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Discrete Interactions in Decentralized Multiagent
Coordination: A Probabilistic Perspective

Ming Liu™, Weiling Chang, Chao Li, Yuchun Ji, Ruiguang Li, and Minyu Feng

Abstract—While current work has proved that the interactions
between tightly coupled multiagent is one of the effective means to
overcome the information partially observable constraints, cre-
ating coordinative policies among loose coupled agents under
uncertainty is still a big challenge. In this article, we explored
how the discrete interactions affect the decentralized multiagent
coordination, in which the coordinative relationship changes
dynamically with randomly arrived tasks. We first proposed a
decision model, DDI-MDPs, which supports both the indepen-
dence and the interactive decision making, that is, interactions are
spatiotemporal discrete occurred. On this basis, we contributed
a heuristic imprecise probabilistic-based interaction algorithm,
HDLI, which utilizes the multidimensional semantic relevance
among agents, information and tasks, so that agents can contin-
uously improve their cognition and optimize the decision-making
efficiency by learning the interaction records. In addition, we
dissected the transformation conditions between DDI-MDPs and
the classic models, and modeled the dynamic relationships into a
dynamic graph, and then analyzed its evolution processes. In the
simulation, we evaluated the efficiency of the proposed work in
several typical coordination scenarios, the results reveal that the
interactive-growth relationship between agents has typical social
network characteristics. Finally, some possible challenges in the
follow-up research work and applications are discussed.

Index Terms—Discrete interactions,
multiagent coordination, networked agents.

graph evolution,

I. INTRODUCTION

NTERACTIONS in tightly coupled multiagent system has

been studied over years, it has been proven that under the
guidance of the appropriate interaction mechanism between
agents, the coordination between agents tends to be bene-
fitted from information interactions and its utilization [1].
reinforcement learning (RL) effectively ensures agents can
cooperate with each other and interact with the environ-
ment [2]. Restricted by the limited cognition capabilities of
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agents, interaction is an intuitive approach to alleviate the
partial observable issues by sharing information in the local
network [3]. However, the interactions between agents are
also astringed by the network topology and the timeliness
of information, more often, it is costly and unreliable [4].
Therefore, one of the issues that remains to be studied in
multiagent coordination is establishing an interaction mech-
anism among agents from an all-purpose perspective, that is,
in the absence of the specific prerequisites, and still effectively
improve the coordination efficiency.

Markov decision processes (MMDPs), decentralized MDPs
(Dec-MDPs), and decentralized partially observable MDPs
(Dec-POMDPs) are classic models to multiagent coordina-
tive decision-making problems [5]. Lots of work assumed
agents are tight coupled, but such idealized coupling sel-
dom occurs in practice since the dynamicity of the multiagent
system and environments [6]. In addition, although free inter-
actions can transform a multiagent DEC-POMDPs into a large
single-agent POMDPs [7], the dynamicity of the multiagent
system and the environments makes the interactions between
agents are sparse and spatiotemporal discrete, but the com-
plexity of solving optimal joint policies is difficult as in the
finite-horizon DEC-POMDPs problem (NEXP-complete) [8],
which is harder than the single-agent MDPs (NP-complete)
and single-agent POMDPs (PSPACE-complete) [9]. It can be
assumed that the earlier work adopted the determined decision
plans to specify the coordination dependencies between agents,
but it is hard to enumerate all the possible states. Furthermore,
since the new observed grows exponentially, which is even
bigger than all the possible observation histories under uncer-
tainty [10], there are many limitations in the application of the
above models.

The study of interactions in multiagent system has been
long tied to specific domain assumptions. COM-MTDP argued
that the interactions between agents depends on the com-
mon goals, but since it is based on an explicit interaction
model, even for the small scale system, the solving complex-
ity is still NEXP-complete [11]. IDMGs adopted interaction to
optimize the cooperative game, but it only applies to the spe-
cific application forms and lacks the heuristic approach [12].
Other classical studies that based on the simplified interaction
mechanisms are transition-independent DEC-MDPs [8], fac-
tored DEC-MDPs [13], BaGA-Comm [14], Dec-Comm [15]
and Dec-SIMDPs [16]. It can be found that the above work
attempts to optimize coordination by utilizing the interaction,
but ignores the partial observable constraints and the associ-
ated computational costs. Obviously, in the case of insufficient
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information observation, the online decision making is typi-
cally inefficient and high variance [6]. A few new notable
approaches involve learning to communicate between agents
under partially observable, social learning is one of the popu-
lar one in recent, which is committed to understanding and
characterizing the dynamics and emergence of conventions
in multiagent system, it is a typical framework to study the
interaction between agents [17]. CommNet is the first method
to learn the communication pattern for multiagent RL, in
which each agent takes their internal states as well as the
means of the internal states of the rest agents as the input to
make decision on its action [18]. BiCNet uses a bidirectional
coordinated network to connect the agents. However, both
schemes require all-to-all communication among the agents,
which can cause a significant communication overhead and
latency [2].

Identify the most influential agents in social interactions
multiagent system is a challenge in recent. HEALER [19] and
DOSIM [20] are typical studies, their results show that under
different conditions, agent can produce policies which perform
near optimally regardless of unknown parameters, while fail-
ing to consider this uncertainty results in substantially worse
performance. These work has instructive in assisting the tran-
sition of agents focused on social influence maximization from
the emerging to the deployed application phase. In this article,
we focus on the problem that the coordination between agents
are discretely interactive and asynchronous, that is, each agent
can participate in multiple random tasks at the same time, and
establish or end a cooperative relationship with other agents
at any time. All interactions between agents are triggered ran-
domly by agents, rather than following preset mechanisms. We
define the interaction under this kind of general random sta-
tus as discrete interaction, this is the difference and premise
between this work and the current literature. In this article,
we use the following interaction framework, in each decision
episode, agent i can interact with |/C| agents, which are ran-
domly selected from its communication range. X = K N I,
where Ky is the set of agents that receiving information from i,
and /C, is the set of agents that sending information to i. Hence,
we propose a new decision model and corresponding heuristic
algorithm to optimizing and solving the problem of discretely
interactive multiagent coordination, which expands the basic
idea of the social learning framework [21]. The interesting
and challenging question addressed here is how to integrate
decision with discrete interactions effectively.

II. PROBLEM FORMALIZATION AND MODELING

Two agents interaction is the basis element of multiagent
coordination. Interactions usually takes two forms, Subscribe
and Push, which are corresponding to the explicit and implicit
interactions, respectively. Subscribe means agent j distributes
its specific information demands to its interactive neighbors,
when i have such information, it will send it to j. This is an
intuitive way, which is not discussed in this article. Push is
based on other agents’ understanding of j requirements, and
the premise of i considered sending / to j is that i believes I has
specific semantic relevance to j. In this article, the fundamen-
tal idea is the global state encompasses of all the information
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about the local state of each agent and the system, each i has
an interaction action set and an executable action set, and gains
observation and maintains its local cognition through decision
making. Obviously, since the interactions between agents trig-
gered by Push are random and discrete, we define this type
of interaction as discrete interaction.

