


lationship. This allows us to address speciÞcally how impor-
tant each behavioral unit is with respect to some functional
criteria, and in which ways these may be combined to per-
form some overall complex behavior effectively. When we
do this for the case of gradient navigation inC. elegans, we
Þnd that the combined behavioral sequences predicted by the
model share many properties with those observed in the ani-
mal.

A general question when considering the optimization of
a model of animal behavior is which cost function should be
optimized as the animalÕs behavior has likely evolved to ad-
dress a number of constraints. Here, we choose to optimize
for energy efÞciency (Kooijman, 2000), and we relate the en-
ergy cost to the time taken by the model to navigate toward
the center of a radial gradient from a Þxed starting position.

We Þrst introduce a probabilistic model ofC. elegans
gradient navigation behavior that is composed of three be-
havioral units (Miller et al., 2005; Zariwala et al., 2003),
which we then use to answer the question: How do these
units have to interact in order to navigate gradients toward
their center as fast as possible? Using an optimization ap-
proach based on simulated annealing, we systematically de-
rive a family of solutions, which represents the diversity of
energy efÞcient solutions that could be adopted by the ani-
mal. This solution set is then analyzed for common proper-
ties, which allows us to determine how the behavioral units
of the probabilistic model need to interact to navigate gradi-
ents efÞciently and it will be shown thatC. elegans-like strat-
egies form the largest part of the optimal solutions. The fact
that C. elegans-like behavior emerges in the optimal con-
Þgurations we derive allows us to be conÞdent both in terms
of the relevance of the original model as well as our new pre-
dictions that result from it, thus demonstrating the usefulness
of our framework as a general approach to analyzing com-
plex behaviors.

Random-walk-based gradient navigation, particularly as
exhibited in the case of bacterial chemotaxis employed for
instance byE. coli, has been analyzed in great detail. The
intrinsic mechanics have been simulated as far down as the
molecular level (e.g.,Bray et al., 2007; Likow et al., 2005)
and analytical treatments inspired by Brownian motion also
exist (e.g.,Schnitzer, 1993). However all the methods used in
these cases are speciÞc to bacterial chemotaxis (or molecular
mechanics thereof), which is different fromC. elegans
chemotaxis in that it does not typically use reversals, and
some simulations rely on detailed data, which has been col-
lected over decades (Bray et al., 2007). The framework we
present here on the other hand is not intended for modeling
the detailed intrinsic mechanics of a behavior but rather for
analyzing and furthering the understanding of the necessary
relationships between simple behavioral units in the produc-
tion of a complex behavior, which we illustrate forC. elegans
gradient navigation.

C. elegans gradient navigation
C. elegansgradient navigation behavior is comparatively
easy to describe (e.g.,FerrŽe and Lockery, 1999) and has re-
ceived a lot of attention, both behavioral (e.g.,Pierce-
Shimomuraet al., 1999; Zariwalaet al., 2003; Ryu and Sam-
uel, 2002; Miller et al., 2005) and neuroscientiÞc (e.g.,Dunn
et al., 2004; Lanjuin and Sengupta, 2004; Mori and Ohs-
hima, 1995). We will thus focus on this behavior in the
present paper.

C. elegansis able to sense and navigate a number of dif-
ferent types of gradient (chemical, thermal, or aerial) by us-
ing a directed random-walk strategy (e.g.,Pierce-
Shimomuraet al., 1999; Ryu and Samuel, 2002; Cheunget
al., 2005). A key feature of theC. elegansstrategy are so-
called pirouettes, which are a series of small runs and turns
(Pierce-Shimomuraet al., 1999), interrupting long runs with
increased frequency if the animal is traveling in a disadvan-
tageous direction on the gradient. Turns produced byC. el-
egansare typically seen as being one of two types: omega
turns, which are a large change in direction, and reversal
turns, in which the animal reverses for a short period of time
before moving forward again in a different direction.

The behavior ofC. eleganshas been described using a
three-state probabilistic model in which each of the states
corresponds to one of the behavioral units identiÞed for the
animal and the probability of moving from one state to an-
other is dependent on the direction of travel relative to the
gradient (Zariwalaet al., 2003; Miller et al., 2005, see Fig.
1). These behavioral units correspond to runs (called theF
state here, in which the animal moves forward), reversals (the
R state in which it reverses) and turns (theT state in which it
changes direction). It can be shown that such a model is able
to reproduceC. elegansgradient navigation in both chemical
and thermal gradients given an appropriate set of transition
probabilities (Zariwalaet al., 2003; Miller et al., 2005), mak-
ing it a good choice for the work we intend to undertake.

Although we initially add the assumption that the model
is able to act upon gradient information while it is moving
forward but not during reversals, we show later that this has
been a reasonable hypothesis. Also, it is worth underlining
here that our results will be speciÞc to this choice of model
and therefore it is important that it has been shown to repro-
duceC. elegansbehavior for at least some speciÞc choice of
parameters (Miller et al., 2005; Zariwalaet al., 2003).

In the following, we use the term ÒstatesÓ when referring
to the elements of the probabilistic model and ÒunitsÓ when
referring to the components of the animal behavior.

