Vie[n],he[H], gih:Ch — Min. 3.1

Secondly, QC may break by additional sharing if it makes an agent influence others(’ available
information) by sharing her control actions, while these other agents were not influenced by the
agent in the baseline sharing, and thus did not have to access the available information that the agent
decided her control actions upon. We make the following two assumptions to avoid the related
pessimistic cases, followed by the hardness results when they are missing. The common idea behind
the hardness results in both Lemmas B.5 and B.6 exactly follows from this insight.

Specifically, in some special cases, the action of some agents may not influence the state transition.
Such actions are thus useless in terms of decision-making, when there is no information sharing.
However, if they were deemed non-influential, but shared via additional sharing, then QC may break
for the LTC problem. We thus make the following assumption, followed by a justification result.

Assumption 3.3 (Control-useless action is not used). For each i € [n],h € [H], if agent i’s ac-
tion a;;, does not influence the state sj41, namely, Vs, € S,ap € Ap,al, € A;p,a,, #
i by Tn(- | nyan) = Th(-|sn, (@], a—in)). Then, Vh' > h,a;p & - and a;p & Tprs.

Note that other than the justification above based on computational hardness, Assumption 3.3 has
been implicitly made in the IS examples in the literature when there are uncontrolled state dynamics,
see e.g., (Nayyar et al., 2013a; Liu & Zhang, 2023). Moreover, we emphasize that for common cases
where actions do affect the state transition, this assumption becomes not necessary.

Other than not influencing state transition, an action may also be non-influential if the emission
functions of other agents are degenerate: they cannot sense the influence from previous agents’
actions. We thus make the following assumption on the emissions, followed by a justification result.
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Assumption 3.4 (Other agents’ emissions are non-degenerate). For Vh € [H],i € [n], O_; , satis-
fies Vb, by € A(S),b1 # by, OL, by # QL by,

Finally, for both the baseline and additional sharing protocols, we follow the convention in the
series of works on partial history/information sharing (Nayyar et al., 2013b;a; Liu & Zhang, 2023;
Sudhakara et al., 2021; Kartik et al., 2022) that, if an agent shares, she will share the information
with all other agents. We make it more formally as follows.

Assumption 3.5. Viy,io € [n],h1,hy € [H],i1 # i2,h1 < ha, if 0(0i, n,) C U(Tiz’h;), then

0(0iy.h,) C O’(Ch;), and if o(a;, pn,) C U(Tiz’h;), then o(a;, n,) C a(ch;); if 0(04, n,) C

O’(TiQ,h;), then 0 (04, p,) C a(ch;), and if o(a;, p,) C a(ri%h;), then o(a;, p,) C a(ch;).

As will be shown later (cf. Theorem 4.1), LTCs under Assumptions 3.2, 3.3, 3.4, and 3.5 can
indeed preserve the QC/sQC information structure after additional sharing, making it possible for
the overall LTC to be computationally tractable, as we will show next. Some more examples that
satisfy these assumptions can also be found in §A.

4 Solving LTC Problems Provably

We now study how to solve LTC provably, via either planning (with model knowledge) or learning
(without model knowledge). Proofs of the results can be found in §C.

4.1 An Equivalent Dec-POMDP

Given any H-steps LTC L, we can reformulate it as an 2 H-steps Dec-POMDP D/ such that £ and
D, are equivalent. The elements in the odd timestep 2h — 1 of D, is constructed from elements of
communication step (h™) in £, and the elements in the even timestep 2/ of D/ is constructed from
decision-making step (h™) in £. We defer the formal reformulation in §C.1. The Dec-POMDP D,
inherits the QC IS from £, formally stated as follows.

Theorem 4.1 (Preserving (s)QC). If £ is (s)QC and satisfies Assumptions 3.2, 3.3, 3.4, and 3.5,
then the reformulated Dec-POMDP D/ is also (s)QC.

4.2 Strict Expansion of D,

Despite being QC/sQC, it is not clear if one can solve D, without computationally intractable ora-
cles. Note that, to the best of our knowledge, the only known finite-time computational complexity
results for planning in such decentralized control models were in (Liu & Zhang, 2023), which were
established under the strategy independence assumption (Nayyar et al., 2013a) on the common-
information-based beliefs (Nayyar et al., 2013b;a). This SI assumption was shown critical for com-
putation (Liu & Zhang, 2023) — it eliminates the need to enumerate the past strategies in dynamic
programming, which would otherwise be prohibitively large. Thus, we need to connect QC/sQC to
SI-CIB for tractable computation.

Interestingly, under certain conditions, one can connect QC with SI-CIB for the reformulated Dec-
POMDP D,. As the first step, we will expand the QC D, by adding the actions of the agents who
influence the later agents in the intrinsic model of D/ to the shared information. We denote the
strictly expanded Dec-POMDP as DTL. We replace the notation in D, by the “notation in Dz. The
horizon, states, actions, observations, transitions, and reward functions remain the same, but the sets
of information py,, ¢, 7, Di.n, Ti,n, are different: for any h € [H|,7 € [n]
&n = U{dze|j € Inlt < h,o(Fe) Co@)}, Pin = Bin\dis |t < h,o(Fir) C o(@)}.
“4.1)
It is not hard to verify that Dz is sQC (as shown in Lemma C.3). Also, as shown below, a benefit
of obtaining an sQC Dz is that, it is SI-CIB (as shown in Theorem C.5), making it possible to be
solved without computationally intractable oracles as in (Liu & Zhang, 2023). Furthermore, we can
get the solution of D, by solving DTL (as shown in Theorem C.4).
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4.3 Refinement of D}L:

Despite of being SI, DTL is still not eligible for applying the results in (Liu & Zhang, 2023): the
information evolution rules of Dz break those in (Nayyar et al., 2013a; Liu & Zhang, 2023). To
address this issue, we propose to further refine the Dz to obtain a Dec-POMDP D’ﬁ, which satisfies
the information evolution rules. We replace the ~ notation in DI: by the “notation in D’;. The

elements in D', remain the same as those in DI:’ except that the private information at odd steps is
now refined as p; o, 1 = Pi+— \Cor—1-

The new Dec-POMDP D/, is not equivalent to DE in general, since it enlarges the strategy space
at the odd timesteps. However, if we define new strategy spaces in D/, as ?i,gt,l t Cor1 —
Aioi-1,Gio : Tior — Ao foreacht € [H],i € [n], and thus define G, to be the associated joint
space, then solving Dz is equivalent to finding a best-in-class team-optimal strategy of D/, within
space G, 77, as shown below.

Theorem 4.2. Let Dz be an sQC Dec-POMDP generated from L after reformulation and strict
expansion, and D/, be the refinement of Dz as above. Then, finding the optimal strategy in Dz is
equivalent to finding the optimal strategy of D’ in the space G, 37, and D/, satisfies the information
evolution rule. Furthermore, D/, has SI-CIB with respect to the strategy spaces G,z i.e., for any
h e [H],5h € 8,Py, € Phych € ChyGrp—1,91.h—1 € G1:n—1, it holds that

D _ i~ _ DL _ - _
Ph,ﬂ(sh’ph |Ch, G1.n—1) = ]P)hﬁ(shvph | Ch»9/1:h—1)~ 4.2)

4.4 Planning in QC LTC with Quasi-polynomial Time

Now we focus on how to solve the SI-CIB Dec-POMDP D/, computationally tractably, which has
been studied in (Liu & Zhang, 2023). Given any such a Dec-POMDP D, (Liu & Zhang, 2023) pro-
posed to construct an (e, €, )-expected-approximate common information model M through finite
memory (as defined in §C.6), when D/, is y-observable. ¢, and €, here denote the approximation
errors for rewards and transitions, respectively, for which we defer a detailed introduction to §C.6).

Hence, we can leverage the approaches in (Liu & Zhang, 2023) to find the optimal strategy g by
finding an optimal prescriptions [ - under each possible ¢, .77 with backward induction over the

timesteps h = H,---, 1. Meanwhile, it is worth mentioning that at each step h € [H], it requires
maximizing the ()-value functions (as defined in §C.6) as follows
(/g\ih(' | /C\h7 ')7 o 7./g\:<17h(. |/c\h7 )) A argmaXQ;—?M (/C\}“ ’Yh) (43)
Th

Note that solving Eq. (4.3) is NP-hard in general (Tsitsiklis & Athans, 1985). Hence, the guarantee
for the algorithms in (Liu & Zhang, 2023) also relies on the tractability of the one-step team-decision
problem (Tsitsiklis & Athans, 1985). Note that this assumption is minimal for the computational
tractability of finding a team-optimum in Dec-POMDPs/LTCs, since otherwise, even the H = 1 case
is intractable (Tsitsiklis & Athans, 1985). That said, the structural results so far still hold without
this assumption, and the hardness results in §3 still hold even with this assumption.

Assumption 4.3 (One-step tractability). Eq. (4.3) can be solved in polynomial time.

Assumption 4.3 is satisfied for several classes of Dec-POMDPs with information sharing (Liu &
Zhang, 2023), which could result from structures of either the decision-making components of the
model, or the information structures. We also include several such structural conditions in §G for
completeness. With this assumption, we can obtain a planning algorithm with quasi-polynomial
time complexity (cf. §C.7), and also shown in the Fig. 6 in §J.

4.5 LTC with Quasi-polynomial Time and Samples

Based on the previous results on planning, we are ready to solve the learning problem without
model knowledge with both time and sample complexity guarantees. Now, one can only sample
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from £, making it difficult to obtain an SI ch from L as before. Fortunately, the reformulation
step (§4.1) does not change the system dynamics, but only maps the information to different random
variables; the expansion step (§4.2) only requires agents to share more actions with each other,
without changing the input and output of the environment; the refinement step (§4.3) only recovers
the private information the agents had in the original £. Therefore, we can treat the samples from £
as the samples from D’.. This way, we can utilize similar algorithmic ideas in (Liu & Zhang, 2023)
to develop the learning algorithm for LTC problems.

Specifically, we construct an (e, €, )-expected approximate common information model that de-

pends on some given a strategy §13ﬁ that generates the data for such a construction, which we
denote by M(g*H), and thus denote (e, €) as (e,.(M (§1f)), e.(M(g+H))). For such a model,
one could simulate and sample by running the strategy " in the true model D/.. The choice of

§1;ﬁ will be carefully specified to ensure M (%) to be a good approximation of D’,.. Then one

can learn an empirical estimator M (G"H) of M (') by sampling under g and solving the
planning problem in M (g''#’). Meanwhile, the sample complexity analysis of such an algorithm
will depend on the notion of length for the approximate common information, denoted as L. We de-

fer the formal introduction for M (ghH), L, and corresponding algorithm to §C. Finally, we present
our main results for learning in the LTC problem.

Theorem 4.4. Given any QC LTC problem L satisfying Assumptions 3.1, 3.2, 3.3, and 3.4,
we can construct an SI-CIB Dec-POMDP problem D). such that the following holds. Given

a strategy gliﬁ, ./T/l/@l:ﬁ) satisfying Assumption 4.3, and L, where each g" is a complete

strategy with ngﬂh = Unif(A) for h € [H], we define the statistical error for estimat-

ing M(g“H) as €apa (VT ,L). Then, there exists an algorithm that can learn an e-team-
optimal strategy for £ with probability at least 1 — J;, using a sample complexity No =
poly(max¢ g [Prl, max, ¢z [Cnl, H, max, ¢ g7 [An|, max, ¢ 77 |On) log(1/61), where € :=

poly(€apa, e (M(g5H)), e.(M(g ). Specifically, if £ has the baseline sharing protocols as in
§A, there exists an algorithm that learns an e-team optimal strategy for £ with both quasi-polynomial
time and sample complexities.

S Solving General QC Dec-POMDPs

In §4, we developed a pipeline for solving a special class of QC Dec-POMDPs generated by LTCs,
without computationally intractable oracles. In fact, the pipeline can be extended to solving general
QC Dec-POMDPs, which thus advances the results in (Liu & Zhang, 2023) that can only address
SI-CIB Dec-POMDPs, a result of independent interest. Without much confusion given the context,
we will adapt the notation of LTC to studying general Dec-POMDPs: we set ht = h~™ = h and
void the additional sharing protocol. We extend the results to general QC Dec-POMDPs as follows.

Theorem 5.1. Consider a Dec-POMDP D that satisfies Assumptions 2.1 (e). If D is sQC and
satisfies Assumptions 3.3, 3.4, and 3.5, then it has SI-CIB. Meanwhile, if D has SI-CIB and perfect
recall, then it is sQC (up to null sets).

Perfect recall here (Kuhn, 1953) means that the agents will never forget their own past information
and actions (as formally defined in §D). Note that Assumption 2.1 (e) is similar but different from
perfect recall: it is implied by the latter with o; 5, € 75 5,. Also, Assumptions 3.3, 3.4, and 3.5 were
made for LTCs, and here we meant to impose them for Dec-POMDPs with h™ = h~ = h. Finally,
by sQC up to null sets, we meant that if agent (i1, k1) influences agent (is, ho) in the intrinsic
model of the Dec-POMDP, then under any strategy g, 37, 0(Ti, n,) C 0(Ti,.h,) €xcept the null sets
generated by g,.77, where we add ~ for all the notation in the Dec-POMDP. Given Theorem 5.1
and the results in §4, we illustrate the relationship between LTCs and Dec-POMDPs with different
assumptions and ISs in Fig. 1 in §H, which may be of independent interest.



Principled Learning-to-Communicate in Cooperative MARL: An Information-Structure Perspective

Acknowledgment

The authors acknowledge the support of the U.S. Army Research Laboratory and the U.S. Army
Research Office under contract/grant number W911NF2410085, and the NSF CAREER Award
2443704.

A Examples of QC LTC

In this section, we introduce 8 examples of QC LTC problems, and 4 of them are extended from
the information structures of the baseline sharing protocol considered in the literature (Nayyar et al.,
2013a; Liu & Zhang, 2023). It can be shown that LTC with any of these 8 examples as baseline
sharing is QC.

Example 1: One-step delayed information sharing: At timestep h € [H], agents will share all
the action-observation history in the private information until timestep h — 1. Namely, for any
h e [H]i¢€ [n],ch- = cgh—1y+ U{on_1,an_1} and p; - = {051}

Example 2: State controlled by one controller with asymmetric delayed information shar-
ing: The state dynamics and reward are controlled by only one agent (without loss of gener-
ality, agent 1), ie., ']Th(-|sh = Sh,al,h = A17h7a,17h = Al,h) = Th(-|sh = S;“al)h =
Avpya—1n = A" 1) Ru([sh = Shya1n = Arpya—1n = A—1n) = Rul-| s = Sh,a1n =
ALh?a—lJl = ALl,h) for all S;, € S, Al,h S Al,h,, A—l,h S ./4_17},,, ALl,h S ./4_17},,.
Agent 1 will share all of her information immediately, while others will share their informa-
tion with a delay of d > 1 timesteps in the baseline sharing. Namely, for any h € [H],i # 1,
ch- = C¢(h—1y+ U{a1,n—1,01n,0-1,n—d}, P1p- = 0,05 n- = Pi,(n—1)+ U {0in}\{0in—a}-
Example 3: Information sharing with one-directional-one-step-delay: For convenience, we
assume there are 2 agents, and this example can be readily generalized to the multi-agent case.
In this case, agent 1 will share the information immediately, while agent 2 will share information
with one-step delay. Namely, ¢;- = {o11},p11- = 0,p21- = {o21}; forany h > 2,i €
[nLChf = C(p—1)+ U {01,h,702,;;—17%},]?1,}1* = @,pz,hf = {02,h}-

Example 4: Uncontrolled state process: The state transition does not depend on the action of
agents, i.e., Th(~ | sp = Sp,ap = Ah) = Th(~ | sp = Sp,an = A;l) for any sj, € S, a;L,ah c Ay
All agents will share their information with a delay of d > 1. For any h € [H]|,i € [n], ¢;- =
cth—1)+ U{on—a},pin- = pi,(h—1)+ U{oin}\{0in—a}-

Example 5: One-step delayed observation sharing: At timestep h,h € [H], each agent has
access to observations of all agents until timestep i — 1 and her present observation. Namely, for
any h € [H],i € [n], - = cg—1y+ U{on—1} and p; - = {oin}.

Example 6: One-step delayed observation and two-step delayed control sharing: At timestep
h, h € [H], each agent will share the observations history until timestep 2 — 1 and actions history
until timestep h — 2 from the private information. Namely, for any h € [H],i € [n],¢;- =
cth—1y+ U{on-1,an-2},0i h— = {04, @i n—1}.

Example 7: State controlled by one controller with asymmetric delayed observation sharing:
The state dynamics and reward are controlled by only one agent (i.e., system dynamics are the
same as Example 2). Agent 1 will share all of her observations immediately, while others will
share their observations with a delay of d > 1 timesteps in baseline sharing. Namely, for any h €
[H],i# 1,cp,- = C(h—1)+ U {01,h>071,h7d}7p1,h— = ®7pi,h— = Piy(h—1)+ U {oin}\oin—a}-
Example 8: State controlled by one controller with asymmetric delayed observation and
two-step delayed action sharing: The state dynamics and reward are controlled by only one
agent (i.e., system dynamics are the same as Example 2). At timestep h, h € [H], agent 1 will
share all of her observations immediately and her actions history until timestep h — 2, while others
will share their observations with a delay of d > 1. Namely, for any h € [H|,i # 1,¢,- =
Ch—1)+ U{o1,n,01,n—2,0-1h—d}sP1.h- = {a1,n—1},Din- = Diy(h—1)+ U{0in}\{0in—a}.
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In fact, the first 4 examples are all sQC LTC problems, while the other 4 examples are QC but not
sQC problems, as shown in the following lemma.

Lemma A.1. Given an LTC problem L. If the baseline sharing of £ is one of the first 4 examples
above, then L is sQC. If the baseline sharing of L is one of the last 4 examples above, then £ is QC
but not sQC.

Proof. Let D denote the Dec-POMDP induced by £ (cf. E.3). We prove this lemma case by case.
For convenience, we use * in the notation for the elements in D .

Example 1: The information in D, evolves as Yh € [H],i € [n],én = {01.h_1,01.h_1}
and p;p, = {0;n}. Then, for any 41,30 € [n],h1,ha € [H],hi < ho, Tiyn, =
{01:hy—15 G120y —1, 05 by } C Chyg1 € Eny € Tighys and @4y py C Cnyq1 € Eny C Tiyh,. There-
fore, we have (7, 1,) C 0(Fiy.h, ), and thus £ is sQC.