Since interactive agents can only establish partial states of
the system rather than global state through interactions, espe-
cially exploring new coordination relationships. Therefore, the
above problem can be approximated to a dynamic K local
network-based DEC-MDPs problem, that is, the interactions
between agents are built into the transition and observation
processes, and the current cognition of i directly depends its
current observation and the additional interactive information
from other agents. It needs to be noted that, the implementa-
tion of interaction is based on the relevance between agent’s
domain knowledge and the information it held, however, how
to establish the suitable domain knowledge is not the focus of
this article, and the following work is based on the assumption
that the specific knowledge has been selected. In addition, we
believe the interaction process between two agents is a typi-
cal Markov decision process of two states: 1) interactive and
2) noninteractive, and for N interactive agents system, the size
of states space will be 2N Therefore, we denote interaction
as a new type of actions that i takes, and the coordination
process can be modeled as a decentralized discrete interac-
tions (DDIs)-MDPs problem, as a tuple of (N, S, a, h, O, r)
as follows.

1) N is the ad hoc network constructed by N agents.

2) 8" =1{80,37,MN---N ‘SN »} denotes the global state of
N at time 7, which Sy is the state of the unchangeable
parts that can be observed by N. I’ i, denotes the local
state estimated by agent i that based on its belief vec-
tors b(t), and it generated from the state i itself s’fl,
the observed state of its neighbor agents a)( and the

unchangeable partial observation of w!~ 1(So), then the
subscript b refer to the estimated state.

3) o; = {aj,...,apy} denotes the set of all the available
actions to i, and act’ denotes the joint action of N at
time 1. a} = (5]’ l,~£ ) denotes the interaction action of
i, where ajl denotes i receiving information from j, and

denotes i sending information to j.

4) h§ denotes the cognition of i, and h! = @' o h™! is
the cognition update process. If i can interact with other
agents, i = (o}, 3y, I;))oh!™!, where > jen; i is the
valid information set that i obtamed from 1ts 1nteract1ve
neighbor agents, N; is the neighbor set of i.

5) 0(o'|S;] b a;) denotes the probability of i obtains obser-
vation o' based on state S’ b when action q; is taken.
In each decision episode, i has to estimate the global
state S b and the state estimation is to maximize the
objectlves where Bel is the belief update operator

zt,bmﬁ,bvh;vai)- M

6) r(Sl’ p» @i) denotes the expected reward obtained from
taking a; at the estimated state Sf »» and then it has
R' =Y. .y P(S! IS b)P( b|h ary I(S > @i), Which

S! p = argmax Bel(
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Information interactions among three agents.

denotes the expected joint rewards of N agents at time
t, where 7/ is the stochastic policy of i, which is gen-
erated based on the current cognition and observation.
Since agents are independent of each other, the joint
reward of two coordinating agents can be expressed as:
R(Stbs i, b a;, aj) = (S} ib a;) —‘1-}’2(8 b aj).

In the above model, 7} is a mapping from current cogni-
tion A} to a domain actlon and a interaction action. Different
from existing studies, although the interaction between i and j
relies on their local cognition, the randomness of the tasks and
environment still makes the decision processes Markov, and it
can be expressed as 7/:S], x i x hj — a; x 3 I; ;. However,
restricted by the limited cognition and unstable interactions,
all agents prefer greedy attitudes that are individually optimal,
although the joint rewards could be suboptimal. The object
of N agents is to maximize the total accumulated expected
rewards until time ¢. The goal of i is to achieve the current
optimal policy ™ that maximizes the joint object [13], it has

ZV

Fueling by the discrete additional information enhancement, i
can accelerate the learning process of the decentralized joint
policies, and finally achieve the relative optimal joint solution
between interactive agents. In addition, agent can be rewarded
from both interactive and noninteractive state to achieve a
higher joint payoff, however, since the estimation of S;, has
errors, it will lead to the decline of the decision accuracy.

e _
;" = argmaxE .

Sip ai) |- )

III. UTILIZATION OF DISCRETE INTERACTIONS

In this section, we will discuss the intrinsic dynamics
of constructing the discrete interactions among agents. An
information interactions case as in Fig. 1, according to j’s
cognition, it believes that it holds the information needed by
i and k and then send it to them, but not every piece of / has
the utility gain to i and k, which may be redundant.

The decision of each agent i can be separated into two
subprocess, the interaction decision (iDecision) and action
decision (aDecision), which inherits the agent design in [11].
The choice of which agent to interact with usually depends
on the actual coordination task. At the same time, i can also
receive and send information from agents that interact with it.
If no-interaction is currently allowed or required by i in its
local, iDecision will be skipped to execute aDecision.

IEEE TRANSACTIONS ON COGNITIVE AND DEVELOPMENTAL SYSTEMS, VOL. 13, NO. 4, DECEMBER 2021

A. Semantic-Based Information Relevance Valuation

We applies the idea of the graph data model [22], and mod-
eled the cognition of each i as a dynamic graph, G; = {C;, L;},
which C; is the concepts set, and L;; is the relationships set,
which /; ; is the link connected concepts ¢; and c;. Therefore,
a piece of information /; is a subgraph in G;. On this basis,
any piece of information can be equivalently decomposed into
K of clauses, I; = (J;cx cli, which cl; = {ct,ch, i}, sub-
ject ci, object ¢!, and connection /. Therefore, the semantic
relevance between I and a given agent j can be defined as

m
Rel(l,j) = Y " n;-reli(c;. cly) (3)
i=1
where cl; € I and cl; € G;(j), which is the j-related subgraph
in G;. n; is the semantic parameter of c/; in the current deci-
sion episode, and Zm n; = 1. Generally, the j-related clauses
are randomly distributed in G;. Hence, the semantic relevance
between I and j can be obtained by calculating the distance
between I and the n j-related clauses distributed in G;. We
defined rel;(cl;, clj) as the semantic association value to clj, it
has

|AssPath| —————(xyrelges ® xorelgiy) 4)
x1 and x, are the control parameters, |AssPath|
average shortest path length between each clauses
G;. Based on Dice coefficient theory [23], relges
is the semantic correlation degree from cl; to G;(j),

follows relidCS = (I/n) Zjen ]keygj|, where |keyl‘.{j| =
[y Ik, /MY + [y lch, ch)/NT is the average path
length of the distance between the subjects and the objects,
if there have M and N available paths. Based on Jensen-
Shannon divergence theory [24], relgy is the dispersion
correlation degree from cl; to Gi(j), it has relgy, =
Zjen 10g[(!keyi,j| X |key1:,j|)/(2jgn |key1',j|)]v where |keyi,j| =
[(min |¢i, ¢| +min|c!, ¢,])/2] is the average shortest path
length of the distance between the subjects and the objects.
It can be found that, the essence of Rel(/,j) is an extended
instance of the Bayesian-based probabilistic latent semantic
indexing [25]. Normally, in an interaction, i will send to j all
the related information related_info(j) it holds about j, which
contains other information forwarded by i. Therefore, the
expected interaction reward for an interaction can be defined as

Z r(l, k;)

Rel(I,j) L 5)
Ierelated_info(j) V([, ¢)

rel; (cll, cl; )

which
is the
within

E[related_info(j)] =

which r(, k,) denotes the expected utility of j receives I,
and r(I, ¢) expresses that when j receives / without knowing
anything, which are based on cognition of i about j.

