Olfactory searches with limited space perception

Jean-Baptiste Masson®*""

@Physics of Biological Systems, Institut Pasteur, 75724 Paris Cedex 15, France; and bCentre National de la Recherche Scientifique, Unité Mixte

de Recherche 3525, 75015 Paris, France

Edited by William Bialek, Princeton University, Princeton, NJ, and approved May 31, 2013 (received for review December 5, 2012)

Various insects and small animals can navigate in turbulent
streams to find their mates (or food) from sparse pheromone
(odor) detections. Their access to internal space perception and use
of cognitive maps still are heavily debated, but for some of them,
limited space perception seems to be the rule. However, this poor
space perception does not prevent them from impressive search
capacities. Here, as an attempt to model these behaviors, we
propose a scheme that can perform, even without a detailed in-
ternal space map, searches in turbulent streams. The algorithm is
based on a standardized projection of the probability of the source
position to remove space perception and on the evaluation of
a free energy, whose minimization along the path gives direction
to the searcher. An internal “temperature” allows active control of
the exploration/exploitation balance during the search. We dem-
onstrate the efficiency of the scheme numerically, with a compu-
tational model of odor plume propagation, and experimentally,
with robotic searches of thermal sources in turbulent streams. In
addition to being a model to describe animals’ searches, this scheme
may be applied to robotic searches in complex varying media with-
out odometry error corrections and in problems in which active
control of the exploration/exploitation balance is profitable.

biological search | plume tracking | search algorithm

he survival of insects and animals depends on their ability to
search and reach for food and mate from the various emitted
chemicals in complex varying environments. It is very likely that
evolution, regarding search strategies, acted not only on the
statistics of different modes of space exploration (1-6) (e.g.,
generalized levy processes) but also actively on the decision
process in relation to the time evolving detected signals. How-
ever, a limited number of models tackle with deciphering the
information of the signal transported in the environment.
Considering search schemes from the signal deciphering point
of view shifts the modeling process toward a mix of information,
game, and optimal control theory. Hence, a key part of the
reasoning is focused on how evolution selected a balance be-
tween exploitation of the information accumulated during the
search and exploration of the environment (7, 8). Among the
schemes that are intended to deal with the randomness induced
by turbulence and that directly address the exploration/exploi-
tation balance, infotaxis is the most efficient (9-11), i.e., the one
exhibiting the lowest average search time and the highest re-
liability in source reaching. The two key elements of infotaxis are
the knowledge by the searcher of both the rate of detection
function and the statistics of detection, to infer the probability
map of the source position, and the use of entropy as a function
to be greedily minimized along the path chosen by the searcher.
Infotaxis is robust to various sources of noise, with optimal
search efficiency when the model in infotaxis matches the envi-
ronmental dynamics. However, for an animal, the probability
building process requires both an advance space perception (S/
Appendix, section A.1) and the knowledge of its position relative
to this map. An appropriate modeling or knowledge of the dy-
namics of the environment is needed to achieve the best search
efficiency (SI Appendix, section A.3). Finally, to “know” its po-
sition and correct its odometry errors, the animal should be able
by one or multiple processes to access environmental cues (S/
Appendix, section A.2).
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Since Tolman (12) suggested in the 1930s the existence, mostly
in mammals, of “cognitive maps” for navigational purposes,
debates about animal spatial behaviors have flourished. O’Keefe
and Nadel’s book (13) published in 1978 suggested that the
cognitive map is located (and/or built) in the hippocampus. Since
then, numerous experiments have studied map-like processes
happening in the hippocampus and the entorhinal cortex (14—
17). Even today, the debate about cognitive maps is still active
for many reasons, the lack of consensus regarding the definition
of cognitive maps (18) and a clear way to test their existence
being the most obvious ones.

