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Abstract
This paper uses Constraint-based Temporal Plan-
ning (CTP) techniques to integrate deliberation
and reaction in a uniform representation for au-
tonomous robot control. Further we inform plan-
ning with an onboard Hidden Markov-Model for
environmental state estimation. We formulate a
control structure that partitions an agent into a col-
lection of coordinated control loops, with a recur-
ring sense, plan, act cycle. Algorithms are pre-
sented for sharing state between controllers to en-
sure consistency and enable compositional control.
The partitioned structure makes it practical to ap-
ply CTP for both deliberative and reactive behav-
ior and promises a scalable and robust approach for
control of real-world autonomous robots operating
in dynamic environments while showing how esti-
mation driven planning can make robots adaptive.

1 Introduction
The ocean plays a crucial role in the ecosystem of our planet.
This vast, hostile, unstructured and unpredictable environ-
ment has proven resistant to extensive scientific study. Its
depths are largely inaccessible to humans, and impervious
to surface and space based observation techniques. Oceano-
graphic ship-based measurements have recently been aug-
mented by untethered robotic platforms such as Autonomous
Underwater Vehicles (AUVs) [Yuh, 2000]. They carry so-
phisticated science payloads for measuring important water
properties [Ryan et al., 2005], as well as instruments for
recording the morphology of the benthic environment with
advanced sonar equipment [Thomas, 2006]. The extensive
payload capacity and operational versatility of these vehi-
cles offer a cost-effective alternative to current methods of
oceanographic measurements.

The capabilities of AUVs and the challenges of ocean ex-
ploration provide a compelling domain to motivate and evalu-
ate advances in robotics. Our research is focused on software
techniques to enhance the robustness, adaptability, usability
and utility of AUVs in the pursuit of important scientific ques-
tions in the deep ocean. Figure 1 is a composite image of
our platform, the Dorado vehicle, which operates routinely
to depths of 1500m and the mid-section Gulper water sam-
pling instrument.

We have developed and deployed an onboard Adaptive

Fig. 1: MBARI’s Dorado Autonomous Underwater Vehicle at sea
(left) and its mid-body water sampler (right)

Control System that integrates Planning and Probabilistic
State Estimation in a hybrid Executive. Probabilistic State Es-
timation integrates a number of science observations to pro-
duce a likelihood that the vehicle sensors perceive a feature
of interest. Onboard planning and execution enables adapta-
tion of navigation and instrument control based on the prob-
ability of having detected such a phenomenon. It further en-
ables goal-directed commanding within the context of pro-
jected mission state and allows for replanning for off-nominal
situations and opportunistic science events.

The novelty of this work is twofold. We integrate delib-
eration and reaction systeatically over different temporal and
functional scopes within a single agent and a single model
that covers the needs of high-level mission management, low-
level navigation, instrument control, and detection of unstruc-
tured and poorly understood phenomena. Secondly, we break
new ground in oceanography by allowing scientists to obtain
samples precisely within a scientific feature of interest using
an autonomous robot.

Our primary interests hertofore have been to track dynamic
upper water-column features such as ocean fronts, Interme-
diate Nepheloid Layers (INLs; fluid sheets of suspended par-
ticulate matter that originate from the sea floor), and blooms
(patches of high biological activity). Each of these phenom-
ena can occur over a wide range of scales, from thousands
of kilometers (fronts and blooms) down to tens/hundreds of
meters, and each is characterized by strong spatio-temporal
dependence. This dependence results in a high degree of un-
predictability in the location and intensity of the phenomena,
and this unpredictability is the primary motivation for using
novel techniques to resolve the small-scale features of each
of the phenomena.

The remainder of this paper is organized as follows. Sec-



tion 2 places this work in the context of other integrated plan-
ning and execution frameworks. Section ?? introduces key
concepts and definitions. The core of the paper in section 4
presents algorithms for coordinated control and synchroniza-
tion of state with complexity analysis while Section 5 shows
how estimation using HMMs impact planning. Section 6 con-
cludes with empirical data from experiments evaluating algo-
rithm performance.

