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Experimental setup. The experimental setup was identical to
Experiment 1 but differed in the position of the start location. Al-
together, three different start positions were used in Experiment 2,
labeled in Figure 5 as Start Positions 1, 5, and 9.

Procedure. Participants were asked to navigate the shortest pos-
sible path from each of the three different start places to the des-
tination (D), visiting all four intermediate target places (Places O,
A, B, and C). For Start Position 1, the shortest path was Start—A—
O-B—-C-Destination; for Start Position 9, it was Start-B—-C-A-O—
Destination; and for Start Position 5, both alternatives were of equal
length and no shorter path existed. The order in which participants
started from the three start positions was randomized.

Results and Discussion

On average, the chosen paths in Experiment 2 resulted
in a PAO value of 1.56; 1 participant was excluded from
the final data set, whose PAO values overshot average per-
formance by more than two standard deviations. Eight of
the 14 participants produced PAO values of below 0.01
on average (i.e., they found the optimal solution in most
cases). The results demonstrate that most participants
were extremely good at planning the shortest path from
start to destination, with four intermediate target places.
However, on average, planning performance in Experi-
ment 2 did not exceed planning performance in Experi-
ment 1 with spatial uncertainties [1.56 PAO vs. 2.28 PAO,
ttest: #(25) 0.64, p .5]. This null effect could be due
to several reasons, and should therefore not be overinter-
preted. However, as the existence of spatial uncertainties
results in substantial additional planning costs, the lack of
pronounced differences in performance between Experi-
ment 1 and Experiment 2 at least emphasizes the fact that
the strategies employed by participants in Experiment 1
very efficiently integrated the probabilistic information
about the exact location of the target into the general plan-
ning scheme.

EXPERIMENT 3

Efficient path planning requires comparing path al-
ternatives and selecting between them according to such
criteria as overall path length. Table 1 demonstrates that
for solving the path planning task in Experiment 1, sev-
eral optimal or near optimal solutions existed that differed
only marginally with respect to overall length. However,
whereas some of these alternatives were chosen often, oth-
ers were neglected. For the interpretation of these results,
and for the further understanding of interactions between
spatial and probabilistic information during path planning,
it is important to develop a basic understanding of how
well participants could distinguish between purely metric
properties of path alternatives. Hence, Experiment 3 was
designed to quantify how well participants could perceive
differences in the lengths of alternative complex paths
consisting of a start place, four intermediate places, and a
destination place.

Method

Participants. The same 14 participants who took part in Experi-
ment 2 also participated in Experiment 3.

Experimental setup. The experimental setup was identical to
that in Experiment 1 but differed in the position of the start place.
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Figure 5. Experimental setup of Experiments 2 and 3: In Ex-
periment 2, Start Positions 1,5, and 9 were used; in Experiment 3,
all nine start positions were used. The numbers depicted in either
the white or the gray part of the five target places (O, A, B, C, D)
defined the two alternative paths for Experiment 3 (white path,
A, O, B, C, D; gray path, B, C,A, O, D).

Altogether, 9 different start positions were used in Experiment 3 (see
Start Positions 1-9 in Figure 5). We predefined two alternative paths,
Start—-A—O—-B—C—Destination and Start-B—C—A—O-Destination, by
marking the respective locations with numbers describing the order
in which these places are visited along the paths (see Figure 5). One
path was marked by blue digits, the other by black digits.

Procedure. Participants were positioned at the nine different start
positions in random order and were asked to judge which of the
two path alternatives was shorter from their current position. From
Start Positions 1-4, Start—-B—C—A—O-Destination was shorter; from
Start Positions 6-9, Start—A—O-B—C—Destination was shorter; and
from Start Position 5, both paths were of equal length (see Figure 5).
When standing at Start Position 4 or 6, the two alternative paths dif-
fered about 15 cm in overall length, corresponding to a difference in
overall path length of ~1.7%.

Results and Discussion

Figure 6 displays results from Experiment 3. From Start
Position 5, both path alternatives were of equal length,
and participants chose randomly between the alterna-
tives. From Start Position 4, the shorter path had an over-
all length of 8.81 m and the longer path had a length of
8.96 m; the latter was thus ~1.7% longer. From Start Posi-
tion 6, the shorter path was 8.86 m long; the longer path
was 9.01 m and, thus, ~1.7% longer as well. From Start
Positions 4 and 6, participants chose the shorter alterna-
tive in 82.14% of the cases, which is just above the com-
monly used threshold of 75%—-80% when determining just
noticeable differences (JNDs). Although Experiment 3
was not designed to perform an in-depth analysis of the
IND for path-length differences, these results demonstrate
that in the present experimental setup participants reliably
detected differences in path length of 1.7% (1.7 PAO) and
above.