Example 2: The information in D, evolves as Vh € [H|,i # 1,¢ =

{a1,1:h-1,011:h—1,0-11:h—d}, D1,n = 0,pin = {0ih—at+1:n}y. Then, for any i1,is €
[n],h1,he € [H],h1 < hg. If 43 # 1, then agent (i1, hq) will not influence agent (is, hs).
If iy = 1, then 745, n, = {01,1:h1501,1:0—1,0—1,1:h1—d} S Chy41 S CEhy S Tiyohy, and

@iy e C Chit1 € ény, C Tiyn,. Therefore, we have o (7, p,) € o(Tiy,n,) if agent (i1, h1)
influences agent (iz, ha), and thus £ is sQC.

Example 3: The information in D evolves as Vh € [H], ¢, = {01.h-1,G1.n—1,01.} and 1, =
(D’p27h = {Oi,h}- Then, for any 11,19 € [n],h1,h2 S [H],hl < ha, C.Lihhl - éh1+1 C éhg -
7"7;27}12. If i1 = 1, then 7'—1'1,h1 = {0.1:;,,1_1,('11:h1_1,(')17h1} - éh1+1 - éh2 - 7.'i2,h2- If 71 = 2, then
Tivhy = {01:hy501:0 -1} C ény41 C ény C Tiy.n,. Therefore, we have o(7i, h,) € 0(Tig hs)>
and thus £ is sQC.

Example 4: Since in Dy, for any i1,i € [n], hi,he € [H], agent (i1, hy) does not influence
agent (iz, hs), then £ is sQC.

Example 5: The information in D, evolves as Vh € [H],i € [n],¢, = {01.n—1} and p; p,
{éi,h}- Then, for any 11,79 € [n], hl, hy € [H},hl < hao, 7;1'17}L1 = {0.1;}“_1,0.1'17},,1} - éh1+1
¢hy C Tiy.h,- However, agent (1, 1) may influence agent (1,2) but o(a1,1) € o(71,2). Hence,
is QC but not sQC.

Example 6: The information in D, evolves as Vh € [H],i € [n],¢n = {61.n-1,01.n—2}
and p;p, = {0in,ain—1}. Then, for any i1,io € [n],h1,he € [H],h1 < ho, Ty, p, =
{01:h1 =1, @10y =2, Oiy by s Gy hy—1F € Ehyt1 C ény C Tig hgs ad @iy hy C Enyg1 C Ehy C Tig ho-
However, agent (1,1) may influence agent (2,2) but o(dy,1) € o(72,2). Hence, £ is QC but not
sQC.

Example 7: The information in D, evolves as Vh € [H|,i # 1,¢ =

-
L

{011:h-1,0-1,1:h—a}, P1.h = 0,0in = {0in—d+1:n}. Then, for any i1,i2 € [n],h1,he €
[H],h1 < hg. If iy # 1, then agent (i1, hy) will not influence agent (iz, ho). If i1 = 1, then
Tivhi = {01,1:h1,0-11:h—d} C 41 C én, C Tiyn,. Therefore, we have o(7;, 5,) C

o (Ti,.n,) if agent (i1, hy) influences agent (iz, he). However, agent (1, 1) may influence agent
(1,2) but o(@1,1) € o(71,2). Hence, L is QC but not sQC.

Example 8: The information in D, evolves as Vh € [H],i # 1l,é =
{61,1:h=1,81,1:h=2,0—1,1:h—a}, P1,h = {@1,h—1}Di,h = {0ih—a+1:n}. Then, for any 41,90 €
[n], h1,he € [H],h1 < hg. If i1 # 1, then agent (i1, hy) will not influence agent (ig, ho). If
iv = 1, then 7, n, = {01,1:hy, 01,0, —1,0-1,1:h1—d} € €hy41 € Chy € Tig,hy. Therefore, we
have o (7, .5, ) C 0(Ti, 1, ) if agent (i1, hy) influences agent (i, h2). However, agent (1,1) may
influence agent (2,2) but o(a1,1) € o(72,2). Hence, £ is QC but not sQC.

This completes the proof. O
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B Deferred Details of §3

Remark B.1. In the following proofs, for clarity, we use O, A, M, C, P, Z to denote the realiza-
tions of random variables o, a, m, ¢, p, 7 with the same subscripts.

As a preliminary, we first have the following lemma.

Lemma B.2. Given any QC LTC L, its induced Dec-POMDP D, and any iy,4g € [n],hi,hy €
[H]. If agent (i1, hy) influences agent (i, ho) in the intrinsic model of Dy, then for the random
variables 7, oo Tia s in £, we have O'(Til h;) C U(TiQ.h;). Moreover, if £ is sQC, then for
random variables @i, n,, 7;, - in L, we have o(a;, n,) C O’(Tiz}hz— ).

Proof. We denote by 7;, p,,7i,.n, the information of agent (i1, h1), (i2, h2) in the problem Dp.
From the definition of D, being QC, if agent (i1, h;) influences agent (ia, ha), then o (7;, p,) C
0(Tiy.hsy)- Since for any h € [H],i € [n],7; ; is the information of agent (i, h) without additional
sharing, then we know that 7; ;- \7i.n € Ul 28, 75+ \ 70 C UR, 2. Therefore, we know that
U(Til,h; \Firn) C© a(Upsi2f) C U(Ch;) < U(Ch;) < U(Q;,,h;
0 (Tig.hy) C U(Tiz,h;). Thus, we can conclude that o(7; ,—) € O’(Ti%h;). Moreover, if L is sQC,

). Also, we know o (7, n,) C

then from the the definition of D, being sQC and agent (i1, k1) influences agent (iz, ho) in D, it
holds that o/(ai, ,n,) € 0(iy,n,) € (7, =)- O

B.1 Hardness results

Lemma B.3 (Non-classical LTCs are hard). For non-classical LTCs under Assumption 3.1, 3.2, 3.3,
3.4, and 4.3, finding an %—team optimum is PSPACE-hard.

Lemma B.4 (QC LTCs with full-history-dependent communication strategies are hard). For QC
LTCs under Assumption 3.1, together with Assumptions 3.3, 3.4, and 4.3, computing a team-
optimum in the general space of (Gf. 5, Gi"yy) with GJ%}, := {g[}, : Tin- — M} is NP—hard.
Lemma B.5 (QC LTCs without Assumption 3.3 are hard). For QC LTCs under Assumptions 3.1,
3.2,3.4 and 4.3, finding a team-optimum is still NP-hard.

Lemma B.6 (QC LTCs without Assumption 3.4 are hard). For QC LTCs under Assumption 3.1,
3.2, 3.3, and 4.3, finding an ¢/ H-team optimum is still PSPACE-hard.

B.2 Proof of Lemma B.3

Proof. We first have the following proposition on the hardness of solving POMDPs.

Proposition B.7. There exists an ¢ > 0, such that computing an e-additive optimal strategy in
POMDPs is PSPACE~hard.

One can adapt the proof of (Lusena et al., 2001, Theorem 4.11), which proved the
PSPACE-hardness of computing an e-relative optimal strategy in POMDPs, to obtain such a
result for an e-additive one. In particular, any e-additive optimal strategy in the POMDP constructed
in the proof of Theorem 4.11 therein is also an e-relative optimal strategy.

Now we proceed with the proof of Lemma B.3 based on the Proposition B.7. Given any POMDP

P = (87, A7, 07 {0} Yneiur), {Th Yneimr), {R], Yhe(rre), 1] ), we can construct an LTC £ as

follows:

 Number of agents: n = 3; length of episode: H = 2H?".

* Underlying state space: S = S x [2]. For any s € S, we can split s = (s',5?), where
st € 87, s? € [2]. Intial state distribution: Vs € S, u1(s) = u (s1)/2.

« Control action space: Forany h € [H|, A1, = A7, Asp, = [2], A3, = {0}.
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e Transition functions: For any h € [H — 1],8p,8h41 € S,an € Ap, if h = 2t — 1
with t € [HP],Th(she1|sn,an) = Tf(S}H_l |s,11,a1,h)]1[s%l+1 = s7]; if h = 2t with
te[H? — 1], Th(sht1 | sn,an) = ]l[s,lH_1 = S}L,S%H = ag p).

« Observation space: Forany h € [H|,if h = 2t—1witht € [H?],01, = O, 05, = O3, = S;
if h =2t with t € [HP], Ol,h = [2},027}1 = Og)h =38.

* Emission matrix: Forany h € [H],if h = 2¢t—1 witht € [H],Yop, € Oy, s, € S,Qp(on | sn) =
@5(01’}1 ‘ S}lL)]l[OQ’h = 03,h = Sh]; if h = 2t witht € [HP],VOh S Oh,sh c S,(O)h(oh | Sh) =
L[o1,n = $},,02,h = 03,h = Sh].

* The baseline sharing: null.

* The communication action space: For any h € [H|,M; ), = M, = {0,1}2=1 M3,

{0,1}". For any i € [2,pin- € Pin-bin@in-,min) = {oixlk < h,(2k —
1)-th digitof p; - is land 0, € p;p-} U {a;x |k < h,2k-thdigitof p; ,— is 1 and a; 1 €
Pin-} U {min}. For agent 3,p3;- € Psp—,d3n(Psn-m3n) = {osplk <

h, k-th digit of ps - is 1 and 03, € p3 j,- } U {ma.n}.

* Reward function: For any h € [H],i € [3],sp, € S,ap € Ap, if h = 2t — 1 with
t € [HP),Rn(sn,an) = RY (s}, a1,n)/H;if h =2t witht € [H”], Rp,(sp, an) = Lag = 1].

» Communication cost function: For any h € [H], zp € Z¢, Kp(2) = L[z # {my}]. It means
that the communication cost is 1 unless there is no additional sharing.

» We restrict the communication strategy only to use ¢y, as input. And for any t € [H — 1], we
remove as ¢ in 7, for any h > t.

We first verify that such a construction satisfies Assumptions 3.1, 3.2, 3.3, 3.4, and 4.3.

» [ satisfies Assumption 3.1, 3.4 because both agent 2 and agent 3 have individual ~-observability.
That is, for any by, by € A(S),7 = 2,3, we have

107, (01 =bo)[li = D> | D (ba(sn) = ba(sn))0in(0in | sn)]

0; h€0p sRES

- Z \ Z (b1(sn) — ba(sn))L[oin = snl|

Oi,heoh spES

= Z \bl(Oi,h) - bz(Oi,h)\ = |[b1 — ba[1-

0, h€O

» [ satisfies Assumption 3.2 because we restrict communication strategy can only use ¢y, as input.

* [ satisfies Assumption 3.3 since only a3 ¢, ¢t € [H — 1] do not influence underlying state, and we
remove as ; from 73, for any h > t.

» [ satisfies Assumption 4.3 since it satisfies the Turn-based structures condition in §G, with
ct(2t — 1) = 1,ct(2t) = 2 forany t € [HT].

In this LTC problem L, agent 2 will always choose a;2; = 1 at even steps to obtain 7o, = 1.
And there will be no additional sharing since any additional sharing at timestep h will incur a com-

P
munication cost k5, = 1 > max Zil Rot—1(S2t—1,a92:—1), and thus it cannot achieve optimum.
Therefore, state s7,h € [H] are dummy states, and agents 2,3 are dummy agents. Then, any

M, *

(91751>91.37) being an ;-team optimal strategy of £ will directly give an e-team-optimal strategy of
P as {91751 }nepure). From Proposition B.7, we can complete the proof. O

B.3 Proof of Lemma B.4

Proof. We prove this result by showing a reduction from the Team Decision problem (Tsitsiklis &
Athans, 1985).

Definition B.8 (Team decision problem (TDP)). Given finite sets Y7, Y5, Uy, Us, a rational proba-
bility mass function p : Y7 x Y5 — Q, and an integer cost function ¢ : Y7 X Yo x Uy x Us — N,
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find decision rules ; : Y; — U, ¢ = 1, 2 that minimize the expected cost

Ty = Y ey e, v ) v2(y2))p(y1, v2)- (B.1)
Y1E€Y1,y2€Y2

We show the NP-hardness_of solving LTC from the problem TDP. Given any TDP 7D =
(Y1,Y2,U1,Us, ¢, p,J) with |Uy| = |Us| = 2, let Uy = {1,2},Uz = {1,2}, then we can con-
struct an H = 4 and 2-agent LTC £ with two parameters n; € N,a; € R,as € (0,1) (to be
specified later) such that:

* Number of agents: n = 2; length of episode: H = 4.

¢ Underlying state: S = [2]*. For each s; € S, we can split s into 4 parts as 51 = (s}, 52, 53, s1),

where s, 57, 53, 51 € [2]. Similarly, s2, s3,54 € S can be split in the same way.

* Initial state distribution: Vs; € S, u1(s1) = %.

« Control action space: For the first 2 timesteps, Vi = 1,2, 4,1 = A; 2 = {0}; forh = 3, A; 3 =
[2], A2,3 = {@}, for h = 4, ./4274 = [2], .A174 = {@}

* Transition: Vs € S,a; € Aj,a2 € Az, a3 € A3, T1(s]s,a1) = Ta(s|s,a2) = Ts(s|s,as)
1. Note that under the transition dynamics above, s; = sy = s3 = s4 always holds, for any
s1 €S.

* Observation space: 011 = Oz 1 = O12 = Oz2 = [2]xS, 013 = ifleS,Og,g = ng,OlA =
O34 = S;Foreachi € [2],h € [2],0;, € O, p,, we can split o; , into 2 parts as 0; , = (ozl,h7 oih),
where og’h € [2], 012,11 € S. Foreachi € [n],0;3 € O; 3, similarly, we can split o; 5 into 2 parts as

0i3 = (0j 3,07 3), where o] 5 € Yi, 0j3 €S.

* The baseline sharing is null.

+ Communication action space: For i € [2],h € {1,2,4}, M;; = {0,1}* M;3 = {1,2};
For each i € [2],¢; is defined as Vh € {1,2,4},0in(Pin->min) = {oinlk
h, k-th digit of m; 5, is 1 and 0; 5, € p; - }; For h = 3, if m; 3 = 1, then ¢; 1, (p; 3-,mi3) =
{0i,1,0i3,m; 3} if m; 3 = 2, then ¢ 1, (p; -, mi3) = {04,2,0i,3, M3}

« Emission matrix: Forany i € [2],h € [2],5, € S,0i1 € Ojn, On(on | sn) = 112_,Q; p(0in | 51)
and Q; 1, (0; 5 | sp,) is defined as:

IA

11—« 1 _ i+2h—2 2
6 Oih = Sh »Oih # Sh
_ ) 1-a 1 i+2h—2 2
Oin(oin|sn) = § 562 +az o0, =5, 00, = sn -
0 0.W.

Fori € [2],s3 € S,03 € O3,03(03]s3) = Q}(03|53)03(03 | s3),03 = II7_ 07 5(07 5| s3) is
defined as:

@é(oé | s3) = 15(01,:& 0%,3)

1— 2
07 3(03 | 53) = 6 Oi3 7 83
i,3\93 123 1—ap 2 '
6 + a2 0j3 = 83

And for i € [2],54 € 8,04 € O;4,04(04]|5,) = N7_10;4(0i4|54) and Q; 4(0;.4|84) is
defined as:

1—(12
0i.4 7’5 S4
0i,4(0ia]84) =4 15 ’ :
6. T2 0j4=54
Such an emission matrix means that for each i € [2] and i € [2], agent 7 will accurately observe
part of the underlying state s}l+2h_2 and vaguely observe the whole underlying state s;,. For h =

4,4 € [2], agent i can only vaguely observe the whole underlying state s;,. Such design is to make
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the problem satisfying Assumption 3.1. The reward functions are defined as:

Ri(s1,a1) = Ra(s2,a2) =0, Vs1,s2 € S,a1 € Ay, a2 € As;

R3(83, a3) = {

1 ifa1,3 = Sg ora s = Sg
)
0 ow.

1 ifags = s}l oras 4 = sf’l
0 o.w.

Ra(s4,a4) = {

The communication cost functions are defined as:

Vh € {1,2,4}, z;; € Z5, Kp(z5) = Lif zj; # {mq n, map} else 0;

(ot 3 02 311 Joq if {011,021} C 2§ and {012,022} N 2§

(
& )

a c(o} 3 02 352 J1) o if {012,021} C 2§ and {011,022} N 2§
Ks(23) (0 )
(o )

(I
SIS NS

[

1 3 02 35 1, 2 /041 if {01)17 0272} - Zg’ and {01727 02)1} n Z??
01 )3 02 ,3 2, 2 /051 if {01,2, 0272} Q Zg and {01717 0271} n Zg

[

Let ag = MaXy, yo,ur,us C(Y1, Y2, U, U2), and set a1 = 2¢yy. Under such a construction, £ satisfies
the following conditions:

* Problem L is QC: For Vi1, is € [2], h1, ho € [4], agent (i1, hy) does not influence (iz, ho) because
agent (i1, h1) cannot influence the observation of agent (ig, ha), and baseline sharing is null.

* Problem L satisfies Assumptions 3.1 and 3.4: We prove this by showing that each agent i € [2]
satisfies y-observability. For Vi € [2], h € [2],b1,b2 € A(S), let

100 =b2)lli="D" > 1> (balsn) = ba(s1)Oun(0f 1, 0 1) | 51

o} ,€[2] of,hES ShES

Do D > (bulsn) = ba(sn)Oinl(0f 1,07 0) [ 50)]

02 ,€S o} ,€[2] shES

Z [0S Bulo) ~ bals)loks = 5522 + o1, = su))

0 ,€S8 sn€Sol, €2

Z | (ba(sn) — baf Sh))( 6 2+ azlfo?, = su))l

LES ShES

(b1(sn) = ba(sn))) + a2(b1 (07 ) = b2(0F 1))
shGS

Lh

= Z alby (07 1,) = b2(07 )| = cva|[by — bal|1.
of‘h/ES

For Vi € [2],h = 3,4, the proof is similar, by replacing o; ;, € [2] with o], € Y; for h = 3 and
replacing the space o}, € [2] with () for h = 4.

* Problem L satisfies Assumption 3.3, because control actions a;.4 does not influence underlying
states and we restrict the communication and control strategies do not use them as input.

i,h

* Problem L satisfies Assumption 4.3 since it satisfies the Turn-based structures condition in §G,
with ct(1) = ct(2) = ct(3) =1, ct(4) = 2.