2 Related Work
The dominant approach for building agent control systems
utilize a three-layered architecture [Gat, 1998], notable ex-
amples of which include IPEM [Ambros-Ingerson and Steel,
1988], ROGUE [Haigh and Veloso, 1998], the LAAS Archi-
tecture [Alami et al., 1998], the Remote Agent Experiment
[Muscettola et al., 1998] & [Rajan et al., 2000] and ASE
[Chien et al., 1999] (see [Knight et al., 2001] for a survey).
Scalability is of concern since the planning cycle in these ap-
proaches is monolithic often making fast reaction times im-
practical when necessary. Many of these systems also utilize
very different techniques for specifying each layer in the ar-
chitecture resulting in duplication of effort and a diffusion
of knowledge. IDEA [Muscettola et al., 2002] was the first
agent control architecture utilizing a collection of controllers,
each interleaving planning and execution in a common frame-
work. However, IDEA provides no support for conflict res-
olution between agents, nor did it provide an efficient algo-
rithm for integrating current state within a controller, rely-
ing instead on a possibly exponential planning algorithm. In
our view, efficient synchronization of state in a partitioned
structure is fundamental to making the approach effective in
practice. Our work provides a formal basis for partitioning
a complex control problem to achieve scalability and robust-
ness and an approach for synchronization in polynomial time.

3 Key Concepts & Definitions
Autonomous robotic explorers must be proactive in the pur-
suit of goals and reactive to evolving environmental condi-
tions. These concerns must be balanced over short and long
term horizons to consider timeliness, safety and efficiency,
presenting a substantial challenge for control system design.
As an example, a planetary rover is often tasked with a set of
objectives to be accomplished over the course of a mission. It
may reasonably deliberate for many minutes if necessary; in
contrast, instrument control decisions require faster reaction
times but can be taken with a more myopic view of impli-
cations to the plan. This suggests that the control responsi-
bilities of the executive can be partitioned to exploit differing
requirements in terms of which state variables need to be con-
sidered together, over what time frames, and at what reaction
rates. Such a partitioned structure could increase the com-
plexity of integration however, especially if components are
constructed with disparate technologies for program specifi-
cation and/or execution.

To address this integration problem, we formally define
an agent control structure as a composition of coordinated
control loops with a recurring sense, plan, act (SPA) cycle.
Representational primitives in our framework are based on
the semantics of Constraint-based Temporal Plans [Frank and
Jónsson, 2003] using unified declarative models. We manage
the information flow within the partitioned structure to ensure

consistency in order to direct the flow of goals and observa-
tions in a timely manner. The resulting control structure im-
proves scalability since many details of each controller can
be encapsulated within a single control loop. Furthermore,
partitioning increases robustness since controller failure can
be localized to enable graceful system degradation, making
this an effective divide-and-conquer approach to the overall
control problem.

We formally define a situated agent in a worldW by:
• A set of state variables: S = {s1, . . . , sn}
• A lifetime: H = [0,Π) defining the interval of time in

which the agent will be active. H ⊆ N.
• The execution frontier: τ ∈ H is the elapsed execution

time as perceived by the agent. This value increases as
time advances in W . The unit of time is called a tick.
The agent observes and assumes world evolution at the
tick rate; changes between ticks are ignored.

During its lifetime an agent observes the evolution of the
world through S via timelines as the execution frontier ad-
vances [Finzi et al., 2004].

Definition 1 A timeline, L, is defined by:
• a state variable: s(L) ∈ S.
• a set of tokens assigned to this timeline: T (L). Each

token t ∈ T (L) expresses a constraint on the value of
s over some temporal extent. A token p(start, end,−→x )
indicates that the predicate p with its attributes −→x holds
for the temporal domain [start, end) where start and
end are flexible temporal intervals.
• an ordered set Q(L) ⊆ T (L) of tokens describing the

evolution of the state variable over time.

We use the notation, L(t) to refer to the set of the tokens
ordered in the timeline L that overlaps time t:

L(t) = {a; a ∈ Q(L) ∧ a.start ≤ t < a.end}
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Fig. 2: Two reactors sharing one state vari-
able. Observations from the past are
consistent while projections in the fu-
ture can differ to reflect each reactor’s
plan.

a primitive for
control called
a reactor with
which the global
control structure
is composed.
Coordination
is based on an
explicit division
of authority for
determining the
value for each
state variable among the set of reactors, R. A reactor may
own or use one or more state variables. A state variable s
is owned by one and only one reactor r (owns(r, s)) which
has the unique authority to determine the value for that
state variable as execution proceeds. Conversely, a reactor r
uses a state variable s (uses(r, s)) if it needs to be notified
of changes (observations) or it needs to request values for
this state variable (goals). Coordination is also based on
explicit information about the latency and temporal scope
or look-ahead of deliberation of a reactor. This information
is used to ensure information is shared as needed and no
sooner.