B. Heuristic Dynamic Local Interactions Algorithm

Since information interaction between agents is not a nec-
essary element to ensure the coordination, which has been
guaranteed in typical Dec-MDPs, and in this section, the pro-
cess of discrete information interaction under constraints is
discussed. Randomly selected K agents from N consisted set
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Algorithm 1 HDLIs
1: Initialize candSet(x);

2: ap < ﬂo(h?);

3: if cogNeighbors = () then

4: 7™ = argmax P(Sl.”b|w,, ) - r(Sit,b);

5: else

6: if hcogNeighbors(i) 75 ¢ then

7: for j € cogNeighbors do

8: Rel(I,j) = Y-X_ nj - reli(cly, cly);
9: if Rel(1,i) > ¢ then

10: candSet(x) < {j};

11: related_info(j) < I,

12: for each j € candSet(x) do

13: Jj < related_info(j);

14: a)f., < (path, E[related_info(j)]);
15: hﬁ, = a)l’./ o hf;

16: end for

17: 7'™* = arg maxP(Si’yblcu,, hﬁl) . r(Sl.t’b);
18: K <«

19: else

20: return to line 3;

21: end if

22: end for

23:  else

24: return to line 3;

25:  end if

26: end if

27: return w™*;

IC, we assumed i can interact within /C and achieve additional
information ZjE,C I;,;. The local joint state composed of K is
Sl = Xje Ksj‘-, sj’- is the local state of j, and S represents the
joint state of the rest agents, S' = S,’C + SIE' Therefore, the
joint rewards function in i’s view can be rewritten as

R(S) ~ r(SLy) + D r(Sh) + 2 r(Sts). 6
jek kel

It can be found that, for the rational agents, the interaction
would enhance the observation, but will not bring disruptive
change to decision, hence, we use =& to denote, and the joint
rewards can be divided into three parts, the local reward, the
coordinative joint reward and the rest, respectively. K # ¢
means at least one agent’s state in N is related to others, that is,
i can learn from the estimated joint policies, which are based
on its current cognition, whether the interaction is available or
not. Algorithm 1 describes the detail of the heuristic dynamic
local interaction (HDLI) algorithm.

The initial policy mg is an input to HDLI and then out-
put action ag, each agent within i’s interaction range is the
potential interactive target of the same probability, the deci-
sion is a policy of the collapse obtained from the standard
POMDP planner, if cogNeighbors = @, iDecision will be
skipped as mentioned in Fig. 1, which cogNeighbors is the
potential Push targets list (lines 1-4). If the cognition of
i’s neighbors is not empty, i will evaluate the semantic rel-
evance Rel(l,j). For the current coordinative relationship, i
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will define the threshold value ¢ based on the domain knowl-
edge, and evaluate whether the interaction is beneficial to
itself based on the current network connection, communica-
tion cost and the timeliness of I. Once Rel(l,j) is bigger
than ¢, j will be one of the intractable objects and will be
added into candSet(x), and I is also added to the associated
information set related_info(j), waiting to be sent (lines 6—12).
Then i will evaluate whether the interaction is beneficial to
itself based on the current network connection, communica-
tion cost and the timeliness of I. If i send related_info(j)
to j, i will update its cognition 4! based on the interaction
record (path, E[related_info(j)]), which path is the path of the
information forwarded by i. Finally, i generates local poli-
cies based on update h]’-/ and add j to KC (lines 13-17). If
Rel(l, j) do not trigger ¢, i takes individual decision from the
default policies, without any additional update (lines 19-25).
We can found that, each agent based on HDLI can improve
its cognition of the network and other agents by continuously
learning its interaction process, including network state, espe-
cially the information preference and unique characteristics
of other agents, so as to optimize the subsequent interaction
with other agents. It should be noted that, in the normal coor-
dination relationship, since the information held by i should
have a certain semantic relevance with other agents in its com-
munication range, the essence of HDLI is a target-oriented
information transfer probability model, which is established
based on the i’s limited cognition. All agents can improve
the overall coordination efficiency by constantly learning their
local interaction. Our previous work also shows that, although
the interaction model based on incomplete knowledge is not
accurate, most information can still reach the target agents
in a short time, and effectively improve their cognition and
optimize their decision making [26]. In addition, all the deci-
sion of interaction need time thus made whenever other agents
initiate communication, the interaction is postponed, or incon-
sistency of the belief is detected. Fortunately, it can detect
the problem by examining any inconsistency between the
local belief and the extended observation of the agent from
other agents. Intuitively, when agent i makes 7/ according to
the updated k!, the probability of which is far bigger than
according to the previous one.

C. Implication of Information Interactions

Obviously, DDI-MDPs and Algorithm 1 describes a general
form of discrete interaction between decentralized agents. The
joint reward depends on the local states and actions of all of
the agents, the goal in (2) is to find a policy that maximized
the expected local and global rewards, and the complexity is
still NEXP-complete. Ideally, through the interactions, each
agent would be independently solving a MDP in its local,
and the problem becomes a DEC-MDPs. However, the dis-
crete interaction cannot fundamentally change the uncertainty
of decision, so the complexity does not decrease.

It seems that the interactions in DDI-MDPs increasing the
expressiveness of the model, however this is not the case,
the interaction is just a special type of j’s action and the
additional information received by j is just a part of the

Authorized licensed use limited to: Southwest University. Downloaded on October 16,2023 at 11:28:23 UTC from IEEE Xplore. Restrictions apply.



1014

observation. Then, we analyze the equivalence and transforma-
tion conditions between the proposed model and the existing
models.

Theorem 1: DDI-MDPs is a general model and it can be
converted to other typical decision models.