We will show as follows that computing a team-optimal strategy can give us a team-optimal strategy
in 7D. Given (9771, 914" ) to be a team optimal strategy of £, firstly it will have no additional shar-
ing at timesteps h = 1,2,4, namely, for h = 1,2,4,P(z¢ # {mip,mon}|gis,914) = 1,
since any additional sharing at timesteps h = 1,2,4 will incur a cost as high as 1, and can-
not achieve the optimum. Also, for the additional sharing at timestep h = 3, agent ¢ will
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definitely share o; 3 and choose to share 0,1 or 0;5. Then V7 3+ € Tis+,915(T13+) =

02,1 if 02,1 € T1,3+
022 if 02,2 S T1,3+

01,1 if01’1 S T2 4+

and V7y 4+ € Tou+, 954 (T2at) = { , since such ac-

01,2 if 01,2 S T2 4+

. . . _ _ a,* myky\ 4
tion c;u: aC}nl@live the optimal rew%ril Tgm—* ry = 1. The~ref10re, IJ,C (97, 9197) = ED h_ymh —
cnl g 9l = 2 = Bles |y, 91 y] = 2 — E[c(o13,033,m1,3,m23)], where my3 =
913" ({01,1,01,2,01,3}). Since kg is independent of 011, 01,2,0] 3, 01,1,01,2,01 5 are useless in-
formation for agent 1 to choose m; 3 and minimize the x. Therefore, not using them in g7’
does not lose any optimality. Hence, we can consider the ¢7";" that only has 0%73 as input.
. m,* 1 . a,* m,* _
In the same way, we consider the g, 3 that has o; ;3 as input. Therefore, Je(9y,910) =
~r 1 1
€(01,3,03,3:M1,3,M2,3 _m,x 1y My 1\l 1
2— Zo} 3,02 3,m1,3,m2 3 i 913 (m13|013)923 (M2s]o33)p(01 3,033). Then we
can constructy; = g;"3",72 = g3 , Which minimize .J. Therefore, we can conclude that computing
a team optimal strategy of £ can give us a team optimal strategy of 7D. From the NP-hardness

of the TDP problem (Tsitsiklis & Athans, 1985), we complete our proof. O

B.4 Proof of Lemma B.5

Proof of Lemma B.5. We prove this result by showing a reduction from the Team Decision problem.
Given any TDP TD = (Yh Y5, Uy,Us, ¢, p, J) with |U1| = ‘U2| =2, letU; = {17 2}7 U; = {1, 2},
then we can construct an H = 5 and 2 agents LTC L as follows:

* Underlying state: S = [2]*. For each s; € S, we can split 51 into 4 parts as 51 = (s}, 52,53, s),
where s, 52,53, 51 € [2]. Similarly, so, 53, 54,55 € S can be split in the same way.

+ Initial state distribution: Vs; € S, u1(s1) = 75.

* Control action space: For Vi = 1,2, for h = 1,2, A;; = A;2 = {0}; Forh = 3, A; 5 =
{(0,2), (x,0) |z € [2]}; We can write a; 3 = (a; 3,47 3), 0 3,07 3 € {0,1,2}. Forh = 4, A; 4 =
2], A2,s = {0}; For h =5, Ay 5 = [2], A1 5 = {0}

* Transition: Vs € S,a; € Aj,a2 € Ag,a3 € As,aq € Ay, Ti(s|s,a1) = Ta(s|s,a2) =
Ts(s|s,a3) = Ty4(s|s,as) = 1. Note that under the transition dynamics above, s; = s3 = s3 =
s4 = sy always holds, for any s; € S.

* Observationspace: 011 = 021 = 012 = 029 = [2]xS, 013 = ?IXS,OQ’g = ng,(’)lA =
024 =015 =035 =S8;Foreachi € [2],h € [2],0; € O; 1, we can split o; , into 2 parts as
0in = (0} ,,0} ), where o] ;, € [2],07,, € S. Foreachi € [2],0; 3 € O 3, similarly, we can split
0i,3 into 2 parts as 0; 3 = (0} 5,0% ), where o} 5 € ¥;,0%5 € S.

* The baseline sharing is null.

 Communication action space: For i € [2],h € {1,2,3,5}, M;; = {0,1}?"~! and ¢, is
defined as &; »(p; n— min) = {0ik € pin- |k < h,(2k — 1)™ digit of m; p, is 1} U {a; x
Pin- |k < h—1, 2k™ digit of mipis 1} U {m;p}; For h = 4, M4 = {1,2}, ¢s n(pin-,1) =
{0i3,min}, Gin(Pin-,2) = {0i3,ai3,min}

« Emission matrix: Forany i € [2],h € [2],51, € S,0i1 € Ojn, On(on | sp) = 2_,0; p(0in | sn)
and O; 1,(0; 5 | sp,) is defined as:

m

11—« 1 _ _i+2h-—2 2
T6 O n = Sh » 05 # Sh
_ 1— 1 i+2h—2 2
Oin(oinlsn) = 582 +as o)), =s,7"7%, 02, = sp -
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For i € [2],83 S 8703 S 037@3(03|83) @1(03|S3)@3(03|83) 02 = H @ ( L3|S3) 18
defined as:

@é(ozl’, |s3) = 17(0%,& 0%,3)

170(2 2
2 (2 053 # 83
©i,3(03 | 83) = 13;2 Zz — e
6 —+ o 0j3 = 83

And for ¢ € [2],/1 = 4orb,s, € S,Oi,h S Oi,hy@h(oh | Sh) = H?:1@i,h(0i,h ‘ Sh) and
Oi.n(0in | sp) is defined as:

1—O¢2

0i,h 7 Sh
Oin(oin | sn) =9 118, Z e
6. T Q2 Oin=Sh

e Reward functions:

Ri(s1,a1) = Ra(s2,a2) = R3(s3,a3) =0, Vs1,82,53 €S,a1 € Ay, a3 € Az, a3 € As;

1 ifaygs=s%20ray 4= st
) 4 1.4 4,
Ra(s4,04) = 0 ow ;

ifags = sl orass = s3

—_

R5(s5,a5): oW

¢ Communication cost functions:

Vh € {1,2,3,5}, 25y € Z3, Kn(z),) = Lif zjf # {mq p, map} else 0;

~ 1 1
(013,023,11)/a1 1fa15,a23623,a13 0a23—0

o

o1, 3,02 5.2, 1)/ar ifay s a3 € 2§,a7 3 =0,a33 =0
ay _
Ka(z1) =

o

<( )
(01 3,02 3.1,2)/on ifaq3,a03 € zg,ai?) = O,a§,3 =0;
(o} )

o

: 2 042, —
013,033,2,2) /a1 ifays,az3 € 25,073 ="0,a353=0

—_

O0.W.

Let ag = MaXy, yp.uq,us C(Y1, Y2, Ut, U2), Set ;. = 2avp, and restrict agents to decide their commu-
nication strategy only based on their common information. Under such a construction, £ satisfies
the following conditions:

* Problem L is QC: For Vi1, is € [2], h1, ha € [4], agent (i1, hy) does not influence (i2, ho) because
agent (i1, h1) cannot influence the observation of agent (i, ), and the baseline sharing is null.
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* Problem L satisfies Assumptions 3.1 and 3.4: We prove this by showing that each agent i € [2]
satisfies y-observability. For Vi € [2], h € [2],b1, b2 € A(S), let

100 =b2)lli =D > 1> (balsn) = ba(sn)Oun(0f s 07 1) | sn)]

o} ,€[2] 07 , €S snES

Dol D0 D (balsn) = ba(sn)Oun((0f4, 07 1) | 50)]

07 ,€S o} ,€[2] spES

ST S Galon) — balsa) ol = s A2 antlod, = i)

0? ,€S sn€S o}, €[2]

Z | Z (b1(sn) — ba( Sh))(

of‘h/GS spRES

- |1]6a2<2<b1<sh>—b2<sh>>>+a2<b1< 24) = ba(02)

22 4 aglo), = su])|

o?vaS spES
= > oalbi(07,) — ba(0} )] = az||by — bal|1.
O?YhGS

For Vi € [2],h = 3,4, the proof is similar, by replacing o] ,, € [2] with o], € Y; for h = 3 and
replacing the space o] ,, € [2] with {0} for h = 4, 5.

* Problem L satisfies Assumption 3.2 since we restrict agents to decide their communication strate-
gies only based on common information.

* Problem L satisfies Assumption 4.3 since it satisfies the Turn-based structures condition in §G,
with ct(1) = ct(2) = ct(3) = ct(4) = 1,¢t(5) = 2.

Now, we show that any team optimal strategy of £ will give us the decision rules 71, 2 solving 7D.
Let (g1’5, 912" be a team optimal strategy. First, V7, 4~ € T; 4—, 9,4 (Tia-) = 2, otherwise it will
have communication cost x; 3 = 1, and can cannot achieve the team optimum. Define 7.5, 775 as

0) if a; 3 = gZ’; (Ti,3+)7 azl,?) =0
5) O.W.

_ (
VT 3+ € 7;,3+a9§1,3+ (Tig+) = {(

VT4t € Trat, 07 4+ (T1at)

Ti's = 913" 910 = 919, T45 = 945 -

Then, Jz(9%.5,97%5) — J(97%,912") > 0. Hence (g5.5,97%) is a team optimal strategy. Then,
Je(91.5,915) = 2 — Elka | 9.5, 91'5) = 2 — E[r4 | 93], where g§ minimizes 4. Note that 7; 5+ =
{0171, 04,2, oi73}. Since k4 is independent of 0; 1, 0; 2, 01273, they are useless information for agent
1 to choose a; 3 and minimize k4. Therefore, only using 0}73 to determine a; 3 does not lose any
optimality, and we can consider g‘fg that has only 011! 3 as input. In the same way, we consider ggg
that has only o] ; as input. Then, we can construct v, = gi’3,72 = g5 as decision rules that
minimize J. Therefore, we can conclude that computing a team optimal strategy of £ can give us a
team optimal strategy of 7 D. From the NP-hardness of the TDP problem (Tsitsiklis & Athans,
1985), we complete our proof. O

B.5 Proof of Lemma B.6

Proof. We prove this by showing a reduction from the hardness of finding an e-optimal strategy in
POMDP. Given any POMDP P = (87, A", O7 {07 }e(nr)s {Th tneme) ARE Yherae)s 1),
we can construct a LTC £ with 2 agents as follows:
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 Number of agents: n = 2; length of episode: H = H”.

+ S=8PvsecS.

» Initial state distribution: Vs, € S, u1(s1) = pl (s1).

« Control action space: Vh € [H|, Ay, = AL, As, = {0}.

» Transition: Vs, sp11 € S, an € Ap, Tr(snt1 | Shyan) = T (St | S, a1n)-

* Observation space: Vh € [H]|,01, = OF Osp, = S.

« Emission matrix: For any h € [H],Voy, € Op,sp € S, On(on | sn) = OF (01, | sn)L]o2,n = sn).
» Reward functions: For any h € [H],i € [2],5, € S,an € An, Ri(sh,an) = RF (sn,a1.)/H.

* The baseline sharing: For any h € [H], zg ={o1h,a1,h-1}

+ Communication action space: For any h € [H],M;i; = {0}, Mz, = {0,1}". For any

P1h- € Pin—sDon— € Pop—.mn € Mp,d1,0(p1.h-,m1,n) = {min}, d2,n(D2p-mon) =
{09,1 | k-th digit of ps - is 1 and 0, € p; - } U {man}.

+ Communication cost functions: For any h € [H], z; € Z%, Ky (2) = 1[z¢ # {my}]. It means
the communication cost is 1 unless there is no additional sharing.

» We restrict that the communication strategy can only use c¢;, as input, and remove asg ; in 73, for
any h > t.
We first verify that £ is QC and satisfies Assumptions 3.1, 3.2, 3.3, and 4.3.

* Lis QC: For any Yhy < hy < H, agent (2, h1) does not influence agent (1, h2) under baseline
sharing since agent (2, h1) does not influence s}, Vh € [H], then does not influence oy j,, Vh €
[H], and thus not influencing agent (1,hq). For any Vh; < he < H, under baseline sharing,
p1.n- = 0. Then O'(Tlﬁhl—) - a(ch;) - a(ch;) - U(Tlh;).

* L satisfies Assumption 3.1: For any h € [H], b1, by € A(S), O, satisfies

105 (s = b))l =D D > (ba(sn) = ba(sn))On((01,1,02.0) | sn)]

01,,b€EOP 02 €S spES

ST ST (alsn) = ba(sn)Orn(01n | 55)O2n (020 | 1))

02,h€ES 01, €OP sLES

S 1Y (ba(sn) = ba(sn)O2n(o2n [sn) D Ornlonn|sn)l

02,,b€ES spES 01,,€OP

D7D (basn) = ba(sn)) oo = sn

02, €S spES

D [bi(02.n) = ba(o2,n)] = ||br — bal|1.-

Ozy}lES

Y

* L satisfies Assumption 3.2: For any h € [H], we restrict that each agent decides m, j, based on
Ch.

* [ satisfies Assumption 3.3: For any h € [H], aa,j, does not influence sy, 1, and it is removed from
T.

» [ satisfies Assumption 4.3 since it satisfies the Turn-based structures condition in §G, with
ct(h) = 1forany h € [H].

Agent 2 will share nothing through additional sharing, otherwise it will suffer the communication
cost kK, = 1 > max Zf 1 Ru(Sh,an) and cannot achieve optimum. Hence, Agent 2 is the dummy
* m,

player. Therefore, any (917,913 ) be an €/ H-team optimal strategy of £ will directly gives the
e-optimal of P as {¢{"|. ;7 } ne[H]- From Proposition B.7, we can complete our proof. O
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C Deferred Details of §4

C.1 Reformulation of £

Given an LTC problem L, we can reformulate it as a Dec-POMDP D, defined as
(H,S,{A h} {Ol h}ze[n] he[H],T 0, fi1, {Rh}he[H ) as follows

H=2H, §=38, Son_1=5m=5n Aiosn1=Min, Aion=Ain, Gion1=min
Gion = ain, Oson-1=Oin, Oion={0}, Gion1=0in, 0ion =0,

Ton_1(3an | Son—1,a2n—1) = 1[32n = Son_1], Ton(S2ni1|3on, don) = Th(S2nt1 | Fon, dan),
fir = 1, Ron—1=—Kn, Ron =R, Di2h—1 = Pih—» Di2h = Dih+s C2h—1 = Ch—,

~ ~ b ~ a ~ ~
Coh = Cp+, R2h—1 = Zps 22k = 25 Ti2h—1 = Ch—» Ti2h = Tj ht,
(C.1)

Note that, at the odd timestep 2k — 1, we set 7; 25,1 = ¢, under Assumption 3.2, i.e., in D, each
agent only uses the common information so far for decision-making at timestep 2h — 1. Correspond-
ingly, for any h € [H ] i € [n], we denote by g; p, g, the (joint) strategy and by gl,h, Gy, the (joint)

strategy spaces. Similarly, the objective of D is defined as Jp,(g,.77) = Ep, [Zthl ™h| 9.5
Essentially, this reformulation splits the H -step decision-making and communication procedure into
a 2H-step one. A similar splitting of the timesteps was also used in Sudhakara et al. (2021); Kartik
et al. (2022). In comparison, we consider a more general setting, where the state is not decoupled,
and agents are allowed to share the observations and actions at the previous timesteps, due to the
generality of our LTC formulation. The equivalence between £ and D is more formally stated as
follows.

Proposition C.1 (Equivalence between £ and D). Let D, be the reformulated Dec-POMDP from
L, then the solutions of the two problems are equivalent, in the sense that Vg7, € Gy, 9%.4 €
ngJ. € [ ]’ let §1;ﬁ = (gin’gtllv T 7gnHlvg(I%I)’ then JDa (gl;ﬁ) = J[/(g{r:LH’gtll:H)' Also, vﬁl;ﬁ S
Grpi € [nl et gy = (G1,33, 95 1), 9% = (92,94, 37)» then Je (gl gfp) =
JDL (91 H)

C.2 Proof of Theorem 4.1

Proof. We prove the following lemma first.

Lemma C.2. Let the £ be the QC LTC problem satisfying Assumptions 3.3, 3.4, and 3.5, and D be
the reformulated Dec-POMDP. Then for i1, i2 € [n],t1,t2 € [H], if agent (i1, 2t1) influences agent
(i2,2t2) in D, then o (7, tf) Co(r, t;) in £. Moreover, if £ is sQC, then o(a;, +,) C o(7,, 252_).

Proof. We prove this by cases.

* If a;, +, influences the underlying state s¢, 11, then from Assumption 3.4, agent (i1, ¢1) influences
O—iy t,+1, SO there must exist i3 7 1, such that agent (41, ¢; ) influences 0;; ¢, +1. From part (e) of

Assumption 2.1 and t; < to, we know 0, ¢, 41 € Tis,(t+1)~ Tist, EVED under no additional

sharing, and then we get agent (i1, ;) influences agent (i3, t2) in D (the Dec-POMDP induced
by £). From Lemma B.2, it holds that a(Tiht;) C 0(7'7;3 t;). From Assumption 3.5 and i3 # i1,
we know O’(Til,tl—) C U(Ct;) - O'(Tiz,tz—). (Similarly, if £ is sQC, we have o(a;, ¢,) C O'(Tigﬂt;)
from Assumption 3.5, and o(a;, +,) C a(ct;) Co(r, t;) from Assumption 3.5).

e If a;, ;, does not influence s;, 41, from Assumption 3.3, Vt > t1,a;, ¢, & 74— and a;, 1, ¢ Ty+.
Then in D, agent (i1,2t1) does not influence 7; 04, +1,V: € [n], hence it does not influence
@;2t,+1, Vi € [n]. Then it does not influence Z2;, 41, and further does not influence 7; 24, +2 and
Qi 2t,+2, Vi € [n]. From induction, we know agent (i1, 2¢;) does not influence agent (iz, 2t2),
which leads to a contradiction.
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This completes the proof of this lemma. O

We now go back to prove the theorem. Firstly, we prove the QC cases. To show D is QC, we need
to prove Vi, ia € [n], h1, ha € [H], if agent (i1, hq) influences agent (iz, ho) with hy < ho, then
0(Tiy.hy) C 0(Tiy,n, ), Where we use 7 5, to denote the available information of agent (i, h) in D.
We prove this by considering the following cases:

1. If hy = 2t; — 1 with ¢; € [H], by the construction of D, and Assumption 3.2, we have 7;, p, =
Chy = ¢~ C Tiy,hy» since common information accumulates over time by definition, and will
1

always be included in the available information 7; 5, in later steps. Thus, o(7i, n,) C 0(Tiy ns)-

2. If hy = 2t1,he = 2ty with t1,t2 € [H], then 7, 5, = Tintr = Tiyem Y z{ by definition.
Consider agent (i1,1) and (i2,?2) in £. From Lemma C.2, we know o(7;, i ) C o(r, trZ) -

c7(7'i2 ) - Also, 28 Cer Cepr C Tigit = Tiy h, DY the accumulation of ¢j,+ over time. Thus,

12 1 2 "2
we have o(Ti, hy) C 0(Tig hp)-

3. If hy = 2t1,h2 = 2ty — 1,191,120 € [H], then 771'2,}12 = Ehz’ then Ji3 € [Tl]ﬂig 7é 7;1,’771'2’}12 -
Chy+1 C Tig hy+1. Fromagent (i1, hq) influences (iz, ha ), we know agent (i1, h1) also influences
agent (i3, ha + 1) in D, hence agent (iy,t1) influences agent (iz,t2) in £. Since L is QC,
we know o (7 i ) € o(r, i ). From Assumption 3.5 and i1 # i3, we know o (7, p,) =

o) C i ) = (o)

Second, we prove the sQC case. In D, for Viq,is € [n], hy1,hgy € [}NI], agent (i1, hy) influences
(42, ha). From the proof above, we know o (75, 1, ) C 0(Ti,.h,). We only need to prove o (a;, n,) C
0'(7'1'2’]12).