Definition 2 As illustrated in Fig.2 a reactor r is a controller
defined by:
• a latency: λr is the maximum amount of time the reactor
r can use for deliberation.
• a look-ahead: πr ∈ [λr,Π] defines the temporal dura-

tion over which reactor r deliberates. When deliberation
starts for reactor r, its planning horizon is:

hr = [τ + λr, τ + λr + πr) (1)

• a set of internal timelines: Ir = {I1, . . . , Ik}. Time-
lines in Ir refer to state variables reactor r owns.
• a set of external timelines: Er = {E1, . . . , El}. Time-

lines in Er refer to state variables reactor r uses. ε(s)
defines all external timelines referring to a given state
variable s as ε(s) = {E : E ∈ ∪r∈REr, s(E) = s}
• a set of goal tokens: Gr. Goal tokens express con-

straints on the future values of a state variable owned
by this reactor.
• a set of observation tokens: Or. Observation tokens

express present and past values of a state variable used
by this reactor. They must be identical to the corre-
sponding values of this state variable as described by
its owner.
• a model: Mr. The model defines the rules governing

the interactions between values on and across timelines.

We consider a special set of reactors, Rw, which includes
all reactors r that have no external dependency (i.e Er = ∅).
In practice, such primitive reactors encapsulate the exogenous
state variables of the agent. We further define the model for
the agent,Mw, as the union of all models of each individual
reactor:Mw =

⋃
r∈RMr

Fig.3 for instance, shows
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Fig. 3: An agent is composed of
multiple reactors or con-
trol loops

an agent with four reac-
tors. A Mission Manager
provides high-level direc-
tives to satisfy the scientific
and operational goals of the
mission: its temporal scope
is the entire mission and it
can take minutes to deliber-
ate; the Navigator and Sci-
ence Operator manage the
execution of sub-goals gen-
erated by the Mission Man-
ager and could deliberate
within a second. The temporal scope for both is in the order
of a minute. The Executive encapsulates access to functional
layer commands and state variables. It is approximated as
having zero latency with no deliberation.

4 Partitioned Control
Partitioning exploits a divide-and-conquer principle where
each reactor manages a component of the agent control prob-
lem thereby allowing deliberation and reaction at different
rates, over different time horizons and on different state vari-
ables. More importantly, partitioning allows plan failures to
be localized within a control loop without exposure to other
parts of the system. In this section we present the overall
control loop for coordinating these reactors and detail how
synchronization of state is accomplished efficiently.

4.1 The Agent Control Loop
The agent coordinates the execution of reactors within a
global control loop based on the SPA paradigm. The uses and
owns relations provide the necessary detail to direct the flow
of information between reactors. Observations flow from
each reactor that owns a state variable to all reactors that uses
it during a process called synchronization. Goals flow from
reactors that uses a state variable to the reactor that owns it
through a process called dispatching. Dispatching involves
posting tokens from each external timeline e in a complete
plan as goals for the reactor r where owns(r, s(e)) over a
horizon given by hr in (1). Deliberation is the process of
planning an evolution of state variables from current values
to requested values. Synchronization, deliberation and dis-
patching are steps of the core agent control loop described in
Algorithm 1.

The agent executes the set of reactors,R, concurrently. Ex-
ecution of the loop occurs once per tick. Each step begins at
the start of a tick by dispatching goals from users to owners.
The agent then synchronizes state across all reactors in R at
the execution frontier, τ . If there is deliberation to be done, it
must be preemptible by a clock transition which occurs as an
exogenous event.

Algorithm 1 The agent control loop

RUN(R, τ,Π)
1 if τ ≥ Π then return ; // If the mission is over, quit

// Dispatch goals for all reactors for this tick
2 DISPATCH(R, τ);

// Synchronize. If no reactor left afterwards, quit
3 R′ ← SYNCHRONIZEAGENT(R, τ); // Alg. 2
4 ifR′ = ∅ then return ;

// Deliberate in steps until done or the clock transitions
5 δ ← τ + 1;
6 done ← ⊥;
7 while δ > τ ∧ ¬ done
8 do done ← DELIBERATE(R′, τ);
9 while δ > τ do SLEEP; // Idle till the clock transitions

// Tail recursive, with possibly reduced reactor set
10 RUN(R′, τ,Π);

4.2 Synchronization
In a partitioned control structure, opportunities for inconsis-
tency exist since each reactor has its own representation for
the values of a state variable. While we allow divergent views
of future values of a timeline to persist, we require that all
timelines converge at the execution frontier after synchroniza-
tion. For an agent to be complete, agent state variables must
have a valid value at τ . It is the responsibility of the owner re-
actor to determine this value during synchronization and the
responsibility of users of that state variable to reconcile their
internal state with this observation. This explicit ownership
specification enables conflict resolution.