How do these results relate to Experiment 1? The meta-
plans generated in Experiment 1 have a more complex
structure than the paths in Experiment 3: Metaplans con-
sider conditional paths, taking into account that the target
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Figure 6. Results of Experiment 3: Percentage of trials in which
Path 1 or Path 2 was chosen.

object can reside in different places. One might therefore
assume that the threshold of 1.7% detected in Experiment 3
overestimates how well two alternative metaplans in Ex-
periment 1 can be distinguished by length. On the other
hand, one can be certain that metaplans that differ less than
1.7% in overall length could not be distinguished by par-
ticipants. In Table 1, all metaplans that differed less than
1.7% in overall length—that is, that were indistinguishable
according to their length—are presented in bold type.

GENERAL DISCUSSION

In this study, we investigated path planning under spa-
tial uncertainties. For this, we developed an experimental
paradigm in which participants had to find a hidden (vir-
tual) object that could, with a certain probability, jump
from its original location to one of the three remaining
intermediate target places (Experiment 1). After training,
the whereabouts of the object could be described by a
probability matrix over four places. When one faces such
uncertainties, planning a single path is not sufficient,
since the exact object location is unknown. Instead, par-
ticipants had to generate what we refer to as metaplans,
considering multiple potential object locations. These
metaplans describe the order in which the potential object
locations will be visited, taking into account that one di-
rectly proceeds to the destination once the object is found
and that the task is to minimize overall path length. Par-
ticipants were confronted with three different probability
matrices. For each probability matrix, a different metaplan
was optimal. The chosen paths in Experiment 1 could be
explained neither by assuming that during planning only
spatial (metric) information was taken into account nor
by assuming that participants visited the intermediate tar-
get places in the order that resembled their probability of

holding the target object. Results could be explained only
by assuming that probabilistic information about the exact
location of the target object and spatial (metric) informa-
tion were integrated during path planning.

Overall, planning performance in Experiment 1 was
very good; the reported metaplans in the test phase were
only 2.3 PAO. The excellent planning performance under
spatial uncertainties is further emphasized by a compari-
son with Experiment 2. In Experiment 2, participants
solved planning tasks that required navigating paths of
similar complexity to those in Experiment 1 but that did
not require taking uncertainties into account. Neverthe-
less, planning performance in Experiment 1 and Experi-
ment 2 was roughly comparable.

It is, of course, of great interest to understand how
participants reached such good performance levels when
planning paths under spatial uncertainty. One possibility
is that they actually computed and compared all possible
solutions, but that judgments of path length and/or dis-
tances between places were noisy and the sources of errors
and variance in the data. There are, however, arguments
against this interpretation. (1) We found systematic per-
formance differences for the different probability matrices
that cannot be explained by assuming nonspecific noise
in the data. (2) The path planning task was computation-
ally rather complex; the number of path alternatives that
had to be considered clearly exceeded working memory
capacities. (3) Results from Experiment 3 suggest that
for paths with length and complexity similar to those of
the metaplans of Experiment 1, participants could reli-
ably discriminate paths that differed in 1.7% of overall
length. In Experiment 1, however, participants often chose
metaplans with PAOs far above 1.7, and systematically
neglected metaplans with PAOs below 1.7 (see Table 1).
Taken together, these considerations strongly suggest that
participants applied planning strategies and heuristics,
rather than actually computing the optimal solution.

Which planning strategies could account for the navi-
gation data in Experiment 1? As discussed above, strat-
egies based solely on spatial information, or solely on
probabilistic target information, are not sufficient to
explain the recorded data. We therefore assume a com-
bination of spatial planning strategies and probabilistic
decision-making strategies. As pointed out in the intro-
duction, not all spatial planning strategies described in
the literature allow deriving predictions in the present
scenario. Hence, we concentrate on the following plan-
ning strategies: First, the NN strategy, predicting that the
closest target place is repeatedly chosen until all targets
have been visited (Bures et al., 1992; Girling & Gérling,
1988; Garling et al., 1986); and second, hierarchical plan-
ning strategies that can, in principle, be applied to the
present scenario—the cluster strategy (Gallistel & Cra-
mer, 1996; Wiener et al., 2004), the hNN method (Vick-
ers, Bovet, et al., 2003), and the region-based planning
strategy (Wiener & Mallot, 2003). All three hierarchi-
cal strategies have this in common: that the environment
is structured into the different clusters or regions taken
into account during planning. In the present scenario, the
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four intermediate target places (O, A, B, and C) would
thus form two clusters ([O A] and [B C]), since distances
within these clusters are smaller than any distance be-
tween clusters. This clustering is backed by informal
interviews with participants after the experiments. The
cluster strategy, stating that the larger cluster is visited
first, can be translated to the present scenario quite easily:
Whereas both clusters were of equal size, each containing
two locations, the probability that they actually held the
target object differed for all three probability matrices.
In the present scenario, the cluster strategy would thus
state that participants first visit the cluster with the higher
summed probability to hold the target object. The cluster
strategy is inherently spatial, based as it is on the dis-
tribution of places within the environment. However, in
its proposed form, taking probabilistic information into
account, it already resembles a simple combination of
a spatial planning strategy and a probabilistic decision-
making strategy.

