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Supplementary Methods

1 Lacunarity analysis

The effects of spatial distribution of ecological structures (e.g. vegetation) have been studied
by ecologists to understand the differential dispersal ability of predators and prey1, biodiversity,
and intra- or interspecific interactions2. One important variable that influences these phenom-
ena is the heterogeneity in gaps between structures (e.g. the gaps that result from spatially
discontinuous biogenic structures such as trees or shrubs). Lacunarity analysis has been used
to characterize the pattern and spatial scaling of gap sizes in landscapes3,4. Intuitively, it is
a measure of ‘gapiness’ or ‘hole-iness’ of geometric structure5. Lacunarity was originally pro-
posed by Mandelbrot6 as a measure to differentiate between objects with identical fractal di-
mensions but differing appearances. Despite lacunarity being developed for use with fractals,
it also applies to non-fractal structure7.

Formally defined, lacunarity is a scale-dependent deviation of a geometrical object or pattern
from invariance under translation, or from homogeneity8,9, used in ecology10–12. Objects with
low lacunarity are finely textured and homogeneous with respect to the size distribution and
spatial arrangement of gaps. Objects with high lacunarity are coarsely textured with high het-
erogeneity in size distribution and spatial arrangement of gaps13. Estimates of lacunarity are
therefore dependent on both the spatial scale (i.e. resolution), and the spatial extent of the
region to be characterized3,14. Given that we are using environments that vary from open (no
clutter) to highly cluttered, the calculated lacunarities are between∞ and near 0, respectively.

A common algorithm that is used to calculate lacunarity is the ‘gliding-box algorithm’7, which is
similar to the box-counting method commonly used in fractal dimension analyses. Information
on the algorithm is provided in the methods. Lacunarity mathematically is defined as: Λ(r) =
Var(S)
E[S]2

+ 1, where S is the occupied sites by the variable of interest (such as occlusions in our
case), r is the box size. Thus, it is a variance to mean squared ratio of the number of non-
occupied cells. Some properties that arise are3:

1. As box size r increases, the average box mass (n(S, r)) also increases, causing a de-
crease in variance and therefore, a decrease in lacunarity at that box size Λ(r).

2. As the mean number of occlusions goes to zero (→ H(S) = 0.0), Var(S) → 0, E[S] →
0 =⇒ Λ(r)→∞.

3. For a given fraction of cell occupancy, higher lacunarity represents fewer but overall larger
gaps.

These properties imply that there is a large amount of information in looking at the distribution
of lacunarities as a function of a wide range of box sizes. Variance (Var(S)) will approach to 0
( =⇒ Λ(r)→ 1) for a given box size if the map has random structure at that spatial scale. Self-
similar fractals produce lacunarity curves with a slope equal to the fractal dimension D minus
the Euclidean dimension E4,7. In other cases, the rate of decline in lacunarity curves (lacunar-
ity vs box size) depends on the presence and heterogeneity of coarser-scale patterns. Curves
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that decline with less slope as box size is increased indicates heterogeneity at coarser-scale
patterns3,4. Conversely, curves that decline with more slope as box size increases indicates
spatial randomness or uniformity at coarser-scale patterns3,4. In our lacunarity analysis, in-
stead of plotting individual curves, we provide the natural log of mean lacunarity over various

box sizes (Λavg =
∑Nr

g=1 Λ(r)

Nr
).

In the lacunarity applications of interest (e.g.15–17), the top down view of the environment is
being used. We are also assuming that the non-occupied regions do not obstruct the vision of
the agents in the space. This may not be true depending on the height of the agent’s visual
system: for example, a region with trees and intervening grassland taller than the agent’s body.
It is important to note that within our study, while occlusions blocked the line of sight, neither the
prey nor the predator relied on vision to locate the occlusions—this is only relied on for each
agent’s detection of the other agent in the arena. The acting agent’s having a perfect map of
the environment means that they were navigating and (for the prey) imagining trajectories in
the environment from a perspective-independent representation. Therefore, in conducting our
lacunarity analysis, we use a the perspective independent map of the environment.
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Supplementary Note

1 Cognitive map assumptions for both the predator and the prey

In the case of our assumption that the predator and prey have a perfect cognitive map (in the
predator’s case, excluding the location of the safety point that the prey is trying to reach), our
modeling choice is driven by a desire to surgically isolate the relative properties of planning
versus habit. First, the assumption that the predator has a perfect cognitive map (minus the
prey’s goal) is the most detrimental to the prey’s survival. Here we consider three different
cases and their possible outcomes under different levels of cognitive map fidelity.

