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architecture with two baseline policies for action selection: 1)
a heuristic policy that makes greedy action choices based on
the current probabilistic belief; and 2) a policy based on just
the hierarchy of POMDPs [28]. Trials using each of the three
strategies were paired, i.e., a set of trials with the three strategies
used the same (randomly chosen) initial location for the robot
and the same locations for the target objects. In some trials,
the targets were placed in default locations, e.g., kitchen for the
microwave, and lab or office for the humanoid robot. In other
trials, the targets were placed in random locations. The robot
does not know the ground truth locations of the target objects in
any trial, but it has the learned visual models for a set of objects,
a learned domain map, and some domain knowledge (including
default knowledge in some trials).

Table I summarizes the results of a set of 50 trials for two
representative target objects (microwave and humanoid)—the
results show a trend similar to that observed in the trials in
simulated domains (see Section IV-A). The actual target local-
ization time can vary substantially depending on the location
of the target and the initial position of the robot. We, therefore,
report the target localization time of the two baseline strategies
as a factor of the target localization time using our architec-
ture. The results for these (and other target objects) indicate
that our architecture significantly reduces the target localization
time while successfully localizing the target objects in all the
trials. For instance, the target localization time using just the
POMDPs is ≈1.6 times, averaged across targets in addition to
those considered in Table I, the target localization time using our
architecture, while the factor is ≈2.4 for the heuristic/greedy
policy. The results corresponding to the paired trials indicate
that the improvement is statistically significant, e.g., p-value
∈ [0.008, 0.03] when the target localization time obtained using
our architecture is compared with that using only the hierarchy
of POMDPs for localizing objects.

2) Representative Trials: Consider two experimental trials
on the mobile robot deployed in an indoor office domain. Fig. 12
shows screenshots at various stages of the first experimental trial.
The robot uses a learned map with known semantic labels and
the target object to be localized is the humanoid observed in the
last row. The screenshots capture specific steps in the sequence
of actions executed by the robot as it analyzes different images
of a specific subset of scenes. The robot dynamically revises the
map and periodically processes images (at low resolution) as it
moves between desired locations. The corresponding video is
available online at http://youtu.be/CvKJyCI_YNE.

Consider another experimental trial to illustrate the early ter-
mination of unachievable tasks. The target object was a hu-
manoid that (unknown to the robot) actually did not exist in the
domain. Prior domain knowledge indicated that the target was
likely to be in one of the two labs in the learned domain map. The
robot first explored the lab that was closest: the robot lab. When
the robot did not find the desired target after a careful visual anal-
ysis of the lab, the robot investigated the other lab. When it could
not find the target object in this lab either, sufficient belief had
been accumulated in favor of the target’s nonexistence in the do-
main; as described in Section III-D, the robot then terminated the

trial without investigating other rooms. The corresponding video
is available online at http://youtu.be/2U6oOTuEd-Q.

V. CONCLUSION

This paper has described an architecture that integrates the
complementary strengths of declarative programming and prob-
abilistic graphical models for KR and reasoning in robotics.
ASP, a declarative language, is used to represent incomplete do-
main knowledge, including default knowledge that holds in all
but a few exceptional situations. A hierarchy of POMDPs, an in-
stance of probabilistic sequential decision making, is used to au-
tomatically tailor sensor input processing and navigation to tasks
at hand, probabilistically modeling the associated uncertainty.
An answer set obtained through nonmonotonic logical infer-
ence in the ASP KB generates a multinomial prior for POMDP
state estimation, using the corresponding posterior belief distri-
bution for action selection. Inference in the KB and historical
data from comparable domains are also used to generate a beta
PDF. Metareasoning with this PDF and observations enables the
robot to identify eventualities not modeled by the hierarchy of
POMDPs, resulting in early termination of unachievable tasks.
Experimental results on a robot visually localizing objects in an
office domain show that the architecture supports qualitative and
quantitative representations of knowledge and uncertainty and
creates a continuous loop of nonmonotonic logical inference,
probabilistic planning, and knowledge revision.

The architecture opens many directions for future research.
First, the KB is currently not very large and uses hand-coded
rules. However, ASP is capable of efficient inference in large
KBs [34]—future work will scale the current approach to larger
KBs and investigate the learning of rules. We will also evaluate
the architecture’s capabilities for other tasks such as surveillance
and reconnaissance. Second, the architecture currently only uses
the inference capabilities of ASP—future work will explore the
planning and diagnosis capabilities of ASP in conjunction with
the probabilistic reasoning capabilities of POMDPs [27]. Third,
we are investigating the integration of learning algorithms with
our architecture. The long-term objective is to explore a tighter
coupling between declarative programming and probabilistic
graphical models for KR, reasoning, and learning, enabling the
deployment of robots that can collaborate with humans in com-
plex application domains.
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