Requirements
The concept of a flaw [Bedrax-Weiss et al., 2003] i.e a po-
tential inconsistency that must be resolved, is central to the



definition of synchronization. We are concerned with flaws
that may render the state of the reactor inconsistent at the ex-
ecution frontier. More specifically, we are concerned with
any token t that necessarily impacts any timeline L of a reac-
tor r at the execution frontier τ , which has not been inserted
inQ(L). Formally a flaw is a tuple f = (t, L) that is resolved
by insertion in Q(L).
Definition 3 A reactor r is synchronized for τ , denoted
s(r, τ), when the following conditions are satisfied:
• All flaws are resolved at τ when Fτ (r) = ∅, where
Fτ (r) returns an arbitrarily ordered set of flaws of a
reactor for synchronization at the execution frontier. A
formal definition of Fτ (r) follows in Definition 4.
• All internal and external timelines have a unique valid

value at τ , i.e there are no “holes” or conflicts in the
timeline:

∀L ∈ (Ir ∪ Er),∃o ∈ T (L) : L(τ) = {o} (2)

• All external timelines have the same value as the cor-
responding internal timeline of the owner reactor at τ .
This ensure that every reactors share a consistent view
of the current state of the world.

Synchronization of the agent means synchronization of its
reactors: ∀r ∈ R : s(r, τ)
Assumptions
We introduce a number of reasonable assumptions to reduce
synchronization complexity to polynomial time. Our ap-
proach builds on the semantics of the partitioned structure
to enable synchronization of the agent via incremental local
synchronization of each reactor.

From the perspective of a reactor, observations are taken
as facts that are exogenous and monotonic: once an observa-
tion is published/received, it cannot be retracted. We call this
the Monotonicity Assumption (MA). It implies that a reactor r
will publish an observation o starting at τ only if it owns the
corresponding timeline and it has been fully synchronized for
this tick (s(r, τ) = >).

The last observation made on an external timeline is valid
until a new observation is received. We call this the Inertial
Value Assumption (IVA). It implies that once a reactor has
received all the observations for its external timelines at τ ,
all external timelines E ∈ Er that do not have an associated
observation o for this tick will consider that the previous state
still holds :

(@o ∈ Or ∩ T (E) : o.start = τ)⇒ E(τ).end > τ (3)

This assumption ensures that all values of an external timeline
contain an observation up till τ . Consequently we require an
initial observation at τ = 0. In the case of internal timelines,
the modelMw must specify the value to assign in all cases.
A corollary of the MA is that the IVA should not be applied
for a reactor r1 until:

∀r2 ∈ R, r1 � r2 : s(r2, τ) (4)

where � is a relation defined as follows:

∀r1, r2 ∈ R :(
∃s ∈ S; uses(r1, s) ∧ owns(r2, s)

)
⇒ r1 � r2

(∃r3 ∈ R; r1 � r3 ∧ r3 � r2)⇒ r1 � r2

(4) imposes a strong relation between the synchronization
of a reactor and the structure in the dependency graph (de-
fined by �). Indeed, even though we could allow cyclic
dependencies between reactors this would require iteration
though this graph until we find a fixed point where all reactors
are synchronized.

To avoid thus we ensure � is a partial order (ie r1 � r2 ⇒
¬(r2 �r1)) Consequently, all reactors are distributed across a
directed acyclic graph (DAG) where the root nodes are the re-
actors of RW . This Acyclic Dependency Assumption (ADA)
ensures synchronization is achievable via iteration through a
linear transformation of the partial order � (denoted byR[i]).
Where state variables are cyclically dependent, they must be
owned by the same reactor. Absent this assumption, global
synchronization requires iterative local synchronization to a
fixed point which cannot guarantee polynomial time conver-
gence.

Determining how to arrive at a suitable partition design is
challenging; [Salido and Barber, 2006] offers a promising di-
rection in using constraint cliques.