Case 1: No cognitive map. Neither the predator nor the prey has a cognitive map, and instead,
the prey learns a cognitive map by acting and interacting with its environment. Without a model
to begin with, the prey agent can not use its internal model to reason about the future and
to seek positive outcomes while avoiding the adverse consequences of trial-and-error in the
real environment. During the building of the model, we would have to make a large number of
empirically poorly-justified modeling choices on learning rates, and the number of exposures
to a given random environment to enable the planning algorithm to use a high fidelity model to
reason with. The predator in such a case could not be a simple reactive agent, since similar
to the prey, the predator would have to learn the environment before choosing its actions. This
would cause both the prey and the predator to be learning agents and would necessitate the
predator to be more than just a reflex agent.

Case 2: Inaccurate cognitive map updated with learning. Similar to Case 1, this scenario would
add many more modeling choices. Methods for planning or model-based learning that are
robust against model imperfections is an active research area18. In such cases, the prey would
still use its own model to make decisions but would also have to reason about its imperfect
predictions. Given the way in which we have implemented planning, this would cause many
actions to be based on a possibly incorrect value function that corresponds to this inaccurate
cognitive model. Therefore the decisions would, in the limit of number states forward simulated,
not be optimal. If the decisions fail to be optimal, in the context of this scenario (irreversibility
since death occurs upon capture), there may not be much to learn; but inasmuch as learning
can occur, the issues raised about the complexity of our study and poorly justified parameters
enter in. If there is no learning within this case, the decisions of the prey will not reach optimality
over time. The predator may not be as affected by the imperfect cognitive map. However, the
amount of imperfect information about the location of the occlusions could cause it to get stuck
in regions, decreasing its threat to the prey.

Case 3: Perfect cognitive map. The attraction of this choice for our study is avoiding uncer-
tain parameterization of learning the model, and avoiding uncertain parameterization of having
an inaccurate model. We believe this enables us to surgically isolate the impact of planning
in the context of a generous assumption of learning having previously been completed, and
completed with perfect fidelity to the underlying structure (not counting the predator) where
that structure is necessarily static (since learning cannot occur to accommodate a dynamic
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environment, and a dynamic environment without learning would quickly lead to an inaccurate
model—case 2).

2 Visual conditions of the prey and predator

The simulations in which the prey and predator’s visual range differ are 1) for the empty world
simulations (pseudo-aquatic) (Fig. 1a), and 2) simulations conducted in a set of mid-entropy
environments (pseudo-terrestrial) where the prey’s visual range was explicitly controlled (1, 3,
or 5 cells ahead) (Supplementary Figure 6). In all simulations that included occlusions (pseudo-
terrestrial conditions), independent of the prey’s visual range (whether full or limited), the prey
and predator could not observe one another if there was an occlusion on the line between
them. This disconnect between the predator’s and the prey’s visual range in the aforementioned
simulations ensured that there would be observation events between the predator and the prey.

The predator policy in most time steps was aggressive pursuit towards the prey’s location. In
prior simulations (not shown in the paper), the predator, similar to the prey, had a visual cone in
the direction of travel. When the prey was not in view, the predator created a belief distribution
of all possible prey locations that were not inside its visual cone (as is done for the prey with
respect to the predator). In order to reason about the value of taking an action in these cases,
during planning the prey sampled as many predator locations as the number of states forward
simulated (100–5000) with probability proportionate to the belief state distribution. For com-
putational expedience, the predator only sampled one prey location proportionate to the belief
state distribution, and chose an action to minimize its distance to that sampled prey location.
Furthermore, because the predator did not have access to a model for prey action selection (as
the prey had for the predator) nor access to the goal location, the pruning and propagation of
the predator’s belief about the prey location was based on the assumption that the prey acted
randomly. This in turn resulted in most episodes to terminate without any observation events
(i.e. neither the prey nor the predator ever observed each other) since the predator’s actions
were effectively random. Given that we did not provide the predator with the location of the
goal, or the overall aim of the prey, we could not use a perhaps more natural prey model (e.g.
the prey is choosing actions that minimizes its distance to the goal).