Optimization of the model
C. elegansis capable of navigating each type of gradient in
both directions; it will, for example, move toward food but
away from noxious stimuli even though they both produce
chemical gradients. In the context of our work, we use a ra-
dial gradient whose direction is deÞned toward the center.
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Since the model used here only receives the sign of the
change in gradient over time as an input, the exact nature of
the increase in concentration as distance to the peak de-
creases has no effect on the results. Here, we thus simply de-
Þne the gradient as increasing linearly in the radial direction.
We test virtual worms whose behavior is dictated by a spe-
ciÞc set of transition probabilities for the model by setting a
task which requires them to navigate this gradient from a
Þxed starting position towards the center. The faster a virtual
worm performs this navigation, the more efÞcient the choice
of transition probabilities for the underlying model is. To un-
derstand how the different behavioral units represented by
the states of the model need to interact, we use optimization
techniques to Þnd a family of the most efÞcient sets of tran-
sition probabilities. The remainder of this section explains
our approach to this optimization problem.

Parameter space of the model
The model has three states, with two sets [one for up-
gradient�u� and one for down-gradient�d� travel] of three
probabilities attached to each state (see Fig.1). This gives a
total of 18 transition probabilities. It is, however, possible to
represent each set of three probabilities by just two values�i
and�i (with both�i and�i independently allowed to take val-
ues between 0 and 1 andi � �F,R,T�) as in the following
example for up-gradientF state probabilities:

pu�F�F� = �F

pu�R�F� = �1 • �F��F

pu�T�F� = �1 • �F��1 • �F�.

In behavioral terms, the parameter�i represents the likeli-
hood of remaining in the statei while �i determines which of
the remaining two states will be the most likely successor
state if statei is left. The parameter space of the model can
thus be represented in just 12 dimensions, which has no ef-
fect on the range of behaviors that the model can display but
simpliÞes the optimization process signiÞcantly. The multi-
plicative relationship between the parameters ensures that
the sum of each set of probabilities will always be 1, irre-
spective of the values taken by�i and�i.

Optimization strategy
Since it is computationally prohibitively expensive to evalu-
ate each possible combination of valid transition probabili-
ties for the model, we use a heuristic approach based on
simulated annealing (SA) (Kirkpatrick et al., 1983; Cerny,
1985). SA works by considering a candidate solution and as-
sociating a score with it. In this context, the score is equal to
the average time taken by the virtual worm represented by
the candidate solution to solve our navigation task. If the so-
lution is found to be the best one identiÞed so far, a copy of it
is kept in memory. Next, a different solution in the neighbor-
hood of the current candidate solution is chosen and evalu-
ated. If the neighboring solution is better than the current
candidate solution, it becomes the new candidate solution. If
not, the likelihood of it becoming the new candidate solution
is determined by a transition probability function, which, as
the algorithm nears the end of the run time, makes it increas-
ingly harder to accept a solution worse than the current can-
didate solution as a new candidate. At the end of the run, the
best solution found is returned. The algorithm is thus both
able to travel through the space of the cost function and avoid
local minima because it will initially also move toward less
optimal solutions.

We are not interested in a single solution, however, since
it is likely that there are many that could be considered opti-
mal and which we would like to include in our analysis. Per-
forming the heuristic search repeatedly to Þnd a population
of different solutions would be ßawed, as it provides no con-
trol over the region of the parameter space in which the algo-
rithm will settle if multiple minima exist. Therefore, we sys-
tematically search the entire parameter space for solutions by
dividing it into 4096 12-dimensional hypercubes (with side
length 0.5) and considering each hypercube individually.

While one could simply evaluate all hypercubes in series,
it is more efÞcient to devise a recursive approach by which
the parameter space is Þrst considered as a single hypercube
with side length 1 in which the SA algorithm is run. If the
performance of the model represented by the solution found

Figure 1. The probabilistic model used to describe C. elegans
gradient navigation behavior. k� �u ,d� is used to indicate whether
the probability refers to the value used when moving �u�p- or �d�own
gradient. The states, �F�orward runs, �R�eversals and �T�urns corre-
spond to the behavior the model can produce. At each time step,
one state is active and the attached probabilities give the likelihood
for each state to become the active state at the next time step. The
notation p�X �Y� is read as “the probability that Y will be the succes-
sor state if X is the currently active state.”
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this way meets a deÞned criterion (discussed below), the hy-
percube is then divided into two subspaces and the SA algo-
rithm rerun in each part. This subdivision of each subspace
takes place until the optimal solution found in one fails to
meet the performance criterion or until the division process
has produced a hypercube with side length 0.5.

The advantage of this approach over iteratively process-
ing each hypercube is that large chunks of parameter space
can potentially be identiÞed as not containing a satisfactory
solution, resulting in signiÞcant time savings. The exact
amount of time saved depends on how the space is divided at
each iteration of the algorithm, but unfortunately it not al-
ways possible to determine the optimal order beforehand as
there may not bea priori knowledge on the shape of the pa-
rameter space.