Insects can direct themselves over large distances (19-22) and
find sources of pheromone (23-28) or food from the rare cues
transported by wind-induced turbulent flow (29, 30). There is
great variability in the search capacities of different insects
depending on the typical distances they have to travel, the
physical and ecological characteristics of their environments,
the amount of information they can extract from visual cues, the
need to go back to a nest, and so on. It seems unlikely, although
not impossible (31, 32), that (some) insects have access to space
perception similar to that of rodents (33). Hence, when butter-
flies or other insects navigate among pheromone plumes (23—
28), they can perform the search without full access to their
positions with respect to their environments. However, they can
find their mates or specific vegetal compounds without advanced
space perception. It is worth mentioning that there is a lack of
knowledge in the success rate of insect searches; i.e., if N but-
terflies are freed at a defined distance from a pheromone source
in a turbulent stream, how many of them will reach the source?

However, insects’ access to space is not necessarily inefficient.
Path integration (14, 34-38), with and without external cues,
allows the insect to know its position with respect to its previous
positions, by integration of its body motion and, for some insects,
by the relative motion of external cues (39). Other processes,
such as navigation in familiar spaces, may give partial access to
space perception (40-43) (see SI Appendix, section A.1 for more
comments). The two goals of the present work are to show that
(i) efficient searches are possible for a searcher with limited
space-processing capacities, evolving in complex varying envi-
ronments with limited access to cues that would allow odometry
error correction, and (if) the scheme designed to accomplish this
task leads to a potential framework to describe some animal
search strategies.

The bottom line is the projection of the probability distribu-
tion of the source into a form allowing computation without ad-
vanced space perception and the design of a free energy whose
minimization along the path gives direction to the searcher. The
introduction of an “internal temperature” term allows active
control of the balance between exploration and exploitation of
information. In the following text, we introduce the Mapless
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search scheme, show its efficiency, quantify its performance with
numerical simulations, and finally experimentally test its effi-
ciency with thermal source robotic searches.

Results

The Mapless Search Scheme. To investigate searches in conditions
matching those of a space perception-limited animal evolving in
a complex varying environment, the searcher moves along a self-
generated path, ®,, and has to choose a direction based on the
events experienced along ©,. The searcher accesses its position
from uncorrected path integration and is considered to evolve
in a cue-limited environment, preventing an accurate correction
of its position. Information-bearing events are either detections
(rare local events) or the absence of detection (frequent, less
localized events). The environment is characterized by a rate of
detection function, R(|rp), which gives the rate of detection of
a searcher in 7 when the source is in 7}y (SI Appendix, section B.2).
A correlation length, 2, is associated with R(|rp) (9). The ab-
sence of complex space perception prevents the direct decoding
(SI Appendix, section B.3) of the information stored in path ©,
using Bayesian inference (8, 9) (SI Appendix, sections B.4 and
B.5). Hence, to implement the scheme, the first necessary ele-
ment is an approximate expression of the inferred position of the
source: PM(73|®). The searcher will neither evaluate nor directly
update PM (7)|®,) but will use it to compute the various variables
necessary for the decision process. It was found that no moment-
based approximation could gather enough information to be
used in a search scheme. Similarly, saddle point-based approx-
imations failed to give an appropriate description of the source
position probability, and finally, attempts to fit the distribution
through simple characteristic functions failed because updates
and computation of variables were impossible without either
space perception or a significant amount of calculi (S Appendir,
section B.6). An essential element, which the source position
probability map needs to bear, is the reduction of probability
around the searcher, as it receives no detection. Hence, the way
chosen to catch as much information as possible was to separate
the detection terms from the nondetection terms, and to ap-
proximate the former by its main component and the latter by
a mean field approximation (SI Appendix, section B.7). These
approximations lead to
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where 7 is the damped center of mass of detections, 7 the
positions of the searcher where there has been no detections, Ag
the scale associated with the Gaussian term approximating the
detection terms, A, the scale associated with the Gaussian term
approximating the nondetection terms, Ny, the number of visited
points stored in memory, and Z; the normalization constant. The
lack of space perception, coupled with the accumulation of po-
sitioning errors, leads to precautions in the “memory” that the
searcher should keep from its past. Hence, the damped center
of mass reads 7g=Y0 v (6)/S2 ,y9, where y<1 and
{t;,i=1..G} are the times of the detections. The second neces-
sary element to decide the direction to be taken after experi-
encing the self-generated path @, is the choice of a function of
PM(7|®,) that the searcher has to minimize. Entropy is known
from infotaxis (9) to be efficient, yet it works for a distribution
precisely modeling the dynamics of the environment. Further-
more, we already noticed that entropy tends to shift the explo-
ration/exploitation balance toward exploration, hence another
term should be added to reinforce maximum likelihood behavior
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and so shift the balance toward exploitation. We introduce a free
energy that reads