Proof: Since the discrete interactions between agents can
be subdivided into interactive and noninteractive, we use
a generalized form to describe the transformed model:
(N, 8, &, h,0,7), in which S is doubling of S, and the
transformations will be analyzed separately.

1) DDI-MDPs — DEC-POMDPs: Under the condition of
noninteractive among agents, the transformation is intu-
itive, which means, each agent i can only obtain the
partial observation of the current local state, that is,
st = st, because of i only taking its local action ¢; and

just observing the limited local observation !, the local
state and global to i are still 3} , and S} , and the expres-

sion of (@, 13, ) are not changed. Therefore, it can be
modeled as a typical DEC-POMDPs.

2) DDI-MDPs — DEC-MDPs: On the basis of forego-
ing, if i can interact with its local neighbor agents /C, i
would update its observation ! with the received addi-
tional information Zje 8 I; i, hence, the expression of the
model will change: the action will be & = ;Y 4,
the observation will be &} = o} (J}_ ey, Ij.i» the cogni-
tion will be /! = (w!, Y e, By o B! and the instant
local reward is comprised of ?’(fsf, ai, y_a;) = r(‘fsf, a)+
r(;&sf, >" ;). Therefore, it has f’(fs; ai, Y a;, %) =1and
O(izf, Y a;, ht) = 1. Consequently, DDI-MDPs can be
transformed into DEC-MDPs. Furthermore, in the ideal
situation, if agents can interact sufficient via A/, it will
be transformed into MMDPs. [ |

Note that, the interaction is an action that affects the obser-

vations and thus changes i’s belief distribution. Whether the
interaction is explicit or implicit, it is recorded by the obser-
vation wl’.(_n;, which is a part of the cognition 4. Consequently,
in each decision episode, for the increment of the discrete
interaction, if i gets additional information from its neighbors,
the object function (2) can be rewritten as

t
Vj‘[r(Sit’b’ al-) = EIT’ Z yt . I‘(Sl't’b, ai)
0

!
~ K, Z yh. r(Sit,b, ai) -P(Sit,h|<a)§ o h§_1>)
0

+ Z rlj,i( it,b’ a,‘)

7

x P 3;,b|<21j,,- o h;‘>
7

= Var(Sipe i) + Vior, (S @i)- )

For convenience, j € N; is abbreviated into 7 Noted that,
the corresponding values can be decomposed into an indi-
vidual component V,: and an interaction component sz 5
theoretically, but this decoupling is an approximation, the
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increment of interaction information can not be directly added,
and the choosen of n’ is also affected by the additional
information Zj I; ;, there is an implicit coupling between the
two components. Similarly, the Q-function can be rewritten as

Ot (Si s ai) = Qnt (S i) + Oy, 1, (Sipr @) (8)

Each optimal 7™ has an associated Q-function that verifies,
as the following recursion:

0(™) = P(S.,){r(S!) @)
+ vy max[VnI (Sip)s - Vat (Sztb)]} ®)

where max[an (Sl{b), R ani(Sf’b)] is a max-like operator
denoting the possible policies set at time ¢ with respect to
the defined by the Q(x™). If r(Sf) p- @) = 0, then it gets
o(h) = QZ,- IJ.J.(SZ.’, a;) and the problem reduces to a fully
interactive multiagent coordination. It remark that the above
approximation is somewhat simplified the internal effects of
the coupling between the independent decision and inter-
actions to the Q(rr’). However, as the experimental results
illustrate, this effect is often negligible.

IV. THEORETICAL ANALYSIS OF PROPOSED MODEL

Discrete interactions among agents can be model into a
graph-based evolution process, by analyzing the characteris-
tics of the graph, we believe that the interaction establishment
process has the typical scale-free features. This also verifies
the effective influence of interaction on information entropy of
agent. In addition, we analysis the complexity of the proposed
model based on the current classical theoretical model.

Essence of the discrete interactions is to establish the real-
time interactive links between agents. Based on the foregoing,
for a N networked agents, the interactions among them can be
modeled by a graph G' = (V, L), where V C N and L C V2
denoting the interactive agent set and the interactive link set
at time ¢, respectively. Link l]’.’i represents a path and corre-
sponding to an action Zi/’ ;» which means 7 receiving information
from j, but not necessarily vice versa. g- denotes the interactive
subgraph of i. Considering the discrete characteristics of the
stochastic coordination, and different from current work [27],
for each new interactive agent j, the number of links is sup-
posed to follow a Gaussian distribution rather than a constant.
The definition is expressed as follows.

Definition 1: A new connected interactive agent j add m
new links to m present agents within g}, where m subjects
to a normal distribution with the parameters of u and o, the
density of m can be denoted as

_ m—)?
e 202

m>0

m < 0.

1
fm) =1 ovan (10)
0

Noted that, in each decision episode, when [ is considered
to be useful to i and j can interact with i, l},i will be estab-
lished, and if j can interact with m agents at the same time,
that is, establish m new links. Since agents observe and make
decisions independently, the probability of agents in ]Vi’ being
selected should be uniformly distributed. Let I1; denote the
probability of i being selected, where Y ._ . IT; = 1.

i

ieg
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A. Graph Evolution: Homogeneous Perspective

According to the interactive growing processes within g,
the process can be model as a typical Markov chain.

Definition 2: Ideally, the process of connecting new
interactive agents to m present agents in G’ can be modeled as
a Poisson process with a continuous rate A > 0. When 7 > 0,
if the number of the new interactive agents has the mean of
At, the probability of the increment follows:

P{Num;(t + At) — Num; () = k}
3 (kAt)"e_m,
k!

k=0,1,2,... 11

Since the relevance between agents are independent of the
previous time, the connects of the m links are an indepen-
dent incremental process. For convenience, in an instant, there
has only one agent connecting to i, that is P{G'(Ar) = 1} =
A(AD + o(Af) and P{G'(Ar) > 2} = o(Ar), in which o(Af)
is the dimensionless. Therefore, the value of A indicates the
interactive rate of G at time ¢, the process of new connecting
can be modeled as a typical Poisson process.

Definition 3: At the beginning, gfo = i. If other agents can
interact with i, at time ¢, the probability that the degree of i is
k, denotes by Pi(k), the transient degree distribution.

When t — oo, if lim Pi(k) = P;(k) exists, and P;(k) > 0,
we can say that the degree distribution of g} exists, and P(k)
is the steady degree distribution. Furthermore, if P;(k) ~ k7,
Pi(k) is characterized of following the power-law distribution.

Theorem 2: If the interactive growing processes follows a
nonhomogeneous Poisson process, the degree distribution is
independent of time and follows the power-law distribution.

We then have the following two lemmas.

Lemma 1: Given a fixed connecting rate A(f) and the
expected links rate u, the expected total degree is 2iut at
time ¢.

