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Abstract

We present a theoretical framework for online proba-
bilistic plan recognition in cooperative multiagent sys-
tems. Our model extends the Abstract Hidden Markov
Model (AHMM) (Bui, Venkatesh, & West 2002), and
consists of a hierarchical dynamic Bayes network that
allows reasoning about the interaction among multiple
cooperating agents. We provide an in-depth analysis of
two different policy termination schemég,;; andT ..,

for concurrent action introduced in (Rohanimanesh &
Mahadevan 2003). In th&,;; scheme, a joint policy
terminates only when all agents have terminated exe-
cuting their individual policies. In th&%,, scheme,

a joint policy terminates as soon as any of the agents
terminates executing its individual policy. Since exact
inference is intractable, we describe an approximate al-
gorithm using Rao-Blackwellized particle filtering. Our
approximate inference procedure reduces the complex-
ity from exponential time in N, the number of agents
and K, the number of levels, to time linear in both N
and K < K (the lowest-level of plan coordination) for
theT,,;; termination scheme ar@(N log N) and linear

in K for theT,,,, termination scheme.

Introduction

A large number of real-world multiagent domains require

reasoning about the team behavior of agents, from sporting
events, military and security surveillance, to teams of

robots (Mataric 1997) (Marsellat al. 1999).
coordination is known to be a major challenge in suc
domains. If agents possess similar abilities and share the
same utility function ocommon interestghey run the risk

of both pursuing the same objective with the consequence
of an undesirable outcome unless they coordinate (Boutilie

1999). For example, in robot soccer, while a team is attack-
ing, say a player is required to block the opponent while the

second player receives the ball from its teammate. If both

agents position themselves to block the opponent, then the
pass fails. Additionally, agents need to coordinate pldans a

different levels of detail. For example, in executing a pass

between two agents, agents need to coordinate at the leve
of kicking the ball on time and in the right direction such
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that the other agent receives the ball without losing it ® th
opponent team. However, the individual details of muscle
movement in each agent is obviously not communicated or
coordinated explicitly.

This paper provides a rigorous theoretical framework
for representing and reasoning about hierarchical plans
in cooperative multiagent systems. Extensive work has
been done in opponent model recognition, e.g. (Riley
& Veloso 2001) and (Intille & Bobick 1999), and space
precludes us from giving a detailed discussion of previous
work, but suffice it to say that many earlier approaches are
domain-specific. More importantly, much previous work
fails to explicitly model hierarchical aspects of coordina
among agents. We base our work on (Bui, Venkatesh, &
West 2002), which introduced the framework of the abstract
hidden Markov Model (AHMM) for plan recognition
in single agent systems. We extend their approach and
introduce Hierarchical Multiagent Markov Processes as a
framework for modeling hierarchical policy execution in
multiagent systems. We assume agents coordinate their
actions at more abstract levels explicitly using a central
controller, but that at lower levels, individual policiesza
executed without coordination by each agent.

Hierarchical Multiagent Markov Processes
Since we are primarily interested here in plan recognition,

h and not in finding optimal policies, we do not need the full

machinery of Markov decision processes. However, much of
our work is inspired by work on multiagent MDP (MMDP)
models (e.g., (Boutilier 1999)), although a key weakness
of previous models has been the lack of attention paid to
policy hierarchies. In particular, our work specificalljies

on the notion of a policy hierarchy using ideas from hierar-
chical reinforcement learning (Barto & Mahadevan 2003;
Makar, Mahadevan, & Ghavamzadeh 2001). As in a typical
MDP, the world consists of a set of possible states and
actions permissible in those states. A policy maps a state to

jan action (deterministic policy) or a distribution over acle

actions (stochastic policy). Hierarchical policies cavoke
more refined policies, i.e., at any statea high-level policy
7% is executed by selecting a lower-level polieyf—!,
according to the distribution .« (s, -). The selected policy



7*=1 selects among a set of lower-level policies and so on
until a primitive action is selected for each agent. Once
Tr_1 terminates in a state &* also terminates with termi-
nation distribution3,.« (d) if d is in the termination set of*

or continues by selecting anothier 1 level policy in statei.

