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Abstract

This paper presents a theoretical advance by which factored
POSGs can be decomposed into local models. We formal-
ize the interface between such local models as ittile-
enceagents can exert on one another; and we prove that
this interface is sufficient for decoupling them. The result-
ing influence-based abstraction substantially generalizes pre-
vious work on exploiting weakly-coupled agent interaction
structures. Therein lie several important contributions. First,
our general formulation sheds new light on the theoretical re-
lationships among previous approaches, and promotes future
empirical comparisons that could come by extending them
beyond the more specific problem contexts for which they
were developed. More importantly, the influence-based ap-
proaches that we generalize have shown promising improve-
ments in the scalability of planning for more restrictive mod-
els. Thus, our theoretical result here serves as the foundation
for practical algorithms that we anticipate will bring similar
improvements to more general planning contexts, and also
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In this paper we offer a unified perspective on a large
number of these approaches by presentiilyience-based
abstraction for factored POSGs (IBAnd showing how it
generalizes the abstractions performed by those appreache
The general idea of IBA is as follows. A standard way for
agent: to compute a best response to the poligyof an-
other agenty, is to maintain a belief over the full stateand
observation history (or other form of internal state) of the
other agent. Such a belief is a sufficient statistic, butss al
difficult to maintain, since the total state space may beclarg
and the number of histories grows exponentially with time.
However, in many cases, the agent may not need to reason
about the entire state space; its reward function may depend
on a small number of state variables, calkdte factors
and so may his observations. Therefore, in many cases it is
quite natural to specify a subset of state factors that will-c
stitute thelocal stateof an agent. Consequently, it becomes
unnecessary to reason about the entire state space and every

into other domains such as approximate planning, decision-

JHIE _ _ _ f detall of the other agent’s actions; it only cares about how
making in adversarial domains, and online learning.

the ‘external’ portion of the problem (i.e., state factotg n
modeled in agent’s state space and actions and observa-
tions of other agents) affects its local state. IBA is a two-
Multiagent planning and learning are very active and chal- stage process. First the agent performs inference to cemput
lenging topics of study, particularly when problems inelv @ (conditional) probability distribution over the relevax-
uncertainties in the effect of actions and when agents only ternal variables, called the (incoming) influence pointxtie
make individual partial observations of their environment the agent uses the influence point to perform a marginaliza-
In the single-agent case, much research has focused on thetion of the conditional probability tables, thereby isaiat
Markov decision process (MDRjamework and thepar- its local problem from superfluous external variables.

tially observable MDP (POMDPJKaelbling, Littman, and When the local state is well-chosen, IBA may lead to im-
Cassandra 1998). The natural generalization of these frame proved efficiency of best-response computation and opens
works to multiagent systems (MASs) are tthecentralized  the door to intuitive approximations via approximate infer
MDP (Dec-MDP)andDec-POMDP(Bernstein et al. 2002)  gnce. More importantly, however, there are strong indica-
and, in the case of self interested agents,asially ob- ~ {jons that for cooperative MASs where the agents are weakly
servable stochastic game (POS@pwever, due tothe addi-  coypled, it may be more efficient to search in the space of
tional complexity of decentralization—planning for a Dec-  joint influences, rather than the space of joint policies. Fo
MDP is NEXP complete—research on MASs has lead to @ jnstance, Witwicki and Durfee (2010) define an explicit form
plethora of models, each of them geared at exploiting spe- of influence and show how this can substantially scale up op-
cific types of structure in the agents interactions (Guestri  ima| solutions for a restricted sub-class of Dec-POMDRS. |
Koller, and Parr 2002; Becker, Zilberstein, and Lesser 2004 s paper, we introduce a different, novel definition ofunfl

Beckgr et al. 2003; Nair et al.. 2005; Spaan and Melo- ence and show how it can be used to decompose factored
2008; Mostafa and Lesser 2009; Varakantham et al. 2009; partially observable stochastic games (fPOSGs), one of the

Witwicki and Durfee 2010; Melo and Veloso 2011). most general frameworks for multiagent planning under un-

Copyright(© 2012, Association for the Advancement of Artificial ~ certainty. That is, we show how it is possible to perform IBA
Intelligence (www.aaai.org). All rights reserved. in virtually any multiagent system, providing a better un-

1 Introduction



derstanding of weakly-coupled interactions and laying the
foundation for influence-space search fot MIASSs.