F(0,)=W,(0,)+T5(8,) =
[ dro P (7,]©,) = T [ dFoP™ (7o|®,)log P¥ (o|@y), 121
A

where W,;(0;) is the working energy, A the integration domain
defined as |y —7g| 5%, S:(0©;) the Shannon entropy, and T the
temperature that controls the relative value between the two
previous terms. When moving from the position at time ¢, 77, to
a neighboring position, 7,4, the expected variation of the free
energy will be the sum of two terms, one accounting for the
discovery of the source and the other one for its absence. This
variation reads

‘AFI(E_)?Z+dt|®t)= A
P{V[ (?t+dt) AF;itscovery + (1 _ P;V[ (?t+dt)) AFtnothmg — [3]
1
wa (?l+dt)[1 _Fz] + (1 _Pﬁw (?t+dl)) Z pi(?r+dt)AF§7
i=0

where the dependency of F; with ®, was not shown for display
purposes, P{"[ (Pi+ar) 1s the probability that the source is at 74,
F14(©,) =1 is the free energy if the source has been found (S
Appendix, section B.9), F;(©y) is the free energy of the searcher at
time t, [1 — PM (F.14)] is the probability that the source is not at
Tradrs Pi(Frvar) 18 the expected probability of having i detections,
and AF!(®,) is the expected variation of the free energy if
there were i detections. The Poisson detection model gives

p;(F) =w, where /(F) is the expected average hit rate and

reads h(F)= [dFoR(FFy)PY (7)) and R(FFy) is the rate of de-
tection of the searcher if it is at the position 7 and the source is at
7o. R(F|ry) is approximated by a Gaussian function. All terms
involved in the search, (W,(©y),S,(0,),F:(0,),h(F),p;(F)), are
expressed in Materials and Methods (SI Appendix, section B.8),
where it can be seen that the actual expression of PM (75|@;) is
not used.

Analysis and Numerical Investigation of the Mapless Searches. With
and without wind. Animals such as insects show an incredible ca-
pacity to reach a target in complex medium. To be a relevant
model, Mapless should be able to reach its target efficiently and
to have a nonexponential search time dependency with distance
(9). In Fig. 1, we show the evolution of the average search time
with distance, with (Fig. 1C) and without wind (Fig. 14), com-
bined with time search statistics for various initial distances (Fig.
1 D and B, respectively). Mapless exhibits fast source-reaching
dynamics and fast decreasing search time statistics for large times
(no heavy tails; SI Appendix, section B.10). It also exhibits a
subquadratic average search time dependency with initial dis-
tances, for searchers starting from distances less than 3A.