The advantage of our approach lies in the way it explicitly
models the level of detail to which agents coordinate plans.
Below this level, policies are executed independently. To
represent this dichotomy in shared execution and indididua
execution, we specify the lowest coordination level by
K. K remains the same throughout the process of policy
execution and (for simplicity) is independent of the agents
states. All policies abovék are shared ojoint policies.

We model joint policies as a MMDP with the exception
that they are defined over temporally extended actions for
each agent. At levek, the joint-policy selects a lower level
single agent policy for each agentvhich further selects
lower level policies within the agent’s policy hierarchasd

so on. To illustrate these ideas through a 5-level example
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Figure 1: Policy hierarchy illustrating a soccer strategthw
two agents.

Definition 2: Abstract Policies
An abstract policy is defined in a way similar to a local pol-
icy where states map to other lower-level policies instead o
primitive actions.
Definition 2.1 Abstract Single-agent policy over other

(see Figure 1), consider two agents executing an attack Single-agent policies
strategy in soccer. One possible way of attack is to execute Let II!' be a set of single agent policies. A tuple =<

a multiple-pass to the goal. A multiple-pass involves

Sv,, Dy, Bu,, 00, > is an abstract policy over other policies

repeatedly executing a single-pass between two agents atin II}' for each agent € {1,---,n} where

the lower level. Each single pass requires one agent to pass,
the ball and the second agent to receive the ball. Receiving

the ball involves running to the location where the ball is
expected which in turn calls a sequence of move primitive
actions. This set of recursively selected policies at akle
including the primitive actions defines the policy hierarch

Throughout the paper, we uﬂft whereF is any entity
such as a state or a policy. Here, the first subsésgpecifies
an agent from a set of N agents, the second substript
specifies the time and the supersctipecifies the level in
the hierarchy to which this entity belongs. We use: to
denote the sequenc¢g, 2,-- -, n)

Definition 1: Local Policy
An example of a local policy:; is passing the ball which
involves executing a set of actions such as turn, kick and
wait. We define the local policy as a tuple =<
Sui» Dy, B, o, > foreach agent e {1,---n} where

¢ S,, C§; C Sisthe subset of applicable states for agent
< and policyu;

e D, is the set of termination states

o B,,:D,, — (0,1]is the termination distribution such that
By, (d) = 1forall statesi € D, \ S,

o 0,,:S,, x A; — [0,1] is the action selection function

such that for the given policy;; and current state,

ou, (s, a) is the probability with which the actioa is se-
lected in state. If the agents are homogeneous, then the
set of local policies are the same for all agents and the
subscript can be removed. Each such policy generates a
Markov sequence of states defined by the transition model
oals,s)

Su; €U uenn Sy, is the subset of applicable states
e D,, is the set of termination states

e 5,,:D,, — (0,1] is the termination distribution such that
By, (d) = 1for all states € D,,, \ S,

e 0,,:S,, xII!" — [0, 1] is the mapping of states to abstract
policies such that for the given poliey and current state
s, 0., (s, ;) is the probability with which the lower level
policy u; is selected

Definition 2.2 Abstract Joint-agent policy over Abstract
Single-agent policies

Performing a single-pass between two agents is an example
of an abstract joint policy. Itis defined as the tuplg, =<
Svrins Dt s Bioron» O, > OVEr a set of abstract single-
agent policies ifIT} x IT§ - - - x II¥).

® Sy, € UV1EHTSU1 x UV2€H§SV2 T
x U v.etiz Sy, are the applicable states

e Dy,., isthe set of termination states

® Byn..: Dy,.,, — (0,1] is the termination distribution such
that3y, ., (di,ds - - - d,,) = 1 for all states specified by the
tuple< dy,---d, >€ Dy,.,, \ Sy1..

o 0y, Sy, x (IIY x II§ - -+ x II¥) — [0, 1] is the map-
ping of states to abstract single agent policies such that
for the given policyy,.,, and current state of all agents,
Oiprn (81,82 8p, V1,V - - 1y) IS the probability with
which agentl executes the policy;, agent2 executes
the policyr, and so on.