Even in the case of a more reasonable prey action selection model for the propagation of
the predator’s belief distribution (such as using the goal location), we expect that the predator
and the prey would only observe each other when the prey was near to the goal position.
Therefore, unless the predator was positioned near the prey at the start of the simulation, it
would not have enough time steps (actions left) to reach the prey before the prey reached the
goal position. The only way to enable the predator to make good decisions, as well as maintain
a well supported belief distribution about the prey’s location, is to simulate both the prey and
the predator as planners. This would allow the predator to choose actions based on more
than one sample of the prey location, and model the prey action selection as an independent
planner. While this is clearly ideal, it is not computationally tractable given the way planning
is implemented (as recognized in the literature19): Both the prey and the predator would have
to plan an action at each imagined step for each other. However, given the number of action

5



choices, the state-space of the simulated environment, and how temporally extended the task
is, such an implementation is not feasible.

In sum, we have made the predator’s visual range larger than the prey’s because 1) it is not
feasible to simulate both agents as planners; and 2) in the absence of that framework, most
of the trials ended with no observation events between the predator and prey. Extending the
predator’s visual range avoids this problem; it provides some of the benefits of simulating the
predator as a planner without the computational intractability of so doing.

How does this impact our results? First, note that the predator having larger visual range makes
it more challenging for the prey to survive. As such, it is a harsher test of the efficacy of either
habit- or plan-based action selection in the prey. Our expectation is that as we reduce the
predator’s visual range, survival rate would increase, but our key findings—a) thigmotaxis and
b) there is no advantage of planning in low visibility open environments—would not be affected.

3 Arena size

One aim of this study was to examine whether the increased visual range resulting from aerial
vision advantages plan-based action selection. As can be seen from Supplementary Figure 1,
after the vertebrate invasion of land, visual range increased by a factor of roughly 100. Given
our arena size, we have simulated a visual range increase of, at most, a factor of 15. While
ideally we would have a larger arena to encompass the actual range increases from aquatic to
aerial vision, as a consequence of the planning algorithm used along with other computational
limitations, we chose to use a 15 x 15 environment. This arena size, goal location (7, 14),
and the prey start location (7, 0) ensured that the space being planned over during plan-based
action control was as large as feasible; if the goal, for example, was closer, the environment
would effectively be reduced in size. The infeasibility of larger environments is due to the
state-space of the problem. For example, by going from a 15 x 15 environment to a 20 x
20 environment, the number of states increases from approximately 1036 to 1052. A trial in a
pseudo-terrestrial environment (15 x 15) requires roughly 2 hours of compute time (there are
250,000 such trials in total in the study).

4 Feasibility of the planning algorithm

The planning algorithm implemented in this contribution is not biologically feasible. As a coarse
indicator of this, in the worst case for our gridworlds, where there are only four possible actions
at each cell, the number of states that need to be estimated for N steps ahead is 4N—4,096
states for only six steps ahead (reached by planning acuity 5,000 when all the branches are
full explored). This crude estimate does not take into account efficiencies related to the use of
Upper Confidence Bound (UCB1)20 however, it does illustrate that in general this approach is
highly costly and unlikely to be biologically instantiated. Recent research suggests that animals
organize their behavior with respect to goals and subgoals21,22, which falls within the frame-
work of hierarchical reinforcement learning23. Hierarchical reinforcement learning expands the
definition of a single action to an action sequence called an option. One hypothesis, based on
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this idea of hierarchical organization of choices at different levels of temporal abstraction, pos-
tulates that planning is used to select subgoals24. These selected subgoals act as an internal
stimulus that triggers a motor routine or policy. On the other hand, another possibility is that the
overall goal acts as a stimulus that triggers a cognitive response of selecting subgoals under
the habit system25. The actions or policies to reach these subgoals are then chosen through a
planning algorithm. There has been a significant amount research on abstract state-space rep-
resentations that would reduce the size of the original problem (e.g.26). Nevertheless, even with
such shortcuts, planning is recognized to be demanding and easily degrades into habit-based
action selection under time pressure27.

While the way in which we have implemented plan-based action selection is likely not biolog-
ically feasible, it has numerous advantages (e.g. limited number of parameter initializations,
theoretical convergence to optimal value function). With such advantages, we expect the ap-
proach to provide an upper bound on biological performance that is approximated by more
efficient subgoal methods closer to biological feasibility, without altering our key conclusions
with respect to visual range and environmental complexity. Finally, tree search model-based
methods for Markov decision processes are widely used to model planning in animals28–32.