In general, the computational complexity of this ap-
proach depends mainly on the number of parametersn in the
model and the time it takes to Þnd an optimal solution in a
subspace. SpeciÞcally, the number of hypercubes, for a
single division of each dimension of the parameter space, is
given by 2n. The computational time required to analyze all
hypercubes, however, only scales with the number of hyper-
cubes in the worst case scenario where each hypercube needs
to be analyzed, i.e., where an optimal solution is found in
each subspace at each division. In all other cases, the poten-
tial time savings from the recursive approach discussed pre-
viously will reduce the required time and can be especially
exploited if a priori knowledge of some regions of the pa-
rameter space exists, for instance if maximal or minimal
boundary values for some parameters are already known.
The approach is thus likely to remain useful and computa-
tionally tractable for models with more than three behavioral
units.

DeÞnition of the criterion for optimal performance
One drawback of the recursive approach is that the solution
returned by the SA algorithm for each subsection of the pa-
rameter space is speciÞc to that subsection. In other words,
while it represents a local minimum of the entire parameter
space situated in that subsection, it is not necessarily an op-
timal solution to the problem. Therefore it is necessary to
deÞne a criterion for judging the performance of solutions
returned from different subspaces with respect to the optimal
performance. This criterion can be obtained from the perfor-
mance of the best solution found by the SA algorithm when
run on the entire parameter space.

Due to the stochastic nature of the model, there will be
some variability in the performance of this solution, but it is
possible to use this variability to deÞne a limiting value for
what can be considered an optimal solution to the problem.
The variability was determined by optimizing models 50
times and noting the distribution of the performance scores
(see Fig.2). A Pearson�2 test conÞrms that this distribution
with meanµ=222.93 and standard deviation�=6.57 is nor-

mal, which (from the cumulative distribution function) indi-
cates that 99.87% of all scores are lower thanµ+3�. Since
the distribution represents a collection of optimal perfor-
mances, we can deÞne a model obtaining a scores�µ+3�
=242.64 as being optimal.

METHODS

Model assessment
Individual simulated worms whose behavior is determined
by a speciÞc set of transition probabilities for the model are
tested in a virtual gradient. The starting position of the model
is Þxed at a distance of 20�2 mm from the peak of the gra-
dient and the initial orientation cycles from 0¡ to 360¡ in 5¡
increments for each run. A total of 72 runs are performed per
assessment, and the average time required to come within
0.5 mm of the peak of the gradient deÞnes the value of the
cost function at the point deÞned by the modelÕs transition
probabilities and thus the score of the transition probabili-
ties.

Simulation of worms
All simulations of virtual worms take place in a Cartesian
space with discrete time steps of 1 s. The virtual worms are
able to assess the change in gradient over time only when
moving forward. It is not known if this is also true forC.
elegans, but we will show that this is likely to be a correct
assumption (see ÒResultsÓ section). Fixed parameters have
been set to realistic values where possible: Travel speed has
been implemented as a constant set to 0.22 mm/s (FerrŽe
and Lockery, 1999) and turn rates are chosen randomly from
values between 0¡ and 50¡ /s for up-gradient turns and 50¡

Figure 2. Distribution of the scores of 50 solutions found by the
SA algorithm in the stochastic parameter space . Bin size is
�3.1. Mean �=222.93 and STD �=6.57. Black line shows �tted
Gaussian. The shape, mean and standard deviation of the distribu-
tion determine the de�nition of optimal solutions �those with a score
s��+3�, see text�.
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and 210¡ /s otherwise, reßecting values that have been ob-
served in real animals (Pierce-Shimomuraet al., 1999). C.
elegansalso exhibits a directional bias even when the animal
is moving forward (Pierce-Shimomuraet al., 2005). This is
implemented as a Gaussian distribution with mean
0.441±2.12¡ /s (Pierce-Shimomuraet al., 1999). Reversals
are implemented as a forward movement with a negative
speed and the same directional bias.

Simulated annealing
A standard SA approach (Kirkpatrick et al., 1983; Cerny,
1985) is used to optimize the system.The transition probabil-
ity function P=exp�Es• En/T� for En�Es andP=1 other-
wise is also standard. Here,T is the current temperature of
the system, andEs andEn are the energies of the current state
and the selected neighbor, respectively. The initial tempera-
ture of the system is set toT=15�103 deg., and the
cooldown for each time step is deÞned asTt+1=	Tt with 	
=0.99. The algorithm halts successfully before the end of the
cooldown if a solution whose score is equal or better than the
criterion for optimal performance is found.

RESULTS
Using the optimization algorithm, we determined that 945 of
the total 4096 hypercubes in the parameter space contained
at least one optimal solution. In this section, we seek to un-
derstand what the common requirements for optimal perfor-
mance are.

Probability distributions show run shortening during
down-gradient navigation
First, we consider the distribution of values for every transi-
tion probability of the model across all identiÞed solutions.
This allows us to easily identify transition probabilities that
have similar values for all solutions, thus indicating a strong
preference for those values.