2 Background

Definition 1. A partially observable stochastic game
(POSG)(Hansen, Bernstein, and Zilberstein 2004) is a tu-
ple M (D,S,{A;} . {0;},T,0,{R;},b°, h), where
D = {1,...,n} is the set ofn agents,S is a finite set
of statess, A; is the set of actions available to agent
A = x,;epA; is the set ofoint actionsa = (ay, ..., a,), O;

is a set of observations available to agei® = x;cpO; is
the set of joint observations= (oy, ..., 0,), T is the transi-
tion function which specifie®r(s'|s, a), O is the observa-
tion function which specifies the probabiliti€s(o|a, s") of
joint observationsR; (s, a, ') is agent’s immediate reward
(or payoff) function b’ € A(S) is the initial state distribu-
tion at stage = 0, h is the horizon of the problem, which
we will assume to be finite.

Ina POSG, the agents act ovestages, selecting their ac-
tions based only on the private information they posses; the
policiesare specified as mappings from individual action-

observation histories (AOH#}' = (a0}, ...,a!™",0!) to

probability distributions over actions; (6) € A(A;).

In this paper, we are interested in the generalization where
there are multiple state variables factors that make up the
state. Afactored POSG (fPOSGg a POSG where the states
are induced by a set of state fact®& = {F1, ..., Fisr|}.

A state is an assignment of a value to each state factor. In an
fPOSG, the transition and observation model can be repre-
sented compactly using a two-stage dynamic Bayesian net-
work (2DBN), which specifies a conditional probability ta-
ble (CPT) for each variable in the problem (Boutilier, Dean,
and Hanks 1999). Notably, the special case with identical
payoffs is known as a (factored) Dec-POMDP, or (f)Dec-
POMDP (Oliehoek et al. 2008). The 2DBN representation
exploits conditional independence for more compact mod-
eling. An example of a real-world problem that has a lot of
such conditional independence is urban traffic light cdntro
(Wiering 2000), where each traffic light’s actions will only
(directly) influence the amount of traffic on adjacent road
segments.

An important concept in MASs is that dfest response
the best policy for an agemtgiven the policies of the other

POMDP, but their result can be trivially extended to POSGs.
In essence, given the fixed policy of the other agentg
from the perspective of agemntthe problem reduces to a
special type of single-agent POMDP whose states are pairs
(s, ). Abeliefb!(s*,d" ) can be maintained by applica-
tion of Bayes rule’ and the solution of the POMDP will pro-
vide a value function mapping these beliefs to values. The
best-response value for agéris defined as the value of the
initial state distribution¥;* (7_;) = V;(?).

We will refer to the above belief as thgdobal individ-
ual belief of agent, since it is defined over the global state
and history of all other agentsAlthough the global belief
is a sufficient statistic for predicting the value, it has the
drawback that the agent needs to reason about the entire
global state of the system and even the internal state (i.e.,
the action-observation histories) of the other agentshén t
next section we will introduce Local-Form Models that will
form the basis of a local, and potentially more compact, be-
lief that is also a sufficient statistic.

3 Local-Form Models

Here we introduce the local-form fPOSG model, wherein
we augment the vanilla fPOSG with a description of each
agent'slocal state Like in earlier models for influence ab-
straction in more restrictive settings (Witwicki and Dwefe
2010), local state descriptions comprise potentially layer
ping subsets of state factors that will allow us to decompose
an agent'’s best-response computation from the global state

Definition 2. Thelocal state functionS : D — 257 maps
from agents to subsets of state factS¥g) that are in the
agents local state.