Proof: Suppose |gi| denotes the agent number of g at time
t, m denotes the mean number of links of any i in gﬁ, then
E[lm-| g§|] denotes the total number of links at time #, and by
the definition, E[|g§|] = Mt and E[m] = w. Since agents are
independent of the links, therefore, the covariance is 0, that is

gil) = E[m- |gi]] - EUmE[|gi]] = 0

namely, E[m-| g§|] = E[m]E]| gﬁl], and the expectation degree is
two times of the total edges, hence, according to the properties
of expectation, it has E[rh]E[2|g§ [T =2Aput. |

Lemma 2: The degree distribution of i in g} is independent
of time range has no influence on the distribution.

Proof: Suppose that k;(7) is the degree of i at time 7. Based
on Lemma 1, the total degree of g! at time ¢ is Zjegﬁ. ki ~
2\ ut. For the new connecting agent j with m new links, the
probability that l]t»’ ; connects to i is approximated to

cov (ﬁ1,

12)

ki
(13)

1 -1 ~
P=ClLIM — T, ~ mIT; = T

Since [1 — IT;]"~! & 1, the increase probability of i’s degree
from k to k + 1 is (kj/2Aut). According to Definition 2, A
new agents connecting to g!, and the degree growth rate of
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i should be AP. Then, k;(f) can be regarded as a dynamic
equation based on the continuum theory, it follows:

k(0 AP — mki(t).
ot 2us(t)

(14)

According to dynamic methods [28], the boundary condi-
tion is that the degree of the ith agent is connecting at the
time ¢ and its degree is m, hence, it can get a solution of
ki(f) = m((xt/i))™/ 20 and if j is randomly selected from the
At sequence and follows a homogeneous distribution, that is,
p(i) = (1/Af), then the transient degree distribution can be
denoted as

_u
Plki(t) <kl=P|i> kt(—)
m
_2u
At(ﬁ) "
=1- 15
v 15)
then partial derivatives by k is
oPLki(t) < k]
Plki(t)] = —————
[ki(D)] ok
2, 2
= 2pmn kW (16)
the steady state distribution is
. 2n g, 2 g
Pk) = lhm Plki()] =2pumm ~ k™ m . 17)
— 00
The degree distribution is achieved. |

Obviously, P(k) o« Ck™7, it follows a power-law distribu-
tion, where y = Qu/m)—1, C = 2y,m(2"/m)_1, and based on
Definitions 1 and 2, when p and m are fixed, C is constant.
Consequently, the degree distribution is independent of time.
Therefore, we give the following theorem for the concurrent
and discrete interactions in G.

Theorem 3: For a N agents system, the discrete interactions
processes over A is a compound Poisson process.

Proof: Take a two agents cases. At time ¢ there exists two
coordinative subgraph g; and g; in G', which are belonging
to agent i and j. According to the Definition 2, the growing
processes of g; and g; are following the Poisson process with
the strength of A; and Aj, respectively. Let N denotes the
integrated graph of all the agents in g; and g; at time ¢.

For the serial time 1, 2, ..., ,;, g has n — 1 random vec-
tor serial V(g;) : {Num(g?) - Num(g?)}, e {Num(g?’) -
Num(g?”*l)} are independent of each other, Num(g? ) denotes
the scale of g; at time #;. Similarly, g; also has the independent
vector serial V(g;) : {Num(g;z) —Num(g;l)}, e {Num(gjt.”) —
Num(g]t-"’l)}. Since agents i and j are independent, the
construction processes of g; and g; are independent even
though there is interaction between them. Therefore, V(g;)
and V(g;) are independent of each other, and {Num(/\~/' ) —
Num(N™)}, ..., {Num(N"™) — Num(N™-1)} is an indepen-
dent vector serial, which makes A is a typical independent
increments process with time.
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Consequently, for any time 0 < #; < t; + At, there has
Num(ﬁ”“’) - Num(J\N/”)
= Num(g?JrAt) + Num(gjt."JrAt)
— [Num(g?) + Num (g;’)}
t,-+At)

; — Num(g?) is independent from
) — Num(gjtf ), and their eigenfunction are

(18)

where Num(g

Num(gjt-i A

g"Num(g'-f“’)_Num(g;f)<V> = exp[r1(AD(e” — 1)]

i

goNHm(g;iJrAr)fNum(g;i) W) = exp[)»z(At) (eiV _ 1)] (19)
the eigenfunction of Num(N+ar) — Num(N") is

QDNum _/\'[ri+Az)_Num(_/\”[r,-) (V)
= () ) ) )
= exp[)»lAt(ei" — ])] . exp[szt(eiV _ 1)]

= exp[(A1 + A2) At(e” — 1)]. (20)

From this derivation, it can be found that Num(/\~/' livary —
Num(N7) is an independent increments process with the
strength of (A1 + A2)At, and according to the definition of
Poisson process, the discrete interactions processes over A is
a compound Poisson process with the parameter of A; +A>. ®

B. Graph Evolution: Nonhomogeneous Perspective

On the basis of homogeneous discussion, we discuss on the
distribution under nonhomogeneous condition.

Definition 4: The discrete interaction process of connect-
ing new interactive agents to m present agents is no longer a
process with stationary and independent increments, it can be
modeled as a nonhomogeneous Poisson process with a con-
tinuous rate A(¢), and in any time interval of [z, ¢t + Af], the
probability of the increment follows:

P{Num;(z + s) — Num;(r) = k}
_ [s(t + A1) — s()]F o sHAN=s5(0)]

k!
k=0,1,2,...

2y

where s(f) = fot A(s)ds is the mean function, and s(z + Af) —

s(t) = fss((t;+A[) A(s)ds is the mean value. Noted that, the same
as in homogeneous Poisson process, the connects of the m
links are an independent incremental process. Based on the
above proof under the homogeneous condition, we can find
that the result of Lemma 1 is still applicable for the nonho-
mogeneous Poisson process, that is, the expectation degree
of g§ satisfies E[n'1]E[2|g§|] = 2us(t). Therefore, we believe
that the distribution of agent degree of the nonhomogeneous
condition satisfies the following theorem.

Theorem 4: If the discrete interactive growing processes
follows a nonhomogeneous Poisson process with a continu-
ous rate A(7), the degree distribution is independent of time
and follows a power-law distribution.
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Proof: For each new connecting agent, the m associated
links connect to g! are independent, and one of these link
attaches to i follows a probability of P = C} [TT;][1-T1;]""! ~
mll; = (ki/2s(t)), where we still use the approximation of
[1—T" T~ 1.