The distributions of the transition probabilities for the
945 solutions are shown in Fig.3. The distribution for theF
state is expected: 93.75% of the individuals havepu�F �F�
=1, 90.26% havepd�F �F�
0.3, thus showing the typical
preference ofC. elegansfor long runs when going up-
gradient and short ones when going down-gradient. How-
ever, it is interesting to note thatpd�R�T� is close to 0 for
most individuals (45.19% the individuals havepd�R�T�

0.1, 88.04%pd�R�T�
0.5), making aTÐR sequence un-
common, which is similar to observations in real animals
(Zariwala et al., 2003; Miller et al., 2005). Sincepu�F �F�
=1 for most solutions, all transition probabilities related to
the other two states will have no effect on the behavior when
moving up-gradient and are distributed randomly across the
value range. The apparent linear decrease seen in some sub-
plots of Fig.3 is an artifact of the multiplicative relationship
between the two parameters used to encode the three transi-
tion probability values for each state during the optimization

(see the introduction on the parameter space of the model).
We brießy investigate the robustness of the solutions by

selecting the run-time value of a model parameter randomly
from a ßat distribution centered around the optimal value for
that parameter and with a spread of 0.5 anew at every time
step. We analyze the effect of such a ßuctuation on each of
the parameters in turn. Although the ßuctuation is quite
strong, the time the models require to navigate towards the
peak when only one of the down-gradient parameters is ßuc-
tuated remains within 105% of the original performance.
When all down-gradient parameters are ßuctuated simulta-
neously, the required time increases to 112% of the original
one. A ßuctuation of the parameter encodingpu�F �F� how-
ever results in a complete inability of the solutions to per-
form well in the task. Even if the spread of the distribution is
reduced to 0.1, the solutions reach the peak of the gradient
only after 140% of the original time. This loss in perfor-
mance however is mainly due to the fact that none of the
other up-gradient parameters were actually optimized by the
algorithm. If they are manually set to optimal values (i.e.,
a return to theF state), a ßuctuation with spread 0.1 of
pu�F �F� results in a small increase in navigation time to
113% while the original spread of 0.5 results in an increase
to 150%.

We have thus shown that the model remains relatively ro-
bust even against strong ßuctuations except if they affect all
up-gradient parameters at the same time. If only a single pa-
rameter is ßuctuated, the strongest decrease in performance

Figure 3. Probability distributions of solutions found by the
optimization algorithm. Each subplot indicates the distribution of
the values for one transition probability across all solutions. Both up-
�black circles� and down-gradient �transparent squares� distributions
are shown, although up-gradient data are only meaningful for the F
state ��rst row, see text �. Rows correspond to the active states and
columns to the possible successor states. Thus, the third subplot in
the �rst row displays the distribution of transition probabilities from
the F state into the R state. Bin size is 0.1. Of interest are strong
preferences for speci�c values, seen for instance for both the up-
gradient and down-gradient values of p�F �F� � top left�.
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is observed forpu�F �F�, which is to be expected since the
solutions will spend the largest amount of their travel time
going up-gradient in theF state. We found no clear differ-
ences in the effect on performance when other parameters
are singled out for ßuctuations. We have also not found any
clear differences between in performance between individual
members of the family of solution in this brief investigation.

Behavioral units ranked through topographical
analysis of the cost function
Next, we consider the hypercubes or regions of the cost func-
tion of the SA algorithm that were not found to contain at
least one optimal solution. These hypercubes thus represent
ranges of values for all parameters that are clearly not favor-
able and understanding their distribution across the param-
eter space will give further information about the require-
ments on the model. In order to easily visualize this
distribution, we use the ID3 algorithm for generating opti-
mized decision trees (Mitchell, 1997), based on the list of all
hypercubes and the information of whether or not they con-
tained an optimal solution. This approach both illustrates the
interrelationship between the parameters and allows an
analysis of the importance of each parameter based on the
mathematical techniques underlying the ID3 algorithm. We
focus on the hypercubes that do not contain any good solu-

tions rather than their counterparts because it is not sufÞcient
to know of the existence of an optimal solution within a hy-
percube for the analysis here; the exact locations of all opti-
mal solutions would need to be known, which is computa-
tionally prohibitively expensive to compute.

The results from the distribution analysis in the previous
section allow a simpliÞcation of the parameter space: Since
all up-gradient chains havepu�F �F��1, it is admissible to
ignore the up-gradient parameters and focus on the down-
gradient ones without loss of generality. The model will sim-
ply remain in theF state when moving up-gradient, and the
behavior will thus be independent of the other up-gradient
parameters. As the parameter space is thus effectively now
reduced to six dimensions, it is possible to rerun the recur-
sive algorithm with every dimension divided into three,
rather than two parts (with value ranges	0,1/3
, 
1/3,2/3

and 
2/3,1
 per dimension, where open brackets indicate
that the border value is not included) for more detailed re-
sults.