Exploration/exploitation balance. During the search, two processes
should be balanced: exploration of the environment, to get more
information on the source, and exploitation of the information
already accumulated (7-11). In infotaxis, the entropy was used to
balance exploration and exploitation. Based on the reliable in-
ference of the source position distribution P; (7)), the balance was
managed efficiently with an advantage toward exploration. Here,
information accessible from PY(5|®;) is only partially reliable.
The searcher has no exact access to its position, and the de-
tection process may not correspond to the one used in the
scheme (e.g., the experiments). By adding W,(©,), we can re-
inforce maximum likelihood behavior. Furthermore, the tem-
perature, 7, allows shifting the balance between exploration and
exploitation. Note that both exploration and exploitation are
present in the entropy, where mostly exploitation is present in
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Fig. 1. (A and C) Evolution of the average search time with initial distance

from the source. (B and D) Evolution of the statistics of searching time with
initial distances. In A and B, simulations were performed with the windless
scheme, with A =30 a.u, V=0 a.u,, y =0.8, Ny =750, and T = 1. Vis the
velocity of the wind. In C and D, simulations were performed with the wind
scheme, with A =30 a.u, V= 0.5 a.u., y = 0.25, N, = 750, and T = 1, and with
the initial position of the searcher uniformly drawn within a 30° angle from
a line starting at the source and extending in the direction of the wind. In A
and C, the color lines are approximating fits. The green lines are linear fits
for short distances; the red lines are a t'7 fit for A and a linear fit for C.
Points are the results of simulations (20,000 simulations per point). In B and

D, the colors are associated with initial distances: black, d=%; red, d = %;

green, d =37’\; and blue, d = 2). Note the difference in scale between A and C.

W:(©;). This allows the temperature to actively control the bal-
ance. Furthermore, W;(©,) prevents the self-trapping behavior
noticed for simulations performed at high temperatures (7 > 5),
when large numbers of detections have been made far from or
close to the source.

Improvements of the numerical scheme. After the first trial simu-
lations of the scheme, we added a few improvements along with
the constraint that to evaluate the scheme, a “no-lost-searcher”
policy should be implemented (SI Appendix, section B.14). This
policy consisted of ensuring that if at least two detections were
made, the searcher should find the source. After the initial de-
tection (that started the search), it was noticed that there was
a spontaneous symmetry breaking of the initial spiral, which in-
duced slower searches. Hence, until a second detection was
made, the Archimedean spiral was maintained (9). Furthermore,
when the scheme decided to stop moving for a step, it was
replaced by linear motion in a random direction. Finally, when
numerous detections were made, the memory of the searcher
was cleaned after a user-defined time. This improvement was
useful mostly in cases in which the searcher began the search far
from the source and hence reached the vicinity of the source with
numerous detections. Memory removal allows the balance of
exploration/exploitation to shift back to exploration. Including
wind information in the scheme is achieved by imposing the same
no-lost-searcher constrains. Hence, the projected probability
keeps the same analytical expression, but all the parameter val-
ues (A, Ag, A, Y, Nu), the updating procedure for 7, and the
choice of temperature are modified (SI Appendix, section B.8).
Obviously, keeping a symmetrical expression of the projected
probability leads to underuse of the wind information but ensures
the possibility, for the searcher, of going in the wind direction if
it travels beyond the source position. Finally, initial spiraling is
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performed asymmetrically, with larger motion in the opposite
direction of the wind than in the same direction.

Characteristics of the searches. We studied the evolution of the
search times for various parameters of the model to investigate
their role in the properties of the searches. The balance between
exploration and exploitation is controlled primarily by the tem-
perature; the evolution of the average search time with the
temperature is shown in Fig. 24 (see also SI Appendix, section
B.13). At short initial distances, low-temperature search schemes
are more efficient because W;(©;), which favors maximum like-
lihood behavior, has more influence on the decision process than
it does at high temperatures. As the initial distance increases, the
optimal temperature rises with a flattening of the mean search
time—temperature curve. Two terms, Ny, vy, act on the memory
of the searcher; their evolutions are shown in Fig. 2 B and C.
Interestingly, there are optimal values of memory for which it
might have been expected that the longer the memory, the more
efficient the research. However, the larger Ny, the lesser the
diminution of probability of the visited sites, which is necessary
to induce an efficient exploration of space. A y close to 1 weighs
all the detections in the same fashion; thus, if detections are
made far from the source, numerous other detections closer to
the source would be necessary to shift 7 closer to the source.
Finally, the resistivity of the scheme to odometry errors is shown
in Fig. 2D. The scheme begins to lose efficiency when the posi-
tioning noise for each step is equal to the step size (SI Appendix,
section B.12).