1. If hy = 2t; — 1 with ¢; € [H], then we know a;, 5, = m;, ;. From Assumption 2.1, we know
that m;, ¢ C 2{ ;. Then we get o(ai, n,) € 0(Zi, ny+1) € 0(Chy) € 0(Tiy hy)-

2. If hy = 2t1,he = 2ty with t1,t2 € [H], then from Lemma C.2, we know that o(a;, »,) C
U(Fig,hg)'

3. If hy = 2ty,he = 2ty — 1,t1,t2 € [H], then Ty, p, = Cn,, then Jig € [n], i3 # 1, Tiy 0, <
Chyot+1 C Tig ho+1. From agent (i, hq) influences (ig, ho), we know agent (i1, by ) also influences
agent (i3, ha + 1) in D, hence agent (i1, 1) influences agent (ia,t2) in L. Since L is sQC,
we know U(aiht;) - U(Tis’t;). From Assumption 3.5 and i; # i3, we know o(a;, p,) =
o(ai ) C O'(Ct;) = 0(Tigha)-

This completes the proof. O
Lemma C.3. If D, is QC, then D is sQC.

C.3 Proof of Lemma C.3

Proof. From the construction of D, since DL requires agent to share more than D, it is easy to
observe the fact that Vh € [H],i € [n],¢n C ¢n, Tin S Tih-
Letiy,i2 € [n],h1, he € [H],h1 < hg, and agent (i1, h1) influences agent (iz, h2) in Dz.

o If hy = 2t; — 1 with ¢; € [H], then h; is communication step. So 7i, p, = Cp, C Cp,, and
Qiy by = M4y ¢, C Cpy41 C Cp, from Assumption 2.1. Therefore, we have o (75, 1, ) U0 (@i, hy) C
O’(éhl) Q 0(7&1'2’}12).

o If hy = 2t1,he = 2ty — 1 with t1,t, € [H], then 7;, p, = &h,. If agent (i1, h1) does not
influence (i2, ho) in D, but agent (i1, hy) influences (42, he) in DE, then it means ;, , € i, hs
but @;, », ¢ Ti, h,- This can only happen when o(7;, n,) C o(cp,) € 0(éh,), and @;, p, C

Ch,. Also, from the construction of DI., we know that Ti1 1 \Tir.ha C Cn,. Therefore, we have
G(%i17h1) U a(ai17h1) < U(Ehz) C 0.(7\11:27h2).
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If agent (i1, h1) influences (iz, h2) in D, then from QC of D, we know that o (7;, 1, ) C 0(¢h, ),
then from the construction of DL, we have @;, p, € &p,. Still, we have 7, »,\Ti,.n, C Cn,.
Therefore, o (7, 1, ) U0 (@iy.hy) S 0(Tig hs)-

o If hy = 2t1,hy = 2ty with ¢1,ty € [H]. If agent (i1, h1) does not influence (is, ho) in D,
then it means sharing @;, 5, leads to the influence. Then, o(7;, n,) € 0(¢h,) € 0(¢n,), and
Eiil,hl - éh2. ‘We can conclude U(%il,hl) U U(az‘l,hl) - U(éhQ) - 0'(7v'i2’h2).

Now we consider the case that agent (i1, h1) influences (ig, ha) in Dg. If i1 # ia, then we have
Tis,he < Tiyhy. From Assumption 3.5, and i; # iz, we know 73, p, C Cp,. Then, from the
construction of Dz, we have a;, p, C ¢p,. Finally, we have o(7;, ,) U 0(Giy ny) C 0(Tig ha)-

If iy = io, then from the perfect recall of £, we know that 7;, », U @, n, C T, n,. From
’ﬁil,hl\?’ilyhl - éhl’ we conclude U(%ilahl) U U(ail,hl) - 0(7&2'2,’12)'

This completes the proof. O

Theorem C.4. Let D, be the QC Dec-POMDP reformulated from a QC LTC L, and DTL be the
sQC expansion of D,. Then, for any e-team-optimal strategy ¢* i of DI - there exists a function ¢
such that g7 =~ = ©(g], 4, D) is an e-team-optimal strategy of DL, with Jp, (9} 5) = JDTL (97.1)-
C.4 Proof of Theorem C.4

Proof. We firstly prove that given any strategy gi.p and g1.z = ¢(91.4,Dr), Jp (§1 H) =

Jp, (g1.1r), where the function ¢ is shown in Algorithm 3. Since DT only changes what to
share, 7, = 7, always hold. Then, for any ¢ € [n],h € [H} 7 € Th, let © Tih, Ti,n be the
corresponding information of agent ¢ in DL,DZ, respectively. From Algorithm 3, we know that
i n(Tin) = Gi,n(Tip). This is because, for any a;; € 7, ,\Tin,J € [n],t < h, there must holds
that 0(7;;) C o(¢;,5). Therefore, we can always recover a; , from 7; 5, and g; . As a result, we can
have JDTL (g1:1) = Ip(G1:1H)-

. T . ~ ~ . oo
Since D/ has larger strategy spaces, i.e., max; _ca I (9,.5) < max, ceo JDTC (91.11)-

Let g; ;, be the strategy satisfying JDZ (9].;3) > max. Gn€Cn JD}; (91.77) — €. Then, we have
JDL( (g1 i De)) = JDI;@;FI) Zmax; e JDT (él i) —€ > max GG, Ip,(9,.5) ¢
Then ¢(g}, ;;» D) is an e-team optimal strategy of De. O

Theorem C.5. Let D}L: be an sQC Dec-POMDP generated from L after reformulation and strict
expansion, then Dz has strategy-independent common-information-based beliefs (Nayyar et al.,
2013a; Liu & Zhang, 2023). More formally, for any h € [ﬁ |, any two different joint strategies
J1:n—1 and g, n—1» and any common information ¢, that can be reached under strategy §.,—1, for

any joint private information p;, € Py, and state §j, € S,
DL, o o o DL . o |y u
P, 2 (Sh,Dh | €hy G1:h—1) =Py, “(5n,Dn | Chs Ghin—1)- (C2)

C.5 Proof of Theorem C.5

Proof. To prove that DJr has SI-CIB, it is sufficient to prove that for any h = fI fix
any hy € [h — 1],41 € [n], and for any g.,—1 € glh 1,9“ n € gzl hys let gn, =
(G1hys 3 Giy by ,f]n,hl) and 1., 4 == (G1," "+ +9p,» " » Gn—1), the following holds

P(gfbaﬁ}L | 5h7§1:h—1) - P(E}uﬁh | éh)éi:h—l)' (C3)
We prove this case-by-case as follows:

1. If there exists some i3 # i1 such that o(%, ;) € 0(Tisn),0(diyn,) S 0(Tisn), then from
Assumption 3.5, we know that o (7, »,) € 0(¢n),0(dsi.n,) < 0(5; ). Therefore, there exist
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deterministic functions a1, ae such that 7, p, = @1(¢é4), Giy n, = a2(é,), and further it holds
that

P(5h, Ph | Chs §1:n—1) = P(5n,Dn | 1 (€n), @2(Ch), Ch, Gr:n—1)

=P(5n, Ph | iy by » Qi by s Oy J1:0—1) = P(3n, B | Tiy hys iy hy s Chis Grp—1)-

The last equality is due to the fact that the input and output of g;, p, are 7“'1-’1 o, and dgl b, » Fespec-
tively.

2. If there does not exist any iy # i1 such that o (%, n,) € o(i,,n) OF (i 1, ) € 0(Tiy,n), then
agent (i1, h1) does not influence agent (iz, h) for any is # 4; in Dz because Dz is sQC, and
hy = 2k with ky € [n]. (If hq is odd, then 7;, 5, = ¢n, C ¢, C Tiy o, and Gy, = m; m1 €

2 2
2% 41 = Zp,+1 C ¢, based on Assumption 2.1(b), which leads to a contradiction.) Now, we

2
claim that agent (i1, h1) does not influence state $j,, and does not influences 7;, 5, and prove this
case-by-case as below:

(@) Ifh = 2k—1,k € [n], then ), = (. If agent (i1, h1) influences &, in D}, then agent (i1, h1)
influences s;, in D, (because strict expansion does not change system dynamics). From
Assumption 3.4, we know that she also influences o_;, . Then there exists i3 # i; such
that agent (i1, hy) influences 0;, 5, in Dz. From Assumption 2.1 (e), it holds 0;, j, € Ty p+1-
Therefore, agent (i1, h1) influences agent (i3, h 4 1) in the problem D. From Lemma C.2,
we know a(Til’k;) C 0o(7;,,5-) in L. Furthermore, from Assumption 3.5 and i3 # i1,
it holds U(%,k;) C o(cgx-). Also, from the reformulation, it holds 7;, 5, = Tkt =
Tk U2k, and 2 = Zh, C Cp. Then, we have o(7;, p,) C o(¢p) = 0(Tiy,n). Based

on the strict expansion from D/ to DI , we can get 7, 5, \Tiy.hy C Giyny C Tign, and
iy by, € Cp. Then, it holds that (7%, n,) € 0(Fiz.n),0(Giy by ) C 0(Tis,n), which leads
to contradition of o (7, ,) € o(Fiy,n) or 0(diy 0, ) € 0(Fiy,n). Hence, we know agent
(i1, h1) does not influence state §;,. Additionally, for any is # i1, since agent (i1, hq) does
not influences agent (i2, h), and 7;, ,, = €, = 74, 5, then we know that agent (i1, hq) does
not influence 7;, p.

(b) If h = 2k, k € [n]. If agent (i1, hq) influences §p,, 11, then from Assumption 3.4, agent
(i1, h1) influences 6_;, p,+1, and then there exists 43 # ¢; such that agent (i, k1) influence
0Oig,h,+1. Howver, from Assumption 2.1 (e), we know that 0;, n,+1 € Ti, n, Which means
agent (i1, h1) influences agent (i3, h) and leads to a contradiction. Therefore, we know that
agent (i1, h1) does not influence $j, 11, and further does not influence $j,. Also, from the
Assumption 3.3, a;, n, ¢ Tiy.n, YA’ > hq, and agent (i1, h1) does not influence $p,+1.
This means she does not influence any element in 7;, j,,+1. Therefore, agent (i1, h1) does
not influence 7;, 1,41, and hence does not influence a;, p,+1. In the same way, we know
that agent (i1, h1) does not 7;, 5 and d;, 5, for any b’ > h;. Finally, we conclude that agent
(41, h1) does not influence 7;, n/

Therefore, we know agent (i1, h1) does not influence $j, and does not influence 7; 1, Vi € [n].

P(5h, D0 | €ns §1:n—1) = P(3, Ph, Cn | Chy Gr:n—1) = P(8n, Th | Chy G1:0—-1)
= P(3n, {Ti,n biemn) | ns G1:n—1) = P(Sn, {Fisn Yicn] | €hs G1.) = P(5n Dn | s Glan—1)-

This completes the proof.

C.6 Proof of Theorem 4.2

Proof. Firstly, from the construction of D/, and strategy space G, .77, we know that for any h €
LH]J € [n],Con—1 = Con—1,Aion—1 = Aion—1,Ti2n = Ti2n, Ai2n = Aizn. Therefore,
G, 77 = Y,.j3> and finding a team optimal strategy of D/, in the strategy space G, 7; is equivalent to
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finding a team-optimum of DZ in the strategy space Qvlz i

Secondly, we will prove that the Dec-POMDP D/, satisfies the information evolution rules in the
theorem. For each t € [H|, we define the random variable p; os—1 = p; ;—,P2t—1 = p;—. Recall
that in the reformulation, p; 2s—1 = () rather than D; - Then, from the 2H-reformulation and

Assumption 2.1, it holds that, for any i € [n],h € [H|,if h = 2¢t — 1 with ¢t € [2 : H]

Zn = Xt(Ph—1,@n—1,0n), Dih = &i,t(Pih—1, Gi,h—1, 0i,h);

if h = 2t with t € [H], then

Zh = ¢¢(Ph—1,ah—1), Dih = Di,h—1\Pi,t Di,h—1, @i h—1),

where x:, §; + are fixed transformations and ¢y, ¢; 5, are additional-sharing functions. Then, we can
construct the {Xy, 41 } ey 186,41} icn), nem accordingly as follows:

e If h = 2t — 1 with t € [H], for any pj,_,,Gn—1,0n, since p,_; = pPp—1 from construc-
tion of D/, we can select a p,_1 that Pp_1 can be generated from pp_; through expansion
(such pp_1 might not be unique). Then, define X}, (Py,_1,ar—1,0n) = Xt(Ph—1,8r—1,0p) U
{ajahl |.7 € [n]vhl < h’aj7h1 € ﬁh—laa(?—th) < U(Eh)}\(ﬁh—l\ﬁh—l)' Since x; is a
fixed transformation and we remove the py,_1\p,,_; part from Zj, the value X},(P},_1, @r—1,0n)
is the same no matter what p,_; we select, and thus such %; is well-defined. Similarly,
we can define &; 1, (P; ,—1,@ih—1,0i0-1) = &it(Pish—1,8i,h—1,0i0)\{@ihy [ P12 < h,@ip, €
Pin—1,0(Tiny) € o(Cn) I\Dih—1\Di h—1)-

» If h = 2t with t € [H|, for any p;,_;,ax—1, from the construction of D)., we can select a pj_1
that p,,_; can be generated from pj,_1 = p;- through expansion (such py,_1 might not be unique).
Also, it holds that 6, = 0, then define X}, (P_1,@n-1,0n) = &t(Ph—1,an-1) U {@jn, |J €
[n],h1 < h,@jn, € Pr1,0(Tjn) S o(Cn)\Pr-1\Dp_1)- Still, since ¢, is the addition-
sharing function, which part of py_; to share only depends on @;_1, and not depends on the
value of pj,_1, and we remove the pj,_1\p,,_, part from Zj, the value of X}, (D;,_1,@r—1,0n)
is the same no matter what p,_; we select, and thus such Y, is well-defined. Similarly, we
can define &; j,(D; p—1,@i,h—1,0i,h—1) = Djp—1\{@ipy [M1 < h@ipy € Djj—1,0(Tiny)
o (cn) }\@it(Di,n—1, @i n—1)-

Therefore, the common and private information of D/, satisfies that

Chi1 = Ch UZni1, Zht1 = Xpo1(Pns Gy Ong1)

for each i € [n],p; 41 = & py1(Din» ik Oint1)s

with some functions {X, 1} em> 1€in11icp) nefm: B
Thirdly, we prove that such a Dec-POMDP 12’5 is SI with respect to the strategy space G.77. This is
equivalent to that for any i € [2: H],55 € S, Py, € Pp,Cn € Cpyix € [n],hy <Ay Grp—1,G5, 5, €

gil:hl’ let g/l:h—l = (gl,la o agil—l,hl 7gél,h1a T 7§n,h—1)’ it holds that
D.,_ _ o _ D, _  _ i _
Py “(Sn,Pp [ hs Grin—1) = Py “ (Sns Dy | Chy J1:n—1)- (C4)

We prove this case by case. If h = 2t with ¢ € [H], then from the result of Theorem C.5, it holds
that

Dh o~ DL
Ph Brs P 1 Chy G1on1) = P;L (5h,Pn | Chy G1on—1)
DL, De =
=P}, (3n,Pn |Ch, G1in—1) = P, “ (51, Py, | Ths Grin—1)-
If h = 2t — 1 with ¢ € [H], and hy = 2t; — 1 with ¢; € [H], which means that @;,, corresponds

to the communication action in previously L. Then it holds that ¢,, C ¢, a5, n, = m; mt1 € Ch,
T2
then

D _ i~ _ D, _ - _ _
Phc(sh,ph |Ch, G1n1) = Phﬁ(shyph, |Ch17ai1,h1acha91:h—1)

D = _ R _ D.,_ _ i _
= Phﬁ(shaph | chua‘il,huchmgl:h—l\gil,h]) = Phc(shaph | Chvg/l:h—l)7
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where the second equality is because the input and output of g, ; are ¢, and @;, p,.

If h = 2t — 1 with ¢ € [H], and hy = 2t; with t; € [H], which means that h; is in the control
timestep, then if agent (i1, hy) influences the underlying state 5p,, 11, then from Assumption 3.4, we
know that there exists io # 4, that, agent (i1, 1) influences o;, +, and thus influences agent (i, )
in problem £ even there is no additional sharing. From QC of £ and Assumption 3.5, we know that
O'(Til)tl—) C 0(7i,t-) € o(ce). Also, from 7;, ;- \Tihti%— C ¢4+, we get J(Tilﬁ) C o(ct). After
reformulation, we have o(7;, »,) C o(¢p,). From the definition of strict expansion in Eq. (4.1), we
have @;, p, € Cn, and o(7;, p,) C o(¢r). Then, we conclude

D, _ o _ D, _ _ _
Py, “nsPrlChs Grn—1) = Py “ S, Pr | Tis has @in ha's Chiy Grn—1)
D, _ _ — —_ D, _ o _
= PhL(S}“ph | Ti1,h1aail,huchvgl:h—l\gil,hl) = Phﬁ(shaph ‘ Ch’gll:h—l)v

where the second equal sign is because the input and output of g;, ), are 7;, p, and @;, p, .
If agent (41, hq1) does not influence the underlying state Sy, +1, then from Assumption 3.3, @;, 5, ¢
Th, for any ho > hq. Then, agent (i1, hq1) will not influence S, and p;,. Then, it directly holds that

DL DL
P, (Shvph‘chagnhq) =P, (8hsPn | Chy G1:0—1),

which completes the proof. O

C.7 Important Definitions of SI Dec-POMDP

Given a Dec-POMDP SI D’ﬁ obtained from £ after reformulation, strict expansion and refinement.
In this part, we only need to discuss how to solve this D/,. Recall that we use ~ for the notation of
the elements and quantities in D/,

First, we define the following quantities.