The resulting decision tree is shown in Fig.4. Since it
indicates all hypercubes that do not contain an optimal solu-
tion, it is possible to calculate the total percentage of the six
dimensional space of the cost function that is occupied by
such hypercubes (52.54%) and how these hypercubes are

Figure 4. ID3 decision tree for visualizing the regions of the energy cost function divided into those that contained an optimal
solution and those that did not. Only parameters affecting down-gradient navigation are considered here. Edge labels indicate whether the
value range for the parameter speci�ed by the parent node will be �l�ow 	0� �1/3�
, �m�edium 	�1/3� � �2/3�
 or �h�igh 	�2/3� �1 
 in the subtree
below that edge. Combinations �e.g., low or medium, indicated by “l, m”� are possible if the subtrees for each branch are identical. Diamond
nodes decide the likelihood of staying in the behavioral state indicated by the node �they thus represent the � parameters of the reduced
parameter space� while square nodes decide if the likelihood of leaving a state is biased toward either of the possible successor states �thus
representing the � parameters�. The notation X
Z�Y is used to indicate that a low value range will bias the likelihood of leaving Z heavily
toward X whereas a high value range will bias it toward Y. Each leaf node, represented by a circle, indicates whether the region of the energy
cost function de�ned by the preceding decisions on the value ranges for the different parameters has been found to contain at least one
optimal solution �Yes� or not �No�. It can thus be seen for instance that no optimal solution has been found in the region de�ned by a medium
value for remaining in the F state and a high bias for moving into the T state if leaving the F state. This tree can also be used to determine
how important every parameter is in the behavior �see Table I�.
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distributed over the subbranches of all nodes (squares or dia-
monds in Fig.4) in the decision tree (see TableI).

As the ID3 algorithm sorts parameters according to their
gain (which measures how much each parameter contributes
to the entropy of the data set), nodes higher up in the tree are
more important in reducing the entropy of the data set. It is
therefore interesting to calculate the mean position of each
node in the tree to determine how much on average every
node contributes to the reduction of this entropy. The higher
the contribution, the more important the parameter repre-
sented by this node is for successful gradient navigation.
TableI indicates the mean position and the resulting rank of
each node.

The ranking conÞrms that the most important feature
while moving down-gradient for successful gradient naviga-
tion is the parameter determining the length of forward runs.
Additionally, the distribution of hypercubes containing no
optimal solution under thepd�F �F� node increases as the
value increases, with over half being located in the high

2/3,1
 range. This implies that longer runs when going
down-gradient are worse than shorter ones, which is ex-
pected and corresponds to observed behavior in the real ani-
mal (Pierce-Shimomuraet al., 1999).

The second important feature is the behavioral unit fol-
lowing the forward run, where a preference for reversals is
clearly seen as 55% of all hypercubes with no optimal solu-
tion lie in a region of the parameter space, which favors turns
over reversals as a successor state to forward runs. This is
similar to observations inC. elegans, which often precedes
turns with a reversal (Grayet al., 2005). The length of rever-
sals is also important, and there is a clear preference for short
reversals as only 2.6% of the hypercubes with no optimal so-
lution are located in the low	0,1/3
 range, in agreement
with observations in the real animal (Zhaoet al., 2003).

Beyond the third level, the standard deviation of the mean
position increases, indicating that these nodes are scattered

throughout levels three to six. This makes it more difÞcult to
assess their signiÞcance as interdependent effects are quite
likely.

Markovian properties reveal the use of pirouettes
Finally, because the model used here is Markov-like, we con-
sider the Markovian properties of all solutions found by the
SA algorithm. These properties are generally useful for un-
derstanding the behavior of a Markov model and, as for the
probability distribution analysis, strong trends and prefer-
ences for speciÞc values across all solutions indicate require-
ments for optimal behavior. It has been noted before that the
type of probabilistic model used here is not Markovian in the
strict sense due to the nonstationary transition probabilities
(Miller et al., 2005). Nonetheless, it is possible to consider
the transition probabilities for up- and down-gradient move-
ments separately as strict Markov chains in a meaningful way
as the only transition point from one chain into the other is
located in theF state (the only state in which the model can
receive information about the gradient which will determine
whether up- or down-gradient probabilities are going to be
used in the next step). Here, we call an up-gradient chain a
sequence of states determined exclusively by up-gradient
transition probabilities and down-gradient chain a sequence
of states determined exclusively by down-gradient transition
probabilities.

To conÞrm that the optimal solutions make use of all the
states of the model, we compute their ergodicity. A Markov
chain is ergodic if every state in the chain can be reached
within a certain time. We found that 12 of the solutions re-
turned by the SA algorithm have nonergodic down-gradient
chains and that in all cases, theR state is excluded from the
chain. An additional 51 solutions have a very low probability
of entering theR state�pd�R�F�+pd�R�T�
0.1�. 6.66% of
the models under consideration therefore do not rely on theR
state in their strategies, preferring anE. coli-like run and
tumble approach (Berg and Brown, 1972). The presence of
these solutions exempliÞes that a bacterial strategy can in
some cases perform similarly to the more intricateC. elegans
strategy. However, the low number of such solutions in com-
parison with those that use reversals indicates that reversals
may improve the robustness of the performance as other pa-
rameters are varied.