Another approach could be to implement simpler planning methods on the value function. It is
possible that in environments where we do not see behavioral variability (low and high entropy
environments), despite the task featuring a dynamic threat that would conventionally neces-
sitate the relearning of the value function at each time step (essentially, to plan), there is in
practice very little change in the value function. Therefore in some sense, while our task is
dynamic, it may not be fully dynamic in all environments (which is further evidenced by the
success of blind habit in low and high entropy environments). In such rather stable environ-
ments, it may be possible to perform entropy minimization over the likelihood of survival, as
with infotaxis33, and simplify the planning process.

Infotaxis chooses actions by minimizing the entropy of a belief distribution representing, say, tar-
get location. The planning algorithm presented here optimizes a policy using Bellman backups
of a terminal reward. A theorem34 shows that with sufficient samples, the method converges to
the optimal policy. As a result, although these algorithms are distinct, their results could poten-
tially agree if the chosen reward were entropy of a belief. To use infotaxis-like methods here,
one would need to use entropy minimization on the belief distribution representing likelihood of
survival. However, the complexity of infotaxis (the need to grid the space and compute entropy
for all possible actions) makes it impractical to use directly on survival beliefs. Alternatively, bio-
inspired algorithms35–37 that approximate infotaxis in a physiologically plausible manner might
be sufficient to show that the rough framework provided by infotaxis can be used for the prob-
lems pursued here. More broadly, both infotaxis and the algorithms used here are examples
of the more general problem of optimal planning under uncertainty, so one should expect that
there will ultimately be many algorithms that lead to similar near-optimal solutions.

These methods can be used in low or high entropy environments where we expect a stable dis-
tribution of survival probabilities. However, in mid-entropy environments that feature adjacent
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clusters of high and low eigenvector centralities, a possible reason for why we see behavioral
variability and the need to plan in regions of high eigenvector centrality is that there is a signif-
icant amount of change in the value function after each step of the interaction—analogous to
sensorimotor latency or planning cycle duration in animals that plan. This makes the task fully
dynamic, and necessitates the re-learning of the value function via planning at each step. Un-
less short update horizons are used, and robustness to multi-peaked distributions is available
(as in ergodic information harvesting38,39), infotaxis-like methods may become infeasible.
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Supplementary Discussion

1 Ectothermy and the computational complexity of planning

The cognitive ability of reptiles is poorly understood, and while there’s evidence of cognitive
maps40–42, there is less evidence of planning. Yet, these animals have existed in the same
complex terrestrial habitats, with aerial vision, as mammals and birds. We consider three pos-
sibilities to resolve this conflict. The first is that these animals are able to plan, and this is
simply not known due to lack of study40,43. While plausible, it seems likely that even if plan-
ning is present in reptiles, it exists in a relatively diminished form. The second is related to
the splayed, close-to-the-ground posture of reptiles. Our lacunarity analysis and simulations
all assume that open areas are transparent to vision. This is only true if the visual system is
high enough to view over shrubs and grassland that are typically constitutive of open terrestrial
domains. Nonetheless, while our results suggest this may mean that the selective benefit of
planning in dynamic scenarios may not be present, planning over static rewards should be fully
functional. The third possibility is that the selective benefit of planning is present in reptiles, but
is not large enough to overcome an additional constraint.

There is certainly not enough evidence to settle this issue presently, but there are a number
of considerations in favor of the “additional constraint” hypothesis related to the computational
cost of planning. While computers process information differently from neural circuits, the differ-
ences in the algorithmic complexity of habit versus planning as it is formalized by reinforcement
learning theory is instructive. With habit-based action selection, policy lookup time is indepen-
dent of the number of actions within the action sequence, but with plan-based action selection,
the time needed for an action choice scales exponentially with the number of steps forward
simulated.

Both mammals and birds are endotherms. In mammals, endothermy appears to have come
about due to selection for increased aerobic capacity in Permian theriodont therapsids, many
of which were active predators, resulting in extended capacity for prey pursuit and predator
avoidance44. A 10◦C increase in temperature of muscle above ambient doubles the rate at
which muscle can reach maximum power45 and can triple rate constants in neural dynamics
(modeled elsewhere46 with references therein). For body sizes over 1 kg, endotherms have rel-
ative brain masses that are a factor of 10x to 40x larger than ectotherms 47,48. Thus endotherms
have brains that are an order of magnitude larger than ectotherms like fish and reptiles, and
those much larger brains run faster due to warming.