Definition C.6 (Value function). For each ¢ € [n] and h € [H], given common information ¢, and
strategy g;. . the value function conditioned on the common information is defined as:

H
VIPE(@) = B2 Ry (5@, By) 7], (C.5)
h'=h

where Ry takes Sy, Gp/ , Py as input, since after reformulation, the reward may come from com-
munication cost, which is a function of p;,, and G- .

Definition C.7 (Prescription and Q-Value function). Prescription is an important concept in the
common-information-based framework (Nayyar et al., 2013b;a). The prescription of agent ¢ at
the timestep h is defined as v; 5, : fi,h — ﬁ@h. We use 73, to denote the joint prescription and
I'; », ' to denote the prescription space. The prescriptions are the marginalization of strategy g,
i.e., ¥i,n(*1Pin) = Gin(-|Ch,P; ). Then we can define the Q-value function as

H

9.D% D/, = — — _

WUE @) =BG | Y R (S @ B3 [y | - (C.6)
h'=h

Remark C.8. In this paper, for any Dec-POMDP D', generated by an L after reformulation, strict
expansion, and refinement, we only consider the strategy spaces at odd timesteps as G 2¢—1 :
Cat—1 — Aj2¢—1 and aim to find the optimal strategy in these classes. Therefore, we define the

prescription spaces at odd timesteps as Vh € [H],i € [n], T 2p—1 = Ai2n—1,Ton—1 = Aop_1.

Definition C.9 (Expected approximate common information model). We define an expected ap-
proximate common information model of D/, as

M= <{é\h}he[ﬁ]v {ah}he[ﬁ]a {]P)hM’Z}he[ﬁ] y Fv {ﬁﬁw}he[ﬁo ; (C.7)



Principled Learning-to-Communicate in Cooperative MARL: An Information-Structure Perspective

where I’ 1s the Jomt prescription space, Ch is the space of approximate common information at
step h. IP Ch x T, — A(Zj,41) gives the probability of Zj 1 under ¢, and 7. RM :

CAh x Ty, — [0,1] gives the reward at timestep h given ¢ and 7. Then, we call that M is an
(e7(M), €, (M))-expected-approximate common information model of D/, with some compression
function Compress;, such that ¢;, =Compress;, (¢, ) satisfies the following:

* There exists a transformation function qASh such that
¢ = ¢n(Ch-1,%n), (C.8)
where Zj, = ¢, \¢,—1 in D/.
* For any g,.;,_; and any prescription 7, € I'y, it holds that

]E?L ‘ ,DQL [ﬁh(ghmahmﬁh) |5h»7h] - ﬁ#(ehafyhﬂ S GT(M)' (Cg)

A1:h—1,01:h~G1:h—1

» For any g,.,_; and any prescription 7, € I'y, it holds that

D/, D’ _ M,z ~
B minmgin o PR S C 1) = B2 ([ Ch, )1 < ex(M). (C.10)

Definition C.10 (Value function under M). Given an Dec-POMDP D’,and its expected approxi-
mate common information model M. For any strategy g,.77 € G,.77. h € [H], we define the value
function as

G M— S - _
V};q " (Ch) *RhM (Compressh(ch), {gj,h(' ‘ Ch,, ')}je[n])

EM [y M c e e (C.11)
+ \% (€h41) | Compress,, (1), {G; 1 (- 1Ty ) Y jepm])-

Definition C.11 (Model-belief consistency). We say the expected approximate common informa-
tion model M is consistent with some belief {IF’QA’C@;,, s Pn | Ch) fhepm if it satisfies the following
foralli € [n], h € [H]:

M,z — ~
Py (Zhtt | Chy ) = E (C.12)
ShyPp>Qh,Oh41:
Xh+1(Dp @h,On+1)=Zh41

(B Gns @) an = ()] Y- Talnss |50, @)Onss @net [5051)), (C13)

Sh+1

R @royn) = >, B (n, By @) Llan = 7a(Bn) R (50, @n)- (C.14)

Sh,PpsGh

Definition C.12 (Strategy-dependent approximate common information model). Given a model M
(as in Definition C.9) and H joint strategies g**/, where each g" € Gy.y for h € [H], we say M
is a strategy-dependent expected approximate common information model, denoted as M (rBH), if
it is consistent with the strategy-dependent belief {]P’Tr D (8h,Pn | Ch) }nerm (as per C.11). we say
Misa strategy-dependent expected approximate common mformatwn model, denoted as /\/l( Y
if it is consistent with the strategy-dependent belief {IP’g “(5h,Dn | Ch) }nerm (as per C.11).

Definition C.13 (Length of approximate common information). Given the compression func-
tions {Compress;, }nec(r4+1], We define the integer L > 0 as the minimum length such that

there exists a mapping fp Amax{l.h7Z}:h71 X @max{l h—T+1}h CAh such that for
each h € [H + 1] and joint history {01.n,d1.n—1}, We have fh(xh) = ©p, where z;, =

{a’max{h—z,l}’ Omax{h—z,1}+1’ T @h—1, Oh}'
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C.8 Main Results for Planning in QC LTC

Finally, we provide the formal guarantees for planning in QC LTC.

Theorem C.14. Given any QC LTC problem L satisfying Assumptions 3.1, 3.2, 3.3, 3.4, and 4.3,
we can construct an SI Dec-POMDP problem D/, such that for any € > 0, solving an e-team op-
timal strategy in D/, can give us an e-team optimal strategy of £, and the following holds. Fix
€r, €, > 0 and given any (e, €,)-expected-approximate common information model M for D/, that
is consistent with some given approximate belief {Pfl\/l’c(gh,;ﬁh | h) e Algorithm 1 can com-

pute a (2He, + erz)-team optimal strategy for the original LTC problem £ with time complexity
max,, ¢ 7] ICh| - o1y (IS, |Anl, |Pn], H). In particular, for fixed e > 0, if £ has any one of base-
line sharing protocols as in § A, one can construct a M and apply Algorithm 1 to compute an e-team
optimal strategy for £ in quasi-polynomial time.

Proof. We divide the proof into the following three Parts.

Part I: Given any QC LTC problem L satisfying Assumptions 3.1, 3.2, 3.3, and 3.4, we can
construct an SI Dec-POMDP problem D/, such that finding an e-team optimal strategy can give us
an e-team optimal strategy of £, as shown in Algorithm 1.

We can construct a Dec-POMDP D/, from £ through Algorithm 1. From Proposition C.1 and
Theorems C.4, C.5. We know that D/, is SI and an e-team-optimal strategy of D/, can give us an
e-team optimal strategy of L.

Part II: Given any e-expected-approximate common information model M of the Dec-POMDP
D/, there exists an algorithm, Algorithm 6, that can output an e-team optimal strategy of D/,.

First, we need to prove that solving M can get the e-team optimal strategy of D). We prove the
following 2 lemmas first.

Lemma C.15. For any strategy g, 77, and h € [H], we have

H—h+1)(H—h)

[ thl:ﬁvplg (Eh) _ thl:ﬁvM(Eh)H < (ﬁ —h+ 1)€r + ( D)

EP:
91|73

6.. (C.15)

Proof. We prove it by induction. For h = H + 1, we have thlﬁ’p,ﬂ (en) = thl:ﬁ’M(Eh) =0.
For the step h < H, we have

ngﬁ H‘/’?l:ﬁy'pﬁ (ch) — V}?l;ﬁ7M @]

D, = = — _ —_ _ = ~ — _
<Eg“_ [HEDC [Ru(Sh:an,bp) [en {T;0C 12n )} jem] — R @n {G,0 (- 120, ')}je[n])q

+EP:

gl:ﬁ7’1)’£7 =
E_ DL v (€h UZhy1)]
gH[ Zn1~By, £ 1en G0 Gl en ) bem))

g :E’M — _
B (b Ve (@R Y Zh+1)”]
- D/, D’ _ M, —~
<ér+ (H o h)E y 1»51;hN§1;h71HPhﬁ(' | chvryh) - Ph Z(' | chv’)/h)Hl

a1:h—
D! 9Dl Iy VI
+ Eal?h—lyal:h'\'gl:h_l [‘th—&-f L(Ch+1) - Vif—i—lH (Ch+1)|i|
(H—h)(H—h—1)
2

<ér + (H —h)e, + (H — h)e, + €,

(H—h)(H—h+1)
2 =

<(H —h+1)e +

The proof mainly follows from the proof of Lemma 2 in (Liu & Zhang, 2023). But the dif-
ference is that D, may not satisfy Assumption 2.1. In the third line of this proof, we had
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_ DL~ (= _ _ .
Zni1 ~ P2 (-1, {91 (- [ €y ) }jem)), where Zp, 41 is generated as

’ /

D _ Do =
PhL(ZhH |Ch;'7h) = Z Phﬁ(sh, Ph | Ch)
ShES,PLEPH
> Th+1Bnt1 1 5n, 70 Bn))Oni1 @nt1 1 30+1) L X1 (Bro 10 (B, On1)],
5h11€8,0n11€0n41
with v, = {G; 5 (- |Chs ) }jemn)- O
Lemma C.16. Let g* — be the strategy output by Algorithm 6, then for any h € [H],¢, €

Ch 1.7 € G177 it holds that

M

Vh?l;ﬁvM(Eh) < thlcﬁ’ (@n). (C.16)

Proof. We prove it by induction. For h = H + 1, we have VE l:ﬁ’M(Eh) = th M

For the timestep h < H, we have

(en) = 0.

M - M S
VI ) = EM [P @n) + Vi @net) | hs G

< EM[FM (@) + thjrf“ (Ch+1) [Ch, 9171
= Q)M (En, {7 1%)}sem)

< QT @, (T (- | E8) )

= v M (g,).

For the first inequality, we use the 1nduct10n hypothesis. For the second inequality sign, we use the

property of argmax in algorithm and Vi 1M (Tn) = th 1H ’M( 1 ). By induction, we complete the

proof. O

We now go back to the proof of the theorem. Let g* g1 77 be the solution output by Algorithm 6, then
forany g, 77 € G,.7. h € [H], ¢ € Cp, we have
Dy 91.m5D% (= 917D
Egpe, [V P ) - v,

I @

(@)

M M

gDILH |:(V§1:ﬁv’Dlz: (@) — thfzﬁ’ (Eh)) + (thf:ﬁ’ (@) — Vg;;ﬁ”D/L (Eh))}

<8 (0~ ) (5 -V )
(Hfh)(H—thl)6 (th)(ﬁchrl)e

:Q(F—h+1)6T+(F—h)(2ﬁ—h+1)ez i

<(H—-h+1)e + +(H —h+1)e. +

(C.17)
For the first inequality, we use Lemma C.16. For the second inequality sign, we use Lemma C.15.

Then apply h = 1, we have Jp, (9,.77) < Jp., (4] ) + 2He, + F2ez. This completes the proof of

gl ‘H
Part II.

Part III: If the baseline sharing of L is one of the 4 cases in §A, we can construct an expected-
approximate common information model of D’,.
3kkk We first prove following lemmas: We aim to bound (e, €, ) using the following lemma.
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Lemma C.17. Given any belief {P;L\A’C(Eh,ﬁh} nerm) consistent with the expected-approximate-
common-information model M, it holds that for any h € [H],Cp, s € T:

D/, _ M, ~ D), _ M,c ~
2% 1en, ) = By (1 eh )l < APy 2 (- [ n) — B 0C, - [ en)lln,
/ - S M~ D’ _ : ~
[EPZ[RA(Sh, @h, Br) | 1] — R @ )| < (PLEC - [@0) = BYYC(, - [ @),
where ¢, =Compressy, (¢, ).

Proof. Adapted from Lemma 3 in (Liu & Zhang, 2023) by changing the reward function of
ri.h(Sh,an) 10 Ry(Sh,an,P,). Note that the latter can still be evaluated given the common-

information-based belief, ]P’hD/‘ (Sh,Dn, | Cn)- O

Then we geﬁne the belief states following the notation in (Golowigh et al., 2023; Liu & Zhang,
2023) as by (0) = p1, bp(@1:n—1,01:n) = P(Sr = - |01:0, @1:n—1), br(@1:n—1,01:0-1) = P(Bn =
| 01:h—1,@1.n—1), where b € A(S). Also, we define the approximate belief state using the most
recent L-step history, that

—/ . — —
by, (@h—r:h—1,0n—L+1:h—1) = P(3), = - | Sp—r ~ Unif(S), @n—r:h—1,0h—L+1:h)
—r _ _ _ ) _ _
by, (@h—r:h—1,0h—L+1:h—1) = P(8h = | Sp—r ~ Unif(S),@p—r:h—1, Oh—L+1:h)-

Also, for any set N C [n], we define @y 5, = {@; 5 }icn, and the same for G, ,. We can also define
the belief of states given historical observations and actions as follows: for any N C [n],

by (@1:n—1,01:h—1,0N,1) = P(8p = - | @1:1h—1,01:0—1, 0N 1)
—/ . — — —
by, (@h—r:h—1,0h—1+1:h—1,0N,1) = Pr(Sp = | Sph—r ~ Unif(S), @h—r:h—1,0h—L+1:h—1,ON,h)-

Then, we have the following lemma.

Lemma C.18. There is a constant C' > 1 such that the following holds. Given any LTC problem £
satisfying Assumption 3.1, and let D), be the Dec-POMDP after reformulation, strict expansion and
refinement. Let € > 0, fix a strategy g, 77 and indices 1 < h—L < h—1 < H.IfL>Cy™* log(f),
then the following set of inequalities hold

- B - _
Eay 1 01n~g, 108 (@1:0—1,01:0) — by (@h—L:n—1,0n—L+1:0) |1 < e (C.18)
0 B — B

Eay 1010~y 100(@1:0-1,01:0—-1) = b, (@h—rL:h—1,0n—L+1:0-1)[[1 <€ (C.19)

- B B - B B
Bz, 1510~y 100 (@1:—1,01:n—1,0N,1) — by (@h—L:h—1,0n—L41:n—1,0n.1)|[1 S e (C.20)
Proof. Given any LTC problem £, we can construct a Dec-POMDP D that the transition and obser-
vation functions of D are the same as £. And the information of D is fully sharing, which means it

shares all the 01.;,_1, a1., as common information at timestep h. Since D/, " is reformulated from L,
we have

B(@1n—1,00) = byags (@, g s 0r, ) = by (@, g 0y, )

e
bn(@1n1,01n1) = by (0, s 01, )) = by (@ a5 01, )-

And for the approximate belief state, we have
—/
Ohotr @n-roh OnLovtn) = Bnga (0 g o o O ape 22 )
= bgn ) (@ oty ), O nmts s )
B;l(ahfL:hflaahfLJrl:h)

— B N -« .
= by (@ agn p ngr s O pmpin g g ) = B (@ 2ty 2t 5 Oy imps ).
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Also, since for any ¢ € [H], @21 are communication actions, oo; = () is null, and S3;—1 = 3oy
always holds. Then we can write Eq. (C.18) and Eq. (C.19) as

—
NS 2y th(a1 h—1,01:1) — by (@n—r:h—1,0n—L+1:0)|[1 <€ (C21)
{aze},of " {G2e—1}, 7

~91.7

_ B o B
L N S ) ( 1:h—1,01:h—1) = b, (@n—r:n—1,0n—L+1:n—1)|[1 <€ (C22)
{aze} - “Aoz—1ti-f ~oimw

E

Since D has a fully-sharing IS, for any i € [n],h € [H] and information Tih, Ti,2h, We have

o(Tin) € o(7; =y ). Therefore, given any strategy g,.z7, We can construct a strategy .z such
R :

that, for any @1.5,—1,01.4

h+

({QQt}t 1 {02t 1}t 1

: |91 H) P(ELLL%WOLL%J ‘ng)

Since D satisfies Assumption 3.1, we can apply the Theorem 10 in (Liu & Zhang, 2023) with g1.
to get the result that there is a constant Cy > 1 such that if L’ > Cpy~™* 1og(€), the following holds

Ba, jnor )0, nr ~inn (C.23)
1By gy Gy, aga s O ) = Blass (g 22Ot prpn o Dl S e (C24)
N (C.25)
1B g2 (@, 2, 00 ) = Blg (@22 Oy g gl S e (C26)

We choose C' = 3Cy, L = 2L + 1. If L > Cy~* log(g), there must have L' > Coy~* log(g).
Therefore, we directly get Eq. (C.21) and Eq. (C.22).
For Eq. (C.20), we cannot directly apply Theorem 10 in (Liu & Zhang, 2023), but we can slightly
change the Eq. (E.11) of Theorem 10 in (Liu & Zhang, 2023) as
D, T =

Ea5 1 01n~g, 5100 (@101, 01:0—1,0N,1) = by (@h—L:h—1,0n—L11:h—1,0N 1)1 <€ (C27)
It still holds if the posterior update F'¢(P : 01 ;) is changed to F'9(P : on ), when applying Lemma
9 in the proof of Theorem 10 of (Liu & Zhang, 2023). Therefore, we can use the same arguments to
prove Eq. (C.20) from Eq. (C.27) as above, and this completes the proof. O

Then we can compress the common information using a finite-memory truncation. Here, we discuss
case-by-case how to compress it for the 8 examples of QC LTC given in §A. Note that after refor-
mulation, strict expansion, and refinement, Examples 5 and 6 will be the same as Example 1, and
Examples 7 and 8 will be the same as Example 2. Therefore, we can categorize the examples in §A
into 4 types.

Type 1: Baseline sharing of £ is one of Examples 1, 5, 6 in §A. Then, common information should
be that for any ¢ € [H],¢—1 = {01.2¢0—2,G1:20—2},C2r = {01:26-2,G1:20-1,0N20-1}, N C [n],
where N is the set of agents choose to share their observations through additional shar-
ing, and N can be inferred from ¢p;. Then we have that IPZC_ 1(B2t—1,D9p_1 |C2t—1) =

b2t—1(al:2t—2, 61:2t—2)(§2t—1)@2t—1(5215—1 |§2t—1)' Fix compress length L > 0, we
define the approximate common information as Copp—1 = {@2t—1-L:2t—2,02t—L:2t—2 ]
and the common information conditioned belief as Pé\f_’cl (S32¢—1,Das_1 | C2t—1) =
bot—1(G2t—1—-r1:2t—2, 02t~ 1:2t—2) (52t—1) Doy 1 (02¢—1 | 52¢—1). Also, we have
DL T _ _ _ _ -
Py~ (Sat, Dot | C2¢t) = bor—1(A1:2t—1,01:2¢—2,0n,2e—1) (S20—1)Por—1(0— N 261 | S2¢—1, 0N, 20—1)-
Fix  compress length L > 0, we define the approximate com-
mon information a Cat = {@2t—1-1:2t—2,02t—1:2t—2, 0N 2t—1}» and

. . .. . M/ — 1~ .
the  common  information  conditioned  belief as P, “(Sot, Doy | Cor) =

—/
boi_1(@at—1-1:2t—2, 02t~ 1:2t—2, 0N,20—1) (S20—1)Por—1(0-nN 20—1 | S2t—1, 0N 20—1)s where
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= = = Oy, _1(ON,2¢—1,0-N,2¢—1 | F2t—1)
Pot—1(0-n,2t—1|52¢e—1,0N,2¢—1) =

EBLN 21 @2171(5N,2t—175LN‘2t,1 |S2¢—1)"

Now, we need
to verify that Definition C.9 is satisfied.