We say that a state factdf is observedoy an agent if
it influences the probability of the agent’s observationafTh
is, when in the 2DBN there is a path frof¥ to o! (i.e., F’
is an intra-stage ancestor of). Similarly, a state facto#’
is reward-relevantfor an agent if it influences the agent’s
rewards, i.e., iff’* or F**1 is an ancestor of2!. We say
that a state factoF' is modeledby an agent if it is part
of its local state spacd:’ € S(i). From the perspective of
agenti, S partitionsS(i) in two sets: a set gfrivatefactors
that it models but other agents do not, and a setatually-
modeled factoréMMFs) that are modeled by ageias well
as some other agerit We will write «; andm,; for an in-

agents. There are large sub-classes of games, e.g., congesstantiation of repectively the private factors and MMFs of

tion games and potential games (Rosenthal 1973; Monderer
and Shapley 1996) including Dec-POMDPs, where repeated
application of best-response computation leads to anibguil
rium. Best-response computation is also important from the
perspective of an individual self-interested agent thatdfin
itself surrounded by other agents that are not necessarily r
tional. In this setting the agent may want to estimate thie pol

agent:. A local states; of agenti is an assignment of values
to all state factors modeled by that agené (x;, m;). We
can now define the local-form model.

Definition 3. A local-form POSGalso referred to aecal-
form model (LFM)js a pair{(M, S), whereM is an fPOSG
andS is a local state function such that, for all agents:

cies of the other agents and use a best-response policy to trye All observed factors are in the local state.

and maximize its expected payoff.
Nair et al. (2003) demonstrated how it is possible to use
dynamic programming to compute a best response in a Dec-

influence search has only been demonstrated for cooperative
MASSs, but the core idea may transfer to search for Nash equilibria.

¢ All reward-relevant factors are in the local state.
e Private factorsF' can only be influenced by the own ac-
tion, other private factors and MMFs.

Note that a global belief is entirely different from a so-called
joint belief (a distribution over states induced by a joint AOH).
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Figure 1: (Left) local form of a factored POSG. (MiddlegD-TIGER in local form. (Right) agent 2's best response model.

Fig. 1(left) illustrates the LFM, showing that actions of
multiple agents can affect the same state factor, that MMFs
can affect private factors (illustrated for agent 1), anak th
private factors can influence MMFs (illustrated for agent 2)
Intra-stage connections (not shown) are also allowed.

The LFM definition requires the additional specification
of S that satisfies a number of properties (as per Def. 3),
which might seem restrictive. On the contrary, here we show
that any fPOSG can be converted to an LFM (although it
may lead to the introduction of additional state factors).

Theorem 1. Any fPOSGM can be converted to an equiva-
lent problem in local form.

Proof. Trivially, any fPOSG can be converted to a POSG
by flattening the state representation. Here we will show
how any POSG can be converted to local form. First, take
the entire POSG stat€ and define it to be the first state
factor of the LFM. Add a ‘previous joint action’ (pja) state
factor, with incoming edges from all the individual actions
Add a ‘joint observation’ (jo) state factor with incoming
edges from all the individual actions and an intra-stageedg
from s?, with CPT O (the observation function), and with
an outgoing edge to every agent’s individual observation
(a deterministic function). Specify the local state magpin
Vi S(i) = SF, which includes the entire set of state factors
including {pja,jo}, all of which are consequently MMFs. At
this point, the observations and rewards of agent only de-
pend on their local state. Thus, we constructed an LFM.

This shows that there is an LFM for every fPOSG, and
therefore that the criteria from Def. 3 do nehat can be
modeled, but only ohowit can be modeled; everything can
be represented by promoting enough state factors to MMFs.
However, it does not give us a recipe to find the LFM that
will lead to the most compact local models. It may take some
insight in order to determine which state factors should be
modeled by an agent, but in practice it is usually possible
find good descriptions of local state (Becker, Zilberstairg
Lesser 2004; Nair et al. 2005; Spaan and Melo 2008; Melo
and Veloso 2011).