Warming also allows animals to acquire sensory information more rapidly. It been shown that
the flicker fusion frequency (the rate at which strobed images can no longer be temporally dis-
criminated) of swordfish, a highly active underwater predator that rapidly transitions between
warmer surface waters and cold deep waters, rises from 5 Hz in 10◦C water to over 40 Hz
at 20◦C49. This is one explanation for why swordfish is one of only around 30 out of 30,000
species of bony fish that has a heating mechanism, in this case for its eyes and brain only.
However, endothermy is rare even among active predators underwater, likely because heat is
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dissipated 3,000 times faster within water than in air. In addition to this barrier to endothermy
underwater, any increase in aerobic capacity of animals that gill rather than breathe has to
contend with water having only 1/30th the oxygen of air while being 800 times denser. Gill ven-
tilation therefore requires 800 x 30 = 24,000 times more mass flux assuming identical extraction
efficiencies; even with the doubled efficiency of gills, the mass flux is four orders of magnitude
higher for respiration with water compared to air50–52.

Given the disadvantageous energy load due to rapid cooling and the difficulty of recouping
this energetic cost through additional oxygen expenditure, for most underwater animals, the
heightened velocity of movement, brain power, and sensory performance of endothermy is out
of reach. Yet these factors seem to be important for realizing the selective benefit of plan-
ning, which also suggests that even if the spatial complexity of underwater environments were
sufficient to favor planning in predator-prey contexts, planning may be difficult to evolve in un-
derwater animals or likely to occur in diminished form relative to birds and mammals. A possible
exception, discussed above in the section on invertebrate planning, is cephalopods, which may
have unusual adaptations for high metabolic rate, including the use of diffusion of oxygen to sup-
ply the highly energetic skin display and reception system in addition to gill ventilation. There
is evidence, within species of squid, of temperature-corrected rates higher than mammals of
similar size53.

2 The sensory ecology of planning

The specific regime of our study is non-habitizable planning—environments so dynamic that
plan-based action selection, with its unique ability to rapidly propagate the value of future ac-
tions back to inform what the next action should be, is favored over habit-based action selec-
tion. In our study, the key factor advantaging plan-based action selection is the presence of
a mid-range level of occlusions. Such occlusions, such as terrestrial features like hillocks54

and biogenic structure such as shrubs, trees, and grasses, do not typically actively emit sig-
nals that can be strategically exploited, but rather are signal reflectors. This makes their use
contingent on one of two possibilities: 1) the perceiver has an imaging modality—vision or
echolocation; 2) the agent has an accurate and detailed cognitive map in combination with
cues from a non-imaging modality (or several in combination) that provides sufficiently precise
localization of a moving threat or opportunity. Regarding the first possibility, vision is clearly
used by many animals for this purpose (see Discussion). Echolocation, a more recent inno-
vation in mammals55, provides good resolution and fast update rates but is range-limited by
power requirements56. Nonetheless, sound propagation through water is as favorable as light
propagation through air, so underwater echolocators can gain substantial range advantage over
aquatic vision56. We would expect our results to generalize to terrestrial mammals engaged in
echolocation-guided behaviors provided range is sufficient, and the environment has the ap-
propriate level of lacunarity. It does not appear that aquatic environments meet this criterion.
Regarding the second possibility—the use of a cognitive map in combination with non-imaging
modalities—our study provisioned an accurate cognitive map to both predator and prey (Meth-
ods), so vision was only needed for predator localization. However, predators emit olfactory,
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mechanical (substrate vibration), and auditory cues. Given the olfactory dominance of many
mammals, including rodents and elephants57,58, with evidence of cognitive maps59,60, the use
of a cognitive map in combination with a non-imaging modality seems quite likely to occur for
survival in non-habitizable contexts. In the absence of a cognitive map, or given an incomplete
or inaccurate cognitive map, an animal may need to rely on habit-based action selection or on
imaging modalities for planning.