* The {Ch} ),z satisfied the Eq. (C.8) since for any h € [H], €1 © T UZh.

* Note that for any ¢; 1 and the corresponding ¢2; 1 constructed above:

D), _ M, ~
P21 (- 12n) = P2y (- [ @)l

= Z b2 1(@1:20-2,01:26-2) (526-1) Oz —1 (G201 | B24-1)

§2¢—1,02t—1

o B B _ 3 B
— by (2—1-1:20—2,02t—1:20—1) (526—1) Doy 1 (02¢—1 | F2¢—1)|

— —/
= ||bar—1(@1:2¢—2,01:2¢—2) — boy_1 (@2t—1-1:2¢—2,02¢—1:2¢—1) ] |1-

For any ¢, and the corresponding ¢, constructed above:

D’ — c ~
1P (-, [en) = Po (-, [ @)

= Z |52t—1(51:2t—1,51:2t—275N,2t—1)(§2t—1)]?2t—1(5—N,2t—1 | 52t—1,0N,2t-1)
$2t—1,0—N,2t—1

—
—byy_1(@ot—1-1:2t—2,02t—1:2t—2, ON,2t—1) (S2t—1)Pot—1(0—N,2¢—1 | S2t—1, 0N, 2t —1)]

— —/
[|bot—1(@1:20—1,01:2t—2,0N,2e—1) — boy_1(@2t—1-L:2¢—2, 02— L:2t—2, ON,2¢—1) || 1.

If we choose L > Cy~* log(g), then we have that for any h € [H]
D’ _ M,c —~
Eﬁl:h—h(’l;hN?l;ﬁHPhL('7 . | Ch) - ]Ph (" : | ch)||1 <e

Therefore, such a model is an e-expected-approximate common information model.

Type 2: Baseline sharing of £ is Example 3 in §A. Then, common information com-
mon information should be that for any t & [H},Egt_l = {51;275_2,51;275_2,51;%_1},62,5 =
{61:20—2,d1:2¢-1,0N20-1}, N C [n],1 € N. Here N

is the same as defined in
case 1, but it must satisfy that 1 € N.

Then we similarly as case 1, we con-
struct Cor—1 = {02t—r1:2¢—2, G2t~ L—1:2t—2,01:2¢—1}, Cot = {@2t—1—L:2t—2, 02— L:2t—2, ON,2t—1}>
and approximate common information conditioned belief as P)/"% (Sy—1,Po; 1 | Cot—1) =

bor—1(Aor—1- 1212, O2t—r:2t—2,01,20—1)(52t—1)Por—1(0-1,2¢—1 | S2¢—1,01,20-1)5 Pé\f’c(%tv

— i~ =/ _ _ _ _ _ _ _
Doy |62t) = bgt_1(@2t—1—L:2t—27OQt—L:Qt—Qa ON,2t—1)(52t—1)P2t—1(0—N,2t—1 | S52t—1, 0N,2t—1)-
Now, we need to verify Definition C.9 is satisfied.

e The {/C\h}he[ﬁ] satisfies the Eq. (C.8) since for any h € [H], ¢p+1 C ¢, U Zp.

* Note that for any ¢o; 1 and the corresponding ¢5; 1 constructed above:

D, _ ~
P51 (- 12n) = Por (- 1)l

= Z |52t—1(51:2t—1,51:215—2,51,2t—1)(§2t—1)P2t—1(5—1,2t—1 | 52¢-1,01,2¢—1)
§2t—1,0-1,2t—1

—/
— by 1 (A2t—1-r:20—2,02t—1:20—2,01,26—1) (526 —1)P2r—1(0-1,2¢—1 | S26—1, 01,201

_ _ B B — _ _ B
- at— 1o iat— ,2t— - — —1—-L:2t— —L:2t— ,2t— .
Hb2t 1(a12f 1,01:2t—2, 01,2t 1) bgt 1(a2t 1—L:2t—2,02t—L:2t—2, 01,2t 1)”1
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For any ¢5; and the corresponding ¢y constructed above:

D), _ M, ~
[Py (s - [€n) — Poy (s -1 Ch)n

= Z |52t71(61:2t71761:21:7276N,2t71)(§2t71)P2t71(afN,2t71 | S2t—1,0n,2¢—1)

§2t—1,0—N,2t—1
_ - 7 7 3 3 7 B
—byy_1(A2—1-1:20—2,02t—1:26—2, 0N, 20—1) (520—1) P2t —1(0— N 261 | 520—1, 0N, 20—1) |
- —/
= ||ba¢—1(@1:2¢—1,01:2¢—2, 0N, 2t—1) — boy_1 (@2t—1—L:2¢—2, 02— L:2¢—2,0N,2¢—1)]|1-

If we choose L > Cy~* log(g), then from Lemma C.18 we have, for any h € [H]|
D’ _ M,c —~
Ealzh717olzh~§1;ﬁ||]P>h£(.7 : | Ch) - Ph (" ’ | Ch)“l <e

Therefore, such a model is an e-expected-approximate common information model.

Type 3: Baseline sharing of £ is one of Examples 2, 7, 8 in §A. Then the common information
— h
should be that, for any h € [H]|, ¢, = {01:h—2d; G1,1:h—1, {5—1,%—1}&:23;172#“ 2 01,h—2d+1:hs OM }»

2
where M C {(4,t) |1 <i<n,h—2d+1 <t <h}andony = {0, | (i,t) € M}, and correspond-
ingp, ={0i:]1 <i<n,h—2d <t <h,(it) ¢ M}. Actually, 5)s are the observations shared

h
by the additional sharing in £. Denote f; 24 = {@1:h—2d—1, On—2d; {671’2,5,1}&_26%““]}, fo=
-l 2

{@1.n—2d:n—1}, fo = {01,h—24+1:n, Ons }- We can compute the common-information-based belief as

D, _ | _ D.,_ _ | _ D' _
Phc(shaph|ch> = Z ]P)hc(shvph|Sh72d7fa>fo)Ph£(sh72d‘fr,h72dafa7fo)

Sh—2d
Dh PP (Sh_2d, fas fo | Frn—2a)
= > By (Gn Pl Sh2as far fo) A .
Sh—2d Sh_24d ]P)hﬁ (shfzdv fas fo | f‘r,h72d)

o _ D _ _ _
Denote the probability Py, (fo | Sn—2a, fa) = 1174, P, 2 (01, 1—2d+¢, OMy_says | Sh—2ds Q1 h—2d:h—2d+1)s
where Mp_oq4¢ = {(i,h —2d + t)|({,h — 2d + t) € M} denotes the set of observations at
timestep h — 2d + t and shared through additional sharing. With such notation, we have

Eh72d(alzh72d71761:h72d>(§h72d)Ph(fo | Sh—2d; fa)
s, On2a(@1:n—24-1,01:n-24) (5} _2a) Ph(fo | h_4: fa)

=FPu] '7fa)(5h72d(61:h72d71»51:h72d)§ Jo)(Bn—24),

where FPrC1nfa) (s f) © A(S) — A(S) is the posterior belief update function. The formal
definition is shown in Lemma 9 in (Liu & Zhang, 2023).

Then, we  define the  approximate common  information as ¢, =
{01,h—2d—L+1:h, @1 ,h—2d—L:h—1,0nm } and corresponding approximate common information
conditioned belief as

Mc/— — |~
Ph C(Sh,ph|0h): Z

Sh—2d

PP% (Sh_2a| frn—2ds fas fo) =

D = - = _ _ _
P, 2 (31, B | Bhady fay fo) FPHC1 T (B o (@h—2a— 1h—2d—1,0n—2d— L+ 1:h—24); fo) (Bh_24)-
Now we verify that Definition C.9 is satisfied.
* Obviously, the {Eh}he[ﬁ satisfies Eq. (C.38).
* For any ¢, and the corresponding ¢j, constructed above:
D _ ¢ ~ . - _ _
[P = (- Ien) — IP)h/w (- len)ll < ||FP( ! ’fa)(bh72d(a1:h72d71701:h72d)§fo)_

oyt _ _
FPCIID (b, o (@h—2d— Lh—2d—1,0n—2d— L1 1:h—24); fo)||1-
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If we choose L > Cy~* log(g), then for any strategy g,.7, by taking expectations over
fr.h—2d;s fa, fo. from Lemma C.18 and Lemma 9 in (Liu & Zhang, 2023), we have, for any
h € [H|

D/, — M, I~
Eal:h—1701;h~§1;ﬁ||PhC('? ) | Ch) - ]Ph C(" ’ |Ch)||1 <e

Therefore, such a model is an e-expected-approximate common information model.

Type 4: Baseline sharing of £ is Example 4 in §A. Then, for any h € [H], the common information
h
should be ¢}, = {Elzh,gd,{Egt,l}tL:r“f,EM}, where M = {(i,t)|i € [n],h —2d+1 <t < h}.
h
Then, still we denote fr ,—24 = {01:n—24, {621&71}1-:2% }, fo = {0} We can compute the common

information-based belief as

D DL - Dl
Py 2 (8h, Dy | Cn) = Z Py (5, r | Sh—2ds fo) Py © (Sh—2a | frn—2d; fo)

Sh—2d

D,
P, = (Sh—2ds fo | frh—24)

D
= Z ]P)hl:(shaph|sh—2d,fo)

D, :
Sh—2d 5 oy PhL(S;szdva ‘ fT,h—Qd)
. _ D _ _
Denote the probability Pp(f,|Sh—24) = HfilPhﬁ (01,h—2d+t,OMy_s44, | Sh—24), Where

Mp_—2a+t = {(i,h —2d +t)| (i,h — 2d + t) € M} denotes the set of observations at timestep
h — 2d + ¢ and shared through additional sharing. Since the actions do not influence underlying
states, here we use the belief notation by (1.x), bx(Ox—r1: ), Vk € [H|, L < k. With such notation,
we have

Dy —
]Ph (Sh—Qd | fT,h—Qdy fo)

_ bn2d(Oun—2a)Gr-2a) Palfo|Bn—24)  _ p.1on _ Ry
= = =F br—2a(01:n—24); fo) (Sh—24),
Sy, v aaO120) Bhaa) o |52 (s L))

where FPrC1) (5 £)) 0 A(S) — A(S) is the posterior belief update function, the same as men-
tioned in Type 3.

Then, we define the approximate common information as ¢, := {0n—_24—r+1.n,0a } and corre-
sponding approximate common information conditioned belief as

Py (5, By | ©n) = Z Py~ (51, B | Sn—2as fo) FTC1) (B, _og(On—2a—r41:0—24); fo) (Bn—2a)-

Sh—2d

=/
Sh—2d

Now we verify that Definition C.9 is satisfied.
* Obviously, the {¢}} helf satisfies Eq.(C.8).
* For any ¢, and corresponding ¢, constructed above:
D’ _ M, c —~
Py, =G [2n) = B0 (- [en) |l
. . 7 — . . =/ — p—
< |[FPCI (b, —24q(61:0—24); fo) — FFC1) (B _pq(@n—2d—Lih—2d—1,0n—2d—L+1:n—24); fo)|1-

If we choose L > Cv~* log(g), then for any strategy g,.7, by taking expectations over

fr.n—2d, fo, from Lemma C.18 and Lemma 9 in (Liu & Zhang, 2023), we have, for any h € [H]

Eq g lIBR2 (o 120) = By (- (@) <
a1:h—1,01:n~G. 71T R )" | Ch h y "1 Ch)Il1 S €
Therefore, such a model is an e-expected-approximate common information model.

Combining Parts I, II, III, we complete the proof. O
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Remark C.19. Let £ be an LTC problem satisfying Assumptions 3.1, 3.2, 3.3, and 3.4, and D’ﬁ
be the Dec-POMDP after reformulation, strict expansion and refinement. Then, if £ has any one
of baseline sharing protocols as in Appendix A, and £ satisfies the conditions as follows, then D/
satisfies Assumption 4.3.

* If £ has baseline sharing protocol as one of Examples 1, 5, 6 in A, £ needs to satisfy the part (1)
of Factorized structure in G.

* If £ has baseline sharing protocol as one of Examples 2, 7, 8 in A, £ needs to sat-
isfy Ru(-|sn,a1,n,a-1,0) = Ru(-|sn,a1,n,a’ ) for any h € [H|,sp € S,a1n €
Ainya-in,ayp, € Aip.

» If £ has baseline sharing protocol as one of Examples 3, 4 in A, it does not need additional
condition.

Actually, such condition is also considered in (Liu & Zhang, 2023). For £ with baseline sharing
protocols as one of examples in A and satisfying the conditions as above, we can construct expected
common information model M of D/, as mentioned in the proof of Theorem C.14. If the baseline
sharing protocol of £ is one of Examples 1, 5, 6, then D, and M satisfy Factorized structures
condition in G; If the baseline sharing protocol of L is one of Examples 2, 7, 8, then D). and
M satisfy Turn-based structures condition in G; If the baseline sharing protocol of £ is one of
Examples 3, 4, then D, and M satisfy Nested private information condition in G. From Lemma
G.1, we can conclude that Assumption 4.3 holds.

C.9 Main Results for Learning in QC LTC

Here we provide a full version of Theorem 4.4 as follows.

Theorem C.20. Given any QC LTC problem L satisfying Assumptions 3.1, 3.2, 3.3, 3.4, and 4.3,
we can construct an SI-CIB Dec-POMDP problem D/, such that the following holds. Given a
strategy ﬁltﬁ, M (§1:ﬁ), and L, where each 3" is a complete strategy with ngi; h = Unif(.A) for
h € [H], we define the statistical error for estimating ./K/lv@l:ﬁ) as €qpg @1;?7 E, C1,(2,071,02,0)
for some parameters d1, (1, (2,01,602,¢0 > 0. Then, there exists an algorithm that can learn an
e-team-optimal strategy for £ with probability at least 1 — 1, using a sample complexity Ny =
pOly(maXhe[ﬁ] |Ph|7 Maxy, cm) |Ch|’ H, maxy, cm) |‘Ah|7 maxy, ‘Ohlv 1/C17 1/<2’ 1/915 1/92) :
log(1/8;),  where e =  He M@ ) + HeM@H) + @+
F)eam (gl:ﬁ, E, C1,C2,01,02,¢). Specifically, if £ has the baseline sharing protocols as in §A,
there exists an algorithm that learns an e-team optimal strategy for £ with both quasi-polynomial
time and sample complexities.

Proof. Firstly, given any LTC problem L, we can apply Algorithm 2 to solve such problem. From

the proof of C.14, we know that Algorithm 6 can output the team optimal strategy of M (Elﬁﬁ’j ) for

each j € [K]. Then, from Theorem 4 in (Liu & Zhang, 2023), it can guarantee that §*1‘:ﬁ is an e-team

optimum of D/, with probability at least 1 — 6y, where e = He,(M(g")) + He. (M@ H)) +
(FQ + H)eaps (g5H, L,Ch,Co, 01,09, ®) + He.. Then, from the proof of Theorem C.14, we have
that (g7}, 91/;) is an e-team optimal strategy of £ is g} 4 is an e-team optimal strategy of Df.
Therefore, we complete the proof. O

D Deferred Details of §5

In the following, we will use ~ to denote the elements and random variables in the Dec-POMDP D.
We first introduce the notion of perfect recall (Kuhn, 1953):

Definition D.1 (Perfect recall). We say that agent 4 has perfect recall if Vh € 2,-- -, H, it holds that
Tih—1 U{a;n—1} C 7. If for any i € [n], agent ¢ has perfect recall, we call that the Dec-POMDP
has a perfect recall property.
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D.0.1 Proof of Theorem 5.1

Proof. sQC = SI-CIB:

Let D be the Dec-POMDP with an sQC information structure, and D satisfy Assumptions 3.3,
3.4, and 3.5. To prove that D has SI-CIB, it is sufficient to prove that for any h = 2,--- , H,
fix any hy € [h—1],iy € [n], and for any Gy, € Gun-1,G; 4, € Girn» let g, =
G1hys  Tiynys > Gnny) A0 Gy 2= (1, G5+ s Gp—1), the following holds

P(3n, P [hs Grn—1) = P(Gns Dy [ Chs Grin—1)- D.1)
We prove this case-by-case as follows:

1. If there exists some i3 # 41 such that o(7;, »,) U (@i p,) C 0(Tiy,n), then from Assumption
3.5, we know that o (7, ,) U 0(@;, n,) C o(Cp). Therefore, there exist deterministic functions
b1, B2 such that 7;, 5, = B1(Ch), @iy h, = P2(Tr), and further it holds that

P(Ehaf)h |Eha§1:h71) = P(ghnﬁh |61 (6h)752(6h)?6h3§1:h71)

= ]P)(gha D, | Tiy,hys iy by 7Eh7§1:h71) = ]P)(gha D, | Tiy,h1s iy, hys Ch gllzhfl)'

The last equality is due to the fact that the input and output of g, ,, are 7, p, and @;, p,,
respectively.

2. If there does not exist any i # 41 such that (7, n, ) U0 (@i, .n, ) C 0(Tiy.n), 1.e., for all 45 # iy,
either o(Ti, 1, ) € 0(Tiy,n) O 0(@iy 0y ) € 0(Tis,n), then agent (iq, k1) does not influence agent
(i2, h) for any ia # i1, since D is sQC. Now, we first claim that agent (i1, k1) does not influence
Sp,+1: since if it influences, from Assumption 3.4, there exists some ¢35 # ¢; such that agent
(i1, h1) influences 0;,.h,+1; however, from Assumption 2.1 (e), we know 0;, p,+1 € Tiz n,+1 C
T4y, therefore, agent (i1, b1 ) influences agent (i3, h), contradicting the argument above that the
former does not influence (i2, h) for any io # ;. Hence, we further have that agent (i1, k1) does
not influence 3y, for any hy > hq. Therefore, by Assumption 3.3, for any ho > hi, @iy hy & Thy-

Second, we claim that agent (i1, k1) does not influence 7;, ,, for any iy € [n] and hy > hy.
This is because of the fact that agent (i1, hy) does not influence Sy, +1 and thus not o;, p, 41 for
any i4 € [n], together with the fact proved above that @;, , ¢ Th,+1, implies that agent (i, hq)
does not influence any element in 7;, , 41 for any iy € [n], either directly or indirectly. Since
Tis.hy+1 18 the input of agent i4’s strategy at timestep hi+1 to decide @;, j, +1, agent (i1, h1) thus
does not influence @;, ,+1 for any iy € [n], either, which, together with the fact that it does not
influence 55, 1o and thus not 0;, 5, 42 for any iy € [n], further implies that it does not influence
any element in 7;, , +2 for any iy € [n]. By recursion, agent (i1, h1) does not influence 7;, p,
for any i4 € [n] and hy > hy.