Example.The LFM for the DEC-TIGER benchmark (Nair
et al. 2003) is shown in Fig. 1 (middle). Because the joint
reward depends on the joint action, we introduce a state fac-
tor for the previous joint action (pja); the original statet

encodes the tiger location is now called ‘tiger’. Next we de-
fine the local reward functions &, (s, = (tiger, ), s, =
(x,pja)) = R(s = tiger, a = pja)/2. We do not need to in-
troduce a joint observation state factor, since the observa
tion probabilities are specified as the proddtif{o|a, s) =
Pr(o1]a, s) Pr(oz]a, s).

4 Influence-Based Abstraction

Here we treat an LFM from the perspective of one agent and
consider how that agent is affected by the other agents and
can compute a best response against that ‘incoming’ influ-
ence® Though the proposed framework can deal with intra-
stage connections, in order to reduce the notational burden
we will not consider them here.

4.1 Definition of Influence

As discussed in Section 2, when the other agents are follow-
ing a fixed policy, they can be regarded as part of the envi-
ronment. The resulting decision problem can be represented
by the complete unrolled DBN, as illustrated in Fig. 1(right

In this figure, a nodé™ is a different node thaf®*! and an
edge at (emerging from) stagés a different from the edge

att + 1 that corresponds to the same edge in the 2DBN.
Given this uniqueness of nodes and edges, we can define the
interface between the agents as follows.

Intuitively, the influence of other agents is the effect of
those edges leading into the agent’s local state space. We
say that every directed edge from the external portion of
the problem to an MMFn! € S(i) is aninfluence link
(ut;mt), wherew! is called theinfluence sourcand m!
is the influence destinatianVariable »* can be either an
action a’~' or non-modeled state factar’>;'. We write

ul,, = (x!71 al~1) for an instantiation of the all influence

—1
sources exerting influence on agerdt staget. We write
étu for the AOHSs of those other agents whose action is an
influence source.

We will define the influence as a conditional proba-
bility distribution over u’,,, making use of the concept
of d-separation in graphical models (Koller and Fried-
man 2009). Letd(I'l!) be a d-separating setfor

3An agent also exerts ‘outgoing’ influence on other agents, but
this is irrelevant for best response computation.



agenti’s influence at stage + 1: a subset of variables

at staged), ..., ¢ that d-separates’ , 6! from x! m!, 0}
such that Pr( ;,9;|wi,m§,d(1§1),9;,b0 ) =

PI‘(.’BU, u|d(1i_i1)vb0’ —i)'

Definition 4. The incoming influenceat staget + 1,
Itjil m_;), is a conditional probability distribution over val-
ues of the influence sources:

I A1) ZPr al|6:) Pr(x!, 0 |d(I' T, b0, 7).

Here, [ is shorthand fod ' ().

The shaded nodes in Fig. 1(right) illustrate a d-separating
setforl2,,. We will assume that the d-separating sets chosen
can be expressed as the history of some subse€ S(i)
of features. That is, we will assume th&tr" ;') is given by
D!. In the figure, for instance; = {F3, a,}.

Definition 5. An incoming influence poinf_,;(w_;) for
agenti, specifies the incoming influences for all stages

Iai(”—i):(lii( i)y "5 1( 7))

4.2 Influence-Augmented Local Models

Given the incoming influencd_,;(m_;), agenti has an
influence-augmented local model (IALMhich we now de-
fine. The basic idea is that at each staggiven I*,;, we
can, for all factors that are influence destinations, comput
induced CPTghat only depend on the local state aﬁ(ﬂ‘l.