Definition 2.3 Abstract Joint-agent policy over other
Joint-agent policies

A multiple pass is an example of an abstract joint policy
which involves executing a lower-level single-pass joioitp
icy (see Figure 1). An abstract joint policy is defined as



the tuplewi., =< Suis Dwrons Borins Twn. > OVEr @

set lower level abstract joint-policies lffﬁn for all agents
where

e S, C Uwenin&pm is the set of applicable states

e D, .. is the set of termination states

® By Doy, — (0,1] is the termination distribution such
thats,, , (d) = 1 for all statesi € D,,,,., \ Sw,..,

e 0y S, X Y — [0,1] is the mapping of states to
abstract joint-policies such that for the given joint-pwli
w1., and current state,.,, of all agentss,,., (S1.n, ¥1:n)
is the probability with which the lower-level joint policy
1., IS Selected

Definition 3: Policy Hierarchy A policy hierarchy is the
set of recursively defined policies at all levels including
the primitive actions. It is represented by the tuple,=

{(H?,Hg v H?L)’ c (Hf_lvné{_l T Hfil)vn{(ma

--T1¥,} where the lowest-level joint policy is defined at
level K.

In the soccer example in Figure K, = 2. The policy at
level K calls a level(K — 1) single agent policy for each

agent, each of which call other levgk — 2) policies in the
single-agent policy hierarchies and so dil?, I19 - - - I1%)
is the tuple representing the set of primitive actions for al

agents. Even though the definition above represents a bal-

anced policy hierarchy, it is possible to specify an unbal-
anced hierarchy by introducing dummy policies at the higher
levels which are the same as its lower-level policies or prim
itive actions. The cardinality of the joint policy at levAl

is [IIX 1| x [IE Y- - x [TIX—1|. Although complete co-
ordination can be modeled by defining policies at all levels
including primitive actions as joint policy nodes, this sas

the number of possible joint-policies to blow up. Specifyin
the joint policies only at level#& > 1 allows the agents to
abstract away individual lower level planning details from

termination of policyr? is represented by the boolean vari-
ableel, which becomes true when the poligj terminates
in a stated according to the termination distributigf. (d).

An additional coordination nodg_ 1, a boolean variable, is
defined at leveKk” which controls influence on a single agent
policy hierarchy from other single agent policy hierarchie
under the pre-defined termination scheme.

1. Policy termination Due to the way the model is de-
fined, within an agent’s individual policy hierarchy and
within the joint policy hierarchy, policies cannatturally
terminate if a lower level policy is still continuing its exe
cution. In other words, in the context ef ' = F (false),

ek deterministically assumes the value false and is indepen-
dent of both the state and policy. Following the notion of
context-specific independence (CSI) (Boutiktral. 1996),

as shown in the graphical representation in Figure 2, the
links from the policy and states to the termination nodes can
be removed. Iéff‘l = T (true), there} = T with probabil-

ity ﬁﬂ’(st)‘
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Figure 2: Sub-structure for natural policy termination.
Dashed arcs represents context-specific independence.
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2. Policy selection For policy selection, the current
policy =¥ depends on the higher level polieyf ™, the
state variable at previous time step_;, its own policy
valuerF_;, and its termination statug’ ;. As shown in

Figure 3,ef ;| serves as the context variable that controls

other agents and reduces the complexity of inference in the the dependency off on its parents. If the previous policy

network.

Dynamic Bayesian Network representation

We view the policy recognition problem in a multi-agent
system as probabilistic inference on a dynamic Bayes Net-
work (DBN). To explain the full DBN, we first describe the
two fundamental sub-structures of policy termination and
policy selection for each of the two termination mechanisms
Tuny and Ty, introduced in the concurrent action model
(CAM) (Rohanimanesh & Mahadevan 2003). We construct
the full network by “stacking up” these sub-structuresfor
layers just as in the AHMM (Bui, Venkatesh, & West 2002).
In each sub-structure;_; represents the relevant state vari-
able at timet — 1. Let 7F represent the policy variable at
time ¢t and levelk. Single agent policy nodes within the
agent’s policy hierarchy, i.e., at levél< K, just depend

on the state of that agent. The joint-policy nodes depend on
s1:n,t—1, the states of all agents at time- 1. The natural

has not terminated, then the current policy is the same as
the previous policy and as shown using CSl, is independent
of both the state and higher level policy. If the previous
policy has terminated, i.eef , = T, then a new policy

is selected independent of the previous policy from the
distribution P(x¥|7**1 s,_,) based on the previous state
and the higher level policy. For levels beldy, the policy
selection sub-structure has additional dependency on the

joint-termination nodey; 1. When~,_; = T, even if the

policies in the single agent hierarchy have not terminated a
timet¢ — 1, new policies are selected instead at timé&his
is calledinterruptionor forced policy selection

e In the T,,;; termination schemey;_; becomes true only
when all individual policy termination nodes at level