In habitizable planning, where planning generates action sequences initially used for advantage
over relatively stable features prior to being shifted over to the habit system, olfaction, audition,
path integration, and somatosense are all relevant. Hearing provides range and fast updates,
but spatial resolution of sound emitters is generally poor outside of owls that hunt by precise
sound localization. Olfaction provides long range, a slow update rate, and variable resolution
depending on whether the odor is on a substrate or dispersed in air. It may be immensely
important for the generation and indexing of a cognitive map, particularly in many olfaction-
dominant mammals such as rodents and elephants57–61. Cognitive maps have many uses
that are independent of planning, such as present location on a map62 and corrections to a
dead reckoning system63. This may result in broader phylogenetic distribution of this trait than
planning, with evidence for its presence in fish41,64,65, in turtles42, and in insects66.

3 Planning in invertebrates

The selection and maintenance of behavior is a need of all mobile animals. In terms of habits,
the basal ganglia is a crucial structure in vertebrates, and genetic and molecular evidence
points to the occurrence of a preceding structure in the last common ancestor of arthropods
and vertebrates67. Our study suggests that with respect to a visually guided behavior, predator-
prey encounters, certain terrestrial environments—those gappy enough to reveal and hide ad-
versaries at long distances (necessitating vision) so that strategizing pays off—confer a selec-
tive benefit to planning. A major obstacle for the same set of factors to select for planning in
similar conditions for invertebrates is their very low visual acuity, with a median of 0.25 cycles
per degree (cpd) for insects and only up to 0.4 cpd for crustaceans68. Here, a fascinating ex-
ception is provided by two invertebrates, one terrestrial and one aquatic: the jumping spider,
at 13 cpd (similar to passerine birds), and cephalopods, at 46 cpd—only lower than primates
and raptors. The jumping spider shows evidence of planning while stalking its typically station-
ary prey, orb-weaver spiders69,70. Cephalopods have exceptionally large brains and unusually
high metabolic rates (partly accomplished by combining diffusion of oxygen through the skin
in addition to gills; one species of squid measured at a temperature-corrected metabolic rate
higher than mammals of the same size53). The planning abilities of cephalopods have yet to
be measured, although it is certainly clear that they have unusually complex cognition71. Some
have pointed to the complexity of controlling what is, essentially, an infinite-degree of freedom
body, a muscular hydrostat with eight arms. A more interesting possibility, relating back to
their exceptional visual acuity—which, given the evidence shown in Supplementary Figure 1,
cannot be for long range vision—is provided by the fact that their skin is akin to a very high
resolution video display, containing millions of neurally controlled pigment cells72 as well as
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phototransduction elements73,74. This allows projecting detailed and rapidly changing patterns
for camouflage around predators and for deception during sexual competitions71,75. During
sexual competitions, a male will get between a female and rival, simultaneously displaying the
female pattern to the rival on one side of its body and the male pattern to the female on the
other side of its body75. This is a possible context for a selective benefit of non-habitizable
planning without extended sensory range, as it occurs at close quarters with slow changes in
position.