Since the mean-field-based process of P adopts the asymp-
totic homogenization theory to approximate the growing pro-
cess, but it is hard to analog the nonuniform connecting case.
Consequently, we adopt the master-equation approach [29] to
evaluate i’s degree distribution P[k;(¢)], it has

k—1
Plki(t + 1)] ~ ml’[(k — Di(®]

k
+ [1 - m}})[ki(ﬂ] (22)
then it can be rewritten as
1
Plki(t + 1] — Plki(D)] = —m[kP[ki(t)]
— (k= DP[(k—1);(1)] (23)

based on the definition of the partial derivative, it derives
OPLk;(1)] 1 dkPlki(n]
ot 2us(t) ok

then multiply both elements by k, and integrating the equation,
that is

0 24)

o OP[ki(t 1 o OkPlki(t
/ X [l()]dk_’_ / X [,()]dk:() 25)
0 Jt 2us() Jo ok
partial integrating the element in the second term, then it has
o kP[ki(t o
/ kﬂdk = / kd{kP[k; ()]}
0 ok 0
o
= —/ kP[k;(t)]dk
0
o
= — Y kPlki(1)]
k=1
= —k;. (26)

Equation (26) can be rewritten as (9k;/0t) = (1/2us(t)) - k;.
Noted that since (dk/k) = (9s(t)/2s(t)), the general solution
is ki = Cls()]1/?, where C is a constant. Then combin-
ing it with the boundary condition ki[s~Y()] = m, where
s~1(i) is the inverse function of s(r) which indicates the con-
necting time to i, then it has k; = /L[(S(t)/i)](l/z). Then we
assuming that agent i is randomly selected and follows a
homogeneous distribution, P(i) = (1/s(¢)), then the transient
degree distribution is

ﬂ 2
Plk; < k) = P[i > s(t)(%)z] —1— % 27)
then partial derivatives by k is
P(k) = Pk <k) _ 2023, (28)

Obviously, P(k) o Ck™7, where C = 2u2 and y = 3, the
degree distribution of any agent in g is independent of time
and follows a power-law distribution. |
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According the above analysis, we believe the discrete
interaction growing process between agents is not affected
by the connecting rate, whether homogeneous or nonhomo-
geneous. In addition, as long as the interaction process is
continuous within a decision episode, the degree distribu-
tion will remain stable, and the time also can not affect the
distribution.

C. Complexity Analysis

DDI-MDPs model introduces interactions between agents
on the basis of DEC-POMDPs, while the complexity of DEC-
POMDPs and DEC-MDPs are NEXP-complete. Therefore, we
believe the complexity of DDI-MDPs is less than NEXP-
complete. According to the standard definition, the criteria to
determining the complexity is whether the interaction history
can be polynomially integrated. If it can, then the problem is
in NP. If it cannot, it is provably harder than NP.

Definition 5: Let J; denotes the integrating of the
interaction records ®; of i, if ni’ can sufficient maximize
an(Sf,h’ a;), in which 7} can be express as Si”h X ht x hj’ —
ai x 3 ;lji.

J; describes the integrated form of all the elements that
affecting the generation of the optimal 711.’*, the size of |J]
is normally considered to be smaller than 7 - |S|Vi, which is
because not all the agents in N; can provide valid information
in a decision episode. The relationship between integrating
and the complexity is revealed through the proving process of
the following theorems.

Theorem 5: If J; is nonpolynomially integrated, the com-
plexity of DDI-MDPs is NP-hard.

Proof: We discuss this by contradiction. Assume that the
complexity of a nonpolynomially integrable DDI-MDPs is eas-
ier than NP. That is, there exists a polynomial time generator,
each piece of policy for i can be generated in a polynomial
time, and the joint optimal IT* can also be determined in a
polynomial time. But the opposite is true, 7 is a mapping of
Sﬁ’ » = @i, the state estimating space of i grows exponentially
over times, and for all the N agents, it is exponential, which
means that it can not determine 1™ without optimization
method in a polynomial time. Contradiction. Therefore, non-
polynomially integrable DDI-MDPs is NP-hard. |

Theorem 6: If J; is polynomially integrated, the time con-
sume that to obtain 7/* is polynomial.

Proof: Tt can be found that policy n/ is evaluated by
i’s belief distribution, which is composed of the state, the
sequence of observations. In the traditional approach, the deci-
sion process is constructed in the form of a tree, each node
in the tree corresponding to a domain action. The transitions
between the nodes is determined by the transition functions
and corresponds to a utility value. In the DDI-MDPs model,
the evaluation of the belief distribution of 7 is still adopts the
standard POMDP method, that is, its essence is a Belief-State
MDP, which selects the optimal action based on the probability
distribution. This approach is executed in standard polynomial
time over the finite horizon. Since J; exists, the size of the state
distributed space is just |S| x |J;| and the evaluation process
takes O(|S|°), which is polynomial of the constant ¢ = ¢; + 1,
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hence, the complexity of a polynomially integrable DDI-MDPs
is NP-complete. |

As is well known, most decentralized multiagent coordina-
tion are harder than NP, solving even optimizing are difficult.
The above work provides theoretical guidance in under-
standing how can the heuristic search approximate optimal
results and reduce the complexity. We demonstrate this by
the polynomial integrating and the complexity to no harder
than NP.

V. SIMULATION AND ANALYSIS

In this section, we first evaluated the performance of
HDLI based on two standard abstract benchmarks, and com-
pared it with two classical algorithms: 1) GREEDY [30] and
2) MAOP-COMM [31]. Then we conducted numerical exper-
iments to verify the proposed discretely interactive growing
graph methods. It should be noted that, since all tests are
conducted for abstract benchmarks, the communication con-
sumption is equivalent to the interaction instant reward of
agent, and the decision consumption of agent is ignored. It
should be noted that the first experiment part using a two agent
system as the research object, because the interaction between
two agents is the most basic element of multiagent coordina-
tion, therefore, by studying the interaction state between this
two agents in different tasks and applications, the proposed
work can be more intuitively verified in a completely random
experimental conditions, and the experimental results can also
be analyzed without considering other random factors.

A. Experiments and Comparisons of Algorithm Performance

First, we use two abstract benchmarks to compare the sta-
tistical results of the proposed algorithm, each involving three
key parameters, all the reported results are averages over 100,
500, and 1000 runs. In order to make the problem more chal-
lenging, in each decision episode, the initial position of each
agent is randomly selected, and simulated a noisy sensor with
90% accuracy to perceiving the right observation.

First scenario tests two agents meeting in a 5 x 5 grids, each
agent has four available actions, up, down, left, and right, and
the experiment state space is 625, which is more complicated
than the original version [16]. The defaulted instant reward in
each decision episode as move is —1, stand by is —10, if the
two agents collide in wrong grid, the reward is —100, the final
states correspond to the joint states where both two agents are
in the middle goal grid, the reward is 100. In addition, two
extra factors were added to evaluate HDLI’s performances, the
interaction range Range, which defines the observable world
size of each agent, and the relevance threshold Thre, which
defines the information semantic relevance threshold to the
specific target agent, and the different values are labeled in the
form of suffix. The experiment results are shown in Fig. 2.