K — 1 and timet — 1 become true, i.e., all agents have
naturally terminated their individual policy hierarchies
For example, while coordinating to execute a single pass
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Figure 3: General sub-structure for policy selection. 2ash
arcs represent context-specific independence relations.

strategy,y;—1 becomes true only when both agents suc-
cessfully finish their individual policies, i.e., Agehthas
successfully made the pass and Agent 2 has successfully
received the ball. When not all agents have terminated,
agents that have terminated, independent of the state and
previous policy, repeatedly execute a waiboe-step no-

op policy until all agents terminate.

In theT,,,, termination schemey_; becomes true if any
agent from the set of agents terminates at timel, oth-
erwise it remains false. Consider the example, where two
teammates are running to chase the ball. The agents stop
chasing the ball as soon as any one of the teammates ac-
quires the ball. Now a new policy is selected for both
teammates even though only one member naturally ter-
minated. Hence, when,_; = T, even ife;_; = F,

the remaining agents that did not terminate naturally are
forced to select a new policy as shown in Figure 4. In the
context thaty;,_; = F', policy selection at time t takes
place in the same way as shown in Figure 3.
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Figure 4: Policy selection undéf,,,, termination for two
agents. Dashed arcs represent context-specific indepen-
dence relations.

3. The full DBN structure The DBN shown in Fig-

ure 5 can be constructed by super-imposing the above sub-
structures of policy termination and policy selection attea
level. To get an intuitive understanding of the DBN, note
that each agent’s individual policy hierarchy is an AHMM
with K — 1 policy levels. All single agent AHMMs are
connected through;_; which controls influence on a sin-
gle agent policy hierarchy from the higher level joint pglic
nodes as well as other single agent policy hierarchjgs,
becomes true under the pre-specified termination scheme
when agents terminate at the highest level of policy execu-
tion in their AHMM. The levels at and abové are modeled

just as those in the AHMM except the policies are defined

as joint policies which depend on the states of all agents. It
is easy to see how the network can be extended to multi-
ple agents by extending the joint policy at and above level

K. To model complete coordination, the model simplifies to
look like a single agent AHMM with the exception that the
policy and action nodes are defined as joint nodes over the
states of all agents. Additionally, the joint-terminatioode

~ is removed because it always assumes the value true since
actions terminate naturally at each time step. It is alse pos
sible to model coordination among groups of agents where
each group can specify a degree of coordination, i.e., the
level at which their joint policy is specified independently
The individual subgroup’s joint-policies are now treated a
single agent policies in the larger DBN.
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Figure 5: The DBN representation showing two agents.
Each agent policy hierarchy is an AHMM witls levels. y
atlevel K — 1 is the coordination node. In thHE,;; scheme,
the dashed arcs from, to the single agent policies below
level K — 1 are removed. The dotted-arcs represents the
inter-time slice dependency.
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4. Conditional Independence Properties in a Time
Slice of the DBN We had presented the problem of plan
recognition as probabilistic inference on the DBN shown
in Figure 5. The belief state of our DBN representing
the execution of HMMP is a joint distribution ove¥ K
single agent policy nodesy states, N highest level of
termination values for allV agents and< — K + 1 joint
policy nodes. Thus, generally the size of the belief state
representation is exponential in the sizef6fand N and
there is no compact way to represent the belief state.
This makes exact inference in the network intractable for
large K and N. However, both the policy selection and



the policy termination sub-structures discussed earlier
motivate additional conditional independence statements
that simplify the structure of a time slice in the network.
In both sub-structures, termination nod€s, and v;_;
serve as the context variables, i.e., knowing the ternonati
variables simplifies the network using the notion of Context
Specific Independence. At the time of policy selection,
policies above levek influence the policies below levél
only through the policy at levet. Hence, by conditioning

on the starting state and the starting time of the policies, w
can exploit additional conditional independence struetar

the network. We generalize the conditional independence
theorem in (Bui, Venkatesh, & West 2002) to express the
conditional independence properties in our network.