Synchronizing the Agent
Algorithm 2 shows how the agent is synchronized by syn-
chronizing each reactor in the order defined by R[i]. It is
possible that a reactor may fail to synchronize. Such a failure
implies that no consistent and complete assignment of values
was possible for its timelines, and usually indicates an error
in the domain model. Under these conditions, the agent must
remove the reactor as well as all its dependents from the con-
trol structure in order to satisfy the requirements for consis-
tent and complete state. This failure mode offers the potential
for graceful degradation in agent performance with the possi-
bility of continued operation of reactors implementing safety
behaviors.

Algorithm 2 Agent synchronization

SYNCHRONIZEAGENT(R, τ)
1 Rin ← ∅;
2 Rout ← ∅;
3 for i← 1 to SIZE(R)

// Get next reactor on dependency list
4 do r ← R[i];
5 if (∃rout ∈ Rout : r � rout)

∨¬SYNCHRONIZE(r, τ) // Alg. 3
// If r cannot be synchronized exclude it

6 thenRout ← Rout + r;
7 else Rin ← Rin + r;

// Return the reactors that are still valid
8 returnRin;

Synchronizing a Reactor
Algorithm 3 describes synchronization of a reactor. Synchro-
nization begins by applying IVA to extend the current values
of external timelines with no new observations according to
(3). Relaxation is required if planning has taken longer than
permitted (> λr) or if there is no complete and consistent
refinement of the set of flaws at the execution frontier (see
Algorithm 4). Relaxation decouples restrictions imposed by



planning from entailments of the model and execution state
by deleting the plan but retaining observations and commit-
ted values. Goals must be re-planned in a subsequent delib-
eration cycle. After relaxation, a second attempt is made to
complete the execution frontier. If this fails, synchronization
fails and the reactor will be taken off line by the agent. If this
succeeds, the reactor will iterate over its internal timelines,
publishing new values to its users. Finally, at every step of
synchronization, a garbage collection algorithm is executed
cleaning out tokens in the past with no impact to the present
or future. Details of garbage collection and plan relaxation
are outside the scope of this paper.

Algorithm 3 Single reactor synchronization

SYNCHRONIZE(r, τ)
// Apply IVA to extend current observations

1 for each E ∈ Er
2 do if (@o ∈ Or ∩ T (E); o.start = τ)
3 then E(τ).end← E(τ).end ∩ [τ + 1,∞];

// Complete execution frontier
4 if (τ ∈ hr ∨ ¬COMPLETE(r, τ)) // Alg. 4
5 then if (¬RELAX(r, τ) ∧ ¬COMPLETE(r, τ)) // Alg. 4
6 then return ⊥

// Publish new state values to users of internal timelines
7 for each I ∈ Ir
8 do State ← I(τ);
9 if State[0].start = τ

10 then for each E ∈ ε(s(I))
11 do T (E)← T (E) ∪ State;
12 O(E)← O(E) ∪ State;

// Clean out tokens in the past that have no impact
13 GARBAGECOLLECT(r, τ);
14 return >;

Resolving Flaws at the Execution Frontier
We now define Fτ (used in Definition 3) and describe its ap-
plication in the function RESOLVEFLAWS used to synchro-
nize a reactor. The components of this definition are:
• the temporal scope of the execution frontier which we

define to include the current state (i.e. tokens that con-
tain τ ) and the prior state (i.e. tokens that contain τ −1).
• an operator Fπ which returns the set of flaws for delib-

eration. Flaws in Fπ should not be in Fτ . The intuition
is to check if a token is a goal, or if it there is a path from
the token to a goal in the causal structure of the plan.
• a unit decision operator U for a flaw, f, that excludes

flaws that can be placed at more than one location around
τ in Q(f.L):

U(f)⇒
(
∀q1, q2 ∈ (f.L(τ − 1) ∪ f.L(τ)) :

(q1 ⊗ f.t) ∧ (q2 ⊗ f.t)⇒ q1 = q2

)
where ⊗ indicates that two tokens can be merged:

p1(s1, e1,−→x1)⊗ p2(s2, e2,−→x2)⇒
(p1 = p2) ∧ (s1 ∩ s2 6= ∅) ∧ (e1 ∩ e2 6= ∅) ∧
(@x ∈ −→x1 ∩ −→x2;x = ∅)

Definition 4 For a given reactor r, the set of synchroniza-
tion flaws Fτ (r) is defined by the set of flaws f /∈ Fπ(r)
that overlaps the execution frontier τ and are unit decisions
(U(f) = >).