Since the MAOP-COMM algorithm enables agents to inter-
act at any time during the whole collaborative process, which
enables i to quickly infer the position of j according to
its observation. Therefore, MAOP-COMM algorithm main-
tains absolute advantages under all test conditions, and it can
approximate the centralized optimal algorithm in the small-
scale environment of unconstrained conditions. GREEDY
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Fig. 2. Experiment results of two agents meeting in a 5 x 5 grids. (a) Rewards. (b) Amount of interactions. (c) Moving steps.

algorithm performs significantly lower rewards and longer
decision cycles, because noninteractive leads to the incon-
sistent decision among agents, and the limited observation
capacity directly increases the number of moving steps of
agents, which is about 33% more than HDLI under different
setting on average. For the HDLI algorithm, under the control
of two parameters, a small value of Range and Thre directly
results in a negative reward. However, in the 5 x 5 grids world,
as the agent moves, it can also find the final target and com-
plete the task, so the average interactions amount is only about
10% of MAOP-COMM and the number of moving steps only
increases by 50%.

An interesting phenomenon is that, with the increase val-
ues of Range and Thre, especially when Range is greater
than 3, the test becomes a chase game. Therefore, the
interaction amount and the number of moving steps are signif-
icantly increase. Overall, according to the statistical results in
Fig. 2, HDLI algorithm can maintain a steady relative trade-
off between the coordination efficiency and the interaction
requirements, and does not excessively rely on the information
interaction between agents. Especially in some environments
with high dynamic or scarce or precious communication
resources, HDLI algorithm will have better applicability.
Therefore, it can be argued that the HDLI algorithm will
be more applicable in the environments of dynamic, or the
interaction is restricted and the communication resources are
scarce and precious.

Second scenario tests two agents competing for communi-
cations resources. In each decision episode, each agent should
choose whether or not to occupy the transmission channel,
and there is a special channel for interaction. If both agents
occupied simultaneously, there is a collision and neither gets
through. This problem has four states, two actions, and five
observations. Each agent has a message buffer to store 100
messages. If a message is successfully sent, the reward will
be increased by +1, and if there is a conflict, the reward will
be increased by —10, and if no action, the reward will be
increased by —1. HDLI algorithm still has two parameters,
probability Prob and threshold Thre, the former represents the
interaction probability between agents, while the latter defines
the urgency of agent’s demand for channel, that is, the higher
of Thre value, the more likely cause conflicts when agreement
is not reached. The experiment results are shown in Fig. 3.

Similarly, in this test, GREEDY algorithm is no-interactive,
and it presents obvious low rewards and long decision rounds,
about 32% more than HDLI, because no-interactive directly
leads to conflicts. MAOP-COMM algorithm adopts free inter-
actions during the whole process, it keeps the least decision
rounds. Of course, the amount of interactions is the largest,
100% more than HDLI, because it requires more interaction
to avoid the conflicts in advance. Similarly, affected by two-
parameters, HDLI algorithm can still complete the task on
the basis of relatively few interactions, and as the two con-
trol parameters increase, in the small-scale task assignment,
the limited interactions can still avoid conflicts, and the lat-
ter reward histograms have no variance. Therefore, it can
be concluded that HDLI algorithm achieves a relative trade-
off between the coordination efficiency and the resources
consumption, that is, it has fewer requirements and more
applicability.

B. Numerical Experiments of Interactive Growing Graph

Since degree distribution is an important means of network
evolution analysis, it is also an effective approach for the
evolution trends analysis of networked agents. Therefore, in
this section, we focus on evaluating the degree distribution
of the proposed model, and use the statistical method to ana-
lyze agents’ degree and obtain a degree exponent from the
empirical data. The general degree distribution follows the
power-law distribution can be formalized as y = Cx™7, where
C is a normalization, and y the power-law exponent. The
foundation of the experiment is modeling of the growing pro-
cess of the graph under different setting, especially for the
nonhomogeneous Poisson process. For the proposed methods,
simulate a mutually independent exponential distributed ran-
dom sequence with strength A is intuitive, there is no need for
discussion here. Therefore, for the nonhomogeneous Poisson
process, we mainly adopt the rarefaction method to simulate
the temporal series [32], and the generating process is given
as follows.

1) Generate a the temporal series that following the Poisson

process with the strength X, denoted as {ny, ns, .. .}.

2) Set a random number ¢ as the threshold, for each n;,

with the probability ¢ < (A(r)/A) to accept and ¢ >
1 — (A()/X1) to waive. For each accepted n;, remark as
n;, then sorted by their original generation time, it has
{n},n), ..}
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TABLE I
PARAMETERS SETTING AND STATISTICAL RESULTS OF FIG. 4

A=4, p=4ando =1
arguments - -
setting Scale average cluster} NS | AVETage |yl of ¢
path length | coefficient | degree
T = 500 1661 3.398 0.036 8.18 0.838
T =1000 | 1897 3.338 0.027 8.95 0.472
T = 2000 | 4347 3.591 0.016 8.87 0.519

In this approximation process, we assumed A(f) < A,
where A is a constant, and the sampling series will follow
the nonhomogeneous Poisson of A(f). Consequently, we can
plot the degree distributions in double logarithmic coordi-
nates and obtain the slope, that is the degree exponent. There
are four arguments affect the experiment results, A, u, o,
and the duration of the decision episodes 7. One argument
is adjusted while other two are constant, so that we can
observe relationship between the degree distribution and these
arguments.

First experiment starts with a random graph of 20 agents.
Considering the random case, that is, ¢ takes a random value,
the statistical result of degree distribution are in Fig. 4 and
the parameter setting is shown in Table 1. According to the
statistic results, it can be found that the size of G is directly
affected by the value of ¢, and the bigger of ¢ is, the larger
size of G growing. However, ¢ can not affect agent’s degree
distribution and the topology, which proves that the discrete
interactions between agents are random and immediate. It

(b)

Fig. 4. Experiment results of A =4, u =4, and o = 1 over 500, 1000, and 2000 rounds. (a) Rewards. (b) Communication rounds. (c) Decision rounds.

TABLE 11
PARAMETERS SETTING AND STATISTICAL RESULTS OF FIG. 5

A=4,0=1ande=0.5
arguments o
cettin 1 average clustering | average
= scale path length | coefficient degree
pn=6,T = 500 938 2.80 0.056 13.15
©= 8,7 = 1000 1980 2,78 0.042 18.23
p=10,T7 = 1500 | 2848 2.77 0.038 22.51

can be found that the degree distribution of agents is con-
sistent with the results of the proposed evolving model [33]
and there is no obvious clustering appearance, and the degree
exponent is 3. That is, the results have the typical scale-free
features.