To determine the likely sequences of behavioral units, we
next consider the mean Þrst passage times (MFTs) of all so-
lutions found by the optimization algorithm. This is the mean
time required by the model to reach a given state for the Þrst
time if started in a given other state. It is only possible to
consider the MFT for ergodic chains. Since most solutions
have absorbing up-gradient chains in theF state [pu�F �F�
=1, making it impossible to leave that state again], only the
down-gradient chains [withpd�R�F�+pd�R�T��0.1] are

Table I. Summary of the ID3 tree in Fig.4 emphasizing the distribu-
tion of hypercubes in which no optimal solution was found by the SA
algorithm over the subtrees (low, medium, and high) below each node.
Mean pos. indicates the average position of a node in the tree and the
standard deviation. Rank sorts nodes according to their mean position,
which indicates the importance of the parameter represented by each
node in gradient navigation.

Value span

Rank Node Low Med High Mean pos.

1 F 14.1% 27.2% 58.7% 1±0
2 T
F�R 55.6% 26.4% 18% 2±0
3 R 2.6% 19.8% 16.4% 3.2±0.44
4 F
T�R 2.1% 2.7% 1.2% 4.5±0.84
5 T 6% 9.9% 6.8% 4.57±0.78
6 F
R�T 0.5% 0.7% 0% 5.33±1.15
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considered. Additionally, MFTs starting from theF state
cannot be taken into account as this state contains a transition
point into the up-gradient chain.

Figure 5 shows the MFTs for all qualifying solutions
from the SA algorithm and states. It can clearly be seen that
the MFT fromT into F is relatively low across all solutions
(mean 2.45±0.87 s), similar to the MFT fromR into F
(mean 3.01±0.96 s). Periods of reversals and turns are there-
fore frequently interrupted by forward runs, which will be
short if the model is still heading down-gradient. The models
thus tend to use a pirouette strategy similar to that ofC. el-
egans(Pierce-Shimomuraet al., 1999).

The MFT fromT into R shows a much higher variability
(mean 4.87±4.02 s) while the MFT fromR into T remains
relatively low for most individuals (mean 3.01±1.26 s). An
ANOVA reveals that there is a strong correlation between the
MFTs for leaving theT state (df=1,p=0) but not for leaving
theR state (df=1, p=0.9432). Since the MFT fromT into R
is low only if the MFT fromT into F is high, runs are the
clearly preferred successor behavioral unit to a turn. The lack
of correlation between the MFTs leaving theRstate indicates
the lack of a clear preference for a successor state toR in the
family of solutions, which can also be seen in the analysis of
the ID3 decision tree (Fig.4 and TableI).

The MFTs intoF also give a good indication of the aver-
age length of sequences composed of reversals and turns be-
tween forward runs and conÞrm the preference for frequent
returns into theF state already observed in the transition
probability distribution (Fig.3). They do not, however, give
an indication about the length of the resulting pirouette itself
as it is not known whether the next step in theF state will be
in the up-gradient or the down-gradient chain.

Pirouettes emerge in part from an inability to sample
the gradient during a turn
Next, we try to pin down the cause of these pirouettes. There
are two aspects of the model that could in principle give rise
to them: (1) intrinsic properties of the distributions from
which the turn rates are sampled or (2) assumptions on the
gradient sampling ability of the model. We have tested the
effect of the second consideration by modifying the model so
that it is also able to sample the gradient during turns. This
modiÞed model was then optimized for the same task and a
family of solutions derived as before. First, we noticed that
the new family of solutions had 1393 members (compared to
the previous 945), indicating that providing gradient infor-
mation during turns has facilitated the task. The threshold for
optimal performance, however, was virtually identical to that
for the original family (242.42 s versus the original
242.64 s), indicating that the additional information did not
provide a large performance gain. Since this new family now
has two transition states between up- and down-gradient
chains (in theF as well as theT state), it is no longer possible
to identify pirouettes based on Markovian properties alone.
We therefore simulated each optimal solution in both the
new and original families 20 times and identiÞed the propor-
tion of down-gradient reorientation sequences that do not
contain anF state, other than those located at the beginning
of the sequence. We Þnd that on average 18±6% of all down-
gradient reorientation sequences in tracks produced by the
original family of solutions did not involve a forward move-
ment, whereas for the new family this value increased sig-
niÞcantly to 64±6%. Therefore pirouettes in this model are
at least in part caused by the inability to evaluate the gradient
during a turn. Although it is difÞcult to control for the exact
effect of the distributions from which the turn rates are
sampled, we have thus shown that they are not the only cause
of pirouettes.

Comparison with biological data is difÞcult because the
proportions of pirouettes with at least one forward movement
exclusively within down-gradient reorientation sequences
has not yet been identiÞed. When all reorientation sequences
are considered, the proportion is estimated at about 40%
(Pierce-Shimomuraet al., 1999), but since the length of for-
ward runs is much shorter while going down-gradient, turns
interspersed with small runs are more likely to happen while
moving down-gradient whereas single turns are more likely
to happen while moving up-gradient. The proportion of turns
interspersed with runs can therefore be expected to be higher
than the reported 40% when considering only down-gradient
movements. It is thus possible that the animal also uses pir-
ouettes at least in part because it may not always continu-
ously evaluate the change in gradient during a turn, but more
biological data would be needed to conÞrm this.