The call to the function RESOLVEFLAWS(r, τ) iteratively se-
lects one of the flaws in Fτ (r) and resolves it by insertion in
its timeline until Fτ (r) is empty. Insertion may be infeasible
indicating that no complete and consistent refinement of the
current execution frontier is possible. [Bernadini and Smith,
2007] describes token insertion in a partial plan.

Completion
Algorithm 4 utilizes RESOLVEFLAWS to complete synchro-
nization. It begins by resolving all the available flaws. Res-
olution of the set of flaws is a necessary condition for com-
pleteness. However, it is not a sufficient condition for two
reasons. First, it is possible that holes may exist in the in-
ternal timelines (application of IVA ensures that all external
timelines are complete) that must be filled. Second, it is pos-
sible that the end time for the current token in an internal
timeline I , is an interval. This must be restricted so that I(τ)
returns a singleton after synchronization; see (2). To address
this we define a policy to complete an internal timeline under
these conditions. For the first case, MAKEDEFAULTVALUE
will generate a default value according to the model which is
inserted to fill the hole. In the second case, the end time of
the current value will be extended. These modifications may
generate more flaws in turn. For example, tokens previously
excluded from synchronization by U may now become unit
decisions. Furthermore, additional rules in the model may
now apply. Consequently, we invoke RESOLVEFLAWS again.

Algorithm 4 Completion of the execution frontier

COMPLETE(r, τ)
1 if ¬RESOLVEFLAWS(r, τ)
2 then return ⊥

// Complete Internal Timelines
3 for each I ∈ Ir
4 do v← I(τ);

// Fill with default value if empty
5 if v = ∅
6 then INSERT(I, MAKEDEFAULTVALUE(I, µr, τ ));
7 else v[0].end← v[0].end ∩ [τ + 1,∞];
8 return RESOLVEFLAWS(r, τ);

4.3 Complexity Analysis
We now consider the complexity of synchronizing an agent.
The key result is that synchronization is a polynomial time
multiple of the cost of primitive operations on a plan. We as-
sume the following operators are executed in amortized con-
stant time:
• Fτ The operator to obtain the sequence of flaws in the

execution frontier.
• INSERT(L, t) The procedure to insert a token t in time-

line L.
• MAKEDEFAULTVALUE(L, µr, τ ) The procedure to gen-

erate a default token for timeline L.

We further assume:



• GARBAGECOLLECT is linear in the number of tokens in
the past that have not yet been removed.
• RELAX is linear in the number of tokens in all timelines.
• Insertion of a token by merging with an existing token

generates no new flaws.
• The costs of ⊗,∩,∪ as used in synchronization are

bounded and negligible.
Consider the procedure RESOLVEFLAWS. This procedure

is linear in the number of flaws, since for each flaw encoun-
tered, it is resolved by an insertion operation within amortized
constant time with no backtracking. Assume a reactor r has
Nr timelines. In the worst case, every timeline in a reactor
will require a new value for the current and prior tick. As-
sume that in the worst case, every new value generates a flaw
for every other possible position in all timelines in the execu-
tion frontier (i.e. 2Nr -1 flaws per new value). This gives a
maximum complexity for RESOLVEFLAWS of 2Nr × (2Nr-
1) or O(Nr2). In the worst case, the procedure COMPLETE
calls RESOLVEFLAWS twice. However, if simply refining the
execution frontier, this does not change the cumulative num-
ber of flaws. Since iteration over the internal timelines is lin-
ear in a value ≤ Nr, we have a complexity of O(Nr2) for
Algorithm 4.

In the worst case, synchronization of a reactor (Algorithm
3) incurs the following costs:
• O(Nr) to complete external timelines
• O(Nr2) to call COMPLETE the first time, which we as-

sume will fail.
• O(Pr) to RELAX the plan where P is the number of to-

kens in the plan.
• O(Nr2) to call COMPLETE the second time, which we

assume will succeed.
• O(Nr) to publish observations
• O(Hr) to garbage collect where H is the number of to-

kens in the plan that have passed into history.
Since synchronization of the agent is accomplished by iter-

ation over the set of reactors, without cycling, the worst case
time complexity for synchronization is given by:

O(s) = O(
∑
r∈R
N 2
r + Pr +Hr) (5)

5 State Estimation
we have embedded a Hidden Markov Model (HMM) [Ra-
biner, 1986] for environmental state estimation that seam-
lessly drives online adaptation of the agent [McGann et al.,
2008a]. This HMM is encoded within the unified representa-
tional and computational framework of a Deliberative Reac-
tor. The sensor data depends on the feature of interest; e.g.,
we use three optical sensor readings in conjunction with al-
titude and depth of the vehicle for feature detection. HMMs
are useful since the stochastic nature of these models can cor-
relate the type of features we want to detect with the sensor
observations. Further, such models can also be learned using
past mission data [Fox et al., 2007].