Choice of the parameters. An important aspect of the search is how
the parameters are chosen, either by evolution for animals’
searches or by design for robotic searches. Furthermore, ro-
bustness to parameter variation also was investigated to ensure
that small departures from the optimal parameters did not re-
duce the efficiency of the searches significantly. Searchers, by
nature, start at various distances from the source; hence, param-
eters must be chosen to incorporate this variability in initial dis-
tances. In Fig. 3, we display the evolution of the average search
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Fig. 2. Evolution of the average search time with the temperature (A), the
memory of the searcher (B), the damping factor (C), and the odometry errors
(D). Points are the results of the simulations (20,000 simulations per point),
and lines are visual aids. (A-C) Colors are associated with the initial distance
from the source: black, d=%; red, d = A; green, d=%; and blue, d = 2\
Simulations were performed with A = 30 a.u., V = 0 a.u., with (4) Ny, = 750
andy=0.8,(B)T=1andy=0.8, (C) T=1and Ny, =750, and (D) Ny, = 750,
vy = 0.8, T = 1, an initial radius from the source equal to 3, and with an
odometry error modeled as a Gaussian noise of defined deviation ¢ added
to the searcher’s true position
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time with the correlation lengths (A, A,) of the Mapless scheme
(Fig. 34), the temperature (Fig. 3B), and the memory time (Fig.
3C) for searchers randomly starting inside a radius 2A from the
source. In SI Appendix, section B.12, we also discuss Mapless
searches in relation to the first and last arrivals at the source.
Similar results are found for searchers starting inside a circle
of 3.

Multisources. Insects often emit pheromones at a specific time of
day, with females emitting pheromones at the same time, usually
from similar host plants. Hence, the sources of pheromone are
close to one another. Mapless should be able to be applied to
multiple source searches without modification and still be able
to reach one of the emitting sources efficiently. The issue with
multiple sources is that when detections are made, their sources
are unknown and the underlying PY (7|®;) stores only the po-
sition of one source. When infotaxis is used, this leads to the
overexploration of the areas between the sources. (11) (SI Ap-
pendix, section B.11). We display in Fig. 3D the evolution of the
average search time with distance for two emitting sources. In-
terestingly, the average search time diminishes compared with
the single source searches. Here, because P (7|®,) catches only
some the characteristics of the environment, the multiple sources
help the searcher reach the vicinity of these sources, then the
free energy helps lock the searcher to one source.

Experimental Implementation. The Mapless search scheme was
implemented experimentally to test its effectiveness and ro-
bustness in a complex varying environment, with a source emis-
sion not corresponding to the one used in the model and with
significant uncorrected odometry errors (Fig. 4). A small robot
(K-Team, www.k-team.com; SI Appendix, section C) equipped
with a thermocouple detector had to search a thermal source
from the transported thermal plumes. The thermal transport was
used as an approximation of pheromone transport in a turbulent
flow (44). We took advantage of the differences between the
model and reality, as a result of the necessity of significant
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Fig. 3. (A) Evolution of the log (for display purposes) of the average search
time with the two normalized scales of the Mapless search scheme (Ag, Ay).
The minimal average search time is 534 a.u. (B and C) Evolution of the av-
erage search times with temperature (B) and memory time (C). (A-C)
Searchers start randomly inside a circle of 2) radius, i.e., searchers may start
at any radius between 0 and 2).. Note that for a memory of 25 a.u., the
average search time is 5,616 a.u. (D) Comparison of the evolution of the
average search time with distance for one source (black) and for two sources
(red). (B-D) The points are the results of the simulations, and the lines are
visual aids.
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Fig. 4. Two examples of experimental Mapless searches. The two chosen
examples are efficient searches for display purposes. Five movies (Movies S1,
S2, S3, S4, and S5) of experimental searches (including these two examples)
are accessible in S/ Appendix. Images are made of a mosaic of image captions
from the recorded movie using an ImageJ plugin (45), leading to a semi-
transparent appearance of the robot positions. Contrast around the robot
was enhanced locally to allow better visibility in the final composite images.
This contrast enhancement appears as rectangles around the robot posi-
tions. To help visualization further, black arrows are positioned above the
robot positions. (A) Mapless search without wind information (Movie S1). (B)
Mapless search with wind information (Movie S5). The image is deformed as
the result of changes in the camera angle that were not taken into account
in the mosaic-building process. The distances can be appreciated better by
viewing the movie of the search. In both A and B, a rotating fan and a heater
are present. The temporal evolution of the robot-measured temperature
along the path explored in A is shown in C, and the one explored in B is
shown in D. In Cand D, the black line is the measured temperature with 0.1-s
time resolution; red dots are the detection events. Only the detections are
used in the information processing. Note that the detections are discontin-
uous and that during long periods, there are no detections.