Conditional Independence Theorem Given the policy at
level k, its starting time and starting state, all policiesda
states below level k are independent of the policies above
level k.

We now re-state and discuss this theorem for two special
cases in our network.

e Casel: Atlevelk > K.
Let 7f max{t' < tlek T} be the ran-
dom variable representing the starting time of the
current level k policy =}, ,. Let ot ,, the state

at time 7F, be its starting state. Letrf:,’jt =
1:K—1 1K 1. 1K-1 _K k—1
{Slntﬂrlt ot Tt Tt "Wl-nt} de-

note the set of all'single agent poI|C|es joint policies and
states below levek at the current time and wifj_’t =

{w’ffllt, . 1.t} denote the set of current policies above

level k. Then g|ven the current policy}.,,, , at levelk, its
starting state and starting time, the set of all single agent
policies, states and joint policies below levebre inde-
pendent of the set of all joint policies above le¥elThis

is written as:

T 1)

>k k
7T1ntJ-7T1nt|7Tlntaalnta

Enumerating all the agent states, and treating the joint
policies as the set of basic policies, the layers above
are same as those in the AHMM. Using context specific
independence properties described earlier in this section
the proof of the AHMM can be directly extended to this
general case of joint policies.

Case 2: Atlevelk < K.

Let7} = max{t' < t|yy = T orek, = T'} be the random
variable representing the starting time of the currentlleve
k policy 7¥,. Leta’,, the state at time/, be its starting

state. Letr;f = {s;;, "'} denote the set of single
agent policies below Ievd% and the state for agernitat
time t. Then, given the current policy®, at level k, its
stating state and time, the set of lower level policies and
state in the policy hierarchy for agentare independent
of the set of all other policies at tinteincluding the joint
policies and other agent’s individual policy hierarchies.

This is written as:

—1

<k (k+1:K—-1 _RK.K . 0K
oy J—”i,t ’Wl:n,tav].77517rj,t )

)

Proof sketch: Each single agent hierarchy is modeled
as an AHMM. Policy selection at any levélbelow K

in our network has additional dependency on the joint
termination~,_;. Hence, conditioning on;_; as well
leads to the same CSI properties as discussed for the
AHMM and =}, « m andr} d- separater<k from the

rest of the variables in the time-slice.

. k k _k
Vjj#iSjt | Tt Qi Ty

Inference in the network

The complexity of inference in the DBN depends on the
size of representation of the belief state. In general, in ou
DBN, the belief state we need to maintain does not preserve
the conditional independence properties of the single
time-slice network discussed above, making exact infexrenc
intractable even when the DBN has a sparse structure. The
belief state for our model is the set of all variables in the cu
renttime slice conditioned on the observatiopwritten as:

<K _<K <K _K K 1:K—1
P(ﬂ-lt ’7T2t P 7Tnt 77T1nt7" ’7T1:n.,t781-717t161,t PR
LK-1 K K
" Cnt 1€yt " s Clin,ty Mt | Ol:n,t) (3)

Exact inference is clearly not scalable to a large domain
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Figure 6: The left structure is the belief trég The belief
statel3; is obtained by attaching the termination nodegto
The tree has its root at thet,,

where several agents are interacting. However, if we as-
sume: 1) the state sequence can be observed with certainty
2) the exact time when each policy starts and ends is known,
then the Conditional Independence Theorem stated earlier
holds and as a direct consequence of this theorem, the belief
state decomposes into the simple tree-like structure shown
in Figure 6. The new belief state is now conditioned on both
the state as well as termination node values upto timd

since they are now observed:
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The new belief state is realized by adding the links from

at level k to any level say k', we iteratively reverse the link
between adjacent nodes starting at k till we reach k’ using
the standard link-reversal operation (Shachter 1986).