An IALM is a factored POMDP defined as follows.
States are tuplegz!, m!, D!~'). Actions and observa-
tions are the unmodified setd;, O;. Observation proba-
bilities and rewards are directly given by the local form
fPOSG; by construction the observation probabilities will
only depend onal, z!*' m!*'. The local model re-
mains factored, which means that transition probabilities
Pr(zitt, m*! Di|at, m!t, DI!, a;) of the local model
are given by the product of the CPTs for all state factors
in S(¢). These CPTs are defined as follows.

By construction, the parents of a private factoe S(i)
are contained within the IALM and no adaptations are nec-
essary. The same holds for an MMk S(i) that is not an
influence destination. Every. € S(:) that is the destination
of one or more influence links has @arduced CPTthat is
specified as follows.

t+1),.t t Pt t+1\ &
Pr(m |wi7mi7Diaai»I_>7; )—

Z Pr(m™ @l m}, a;, !, au) I (u t+1|Dt)

u'tl=(at at )

Since an IALM is just a special case of POMDP, reg-
ular POMDP solution methods can be used to compute
Vi (I-:(7—;)), the value of the IALM.

In order to prove that our definition of influence actually
constitutes a sufficient statistic, and thus that resuliigv
actually achieves a best response against the poligyhat
generated the influenck,,;(r_;), we show that the latter
actually achieves the same optimal value.

Theorem 2. For a finite-horizon fPOSG, we have that
the solution of the IALM for the incoming influence point

I_,;(w_;) associated with any_; achieves the same value
as the best response computed againstdirectly:

Ve ViUsi(ms)) = Vit (m ). 1)

Sketch of Proof We must show that the value based on the
global beliefb? (s, 6*,) and local belieb!(z!, m!, D!™1)
are equal. The proof is by induction over the horizon, with

the base case presented by the last stage.
For the induction step, we need to show that

QL(bY,a;) = Ri(b?, as +ZPr ol[b?, a ) VI (8Y) =
Ri(bi, @) + Y Pr(o (b, )V ) = Q4 (bl a0)
This is proven if we show that the expected rewards and
observation probabilities are equal (next-stage vaIL’fiaTs1
are equal per induction hypothesis). This also proves the
base case (which requires only showing equality of expected
rewards). An important step in proving these things is to
show thath! is sufficient to predict the next local state, i.e.,
Pr(z!™ mi b7, a;) Pr(zi™, mit ol a;). This is
achieved by decomposing the gIobaTI belief in a local and
external part via

b7 (s',0° )= bi(al, mi, D bi(x’;, 0% |}, m{, DY),
Dt

and subsequently marginalizing out non-soumgi,§£i

variables. The remaining sources can be predicted from

Bﬁ‘l, since it was chosen precisely to d-separate local state
and the sources. O

4.3 Computing the Influence

The actual computation df'*! (7 _;) is an inference prob-
lem (Koller and Friedman 2009). In general this may be
a hard problem, but due to the d-separation it can be per-
formed ‘non-locally’, i.e., it does not need to take into ac-
count agenti's private factors or actions. Also, in many

cases it is possible to factd(ut+1|Dt) as the product of

a number of non-correlated influences. For instance, when
the set of MMFs is the same for all the agents and e¥afy
contains this entire set, due to d-separation the distabut
factors as a product of the distributions over sources €orre
sponding to different agents.

Also, itis possible to use approximate inference for the in-
fluence computation. This leads to an intuitively sensiple a
proximation: things that are difficult to observe and/orywer
complex such as private factors of other agents or their-inte
nal state are reasoned over only approximately, while vari-
ables that are more directly influential are treated exactly
For instance, a traffic light must predict the local rewards
based on an accurate estimate of the traffic density of neigh-
boring road segments, but in order to do that approximate
inference about distant road segments may suffice.

In self-interested settings agents may not necessarily
share their policies, which means that an agent should esti-
mate the policy of other agents in order to compute a best re-
sponse. In this case, instead of learning the policies afroth
agents and using those to compute the influences, it may be
more useful to directly estimate the influence.
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Figure 2: Local-form representations of TI-Dec-MDP (leED-Dec-MDP (middle) and ND-POMDP (right).