thermal heating for detection purposes, to test the robustness of
the Mapless search scheme to strong deviation from the model.
Furthermore, the detection process of the thermocouple was not
a Poisson law, but the scheme was designed to resist this kind of
mismatch. The thermal source consisted of a heater near a fan to
disperse the thermal plumes. The thermal sources did not gen-
erate a thermal gradient profile, hence could not be found by
a gradient climbing algorithm. Typical temporal evolution of the
temperature at various distances from the source is given in S/
Appendix, Fig. 11. Detections were defined as quantified events
corresponding to a local variation (six or more digits, +0.25 °C)
of temperature.

Five movies of search processes, three of which do not exploit
wind information, are provided in S/ Appendix and Movies S1,
S2, 83, S4, and S5. They sample a large variety of behaviors, from
very efficient searches to longer searches in which the robot had
sufficient time to accumulate significant odometry errors and in
which the detection pattern revealed a source very different from
the one inserted in the model. However, in all situations, the
Mapless searches could reach the source efficiently. The com-
bination of the fan and the temperature of the heater led to
a burst of detections that induced persistent, but limited,
searches in the local environment where these bursts were
detected. Interestingly, however, the searchers were not trapped
by these abnormal bursts and were able to escape these local
space explorations to resume the exploration part of the search.
The large exploratory paths observed in simulations were not
observed experimentally, mostly because of the bursts of de-
tection themselves, which reduced the probability that the
sources were far from these bursts. Furthermore, long searches
confirmed that Mapless searches are resistant to odometry error.
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It may be seen from the long search in Movie S3, in which the
accumulation of odometry errors can be seen by the progressive
reorientation of the robot (it is supposed to turn 90°), that po-
sitioning errors did not prevent the source-reaching process.

Experimental searches have confirmed the efficiency of the
Mapless scheme. The structure of PM(7)|@,) is sufficiently un-
specific to catch enough of the plume dynamics to allow suc-
cessful searches. Furthermore, the free energy used to decide the
direction allows an efficient balance of the exploration/exploi-
tation dynamics. Experimentally, we also varied the parameters
of the model to investigate the behavior of the robot (see also SI
Appendix, section C.7). Obviously, the actual duration of exper-
imental searches prevents the accurate evaluation of average
search times. However, variations of some parameters lead to
directly observable effects. Reducing the temperature leads to
very efficient searches for small initial distances but, for some
searches, long self-trapping in local searches induced by a burst
of detections (overexploitation). High temperatures were more
difficult to test, as they tend to induce large exploration, which
the finite size of the room prevented. Temperatures between 0.5
and 1.5 led to efficient searches. Variations of (Ag,2,) led to no
significant change in the search times or in the characteristics of
the trajectories, in good agreement with Fig. 34. Finally, low
values of Ny (short memory) led to significantly longer searches,
with reexploration of the same part of space.