Performance on planar gradients
It is interesting to investigate the performance of our optimal
solutions in a very different type of environment: a planar

Figure 5. Mean Þrst passage times from the T state into the F
and R states „left … and from the R state into the F and T states
„right …. The preference for short MFTs into F � typically 
6 s� can
easily be seen. Dashed line visualizes correlation.
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gradient. In this case, gradient concentration decreases lin-
early with the distance to thex axis, but is independent of the
speciÞc horizontal position in the Cartesian plane. Since the
peak of the gradient is now essentially a line, we expect that
models will take less time to navigate toward it than in radial
environments. Indeed, when a family of optimal solutions is
derived in a planar environment, it contains 1881 members
compared to 945 for the planar environment and their perfor-
mance when started at the same distance from the peak is
lower �121.79±15.64 s� than that of models in a radial envi-
ronment�189.44±19.89 s�.

We then simulated the family originally optimized for ra-
dial environments in the planar one and Þnd that there is no
signiÞcant difference�p�0.3� in performance with those
optimized for the planar environment (mean time to the peak
121.40±11.69 s). The converse is not true, however; models
optimized for planar environments perform signiÞcantly
worse�p
0.001� in a radial environment (mean time to peak
202.4±29.59 s versus 189.44±19.89 s).

We have thus shown that our models also perform close
to optimal levels in planar gradients for which they were not
originally optimized and that a radial environment has been a
good initial choice.

Models naturally dwell at the peak
Although our models have been optimized solely for efÞ-
cient navigation of the gradient, we Þnd that they naturally
dwell near the peak once it is reached. After the models
reached the peak, they were typically found to stay within
0.5±0.39 mm of it. Although our models cannot slow down
and become stationary like real animals, it is interesting to
observe here that the dwelling at the peak need not explicitly
be represented in the cost function and may be an emergent
property of the gradient navigation even in the real animal.

Gradient information during reversals leads to
unnatural behavior
It is not known whetherC. elegansis capable of acting upon
gradient information while it is reversing, but reported state
transition probabilities (Miller et al., 2005) suggest that it
does not. This can be examined by enabling sampling of the
gradient while reversing in the model used previously and
optimizing it using our recursive approach to collect a set of
optimal solutions given the new conditions. If this is done,
1782 hypercubes are found to contain solutions capable of
optimal performance, and the decision tree generated by the
ID3 algorithm (not shown) indicates that the performance of
the solutions is unsatisfactory whenpu�F �F� andpu�R�R� are
both less than 0.5. These results indicate that optimized mod-
els will use theF and R states as functionally equivalent
units.

Figure6 shows that a large number of the solutions now
found do not possess the strong preference for forward runs
when moving up-gradient observed in real animals (Pierce-

Shimomuraet al., 1999) and our previous set of optimized
models (Fig.3). Similarly, a large percentage of the new so-
lutions usepu�R�R�=1 (Fig.6), effectively navigating toward
the center of the gradient while moving backward, which has
also never been observed in real animals. Example tracks of
worms modeled with those probabilities (Fig.7) underline
the abnormal use of reversals. This discrepancy with real ani-
mal behavior leads us to predict thatC. elegansdoes not act
on gradient information during reversals.

When comparing the performance of 2000 runs from this
new family of solutions with the original family, we found
that being able to act on gradient information during rever-
sals gives the models a small but signiÞcant�p
0.001� ad-
vantage (mean time to navigate to the peak: 184.75±19.65 s
versus 189±19.9 s). Interestingly however, when the equiva-
lent families optimized for planar gradients are compared, no
signiÞcant difference in performance is observed (122.1
±15.62 s versus 121.79±15.64 s,p�0.7).

We have thus shown that the ability to act upon gradient
information during reversals can in some cases give the mod-
els a slight advantage; it is therefore interesting to observe
that the animal does not appear to do so. However, this may
be due simply to mechanical reasons: Since the animal re-
verses over its own tracks, it is possible that gradient infor-
mation has been disrupted within those tracks. Alternatively,
since most sensory neurons are located in the head of the
animal, gradient information may simply be obscured by the
animalÕs body and thus unavailable during a reversal. Given
that the gain from such information is minimal, this is un-
likely to put the animal at a severe disadvantage.

DISCUSSION
Components of C. elegans gradient navigation
Based on a simple probabilistic model connecting different

Figure 6. Probability distribution of the transition probabilities
of optimal solutions assuming the model is able to process
gradient information during a reversal. Bin size is 0.1. Compared
with Fig. 3, a smaller proportion of the models have pu�F �F��1 and
more models have pu�R �R��1. The functional role of reversals in
these models can thus be similar to that of forward runs.
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behavioral units ofC. elegans, we have been able to predict
that C. elegansmay not act on gradient information while
reversing because optimized models that could do so dis-
played behavior that did not agree well with that found in the
real animal. We have further demonstrated that the animal
might at least in part use the pirouette reorientation strategy
due to an inability to sense or act upon gradient navigation
while in the process of turning. The random walk strategy
may thus be a consequence of an inability to use alternative,
deterministic strategies due to insufÞcient or insufÞciently
accurate input at the sensory level. This is further supported
by recent studies, which show thatC. elegansuses a deter-
ministic strategy rather than a random walk for navigating
electrical Þelds (Gabelet al., 2007) toward the negative pole.
It has been suggested that the different sensory modalities
may converge upon a common neural subcircuit for naviga-
tion (Zariwalaet al., 2003). If this is the case, our results and
those ofGabelet al. (2007)suggest that this subcircuit may
in principle, depending on the nature of the sensory input, be
capable of more deterministic navigation strategies than the
random walk usually observed.