We start by instantiating the state and termination nodes in
the single agent hierarchies as described for the AHMM.
To do this for agent, as shown in Figure 7a, the root is

the current policies and current states to the terminating first moved tos; ; to instantiate the state for agehtOnce

nodes inT; as shown in Figure 6. On analyzing the size of

our belief state, we note that each node has a manageablefrom the belief state.

size. The domain for a joint policy variabte® is I1*, the
set of all policies at level k. Ifr} is a single agent policy,
then its domain is further limited ti¥, the set of policies
at level k only defined in the policy hierarchy of agent
Given the starting stata’ of a policy, the set of possible
policies is limited tor? € I1*(af) and is independent of
K. Similarly, the domain fors;, the state at time is the
set of states reachable from_; in one primitive action.
More generally, i\ is the maximum number of of relevant
neighboring states and policies at any single level of the
network, then for any link, the conditional probability tab
is O(N?) and the overall size of the belief chain¥ LA ?)

whereL, = KN + (K — K) is the number of links in the
belief treeT;.
Exact-step: We now briefly describe an algorithm that

0 0
Sy agentl Sy
a. agent2 b.

agentl

agent2 c. agent2

Figure 7. Representation of the belief state update ffhm

to By, .The root of the tree is shown as the bolded node. The
dashed arcs show the resulting arcs after arc-reversaiat th
step

recursively updates the simple belief state shown in Figure
6 in closed form. It is possible to use the general junction
tree algorithm (Lauritzen & Spiegelhalter 1988) instead to
update the belief state, but at the expense of convertimg fro

a node has been instantiated and absorbed, it is removed

We then mstantla&éK !, the
termmatlon nodes in agent 1's policy hierarchy starting
with eu Within the single agent policy hierarchies, a
policy at a higher level cannataturally terminate if any
policy at the lower level has not terminated. Hence, the
only valid instantiation of the termination nodes is suchtth
Ly = {K|k €1, K- 1Vk >k ek, = F;Vk <

k' e¥, = T} wherel; , is the highest level of termination
within the single agent hierarchy of agent All policies
below /; ; must terminate and all policies above must not
terminate. To absorb each instantiated termination node,
we iteratively reverse the links from;; ' to x, andn¥,

to e” i+ for agenti as shown in Flgure 7b. We repeat this
process of instantiating the state and termination nodes
for every agent’s individual policy hierarchy. The lastkin
reversed while repeating this process for every agentyolic

hierarchy is fromzX oy ! to 7k, The resulting belief
state as shown in Iflgure 7c after all the agent’s states and
termination nodes in the single agent policy hierarchies
have been instantiated has its root at leiiel

Now the remaining termination nodegtK are instantiated

in the same way by reversing the link from, ", to 7%, ot

and 7f,, , to ef,, , iff the joint- termlnatlon% T (A
longer version of the paper contains details on this proce-
dure). The termination nodes are instantiated only until
ef.,. = F,i.e. till ajoint-policy at level k terminates. As
discussed earlier, all policies above level k by default db n
terminate because the policy at level k has not terminated.
The resulting belief tree after all the states and termamati
nodes have been instantiated, has its roat;gf, where

r is at & by default if no joint policies terminate or at the
highest level k where a joint policy has terminated.

2) Projecting the belief state into the next step: This step
creates the new belief trég ; from B,,. Since the poli-
cies at and above, have not terminated, the marginals are
retained in the belief tre@;, ; as shown in Figure 8a. For
updating the belief tree, the parameters of the new subtree

the undirected graph to a directed graph after inference at starting atk < r, are obtained from one of the following

each time-step to allow efficient sampling from the network.
Given the complete specification of the belief st&fe the
new belief statés;,; can be computed by ‘rolling-oveB;
(Boyen & Koller 1995) using the following steps:

1) Absorbing the new evidence: Here, we instantiate all
the state and termination nodes at time t, to obf&jn.

We maintain the belief tre@&; with its root at the highest
level of termination in the network. When we say that the
treeT; has root at a node, it means that all links in the tree
point away from that node. To move the root from a node

policy selection distributions:

& N

® oitt (St Tl 1), k2 K
1:in,t41

® 0 _k+1 S; k= K -1
ﬁl:mﬁ( @, zt+1)

° Uﬁkijl(sivt’ﬂ'fyﬂrl)’k <K-1

Letl;, € {1-- K — 1} be the highest level of termi-
nation for each agent in the single agent policy hierarchy.
If none of the joint policies have terminated as shown in