Discussion

We have introduced the Mapless scheme, which allows a searcher
with minimal space perception, with limited access to positional
cues preventing the correction of odometry errors, and evolving in
complex varying environments, to perform efficient searches. The
scheme is based on the combined use of a projected probability
distribution of the source, whose description of the environmen-
tal dynamics is sufficiently rough to allow space computation re-
moval but catches enough of the search dynamics to allow efficient
searches, and on a greedy decision process built on the minimi-
zation, along the path, of a free energy. The scheme performs very
efficiently with and without wind and was tested experimentally in
a complex varying environment. The scheme also is experimentally
robust to odometry errors. Hence, this model offers a framework
to model animal search strategies and shows that efficient searches
can be performed with minimal access to space information or
cognitive maps.

Balance between exploration and exploitation of information
is a key element of any search problem in which the signal-
deciphering dynamics are the principal source of the dynamical
decision process. Here, by controlling the internal temperature,
we could shift the balance in either direction. The temperature
was kept constant during the search, yet it was possible to change
its value as the detection accumulated. A possible implementa-
tion of the changing temperature scheme would be to reduce the
temperature when the time between detections is found to be
below a user-defined threshold. The temperature reduction would
shift the balance to the exploitation side. Interestingly, this specific
dynamical change does not reduce the average search time sig-
nificantly; rather, it leads to a faster decrease of the search time
statistic tail.

The scheme that included wind information underused this
information. This underexploitation was the consequence of en-
suring that all searchers reached the source. Obviously, if this
constraint were removed, more efficient searches would be pos-
sible for the searchers reaching the source. For example, adding
a drift velocity in the opposite direction of the wind and biasing
the accessible positions in the same direction may improve the

1. Oshanin G, Lindenberg K, Wio HS, Burlatski S (2009) Efficient search by optimized
intermittent random walks. J Phys A Math Theor 42:434008, 1-14.
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search time. This raises the issue of displacement of the explo-
ration/exploitation equilibrium when additional external infor-
mation is accessible. Here, the reliability and robustness of the
searches were the limiting parameters (SI Appendix, section B.14).
Further reflections on this subject would benefit from reliable
quantitative experimental data on the successfulness of searches
in random media for different animal species.

Space-processing capacities, variability of the environments,
and access to self-position of the searcher are the key problems
that led to the development of Mapless as a scheme to model the
search dynamics of some animals. The capacity to deal with these
key problems also draws the line between the use of infotaxis and
the use of Mapless. If the searcher has the capacity to build
probability maps, has an accurate modeling of its environment,
and can correct its odometry errors (at least partially) using ex-
ternal cues, then infotaxis is a good searching scheme. Conversely,
a searcher with limited access to space perception, evolving either
in complex varying environments or without proper modeling of its
environment, and unable to reliably correct its odometry error from
external cues could not use infotaxis to perform an efficient search
and would be able to use Mapless as a source-reaching scheme.
Infotaxis (-like) schemes likely may apply to rodents and other
“higher” mammals and Mapless (-like) schemes likely may apply
to insects.

To conclude, experiments are necessary to investigate animal
search strategies in turbulent flow (SI Appendix, section A.4).
The first set of experiments might investigate the success rate of
insect searches, trajectories, and various search time statistics
from various initial distances. Results may indicate whether the
various schemes designed to model these strategies are com-
patible with the results. However, to study the direction decision
process, experiments in which simultaneous recordings of animals’
trajectories with the signal they detect (e.g., ElectroAntennoGram
in insects) are necessary, as the “input” signal—to borrow from
engineering language—must be known. During the search process,
access to the full neural pathways involved in the search seems, at
the moment, technically out of reach.

Materials and Methods

Here, we briefly introduce the terms used in the computation of the scheme. More
explanations are given in S/ Appendix, section B.8. The normalization in Eq. 1 reads
76 1*
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