Second experiment is still start with a random graph of
20 agents. Let ¢ = 0.5, which achieves a relatively stable
rate. Considering the degree distribution under the condi-
tions of different connection rate u = 6, 8, 10, the statistical
result of degree distribution are in Fig. 5 and the parame-
ters setting are in Table II. It can be found that the degree
distributions of agents are still follow the power-law distri-
bution, with the power exponent is 3, although the increase
rate of the connection edges of new agents is constantly
increasing. That is, the agents have a typical scale-free
features.

Third experiment follows the same initial setup, we test the
influence of new links on the degree distribution under differ-
ent variances. It can be found that in the process of connecting
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Fig. 5.
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Experiment results of A =4, u =4, and 0 = 1 over 1000, 2000, and 3000 rounds. (a) Rewards. (b) Communication rounds.

(c) Decision rounds.
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Fig. 6. Experiment results of A =4 over 1000 rounds. (a) Rewards. (b) Communication rounds. (c) Decision rounds.

TABLE III
PARAMETERS SETTING AND STATISTICAL RESULTS OF FIG. 6

arguments A=4, T = 1009
setting scale average cluster_mg average
path length | coefficient degree
pn=10,0 =4 2051 2.72 0.049 22.36
pn=20,0 =10 | 1942 2.36 0.069 45.59
pn=30,0 =18 | 1938 2.14 0.088 69.81

new links, the bigger variance, the degree distribution of agents
will fluctuate significantly, as shown in Fig. 6, there still has
an obvious long-tail feature, and the parameters setting are in
Table III. We believe that the theoretical derivation results can
simulate the experimental results in the case of small variance,
but there is still a gap toward the real network. From the above,
the degree distribution of agents still follows the power-law
distribution, the exponent are 2.4, 2.5, and 2.8 (approxima-
tion values), and G can always maintain a small average path
length and no obvious clustering characteristics.

In brief, according to experiment results, all types of
interactive growing graph under different setting display a
good power-law feature and confirmed our theoretical analysis.

VI. STATE OF THE ART

Albeit information does not has the strict correctness and
completeness requirement as knowledge, but it can be diffused
between agents more conveniently and unconstrained [34].

Current researches are more focus on achieving high effi-
ciency information sharing [35], propagation [36], representa-
tion [37], etc. But how the information interactions affect the
coordination evolution are often overlooked. Graph theories
provide a microcosmic perspective to analysis the dynamism
of a complex system. For instances, World Wide Web, com-
munication network [36], social network [38], and linguistic
network [39], all these work have been extensively studied
from a structural and network characterized point of view.
Typically, these studies address characteristics of the network,
but the current work has significant flaws: First, in the graph
construction process, each new vertex brings a fixed number
of new links to the graph, second, in real applications, there is
no fixed number of new vertices joined the network, instead of
one, per unit time, which are far from the reality [27]. A com-
mon phenomenon is that typical multiagent systems constantly
change over time, this implies that the underlaying association
relationship is not static, especially task driven [3]. However,
many of the current studies were performed on static assump-
tion whereas most applications are changing in nature, and
few studies gave the theoretical proof other than the statistics
analysis [27]. The evolutionary approaches is to evaluate the
phenomenons observed during a experiment to reflect how the
system changes, and a typical way is addressed the dynamic
into sequence snapshots and use these snapshots to analog
the evolutionary process [8]. From the perspective of dis-
semination, information can be described as a collection of
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statements or observations that are produced by a agent and
can be disseminated to others.

Last but not least, we believe the networked agents has two
properties of scale-free, growth means the scale of interactive
agents keeps increasing over time, preferential attachment
means agents always connected to the specific ones of a
higher probability, which is determined by the intrinsic seman-
tical relevances [3]. The study of discrete interaction is an
essential step is to find the structural regularities, these can
generate a network structure similar to those observed in
the coordination, therefore, in the time-scale evolution pro-
cess, based on these characteristics to represent the evolution
of the networked agents structure is practicable. In addition,
reveals the inherent network structure and its evolution pro-
cess of decentralized agents, and improve the graph-based
discrete interactions among agents, this is the main motivation
proposed here.

VII. DISCUSSION AND OUTLOOK

In this article, we proposed a general decision model, DDI-
MDPs, it depicts the discrete interactions in decentralized
multiagent coordination, and has better universality and can
be converted into classical decision models under different
conditions. Then, we proposed a heuristic solution algorithm,
HDLI, which optimizing the cognition of agents by contin-
uously learning the discrete interactions between agents, that
is, utilizing the information interactive gains to improve the
coordination with bounded interactions under uncertainty. The
experimental results showed that HDLI can achieve a rel-
ative tradeoff between the system resource dependence and
consumption and the coordinative decision efficiency.

Heuristic discrete interactions between decentralized agents
can reduce the complexity of DEC-POMDPs problems has
also been proved by the theoretical analysis. Then, we also
proved that when the interaction records is polynomial, the
decision-making complexity in DDI-MDPs is NP-complete,
and deciding a nonpolynomially intergrated is harder than NP.
In addition, the conditions for distinguishing NP and NP-
hard problems in optimizing and solving the decentralized
multiagent coordination problem are explained, it would has
instructive to dissect the coordination complexity. Then we
found that, for the discrete interactions, regardless of the con-
necting rate and the relevance are dispersed in the system, once
the interaction mechanism is decided, the topology features
such as the degree distribution, clustering will remain stable.
Further, our proof indicates that the degree exponent is free
of A and ¢, that is, in a decentralized multiagent system, the
degree distribution is identical once the interaction mechanism
is determined, regardless of the size of the system.

Moreover, a simplified DDI-MDPs model has been tested in
cyber security domain, based on the open data CICIDS2017,
the simulation results proved that the interaction between
agents can bring evident benefits to the cyber threat percep-
tion [40]. We believe the DDI-MDPs model can be applied to
the typical RoboCup and other multiagent applications, it will
effectively reduce the workload of the control center and the
real-time load of the network, and endows each agent more
self-adaptive decision-making ability. We also argue that, it is
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still a challenge to find the heuristic dynamic interdependence
among the decentralized agents, this is an implicit form in
coordination aforementioned, and the influence of information
content on decision making remains to be further explored. In
addition, although the unique network characteristics brought
by interactions has been analyzed, namely, degree distribu-
tion, how it and other network characteristics continuously
affect the dynamic interactions under partially observable still
needs to be studied. Finally, how to describe and utilize the
discrete interactions by an explicably heuristic mode is also an
important and interesting research for multiagent coordination.
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