5 Influence Specifications for Sub-Classes 2012) beyond TD-POMDPs, by using our more general def-
inition of influence. That is, such algorithmic extensions
might bring the computational leverage demonstrated for
TD-POMDPs to a more general class of problems.

There are a number of important problem classes and asso-
ciated models developed in previous work that emphasize
weakly coupled problem structure in more restrictive set-
tings. We now frame these classes in the context of IBA, thus 1|.pec-MDP.  Another model, the Transition-Independent
taking a step 'gowards dem_onstrating the practical usedsine pec-MDP (Becker et al. 2003), imposes other more strin-
of our theoretical formulation. All of the models that we re- gent restrictions on the dependencies between agents’ loca

view below are specialized instances of the factored Dec- mqgels. In particular, an agent fully observes its private f
POMDP (fDec-POMDP) model and since an fDec-POMDP 45 and there are no paths of dependence in the DBN con-

is an fPOSG, our IBA is applicable to all of these models. necting one agent's private factors, actions, and observat
However, as we illuminate below, some subclasses allow for i those of another. This implies that the agents teas-

particularly compact influence specifications. sition and observation independemtgents’ local models

TD-POMDP.  Introduced by Witwicki and Durfee (2010) are instead coupled through their1 rewards, which can de-
the Transition-Decoupled POMDP (TD-POMDP) is an Pend on thesventse; = <S§",‘§’S§+ ) that occur (at most

fDec-POMDP with a particular form geared towards decou- 7€) Within another agents’ state space. As shown in Fig-
pling weakly-coupled agents. Like our local-form fPOSG, ure 2(left), the combined occurrence of both agents’ events

the TD-POMDP describes a local state for each agent and (&S 'épresented by Boolean variabilgleads to a change in
distinguishes mutually-modeled factors common to more € réward (splitbetween the agents as soon as the event oc-
than one agents’ local state. However, there are two im- curs). When the discount factor is 1 (as the authors assume),
portant differences that make the TD-POMDP more restric- 1€ reward may as well be effected at the last time step as we
tive than our local-form model. First. the TD-POMDP does ave indicated. This leads to a very simple form of influence

. y i . h—1 . .
not allow intra-stage dependencies between private state /- the probability of;™ " being true. This corresponds ex-
variables and MMFs. Second, in a TD-POMDP each state &ctly to the characterization of ‘parameter space’ present
factor can only be directly affected by (have an incom- by Becker et al. in their development of tbeverage set al-

ing edge from) the action (or private state variable) of just 9°rithm (CSA)

one agent. These constraints effectively limit the represe Our characterization of the TI-Dec-MDP immediately
tational power of the TD-POMDP teonconcurrentnterac- leads to some new insights.
tions. Observation 2. The properties that 1) events cannot occur

Observation 1. The TD-POMDP model is a special case More than once; and 2) events are unobserved, allow for
of the LFM, imposing restrictions that limit its modelingca  history-independent influence encodings in Tl-Dec-MDPs.

pabilities to a subset of those interactions representalsle  Opservation 3. CSA and closely-related TI-Dec-MDP al-
local-form POSGs: TD-POMDR LFM. gorithms (Petrik and Zilberstein 2009) exploit structunat

Witwicki and Durfee also propose an explicit form of in- IS @lso present in more general contexts, such as Tl-Dec-
fluence. Their definition however, corresponds to our no- POMDPs with partial observability of private factors.