In both the camouflage and sexual competition contexts, we can observe a logic similar to
that underlying the selective benefit of long-range vision interacting with patchy structure on
land: “I see the predator, and if I move there, it will also see me unless I rapidly alter my skin
pattern” in the case of camouflage; and “the male thinks I’m a female, and if I move there, it will
see that I’m a male unless I rapidly alter my skin pattern” in the case of sexual competitions.
The possibility of task logic driving convergence of neural function has been more thoroughly
discussed elsewhere76.
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Supplementary Figures
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Supplementary Figure 1: Visual range data for a 30 cm black disk versus eye diameter. Visual range was
calculated50 for bright daylight (noon, no clouds), moonlight, starlight, clear water, and coastal water. For reference,
typical human eye diameter is 24 mm. The water clarity used for the clear water range estimate (in full sun, at
a depth of 10 m) is based on a very clear sample taken in the Bahamas. The water clarity used for the coastal
water estimate (also full sun) is based on water typical of freshwater bodies and saltwater near coastlines (Baseline
model in our prior work50), These values are an upper bound on possible visual range for a black disk (as detailed
previously50). The fundamental reason for the increase in visual range in air is the level of light attenuation in
water compared to air. Light intensity, at its most penetrating (blueish) wavelengths, decreases to 37% of its original
value at distances of about 20 m (the attenuation length) in perfectly clear water—only approximated at the deepest
reaches of oceans50. In comparison, air has an attenuation length of 10,000–100,000 m50. For less than full sun,
or for more naturalistic contrast ratios than a black disk provides, range decreases rapidly50. This results in aquatic
visual ranges on the order of one body length50,77 for coastal and freshwater biomes where much of aquatic life is
concentrated. Given body sizes in the range of meters, and typical locomotion speeds on the order of a body length
per second, these range estimates show that visually-guided decision making often has to occur on the order of a
second underwater. Above water, the same visual system (after corneal shape changes to correct for the different
index of refraction) provides ≈100 times more time for these decisions to be made. The absorption and beam
attenuation data used for the clear water range simulation were measured near Lee Stocking Island, Bahamas on
May 17, 2000 during the Coastal Benthic Optical Properties (CoBOP) program sponsored by the Office of Naval
Research, and the data is courtesy of Curtis Mobley, Sequoia Scientific, Inc. Measurements were with a WETLabs
ac-9, and made according to the manufacturer’s protocols for instrument operation and processed according to
NASA protocols for these measurements78. Eye design courtesy of Vecteezy.com.
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Supplementary Figure 2: Aquatic versus aerial visual scenes, and the hypothesis under test of how these
habitats affect the utility of habit- versus plan-based action selection in a critical visually-guided behavior.
a Example of an aquatic visual scene79 from Current Biology, Vol. 27 Issue 14, Dan E. Nilsson, Evolution: An
Irresistibly Clear View of Land, R716, Copyright (2017), with permission from Elsevier. b Example of a terrestrial
visual scene that depicts a shrubland at dusk (”Outback sunset” by Kathleen, used under CC BY 2.0 / Cropped
from original). c Example of a terrestrial visual scene in which long action sequences such as stalking takes place
(”Zebras and giraffe” by Cathy T, used under CC BY 2.0 / Cropped from original). d Dynamic scenes at short sensory
ranges, typical of the sensory ecology of aquatic environments50 (e.g. (a)), affords habit-based action selection.
Aquatic behaviors are typically short range, and predator-prey interactions are at close quarters, requiring rapid and
simple responses. e Planning under situations that are not continuously dynamic. Even with short sensory range
(e.g. olfaction), after the prey learns and updates its cognitive map about the location of static food sources (bushes,
and berries) and possible threats (predator den), it can use its cognitive map to devise paths to avoid threats80 or
get to food81. After a period of time these devised paths can be compiled into habit (black arrow). f Planning in
dynamic situations with long visual range. The long visual ranges afforded by terrestriality (≈100 times larger than
aquatic visual ranges (Supplementary Figure 1)) could possibly enable animals with appropriate circuitry to plan
over the contents of the sensorium, rather than over the cognitive map. This in turn would allow for the imagining
of multiple possible futures (solid and dashed black arrows) followed by selection of the option with higher expected
value (solid black arrow).
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Supplementary Figure 3: Prey success trajectories with respect to visual range. Heatmaps of all action se-
quences taken by the prey that resulted in prey survival at maximum planning level (5000 states forward simulated),
with color density proportional to frequency. Color bar action frequencies range from 1–138, dependent on visual
range. This representation shows that across visual ranges, the prey strategy remains the same. Longer visual
ranges enable the prey to turn away from a sensed predator at a greater distance, allowing it to escape. Survival
paths are aggregated across all tested predator locations (n = 20), and total number of episodes (n = 100). Source
data are provided as a Source Data file.
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Visual range 5
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Visual range 1
t = obsevation t = obsevation + 2 t = obsevation + 4 t = obsevation + 6
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Supplementary Figure 4: Uncertainty growth as a function of visual range. Heatmaps depict the spread of
the prey’s belief state based on its knowledge about how the predator moves (both speed and randomness). The
variance of the prey’s belief state changes with the number of time steps that the predator is out of the prey’s visual