One methodology to abstract features of interest from large
data sets is clustering. There are several clustering tech-
niques requiring different levels of expert supervision. We
use a semi-supervised learning method [Zhu, 2005] to ex-
tract an environmental model that make uses of both labeled
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Fig. 4: Similarity between HMM and Timeline Representations

and unlabeled data for training. Compared to unsupervised
techniques, the learning algorithm exploits labeled informa-
tion reflecting greater prior knowledge and requires less effort
compared to supervised methods to categorize data by extrap-
olating labeled data over large data sets.

Our clustering algorithm allows us to extract a set of clus-
ters with an associated probability p(c | s) to observe cluster
c knowing the current label (e.g. either inside or outside the
feature of interest). This result can then be used to learn an
HMM [Fox et al., 2006]. Such a model exploits the dynamics
of the observations to improve state estimation. Such feature
detection computes the set of probabilities {p(in)t, p(out)t}
based on Markovian assumptions:

p(s)t = at ∗ p(ct | s) ∗
∑

k∈{in,out}

p(s | k) ∗ p(k)t−1 (6)

with a normalization factor at such that∑
k∈{in,out} p(s)t = 1.
The above equations encapsulate HMM based belief. In

so doing, they express a constraint between current estimated
state, the last observation and the previous estimated state.
Fig. 4a shows an HMM execution trace representation where
arrows represent the dependence between states and observa-
tions. Fig. 4b shows the timelines managing our state estima-
tion where arrows stand for constraint propagation between
tokens, indicating a strong similarity between the two.

The model is applied in execution as follows:
1. Sensor data is classified by the VCS so that it computes

the corresponding cluster as in [Fox et al., 2007]. This
cluster value is provided as an observation on the Cluster
timeline to the Navigator.

2. The observation is inserted in the plan during synchro-
nization.

3. The implications of this observation on the Estimation
timeline, expressed in the model, are applied and re-
solved during synchronization. Constraints then propa-
gate the probability distribution according to (1). At this
stage we have the estimation deduced from the HMM.
The transition from the estimation to decision making
can then be done directly. For instance to decide when
to take a water sample the steps are:

4. If the probability of being within a feature of interest
(such as an INL) dominates the distribution and other
sampling conditions are satisfied (e.g spatial constraints
dispersing sampling locations), then a sample should be
taken. This rule is evaluated during synchronization as
the constraint network is propagated.



5. Should this rule fire, a new token will be generated to
transition the SamplerController into a firing state. This
triggers a new deliberation phase to resolve the implica-
tions of this transition (i.e., select a sampling canister,
and generate an action to fire it).

We use a similar process for altering the spatial resolution
of the survey using the HMM to compute the probability of
having seen the feature during the last vehicle transect. This
in turn is used to determine the spatial separation between the
previous and next transect.

6 Experimental Results
In this section we evaluate the performance of synchroniza-
tion in partitioned and non-partitioned control structures.
When plan operations are constant time, we show that syn-
chronization is O(N2) in the worst case. Moreover, we
demonstrate that actual costs of synchronization are accrued
based on what changes at the execution frontier, making it
efficient in practice. We further demonstrate that since op-
erations on a plan are typically not constant time, but vary
in diverse and implementation dependent ways according to
plan size, partitioning control loops can substantially reduce
the net cost of synchronization and deliberation.

The following results are based on our current implementa-
tion of the framework with each reactor using the same CTP
based planner using chronological-backtracking refinement
search to deliberate. The agent invokes each reactor as de-
fined in the Algorithm 1. We use a single model shared by all
reactors. It contains a timeline type with a token type given
by the predicate p(start, end) with no extra parameters. Our
experiments were executed on a MacBook Pro running at 2
Ghz.