tion of ‘induced CPT" and fixes the choice of the condi- We expect that CSA and its successors can actually be
tioning sets to the history of mutually-modeled factorseTh  extended to any problem whose joint value function is

authors also show that since there may be many more poli- piecewise-linear and convex in the influence parameters.
cies than possible influence points, searching in the space

of joint influences can provide significant speed-ups over Event-Driven Interactions. In a closely-related class, the
searching the space of joint policies. There is nothing ap- Dec-MDP with Event-Driven Interaction (EDI-Dec-MDP),
parent that precludes extending influence-space seatth tec Becker, Zilberstein, and Lesser (2004) developed an ex-
nigues (Witwicki 2011; Witwicki, Oliehoek, and Kaelbling  plicit representation for structured transition deperikn



As shown in Figure 2(middle), agents transition proba-
bilities may be affected by the prior occurrence of agent 2's

that even in the most general case, provided there is enough
conditional independence, veanfind local (i.e., restricted

evente, (and vice versa). In this case, the event features are scope) components, although this may be at the cost of intro-

mutually-observable, implying that their histories arees
sary for d-separation, i.el); = {e1,e2}. This leads us to
develop a special influence specification.

Observation 4. The influence on EDI-Dec-MDP agefit
11} (w;) can be defined ag(s,a’, si*!|é}, &}f). Moreo-
ever, the historys}, é'f can be represented compactly since
events can only switch to true.

The product of induced CPTEr(e!t! el |et, el) is
similar to the parameters used by Beclatral. (in their
application of CSA), but is slightly more compact, since it
does not depend on private factefsHaving derived a more
compact parameter form, we anticipate that this will trans-
late directly into a more efficient application of CSA. We
note that our reformulation of the TI-Dec-MDP and EDI-
Dec-MDP also serve as influence specifications for the EDI-
CR model (Mostafa and Lesser 2009), a model developed
to include both event-driven interactions and reward depen
dencies (as in the TI-Dec-MDP).

ND-POMDP. The Network Distributed POMDP (ND-
POMDP) (Nair et al. 2005) is another transition and obser-

vation independent model whose structure can easily be rep-

resented in our framework. As we depict in Figure 2 (right),
in addition to an unaffectable, mutually-modeled factgr
there are also reward dependencies involving joint actions
as captured with an unobservable variablencoding the
local state-action pair. In general, a ND-POMDP can con-
sist of multiple local neighborhoods (which would translat
to multiple variableg) that can connect different subsets of
agents. Our reformulation presented here immediatelyslead
to the first specification of influence that we are aware of for
this problem class:

Obﬁervation 5. The influence on ND-POMDP agerit
Il (7_;)can be defined aé(s.‘}v(i), aly (|5, whereN (i)
denotes the neighbors of agent

Like the other mentioned subclasses, the ND-POMDP af-
fords a very compact influence encoding, suggesting that
influence-based planning methods could gain traction if ap-
plied here.

6 Other Related Work

Apart from the models and approaches reviewed in Sec-
tion 5, there are important connections to be drawn with
a large body of other work. Past studies of fDec-POMDPs
with factored value functions (Nair et al. 2005; Kumar, Zil-

berstein, and Toussaint 2011; Witwicki and Durfee 2011,
Varakantham et al. 2007) have shown that gains in compu-
tation efficiency are possible when the value function can be

ducing a dependence on the history. This means that it may
be possible to extend the planning-as-inference method of
Kumar et al. to exploit structure in general fDec-POMDPs.
In general, IBA draws close connections to the paradigm of
planning as inference (Toussaint 2009); it performs infer-
ence to compute a compact local model; subsequently, in-
ference (among other choices of solution methods) could be
used to solve the IALM.