Additionally, we have shown that to be successful at gra-
dient navigation, long forward runs when going up-gradient
and short forward runs when moving down-gradient are nec-
essary. In this, the optimized models reproduce the behavior
observed in real animals (Pierce-Shimomuraet al., 1999).
Our family of optimal solutions also demonstrates that rever-
sals were not strictly required for successful gradient naviga-
tion, but in the models that did use them, a strong preference
for using them at the end of a forward run rather than a turn
was found, which is similar to the behavior observed inC.
elegans(Grayet al., 2005). Additionally, we found thatRÐT
sequences were more likely thanTÐR ones, implying that
there is a higher likelihood of following a reversal with a turn
than vice versa. This feature has also been observed in real
animals (Zariwalaet al., 2003).

For other parameters, no strong requirements for success-
ful gradient navigation in the conditions of our simulation
were found. In particular, the lack of a strong effect of

pd�T�T� indicates that the distribution from which the ampli-
tude of a single turn is sampled (which is determined by the
experimentally Þxed distribution of the turn rate and the time
spent in theT state) is not important, with reorientation ma-
neuvers consequently relying on a series of turns and runs.
The optimized models thus demonstrate pirouettes similar to
those found inC. elegans(Pierce-Shimomuraet al., 1999).

In general, we Þnd a close agreement between the behav-
ior of our models that have been optimized to minimize
travel time toward the center of a gradient and the observed
behavior ofC. elegans. This is a strong indication that the
main aim of the gradient navigation behavior exhibited by
the animal is to navigate it as efÞciently as possible given the
available behavioral units.

The only notable discrepancy we Þnd is that the opti-
mized models will not usually initiate a turn while going up-
gradient, whereas real animals can (Pierce-Shimomuraet al.,
1999). The behavior of the optimized models here is easily
explained as they have been optimized for efÞcient gradient
navigation alone, and, in such a strategy, initiating turns
while moving in a favorable direction can clearly not be op-
timal. C. elegansbehavior however may exhibit multiple
strategies aimed at achieving different and sometimes con-
ßicting goals simultaneously. The animal can for instance re-
act to changes in oxygen levels (Cheunget al., 2005) and is
sensitive to touch (ChalÞeet al., 1985), which may induce
behavioral patterns inßuenced by the surface on which it is
moving. The model used here (Fig.1) thus displays a pure
gradient navigation strategy whereas the behavior of the
nematode, even in experimental conditions, may be more
complex. This illustrates how optimization techniques can be
used to accurately describe a strategy with a single goal using
the behavioral units available to the animal even though the
observed behavior might encode multiple simultaneously ac-
tive strategies.

Understanding behavior through computational
techniques
To summarize, our analysis of optimized models composed
of C. elegansbehavioral units has enabled us to demonstrate
(1) that the strategy employed byC. eleganswhen navigating
gradients is very close to that of computational models opti-
mized for energy efÞcient navigation toward the center of a
gradient and (2) how the behavioral units ofC. elegansneed
to interact to produce such an efÞcient navigation strategy.

It is important to underline the likelihood that multiple
strategies to achieve a given goal exist and could in theory be
used by the animal. We have taken this into account by sys-
tematically determining a family of different strategies, and
we were able to do so because the value ranges of all param-
eters were Þnite. This has allowed us to discover, for in-
stance, that not all models used reversals in their navigation

Figure 7. Four randomly chosen example tracks of models with
reversal gradient information enabled „right … and disabled
„left …. Runs are indicated in gray, reversals in black. It can easily be
seen that the right model’s use of reversals is abnormal.
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and that the amplitudes of turns had little effect, points that
would have eluded the analysis if only a single optimal solu-
tion had been obtained.

A consequence of the existence of multiple strategies for
achieving a given aim is that different individual animals
might rely on different strategies. Determining the different
strategies as we have done therefore gives a more general
understanding of the behavior that is able to account for in-
dividual differences. Additionally, the topographical analysis
of the parameter space has enabled us to determine regions
that do not contain optimal solutions, which has allowed us
to describe constraints on the breadth of different acceptable
strategies for gradient navigation.

To conclude, none of the points above would be easy to
achieve from experimental observation alone, mainly due to
the inaccessibility of the parameters involved. We have thus
illustrated how computational techniques for optimizing be-
havioral models and analyzing the results can complement
and extend the understanding of a behavior that has been de-
rived experimentally. Although we have focused onC. el-
egansgradient navigation here, the techniques are, however,
general and remain useful for studying behaviors in other
animals.
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