Finally, we consider theories from (nonspatial) proba-
bilistic decision making: rational choice and probability
matching (e.g., Shanks et al., 2002). When participants
are faced with a single trial only, both theories predict that
the order in which alternatives are selected resembles their
payoff probabilities. This can be directly transferred to the
present scenario: Probabilistic choice making states that
participants visit the target places in an order reflecting
the probability that those places hold the target object. We
refer to this strategy as the rich-target-first strategy.

We do find empirical evidence for all three proposed
planning strategies: the cluster strategy, the NN strategy,
and the rich-target-first strategy. This evidence is discussed
in the following and a hierarchical planning scheme is pre-
sented allowing one to predict the empirical data of Exper-
iment 1. First, a coarse path is planned on the level of the
target clusters, describing in which order the two clusters
are visited (cf. Gallistel & Cramer, 1996; Wiener et al.,
2004): The cluster strategy (as proposed above) predicts
that cluster [O A] is visited first in the 10% and the 50%
jump probability condition and that cluster [B C] is visited
first in the 90% jump probability condition (cf. Figure 3).
In fact, participants’ behavior was consistent with these
predictions in all three conditions: Before visiting the
other cluster, the great majority first visited the cluster
with the higher probability of holding the target object.
This is particularly interesting; for the 90% jump prob-
ability (Probability Matrix III), two metaplans existed that
first visited the cluster with the lower probability (in this
case [O A], with a summed probability of 40%) but that
resulted in PAO values of only 0.5 and 0.6 (see Table 1).
According to results from Experiments 2 and 3, these so-
lutions were indistinguishable from the optimal solution
but were chosen by only 2 out of the 14 participants. In
contrast, a metaplan, resulting in 2.4 PAO, that first visits
the cluster with the higher probability of holding the target
object was reported by 6 of the 14 participants. Together,
these results suggest that participants avoided first visit-
ing the cluster with the lower probability, which in turn
supports the cluster strategy.

Once a decision on the level of the clusters is made, the
order in which the places within the clusters are visited is
planned. Here, two strategies, the NN strategy (cf. Gér-
ling et al., 1986) and the rich-target-first strategy, come
into play. The interaction of these strategies is best dem-
onstrated by analyzing the first step in the 50% jump prob-
ability condition. Here, the strategies made differential
predictions: Given the decision to first visit cluster [O A],
the NN strategy predicted that Place A (the closest target
place) would be visited first, and the rich-target-first strat-
egy predicted that Place O (with the highest probability
of holding the target object) would be. Despite the fact
that visiting Place O first resulted in clearly suboptimal
solutions, with PAO values of at least 7 (see Table 1), par-
ticipants chose to visit Place A first and Place O roughly
equally often. Navigating an optimal or near optimal so-
lution requires visiting Place A first. Apparently, in the
50% jump probability condition, the NN strategy and the
rich-target-first strategy both influenced navigation be-
havior. A similar situation also occurred for the 90% jump
probability: Here, the great majority of participants first
visited Places B and C. With their next step, they could
then either visit the closer Place O, which has a relatively
low probability of holding the target object (10%), or the
more distant Place A, which has a higher probability of
holding the target object (30%). Again, participants chose
between these alternatives roughly equally often (see Fig-
ure 4). Furthermore, results suggest that the influence of
the NN and rich-target-first strategies was weighted ac-
cording to the specific parameters: In the 10% jump prob-
ability condition, for example, the predictions for the first
step of the NN strategy and the rich-target-first strategy
were identical to those for the 50% jump probability con-
dition. Nevertheless, all participants chose to visit Place O
first. This difference can be explained by considering that
in the 10% jump probability condition, Place O had a 90%
chance of holding the target, whereas Place A had only a
3.3% chance (in contrast to 50% for Place O and 16.7%
for Place A in the 50% jump probability condition). Ap-
parently, the rich-target-first strategy had a stronger influ-
ence in the 10% than in the 50% jump probability condi-
tion, since the difference in probabilities to hold the target
object was more pronounced between alternatives. It will
be a challenging task for future studies to investigate the
exact nature of these interactions in more detail.

Overall, we have presented a new experimental para-
digm to investigate human path planning behavior under
spatial uncertainties. We demonstrated that participants
very successfully integrated probabilistic information
about the whereabouts of a target object during path plan-
ning. Finally, we have presented a hierarchical planning
scheme combining theories from spatial planning and
probabilistic decision making that could account for par-
ticipants’ behavior, as well as for systematic errors and
differences between conditions.
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