A number of other approaches decompose multiagent
decision-making problems by leveraging structured imtera
tions. For instance, our approach resembles the distdbute
approximate planning method by Guestrin and Gordon
(2002) in that both methods decompose an agent’s decision
model into internal and external parts. Our proposed ab-
straction, in addition to being sufficient foptimaldecision-
making, is more general in that it can deal with partial ob-
servability. Other models such as the IDMG (Spaan and
Melo 2008) and the DPCL (Varakantham et al. 2009) have
allowed for approximate decoupled local planning by lever-
aging a form of context-specific independence, where agents
only influence each other in certain states. An important
direction of research is to also exploit this type of inde-
pendence in LFMs. I-POMDPs (Gmytrasiewicz and Doshi
2005) and I-DIDs (Doshi, Zeng, and Chen 2008) inherently
provide a decomposition, modeling other agents recussivel
Although quite different from the fPOSG, our definition of
influence (and thus IBA) is readily applicable to factored-
state versions of these models. Influence-based abstractio
is conceptually similar to existing I-DID solution techoieg
that exploitbehavioral equivalencéPynadath and Marsella
2007; Rathnasabapathy, Doshi, and Gmytrasiewicz 2006;
Zeng et al. 2011), but these approaches abstract classes of
behaviors down to policies, whereas we abstract policies
down to even more abstract influences.

7 Conclusions & Future Work

This paper introduced influence-based abstraction (IBA) fo
factored POSGs, a technique that allows us to decouple
the model into a set of local models defined over subsets
of state factors. Performing IBA for an agent consists of
two steps: computing the incoming influence point using
inference techniques and creating the agent'’s induced loca
model. As we described in Section 5, IBA for fPOSGs gen-
eralizes the abstractions made in a number of more specific
problem contexts.

IBA is important for the following reasons: (1) It allows
us to decompose the value function my factored Dec-
POMDRP into the sum of a number tafcal value functions
(that in general may depend on the local history), a prop-
erty that is exploited in several solution methods (Nair et

expressed as the sum of a number of local components, eachal. 2005; Oliehoek 2010; Kumar, Zilberstein, and Toussaint

of which is specified over subsets of agents and state fac-

tors (a property commonly referred to as ‘locality of inter-
action’). However, for general fDec-POMDPs, these com-
ponents involve all agents and factors. |.e., theyrardo-

cal (Oliehoek et al. 2008; Oliehoek 2010). This paper shows

2011), but that had been proven only for specific sub-classes
of Dec-POMDPs. (2) It provides a better understanding of
these sub-classes and how they relate to each other. The in-
sightful connections that we have drawn promote extensions
of specialized methods beyond their respective subclasses



as well as comparisons with one another in more general
contexts. (3) our general definition of influence paves the
way for influence-space search in general Dec-POMDPs. (4)
IBA can enable more efficient best-response computation in
many fPOSGs, as well as providing a very natural form of
approximation via approximate inference. (5) Influences ca
provide a more compact, yet sufficient statistic for the be-
havior of other agents in a MAS. This is important in multi-
agent reinforcement learning, since it is often easierdmle
a compact statistic from the same amount of data.

In future work we hope to develop a general form of in-

Kumar, A.; Zilberstein, S.; and Toussaint, M. 2011. Scalable multi-
agent planning using probabilistic inferenceldJ@Al, 2140-2146.
Melo, F. S., and Veloso, M. 2011. Decentralized MDPs with sparse
interactions Artificial Intelligencel75(11):1757-1789.

Monderer, D., and Shapley, L. S. 1996. Potential gant&smes
and Economic Behavidr4(1):124-143.

Mostafa, H., and Lesser, V. 2009. Offline planning for communica-
tion by exploiting structured interactions in decentralized MDPs. In
Proc. of Int. Conf. on Web Intelligence and Intelligent Agent Tech-
nology, 193—-200.

Nair, R.; Tambe, M.; Yokoo, M.; Pynadath, D. V.; and Marsella,

fluence space search for factored Dec-POMDPs. We also S. 2003. Taming decentralized POMDPs: Towards efficient policy

plan to investigate how the two design choices in IBA—
the choice of the local state definition and the choice of
influence encoding (i.e., the choice of d-separating sets)—
interact. A number of other directions of future work seem
promising, such as the use of approximate inference for
computing influence points, the clustering of d-set-histor
(thereby imposing a clustering of the influences), and the
clustering of influence points themselves.
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