Pr(maxY 1, = L)
= Pr(m%lxli <L)- Pr(miglx L<L-1)
Pr(max¥ I, < L)

= [[Pri<L)
N

= H(e;l)(1+é+é...+é)

0
agentl S, [
a. "agent2
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Figure 8: Belief state updating from;; to Ti;1. Al = (1- E)N -(1 E)N
marginals of53,; above the highest level of termination are . o

retained inT}; a. shows update procedure when the high- Thus, the expected value for the highest level of termimatio

est level termination i K. b. shows update procedure &t €achtime step is

when no joint policies have terminated. Here agentl has its 1 .y 1.y
highest level of termination at lev&l —2 and agent2 at level O k(1 - g —1=Z)7) 4
0. k

We analyze the complexity graphically by plotting the

expected value (eq4) for plan hierarchies with varying
Figure 8D, then for each agentall policies abové, ; are number of agentsl(— 1000 agents) and varying number of
retained as well ifl,,; and a new subtree is formed for levels (L — 500 levels) as shown in Figure 9. It is apparent
remaining levels at and below levél; using the policy from the plot that the expected value is independent in
selection distribution given above. The new belief tree the total number of levels in the plan hierarchy. Also,
is a combination of the belief tre€, and newly created ~ we superimpose the plot for the logarithm wffor each
sub-tree. The new belief stat ,; is obtained by adding ! and offset it by(0.5 for clarity. The expected value
the termination variables t6,; as shown in Figure 6. This  clearly varies logarithmically im as shown. Hence, the
ends the exact update procedure for our network. average update complexity at each time stepZpr, is

O(max(NlogN, NK))

The complexity of the belief update procedure is propor-

tional to N, the number of agents angd the level at which Approximation step: The above algorithm is used to
the root of the tree is maintained, because the algorithm update the belief state only if both assumptions statedeear!
only needs to modify the bottom levels. The probability hold, i.e., the agent states as well as the time when a policy
that a single agent policy terminates at lekek assumed starts and terminates is known. In any real world applicatio
to be exponentially small w.r.tk (Bui, Venkatesh, & West these assumptions are too restrictive. We had seen earlier
2002). Consequently, for thE,;; termination scheme, the  that if these assumptions do not hold then the belief state no
probability that the highest level of termination in a given longer has the simple tree-like structure. Our goal is tb est
time step is at any levél is exponentially small with respect ~ mate the marginaP(r}, ;|o;). One possible approach is to
to N andk. The expected value of the highest level of sample from the network to calculate this marginal (Doucet,
termination at each time step @&(3", (852)" gks) which Godsill, & Andrieu 2000). However, sampling in the prod-
is constant bounded i&, the total number ofei:avels inthe  uctspace of all variables in a given time slice of the network
network and exponentially decreasing¥n erepresentsthe ~ becomes less efficient and accurate with large K and N.
base of the natural log. Since, the root of the belief tree by To improve the accuracy of sampling in the network, we use
default is maintained ak, the average update complexity ~Rao-Blackwellized Particle Filtering (Doucet al. 2000) to

at each time step for thE,;; termination scheme becomes analytically marginalize some of the variables and sample
(’)(Nf{). only the remaining variables in the belief state. As a con-

sequence of the Rao-Blackwell theorem (Casella & Robert
1996) stated below, the Rao-Blackwellized estimator is gen
erally more accurate than any sampling estimator that in-
volves sampling all variables for the same number of sam-
ples N.

Var(U) = Var(E[U|V]) + E[Var(U|V)]

For the T,,, termination scheme, probability that the
highest level of policy termination is at any leuvelis calcu-
lated as follows. Lef; be the highest level of termination
for each agent.
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Figure 9: This plot shows empirically that the expected
value of the highest level of termination undgy,,, is in-
dependent of the number of levels and is bounded logarith-
mically in the number of agents.

where U is the set of all variables and V is the set of sampled
variables. Hencé& ar(U) > Var(E[U|V]). We use our

samples?) ., et from B (s1%), .. et |o,)
Update weight® = w® B (o)
Compute the posterior RB belief state

i DY i all(i
B = B (ni"ls(0 01"V 00)

n,tr Gt
Compute the belief tre%’t(fr)1 from B,&E
Compute the new belief stati;(i)l from Tt(fl
Compute the marginaﬂfj,z =T, (xk, )
End o )
Compute the estimatd? (¥, ,o;) = S, hf@ﬂw(i)
End