0 5 10 15 20 25 30
0

10
20

30
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

0.5  

Number of internal timelines (I)
Relations per timeline 

(C)
 

Sy
nc

hr
on

iz
at

io
n 

co
st

 (s
)

Fig. 5: The relationship between synchronization time, number of
constraints and number of internal timelines.

Fig. 5 shows results of a run with a single reactor configu-
ration where each problem instance runs for 50 ticks. A set of
problem instances were generated by modifying the number
of internal timelines (I) and the connectivity of the constraint
graph (C). There is no deliberation involved. CPU usage for
synchronizing the agent is measured at every tick, and aver-
aged over all ticks. The figure shows that average synchro-
nization cost increases linearly in I and C and quadratically
as the product of I and C. Further Fig. 6 clearly shows that
synchronization costs vary linearly as a function of the size
of the overlap of external timelines.

Fig. 7 shows the impact of partitioning on problem solv-
ing, by varying the partitioned structure of an agent without
changing the number of timelines being synchronized. We
use 120 internal timelines spread evenly across all reactors.
For each problem instance we distributed the timelines be-
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Fig. 6: Information sharing via external timelines results in in-
creased cost of synchronization linear in the number of ex-
ternal timelines.
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Fig. 7: Synchronization costs associated with partitioning.

tween a varying number of reactors between 1 and 120. With
120 reactors there is only 1 timeline per reactor and the agent
control structure is maximally partitioned. Deliberation fills
out the timeline with 1 token per tick for 10 ticks with no
search required. For each problem, the cumulative synchro-
nization and deliberation CPU usage was measured. The
number of state variables remains the same as timelines are
apportioned between reactors showing the impact on problem
solving by partitioning.

Partitioning allows us to
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Fig. 8: Fluctuating synchroniza-
tion costs across time

model the system so as to
localize changes within a
reactor to cap costs associ-
ated with synchronization.
Furthermore, timelines at
higher levels of abstraction
necessarily change more
slowly relative to time-
lines at lower levels of ab-
straction making partition-
ing more effective. To explore this, we define a system with
4 reactors, each having 10 internal timelines, and all but the
bottom reactor having 1 external timeline. The token dura-
tion of internal timelines is given by 2d where d is the depth
of the reactor in its hierarchy (maximum depth was 3). Fig. 8
illustrates fluctuating synchronization costs with variation in
the rate of change of timelines in the agent with the highest
cost being when all timeline changes occur together.

Our framework has been integrated onboard an Au-
tonomous Underwater Vehicle and deployed for science ex-
ploration missions at sea in Monterey Bay, California. A
number of field results described in [McGann et al., 2008b]
and at [TREX, 2008] bear out the scalability of the approach
in practice and demonstrate the promise of partitioned con-
trollers in real-world dynamic environments. T-REX in-
cluded 28 timelines distributed across 3 reactors. In all mis-
sions to date, the deliberative reactors run on a 367 MHz
EPX-GX500 AMD Geode stack using Red Hat Linux, with
the VCS functional layer running on a separate processor.

In November 2008 on a cruise over the Monterey Canyon,
our objective was to demonstrate that T-REX was able to
carry out a nominal science mission and be accurate in its es-
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Fig. 9: Visualization of a T-REX run over the Monterey Canyon in
November 2008. Red indicates high probability of INL pres-
ence as detected by onboard sensors. S1-S5 indicate trigger-
ing of 10 water samplers two at a time.

timation of an Intermediate Nephaloid Layer (INL). During
the uninterrupted 6 hours and 40 minutes run at sea, T-REX
was able to identify the INL and bring back water samples.
Fig. 9 shows the vehicles transect, the context of presence
of the INL in the water-column detected by onboard sensors.
The figure also shows the vehicle’s change in sampling reso-
lution, starting with high resolution transects and ending with
a low resolution survey (where the INL is not visible), and
the water samples taken two at a time within the feature of
interest.

7 Conclusion
We introduce a formal framework for specifying an agent
control structure as a collection of coordinated control loops
while decoupling deliberation over goals from synchroniza-
tion of agent state. We present algorithms for integrated agent
control within this partitioned structure showing how HMM
based approaches can impact planning. For weakly coupled
reactors partitioning can offer substantial performance im-
provements with the overhead of information sharing. Fur-
ther partitioning allows plan failures to be localized within
a control loop without exposure to other parts of the sys-
tem, while localized reactor failure can ensure graceful sys-
tem degradation.
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