Therefore, agent (i1, k1) does not influence ¢, = N} _;74,,» nor p;, = 71, \Cx, Which thus leads
to

P(Sh, Dp | €hs Grn—1) = P(Sn, Dy | hy Gron—1)-

SI-CIB = sQC: o B
Since D has perfect recall and has SI-CIB, i.e., Vi € [n],h € [H|,YG,.5—1,91.h—1 € G1:h—1,Cn €
Ch,5n € S, Py, € Ph, the following holds

P(ghﬂjh ‘Ehagl:h—l) = ]P)(ghvﬁh |6h7§,1:h—1)'

Our goal is to prove that D is sQC (up to null sets). In particular, we meant to prove that if agent
(i1, h1) influences agent (i2, h2) in the intrinsic model of the Dec-POMDP (cf. §F), then under any
strategy §,.77 € G1.77> 0(Tis,hy) € 0(Tiy,n,) except the null sets generated by g, 7.

We prove this by contradiction. If this is not true, then there exists some strategy g,z
and i1,i2 € [n],h1,he € [H], such that agent (i1, h;) influences agent (is,hs), but either
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0(Tivny) € 0(Tis,ns) OF 0(@iy ny) € 0(Tis,n,) (up to the null sets generated by g, 7). First, we
can assume iy # 71, since otherwise it always holds that 7, ,, C 74, n, and @;, p, € Ty, h,, due to
the assumption that the agents in D have perfect recall.

Then, we discuss the following different cases. Note that in the following discussion, when it comes
to o-algebra inclusion, we meant it up to the null sets generated by g, 7.

L. If (@i, n,) € 0(Tiy,n,), then it implies that o(@;, 5,) € o(ch,) because ¢, C Ti, p,. This
also implies that @;, j, ¢ Cp,, and thus @;, », € P;, 5, due to perfect recall. Note that there must
exist some realizations ¢y, € éhz»?hz € Phy,5n, € S such that ¢, has non-zero probability
under gy.;,, 1, and P(5p,,Dy,, | Chy, G1.n,—1) 7 0. Meanwhile, there must exist another different
action realization @;_ h, such that

P(§h2’ﬁhg\{6i1,h1} U {agl,hl} ‘Eh27§1:h2—1) # 0, (D.2)

since otherwise it holds that o(a@;, »,) € 0(¢h,). Actually, this means that there are some non-
zero probability trajectories containing @;, ,, and ¢, , and some non-zero probability trajectories
containing @, and ¢,. Then, we define another strategy g; . as:

1,1 1,N1

- —r — —r
Wilyhl € Tihhl’ i1 ,ha (Tihhl) = Q4 by (D.3)

and we let g;ll = (gl,hp e a?lil’hp e 5§n7h1) and §/1;h271 = (gla T aglhlv e aghz—l)-

Now we claim that ¢, has non-zero probability under gj.,, ;. From that G, has non-
zero probability under gy, 1, and P(Sp,, Pp, \{@iy,na b U {@G, 5y} Chos Grin,—1) # 0, we
can get P<af/il,h1’5h2 |G1.n,—1) > 0. Since g, ; only differs from g,.;,, ; in the strat-
egy of agent (i1, h1), and g;, , always chooses @;, ;, , then we get P(a;, 1, ,Ch, | G1.p,—1) >
]P’(E;hh1 +Chy | G1.n,—1) > 0 because gy, 4 and g}, are the same in those trajectories con-

taining @;, ;. and Cu,, and thus P(¢p, |7}, 1) > 0. Hence, we prove our claim.

Meanwhile, due to (D.3), notice that

P(ghQ ) phz | Chy s gll:hg—l) =0 7& P(§h2 ) Tjh2 | Chay)s gl:hg—l)’ (D.4)
which leads to a contradiction to the fact that D has SI-CIB.

2. 1If (@i, n,) € 0(Tis,ny). then it implies that o(7;, n,) € 0(Tiy,n,), and further implies
that o(7;, n,) € o(cp,) since ¢p, C Ty, p,. Note that there must exist some realizations

Chy € ChysTighy € Tiy,hy such that 7;, 5, has non-zero probability under g,.;,, ; and ¢4, C
Tis,ha» and there exist two realizations 7, ,, 75, . € 7T, Such that P(Ty, p, |Tipn,) >
0,P(75, 1, | Tinny) > 0, since oiherwise, iiholds that o(7;, n,) € o(€h,). Furthermore,
we know that there exist 5,, € S,p,, € P, such that P(54,, P, |Chys G1.n,—1) > 0 and

Tighy S Chy U Py,. Since (@i n,) S 0(Tiyn,), we know that there exists @;, 5, that
P(@iy hy | Tigne) = 1. Let 7 := T4, p, \Chy and 7/ := ?;1’,“\%. and consider another ac-

tion @;, j, # @i, n, and strategy g; ., defined such that

—/ — —/ —/ —/ —
iy hy (Tilyhl) = @ by iy by (Til,h,l) = Qiy,hy (D.5)

and keeps g; . (T} j,) the same as g;, p, (7}, ,) for any other 7/ , . We denote gj,, =
(gl,hp e 7?21,h1 )T 7§n,h1) and glllhg—l = (gla T ?glhl ) 7?11271)' Since (Fgl,hl 7?i2,h2)
has non-zero probability under gy.;,, 1 and P(@;, n, | i, 1, ), then we know (77, ., Ti, n,) has
non-zero probability under g;1.5,—1. Hence, we know that ¢;,, has non-zero probability under
G;1:h,—1. Meanwhile, it holds that

]P(ghzﬂﬁhzﬂéhz |§/1:h2—1)
P(Eh2 ‘g/l:hg—l)

P(Shys Phy | Chas Grihy—1) =

— (D.6)
P(5h,, T Loha

= ( hi hi/| gl'hQ 1) =0 # ]P)(ghQ?th |6h27§1:h2—1)7
]P)(Chz ‘glzhzfl)
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where the third equal sign is because @;, n, € Th,,Ti,hy & Th, from perfect recall, and
@i, hy» Tip,h, Can never happen together under g4.,, , due to (D.5). Therefore, (D.6) leads to
a contradiction to the fact that D has SI-CIB and thus completes the proof.

O

E Collection of Algorithm Pseudocodes

Here we collect both our planning and learning algorithms as pseudocodes in Algorithms 1, 2, 3, 4,
5, and 6.

Algorithm 1 Planning in QC LTC Problems

Require: LTC L, accuracy levels €,,¢, > 0
Reformulate £ to D, based on Eq. (C.1).
Expand D, to Dz based on Eq. (4.1).
Refine D to D/ based on L.
Construct expected Approximate Common-information Model M from D/, with error €,, €.
;.57 < Algorithm 6(M)
’g';kf{ «— @(giﬁﬂ Dll)
g;ng A {gikvg;’ e 7§;H—1}
9y 192,94, . Gom}
Return (917, 91757

Algorithm 2 Learning in QC LTC Problems

Require: Underlying environment LTC L, iteration number K.

Reformulate £ to D, based on Eq. (C.1).

Refine D to D), based on Eq. (4.1).

Obtain {g" "7 }1< | by calling Algorithm 3 of (Golowich et al., 2022).

for j =1to K do
Construct M(g*7) by calling Algorithm 5 of (Liu & Zhang, 2023) with the underlying
environment D). and g' .
y{‘% + Algorithm 6(M (g-7))

end for '

g 77 < Algorithm 8({?31% 1)) of (Liu & Zhang, 2023).

g;ﬁ = <p(§>1kﬁ’pﬁ)
95:15 — {gf’;f;;a T vé;H—l}
gl:’H — {927947' o 792H}

Return (97737, 97777)

F Decentralized POMDPs (with Information Sharing)

A Dec-POMDP with n agents and potential information sharing can be characterized by a tuple

D = (H,S,{Ain}iem)neim) 1Ointiem) helm1) {Th tnem) {0k} rera)s 1, {RR Fnela])

where H denotes the length of each episode, S denotes state space, and A; , denotes the control
action spaces of agent ¢ at timestep h. We denote by s;, € S the state and by a; 5, the control action
of agent ¢ at timestep h. We use ap, := (a1,p, - ,0npn) € Ap 1= A1 X Agp X - Ay 10
denote the joint control action for all the n agents at timestep h, with A;, denoting the joint control
action space at timestep h. We denote T = {T}, } ¢ the collection of transition functions, where
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Algorithm 3 Vanilla Realization of ©(g,.;7, D)

Require: Strategy g,.;7, QC Dec-POMDP D,
ﬁl:ﬁ — @ _
for hy = 1to H,ig = 1t0 1, Tip n, € Ty, dO
Tig,ha € Tig hy
fOI'hl :1t0h2—1,i1 =1tondo
if o(7iy 1, ) € 0(Tiyn,) in D then
a:ihhl — gil,hl (7-i1>h1)
Tig,hg = Tig,hy U{@iy ny )

end if
end for
§i2~,h2 (%iizA,hz) — giz»hz (%12 ,hz)
end for
Return g, 7

Algorithm 4 Efficient Implementation of ¢©(g,.;;,Dr)

Require: Strategy g,.;;, QC Dec-POMDP D,
for h = 1to H do
fori =1tondo
Agent i receives 7, j,
Ti.n < Recover(7; p, §1:n—1, D) \\ Defined in Algorithm 5
Agent i chooses §; ,(7;,1) as @;
end for
end for

Algorithm 5 Recover 7; 5, from 7; 5,

Require: Information 7; j,, Strategy Gi.,—1, QC Dec-POMDP D,
Tih < Ti.h
forj=1ton,h  =1toh—1do
ifO'(%:j’h/) - U(Eh) in DL: and 'de,,/ ¢ 7v'i,h then
%j,h’ — Recover(?jyh/, él:h’—la Dg)
Aj e <= Gjn (Tj,n)
7u‘i,h — 7u‘j7h U {Zij’h/}
end if
end for
Return 7; ,
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Algorithm 6 Planning in Dec-POMDP with expected Approximate Common-information Model

Require: Expected Approximate Common-information Model M.
fori € [n] and ez, | € Cz,, do

M
V:ﬁﬂ(cﬁﬂ) 0

end for o
forh=H to 1do
for ¢, € Cp, do

Define Q;’M(/C\h, Y1,hy """ 77n,h) = R'ﬁ/t (/C\h, 'Yh) + EM V}:_/}/l (/C\h+1) |/C\h, 'Vh:|
(gik,h(' ‘Eha ')7 U 7§Z,h(' |E}L7 )) <— argmax QZVM (Eh,7 Yi,hy "t a’yn,h) (El)
Y1:n,n€R
end for
V}:(’M(/C\h) «— maX'Yl:n,h QZM (/C\hv Y1,hy ,%,h)
end for

Return /g\;ﬁ

Th(-| sn,an) € A(S) gives the transition probability to the next state sj1 when taking the joint
control action ay, at state s;,. We use i1 € A(S) to denote the distribution of the initial state s;. We
denote by O; j, the observation space and by 0; 5, € O; 3, the observation of agent ¢ at timestep h. We
use op, 1= (01,1,02,h, * ,0nn) € Op 1= O1, X Oz, X --- Oy p, to denote the joint observation
of all the n agents at timestep h, with O}, denoting the joint observation space at timestep i. We
use {Op, }ne(m to denote the collection of emission matrices, where 0, ~ Oy (- |s5) € A(Op) at
timestep h under state s, € S. For notational convenience, we adopt the matrix convention, where
Oy, is a matrix with each row Oy, (- | sp,) for all s;, € S. Also, we denote by Q; j, the marginalized
emission for agent i at timestep h. Finally, {R, }¢[#) is a collection of reward functions among all
agents, where Ry, : S x Ay, — [0, 1].

At timestep h, each agent ¢ in the Dec-POMDP has access to some information 7; 3, a subset of his-
torical joint observations and actions, namely, 7; 5, C {01, a1,02, - ,ap—1,0n}, and the collection
of all possible such available information is denoted by 7; ,. We use 7, to denote the joint available
information at timestep h. Meanwhile, agents may share part of the history with each other. The
common information c;, = U, z, at timestep h is thus a subset of the joint history 7, where z,
is the information shared at timestep h. We use Cj, to denote the collection of all possible ¢, at
timestep h, and use 7; , to denote the collection of all possible 7; j, of agent 7 at timestep h. Besides
the common information cy,, each agent also has her private information p; j, = 7; ;,\cp, where the
collection of p; ;, is denoted by P; ;,. We also denote by py, the joint private information, and by P},
the collection of all possible p;, at timestep . We refer to the above the state-space model of the
Dec-POMDP (with information sharing).

Each agent ¢ at timestep h chooses the control action a; j, based on some strategy g; n, : T, — Ai p-
We denote by gp, := (91,4, 92.h;* -+ » gn,n) the joint control strategy of all the agents, and by g5, :=
(91,92, ,gn), Yh € [H] the sequence of joint strategies from timestep 1 to h. We use G; 5, to
denote the strategy space of g; 5, and use G, G1.), to denote joint strategy spaces, correspondingly.

Next, we introduce some background on the intrinsic model and information structure of Dec-
POMDPs.

F.1 Intrinsic Model

In an intrinsic model (Witsenhausen, 1975), we regard the agent ¢ at different timesteps as dif-
ferent agents, and each agent only acts once throughout. Any Dec-POMDP D with n agents
can be formulated within the intrinsic-model framework, and can be characterized by a tuple
(€, 7), N, {(U,2)}N.,, {1y, Z)}Y,) (Mahajan et al., 2012), where ({2, F) is a measurable
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space of the environment, N = n x H is the number of agents in the intrinsic model. By a slight
abuse of notation, we write [N] := [n] x [H], and write [ := (i, h) € [N] for notational convenience.
This way, any agent [ € [N] corresponds to an agent ¢ € [n] at timestep h € [H] in the state-space
model. We denote by U; the measurable action space of agent [ and by % the o-algebra over U;. For
A C[N] letHa := Q x [[;c 4 U and H := Hy). For any o-algebra 6" over H 4, let (¥') denote
the cylindrical extension of 4" on H. Let ) := (F@(®iea?)) and S = ). We denote
by I, the space of information available to agent I, and by .#; the o-algebra over H. For ! € [N],
we denote by I; the information of agent [, and U, the action of agent /. The spaces and random
variables of agent | = (i, h) in the intrinsic model are related to those in the state-space model as
follows: VI = (i, h) S [N],Ul = Ai,h;]Il = 7;7}“ U = aiyh,Il = Tih-

F.2 Information Structures of Dec-POMDPs

An important class of IS is the quasi-classical one, which is defined as follows (Witsenhausen, 1975;
Mahajan et al., 2012; Yiiksel & Bagar, 2023).

Definition F.1 (Quasi-classical Dec-POMDPs). We call a Dec-POMDP problem QC if each agent
in the intrinsic model knows the information available to the agents who influence her, directly or
indirectly, ire. Vi, lp € [N},ll = (il,hl),lg = (ig,hg),il,ig € [’I’L],hl,hg S [H], if agent 1
influences agent [y, then ., C .9,.

Furthermore, strictly quasi-classical IS (Witsenhausen, 1975; Mahajan & Yiiksel, 2010), as a sub-
class of QC IS, is defined as follows.

Definition F.2 (Strictly quasi-classical Dec-POMDPs). We call a Dec-POMDP problem sQC if each
agent in the intrinsic model knows the information and actions available to the agents who influence
her, directly or indirectly. That is, Vll, Iy € [N], 1 = (il, hl), Iy = (ig, hg), 11,19 € [TL], hl, hy €
[H], if agent [, influences agent I3, then .7}, U (%4,) C .7,.

F.3 Intrinsic Model of LTC Problems

Firstly, we formally define the Dec-POMDP induced by LTC as follows

Definition F.3 (Dec-POMDP (with information sharing) induced by LTC). For an LTC L , we call
a Dec-POMDP (with information sharing) D the Dec-POMDP (with information sharing) induced
by L if the agents share information only following the baseline sharing protocol of £, i.e., without
additional sharing. We may refer to it as the Dec-POMDP induced by LTC or the induced Dec-
POMDP for short.

Given any LTC L of the state-space-model form defined in §2.1, we define the intrinsic model of £
asa tuple <(Qv ﬁ)a Na {(Ula %)}l]\il’ {(Ml’ '%l)}l]il’ {(]Il* ’ ]l* )}{\;1’

{(@+, F+) HY,), where (£2,.F) is the measure space representing all the uncertainty in the system;
N = n x H is the number of agents in the intrinsic model. By a slight abuse of notation, we write
[N] := [n] x [H], and write [ := (i,h) € [N] for convenience. This way, any agent [ € [N]
corresponds to an agent ¢ € [n] at timestep h € [H] in the state-space model, and we thus define
[7 :=(i,h™) and [T := (i, ") accordingly. We denote by U, and M, the measurable control and
communication action spaces of agent [, and by %; and .# the o-algebra over U; and M, respec-
tively. Forany A C [N], letH4 := Q x [[,c ,(U; x M) and H := Hy;. For any o-algebra & over
H 4, let (¢) denote the cylindrical extension of ¢ on H. Let 4 1= (Fo(RicA)2(Qiea ),
H = Hn). We denote by ;- and [;+ the spaces of information available to agent | before and
after additional sharing, respectively, and by .#- C J# and .+ C . the associated o-algebra.
The spaces and random variables of agent [ = (i, h) in the intrinsic model are related to those in
the state-space model as follows: VI = (i,h) € [N],U; = A; 5, M; = M5, 1;- = T; - Ii+ =
Tin+,Up = ain, My = my p, Ij- = 7; -, Ij+ = 7, j,+. For notational convenience, for any random
variable B in LTC and the o-algebra % generated by B, we overload o(B) to denote the cylindrical
extension of # onH, i.e., o(B) = (A).
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G Conditions Leading to Assumption 4.3

As a minimal requirement for computational tractability (for both Dec-POMDPs and LTCs), As-
sumption 4.3 is needed for the one-step tractability of the team-decision problem involved in the
value iteration in Algorithm 6. We now adapt several such structural conditions from (Liu & Zhang,
2023) to the LTC setting, which lead to this assumption and have been studied in the literature. Note
that since we need to do planning in the approximate model M, which is oftentimes constructed
based on the original problem £ and approximate belief {P#’C(Eh,foh |Cn)} he[m)» We necessarily
need assumptions on these two models £ and M, for which we refer to as the Part (1) and Part (2)
of the conditions below, respectively.