Experimental Results

We present here an application of the HMMP framework to
the problem of recognizing behavior of two agents in a simu-
lated domain of our lab. The coordinates of the agents in the
lab can be obtained by laser tracking by the robot. Our DBN
has a 4 level action/policy hierarchy (see Figure 10). The
lowest coordination level is defined At = 2. We define the
parameters of the policies manually to simulate the move-
ment of the agents in the lab. To represent the uncertainty in
our observations, we assume that the agents can be anywhere
amonyg its two neighboring states with probabilities defined
by a pre-specified model. For a typical sample trajectory, ex
act inference in the network returns the probabilities ef th

context variables, the states and termination nodes as ourjoint policies and the single agent policies. Shown below

RB variables. Conditioning on these variables yields a towe
variance estimator for the marginats’!! and simplifies
the network to the simple tree-like structure. Now, we

is anobservedsample trajectory for when both agents are
trying to exit separately from the two opposite doors in the
lab under thel,;; termination scheme. As the observations

can use the exact-step described above to update the beliefabout the trajectories arrive over time, the predicted grob
state once the RB variables have been sampled. Applying bility distribution for the agents’ exit policy, the highdsvel

RBPF to our network is tricky because the sequence of
RB variables that we are using do not satisfy the Markov
property. To sample efficiently from the network, for each
agent;, we first position the root df} ats; , and reverse the
link from o, ; using evidence reversal (Kanazawa, Koller, &
Russell 1995). This gives us the network structure wijth
absorbed into the network. Now, we perform forward sam-
pling starting from the root node and proceeding upward to
samples; ; ande; ;. The joint policy termination nodes are
sampled after all the single agent policy termination nodes

goal in the network, using exact inference is shown in Figure
11. To show that our approximate inference algorithm can
perform as well as exact inference for a large enough sam-
ple set, we compute the same probability distribution using
approximate inference with 500 samples and get similar re-
sults (see Figure 12).

Trajectory of Agent 13,2,3,2,4,5,6,6,8,8,9,7,8,9,7

Trajectory of Agent 26,6,5,5,3,4,5,4,3,3,1,2,1,1,2

In the network forT,,,, only at level 3, we define new

have been sampled. The samples of the policy nodes arepolicies such as go to the left door when we hear a knock,
discarded since they are not needed. Sampling is stopped atand answer the telephone when the phone rings. Here is

the first level k in the single agent policy hierarchy of agent
i wheree; , = F. Similarly, the joint policy termination
nodes are only sampled #; T. If M samples are
maintained, then the overall complexity of maintaining the
samples on average at each time stepTigr is O(MN)
and is constant bounded #d, the number of levels in the
network. ForT,,,, the average sampling complexity at
each time step for i€ (M max(NigN, NK)). In the limit,

M — oo, the above inference algorithm performs as well
as exact inference.

Fort=0,1...
For each samplei=1,...M

a sample trajectory where both agents proceed to the left
door when a knock is heard at time stép At time step

10, the telephone rings and agehtproceeds to answer
the telephone while agentis still at the left door. The
predicted marginal distributions for the highest level lgoa
node using exact and approximate inference are shown in
Figure 13 and Figure 14 respectively.

Trajectory of Agent 18,8,7,6,5,6,5,4,4,4,5,6,6,7,8

Trajectory of Agent 27,6,5,5,4,3,2,3,2,1,1,1,1,1,1

Conclusions and Future Work

We have presented Hierarchical Multiagent Markov Pro-
cesses(HMMP) as a framework for hierarchical probabilis-
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tic plan recognition in cooperative multiagent systemssTh  {he probability of the highest level policy undey,,,, termi-
framework extends the Abstract Hidden Markov Model t0  n4tion ‘

multiagent systems. We analyzed in detail the process of

inference in our network for two coordination mechanisms:

Tuny andTyy;. We showed that using an efficient sampling

scheme and exploiting additional conditional independenc

relations in the network, the Rao-Blackwellized Partidle F

ter approximate inference method greatly reduces the com-

plexity of the inference in the network. Acknowledgements
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