* Turn-based structures. Part (1): At each timestep h € [H], there is only one agent, denoted
as ct(h) € [n], that can affect the state transition. More concretely, the transition dynamics take
the forms of Ty, : S x Ay — A(S). Additionally, we assume the reward function admits an
additive structure such that Ry (sp,ap) = Zie[n] Ri,n(5n, ai,n) for some functions {R; p }icn)-
Meanwhile, since only agent ct(h) takes the action, we assume the increment of the common
information z) ., = Xa+1(Ph+,Aet(h),h> Ont1). Part (2): No additional requirement. Such a
structure has been commonly studied in (fully observable) stochastic games and multi-agent RL
(Filar & Vrieze, 2012; Bai & Jin, 2020).

* Nested private information. Part (1): No additional requirement. Part (2): At each timestep
h € [H], all the agents form a hierarchy according to the private information after a;,p they
possess, in the sense that V i,j € [n],j < 4,p;), = v, (Pi,5) for some function V7. More
formally, the approximate belief satisfies that P#’C(ﬁ% = Yhi -/ (Pin) | Pip-cn) = 1. Such a
structure has been investigated in (Peralez et al., 2024) with heuristic search, and in (Liu & Zhang,
2023) with finite-time complexity analysis.

* Factorized structures. Part (1): At each timestep h € [H], the state sj, can be partitioned into
n local states, i.e., s, = (S1,h, 821y S,k ). Meanwhile, the transition kernel takes the product
form of Ty,(sp41|5n,an) = [1i—; Tin(Sint1]Sin, ain). the emission also takes the product
form of Oy, (op, | sn) = [1;—; Qi,n(0in|sin). and the reward function can be decoupled into n
terms such that Ry (sp,arn) = Zi’h R (Sin,ain). Part (2): At each even timestep h € [H],
the approximate common information is also factorized so that ¢, = (€1 ,€2,, - - - ,Cn,p) and its
evolution satisfies that ¢; 11 = ¢?1-,;L+1 (€i,h, Zi,p) for some function (}57 n+1. Correspondingly, the
approximate belief need to satisfy that IP’hM’C(Eh,ﬁh |cn) = H?zl]P’le’c(Ei7 hs Pip | Ci,n) for some
functions {]P)%C} ic[n],he[H] Such a structure, under general information sharing protocols, can
lead to non-classical IS. In this case, it can be viewed an example of non-classical ISs where the
agents have no incentive for signaling (Yiksel & Bagar, 2023, §3.8.3).

Lemma G.1. Given any LTC problem £ and D/, is the Dec-POMDP after reformulation and ex-
pansion. For any M to be the approximate model of D, and {IF’QA’C}h c(m to be the approximate
belief, if they satisfy any of the 3 conditions above, then Eq. (E.1) in Algorithm 6 can be solved in
polynomial time, i.e., Assumption 4.3 holds.

Proof. We prove the result case by case:
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* Turn-based structures: For any h = 2t,t € [H]|,vein),n € Fct(h)7'7—ct(h),h7'7lct(h)7h €
I'_ct(h),h» Where ct(h) is the controller, it holds for any ¢, that

*, My~
Qr, (Ch77ct(h),h77—ct(h),h)
M,c/\— — |~ N\ [— _ — _
= Z Py, (5, Pn | €n) Th(Bha ‘5h7’th(h),}L(pct(h),h)V—ct(h),}L(pfct(h),h))
ShsPhsSh+1,0h+1
ray _ _ = — *, M~
Ohg1On41 130+1) [RiGny Yer(my,h Per(ny,n)) + Vit (Chs1)]
= Z PﬁA’C(gh,m | 2h)Th(Sht1 ‘§h>70t(h),h(]7ct(h)7h)
ShsPp,Sh+1,0h+1

Opg1Ons1 15001) (R Bns Yer(n),h Ber(nyn)) + V;fﬂ/l (Ch+1)];

S
Xt 11(Ph, et(n).hs Ons1). Therefore, right-hand side does no depend on ~__.4(;) . Therefore,
L +1\Phs Qet(h), + (h),

where the last step is due to the fact that ¢y11 = ¢pt1(Ch,Zns1). And Zppq =

Eq. (E.1) with complexity poly(S, Pct(n), Act(n))-
* Nested private information: For any i € [n|, h = 2t,t € [H], we first define the u; j, € U, j, ==
{(x:_1Pjn) x (xiZ1Ajn) — Ain} and slightly abuse the notation for Q™ as follows

Q;’M (/C\h? ul,ha e 7u’n,h)

= > P (S By | o)y @i = i (Prei s @1ci—1.0) Th (Sneet | S @n)

ShsPps@hsSh+1,0h+1

O 1 (Onst | 5ns1) (R G @n) + Vi Y (@ngn)]

Since the space of Uf; j, covers the space I'; ,, then for the u],, , be an optimal one that maximize
the QZ’M, we have

*, M 1~ * *
Qh (Cha UL ps 7un,h,)
*, M g~ *, M g~
= max Q" (Chyut,py - Unyp) > max  Qp " (Chy Vi s Ynh)-
{uwi,n€Ui,n}ien) {7i.n €T n}iem]

Meanwhile, due to the nested private information condition, for any p; € P},, there must exists
Y1i.n.n Such that ;. . output the same actions as uj,, , under p,. Therefore, we can conclude
that

*, M g~ *, M~
max Qh (C}u UL,hy 7un,h) = max Qh (Cha Yi,hy "t 77n,h)
{wi,n€Ui ntiem) {vi,n€linticm)

Therefore, we can solve Eq. (E.1) and compute 77, , from computing u7,,, ,, which can be solved
with complexity poly(Pj, Ap, S).

« Factorized structures: For any h € [H|,t € [H], for any ¢, € Cp,yn € I’y we use backward
induction to prove that, there exist n functions { ¥} j };c[,] such that

n
QM (@hyn) = > Fin@insvin)
i=1
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It holds for h = H + 1 obviously. For any h < H, it holds that

*, My~
Qh (Cha’Yh)
= Z Py (5n, P | @) Th(Snt1 |50 10 (Pr))Opst (On1 | Snta)

ShiPpsSh+1,0h+1

n
D RinGinYin@in) + Fina1(@ng1: G5 ng1 @ongr)]
=1

n
Mci— — |~ N = _ _
=y > P G Bin | Con) T (S p1 |5 ns Yioh (Bin)
1=15i,h,Ps n+Si,h+1,0i,h+1

O 41 Gih1 | 5inr1) [Risn (Sisns Yioh i) + Fint (Cin15 G5 ps 1 (Ginrn))]

3

=Y Fn(Cin, i)
=1

Then, by induction, we know that it holds for any h € [H|]. We can define
g;p(cn) € argmax.  cp, . Fin+1(Cint1,7i,n), and thus solve Eq.(E.1) with complexity S
poly(Si, Ai . Pin)-

This completes the proof. O

H Venn Diagrams of LTCs and General POSGs

LTCs Dec-POMDPs
®QC LTCs
@QCLTCsw/ A
@sQC LTCs w/ A
®
(®sQC LTCs
(a) (b)

Figure 1: (a) Venn diagram of LTCs with different ISs: @ QC LTCs. @ QC LTCs satisfying As-
sumptions 3.2, 3.3, and 3.4. ® sQC LTCs. @ sQC LTCs satisfying Assumptions 3.2, 3.3, and 3.4,
whose reformulated Dec-POMDPs have SI-CIB; (b) Venn diagram of general Dec-POMDPs with
different ISs. PR denotes perfect recall. @ denotes the Dec-POMDPs we mainly consider, e.g., the
examples in (Nayyar et al., 2013a; Liu & Zhang, 2023).

Here, we show some examples of the areas @-® in the Venn diagram in Fig. 1b.

o @: Multi-agent MDP (Boutilier, 1999) with historical states. The Dec-POMDPs satisfying that
forany h € [H],i € [n],0;, =S,0; 1(s|s) =1, cp, = s1.h, pp = 0 lie in the area @.
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* @: Uncontrolled state process without any historical information. The Dec-POMDPs satisfy-
ing that for any h € [H]|,i € [n], sp,an, a), Tp(- | sn,an) = Tr(-| sn,a},),cn = 0,pin = {0in}
lie in the area @.

e @: Dec-POMDPs with sQC information structure and perfect recall, and satisfying Assump-
tions 3.3 and 3.4. This class is what we mainly considered in §5.

* @: State controlled by one controller with no sharing and only observability of controller. We
consider a Dec-POMDP D. The state dynamics are controller by only one agent (, for convenience,
agent 1), and only agent 1 has observability, i.e. Ty, (| sp,a1,n,a-1.1) = Tr(-|Sh, a1, al—l,h)
for all sp,, a1,n,a—1,n, aLLh, and O_; p, = (). There is no information sharing, i.e. ¢, = @,pLh =
{01:n, al;h_1},pj7h = {aj71;h_1},Vj # 1. ThenVj # 1,hy < hy € [H], agent (1, hq) does
not influence (3, ko), since 7, = {a;1:n,—1} is not influenced by agent (1, hq). Therefore, D
is sQC and has perfect recall, D is not SI (underlying state sj, influenced by g1 1.5,—1). This is
because D does not satisfy Assumption 3.4. Then D lies in the area @.

* ®: One-step delayed observation sharing and two-step delayed action sharing. The Dec-
POMDPs satisfying that for any h € [H],i € [n],cp, = {01:h—1,01:h—2}Pih = {Qih—1,0in}
lie in the area ®.

I Experimental Results

For the experiments, we validate both the implementability and performance of our LTC algorithms,
and conduct ablation studies for LTCs with different communication costs and horizons.

Experimental setup We conduct our experiments on two popular and modest-scale partially ob-
servable benchmarks, Dectiger (Nair et al., 2003) and Grid3x3 (Amato et al., 2009). We train the
agents in each LTC problem in the two environments with 20 different random seeds and different
communication cost functions, and execute them in problems with horizons [4, 6,8, 10]. To fit the
setting of LTC in our paper. We regularize the reward between [0,1] and set the base information
structure as one-step-delay. As for the communication cost function, we set Kp, (Z)) = a|Z5|, and
set & € [0.01,0.05,0.1] for the purpose of ablation study. Also, we study 2 baselines under the
same environment with information structure of one-step delay and fully-sharing, respectively. The
one-step-delay baseline can be regarded as an LTC problem with extremely high communication
cost, thus no additional sharing. On the other hand, the fully-sharing baseline is the LTC problem
with no communication cost.

o

>

o
o
~

Cost=0.05

Dectiger Grid3x3
B Cost=0.01
mm Fully sharing

No,additional sharing No additional sharing
Cost=0.1
Cost=0.05
B Cost=0.01
HEE Fully sharing
H=4 H=6 H=8 H=4 H=6 H=8 H=10

Cost=0.1
Problem Horizon Problem Horizon

o
o

Il
o

Averge Value per Horizon
o o o o
w w w w
N > ()] [e2]
T |
g .
Averge Value per Horizon
o o o o
N w = w

Figure 2: The average-values achieved under different communication costs and horizons. Each full
bar, the dark part, and the light part denote the values associated with the reward, the communication
cost, and the overall objective (reward minus cost) of the agents, respectively. Note that, as baselines,
there is no communication cost in the no additional sharing and fully sharing cases.

Results and analysis The attained average-values are presented in Fig. 2, and the learning curves
are shown in Fig. 3. Additionally, the results of different horizons and communications costs over
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Dectiger Learning Curve Grid3x3 Learning Curve

7.3 4
7.2 3
7.1
7
[J) { XV
2 6.8 2 e \f\/‘/\\/\,.\ NN O~
>6.5 No additional sharing —— No additional sharing
cost=0.1 cost=0.1
6 —— cost=0.05 —— cost=0.05
5 —— cost=0.01 —— cost=0.01
—— Fully sharing —— Fully sharing
4 . .
0 10000 20000 30000 40000 50000 60000 70000 800( 0 10000 20000 30000 40000 50000 60000 70000 80000
Episode Episode

Figure 3: Learning curves with different communication costs.

‘ Horizon/Cost ‘ No Sharing ‘ Cost=0.1 ‘ Cost=0.05 ‘ Cost=0.01 ‘ Fully Sharing ‘

| H=4 w/cost | 1.32£0.025 | 1.330.044 | 1.4420.034 | 1.54£0.013 | 1.57£0.004 |

| 1.3620.032 | 1.48£0.034 | 1.59+0.002 | - |

| H=6 w/cost | 1.95£0.009 | 1.970.07 | 2.0840.068 | 2.26+0.012 | 2.29£0.002 |

| 2.01£0.047 | 2.14:£0.072 | 2.27+0.011 | - |
\
|
\
\

‘ H=4 w/o cost ‘ -

‘ H=6 w/o cost ‘ -

| H=8 w/cost | 2.5640.041 | 2.64+0.078 | 2.74+0.118 | 2.96+:0.021 | 3.0+0.002
| 2740.044 | 2.83+£0.117 | 2.98+0.02 | -

| H=10 w/ cost | 3.3140.024 | 3.3740.135 | 3.510.153 | 3.69+0.029 | 3.8740.007
| 3.4620.069 | 3.63+0.152 | 3.710.026 | -

‘ H=8 w/o cost ‘ -

‘ H=10 w/o cost ‘ -

Table 1: Experimental results for Dectiger.

| Horizon/Cost | No Sharing | Cost=0.1 | Cost=0.05 | Cost=0.01 | Fully Sharing |
| H=4 w/cost | 0.1440.003 | 0.14£0.019 | 0.15+0.002 | 0.2640.028 | -0.48+0.023 |
| 0.1440.019 | 0.21£0.007 | 0.33+0.023 | - \
| H=6 w/cost | 0.3340.02 | 0.32+£0.025 | 0.4£0.009 | 0.48+0.059 | -0.38+0.075 |
| 0.32+0.025 | 0.54+0.02 | 0.62+0.075 | - \
|
|
|
|

‘ H=4 w/o cost ‘ -

‘ H=6 w/o cost ‘ -

| H=8 w/cost | 0.5240.084 | 0.52+0.051 | 0.58:0.072 | 0.67+0.031 | -0.40.022
| 0.52+0.051 | 0.72+0.035 | 0.8240.074 | -

| H=10 w/cost | 0.7340.02 | 0.73+0.037 | 0.940.169 | 1.03+0.019 | -0.15:0.188
| 0.73£0.037 | 1.08+0.14 | 1.2540.062 | -

‘ H=8 w/o cost ‘ -

‘ H=10 w/o cost ‘ -

Table 2: Experimental results for Grid3x3.

20 random seeds are shown in Tables 1 and 2. The results show that communication is beneficial
for agents to obtain higher values with better sample efficiency. Also, cheaper communication costs
can encourage agents to share more information, and jointly achieve a better strategy.

J Additional Figures

We provide a few figures to better illustrate the paradigms and algorithmic ideas of this paper. Fig. 4
and Fig. 5 illustrate the paradigm and the timeline of the LTC problems considered in this paper, and
Fig. 6 illustrates how Algorithm 1 solves the LTC problems, including the subroutines presented in
§4.

K Related Work

Communication-control joint optimization. The joint design of control and communication strate-
gies has been studied in the control literature (Xiao et al., 2005; Yiiksel, 2013; Sudhakara et al.,
2021; Kartik et al., 2022). However, even with model knowledge, the computational complexity
(and associated necessary conditions) of solving these models remains elusive, let alone the sample
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Agent N
Agent 1
communication
Pih action
— M
Ci
" OQ i 28,
Pih o

Agent i

Figure 4: Illustrating the paradigm of the Learning-to-Communicate problem considered in this
paper.

_ Additional N Baseline
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Informationi 1 hd M d
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Figure 5: Timeline of the information sharing and evolution protocols in the Learning-to-
Communicate problem considered in this paper.

Reformulation Expansion Refinement Compression
Problems: —_— r D r fc
(IV. A) (IV. B) (IV.C) (IV. D)
SI-CIB Approximate
QcLTCw/ Qc sQC (SI-CIB) | | Dec-POMDP "c':mmon Alg.6
assumptions Dec-POMDP Dec-POMDP w/ info .
. info model
evolution
Team-optimal . m ,a Bt e AY L e—m— g =~ a9 —
Solutions: (9T 91:1) 914 @ 91.q 918 918

Figure 6: Illustrating the subroutines in §4 for solving the LTC problems.

complexity when it comes to learning. Moreover, these models mostly have more special structures,
e.g., with linear systems (Xiao et al., 2005; Yiiksel, 2013), or allowing to share only instantaneous
observations (Sudhakara et al., 2021; Kartik et al., 2022).

Information sharing and information structures. Information structure has been extensively stud-
ied to characterize who knows what and when in decentralized control (Mahajan et al., 2012; Yiiksel
& Basar, 2023). Our paper aims to formally understand LTC through the lens of information struc-
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tures. The common-information-based approaches to formalize information sharing in (Nayyar
et al., 2013b;a) serve as the basis of our work. In comparison, these results focused on the structural
results, without concrete computational (and sample) complexity analysis.

Partially observable MARL theory. Planning and learning in partially observable MARL are
known to be hard (Papadimitriou & Tsitsiklis, 1987; Lusena et al., 2001; Jin et al., 2020; Bernstein
etal., 2002). Recently, (Liu et al., 2022; Altabaa & Yang, 2024) developed polynomial-sample com-
plexity algorithms for partially observable stochastic games, but with computationally intractable
oracles; (Liu & Zhang, 2023) developed quasi-polynomial-time and sample algorithms for such
models, leveraging information sharing. In contrast, our paper focuses on optimizing/learning to
share, together with control strategy optimization/learning.

L. Concluding Remarks

We formalized the learning-to-communicate problem under the Dec-POMDP framework, and pro-
posed a few structural assumptions for LTCs with quasi-classical information structures, violating
which can cause computational hardness in general. We then developed provable planning and
learning algorithms for QC LTCs. Along the way, we also established some relationship between
the strictly quasi-classical information structure and the condition of having strategy-independent
common-information-based beliefs, as well as solving general Dec-POMDPs without computa-
tionally intractable oracles beyond those with the SI-CIB condition. Our work has opened up
many future directions, including the formulation, together with the development of provable plan-
ning/learning algorithms, of LTC in non-cooperative (game-theoretic) settings, and the relaxation of
(some of) the structural assumptions when it comes to equilibrium computation.
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