cone, and the prey’s visual range. A random episode with at least 6 unobserved time steps was chosen, and the
policy implemented by the prey from the onset of observation to 6 time steps ahead was implemented. During the
prey’s implementation of this action sequence, based on the initial predator observation, the predator location was
randomly sampled and moved according to the predator model (N = 1000). The location of the prey is depicted in
teal, the actual location of the predator is depicted with an orange boundary, and the extending cone is the prey’s
visual cone (1 & 2: pink, 3: purple, 4 & 5: green). Source data are provided as a Source Data file.
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Supplementary Figure 5: Prey success trajectories with respect to environment entropy. Heatmaps of all ac-
tion sequences taken by the prey that resulted in prey survival at maximum planning level (5000 states forward
simulated), with color density proportional to frequency. Color bar action frequencies range from 1–115, dependent
on environment entropy. This representation shows that at low and high entropy success paths are fairly stereo-
typical. In contrast, in midentropy environments, with the emergence of multiple viable futures, success paths are
dissimilar. Survival paths are aggregated across all randomly generated environments per entropy level (n = 20),
random initial predator location (n = 5), and total number of episodes (n = 50). Source data are provided as a
Source Data file.
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Supplementary Figure 6: Survival rate and prey success paths with limited visual range. a Mean percent
change in survival rate (computed as [survival rate with limited visual range minus survival rate with unlimited visual
range] divided by [survival rate with unlimited visual range]) versus visual range in environments that had prey
success path spreads above the 75th percentile for prey with ‘unlimited’ visual range (n = 30) (see Methods). The
fill indicates ± s.e.m. of percent change in survival rate across selected environments. With both full visual range b
For three different environments (rows), we illustrate how success path diversity varies with visual range (columns).
Heatmaps are of all action sequences taken by the prey that resulted in prey survival at the maximum planning level
(5000 states forward simulated), with color density proportional to frequency. Success paths for full visual range are
given for the same predator start location. Color bar action frequencies range from 1–62, dependent on environment
entropy and visual range. Survival paths are aggregated across all randomly generated environments per entropy
level (n = 20), and total number of episodes (n = 50). c High path spread indicates that the success paths are
highly dissimilar. Within the boxes, the vertical line corresponds to the mean, the shaded region corresponds to the
s.e.m., and the box extent corresponds to the 95% confidence interval of the mean. The lines extending from the
boxes show the range of the data (n1 = 19, n3 = 26, n5 = 26, and nfull = 26). MWU tests (two-tailed) across visual
ranges: U1,3 = 238.5, U3,5 = 201.5, U5, full = 231.0 (** p < 0.008; n.s. is not significant p = 0.43). Source data are
provided as a Source Data file.
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Visual range 1
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Supplementary Figure 7: Uncertainty growth as a function of visual range. Heatmaps depict the spread of
prey’s belief state based on its knowledge about how the predator moves (both speed and randomness). The
variance of the prey’s belief state changes with the number of time steps that the predator is out of the prey’s visual
cone, and the prey’s visual range. A random episode with at least 6 unobserved time steps was chosen, and the
policy implemented by the prey from the onset of observation to 6 time steps ahead was implemented. During the
prey’s implementation of this action sequence, based on the initial predator observation, the predator location was
randomly sampled and moved according to the predator model (N = 1000). The location of the prey is depicted in
teal, the actual location of the predator is depicted with an orange boundary, and the extending cone is the prey’s
visual cone (1: pink, 3: purple, 5: green). Source data are provided as a Source Data file.
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Supplementary Figure 8: Predator success trajectories with respect to prey visual range. Heatmaps of all
action sequences taken by the predator that resulted in predator capture of the prey, with color density proportional
to frequency. Color bar action frequencies range from 1–579, dependent on visual range. This representation
shows that across visual ranges, the predator strategy remains the same. Predator success paths are aggregated
across all tested predator locations (n = 20), and total number of episodes (n = 100). Source data are provided as
a Source Data file.
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High eigen-
centrality region

Supplementary Figure 9: Example prey success trajectories and high eigencentrality regions. Heatmaps of
all action sequences taken by the prey that resulted in prey survival at the maximum planning level (5000 states),
with color density proportional to frequency. Color bar action frequencies range from 1 for low, to 92 for the most
saturated color, dependent on entropy level. The pink box indicates the high eigencentrality region. Survival paths
are aggregated across all randomly generated environments per entropy level (n = 20), random initial predator
location (n = 5), and total number of episodes (n = 50). Source data are provided as a Source Data file.
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Supplementary Figure 10: Example prey success trajectories and corresponding environment eigencen-
trality. Example environments and their eigenvector centralities. Color densities of each cell are proportional
to the metric. Transition regions from low to high eigencentrality—based on a change in gradient and value of
eigencentrality—are shown by the red box. The pink box highlights the increase in path spread that corresponds
to regions of high eigencentrality. Survival paths are aggregated across all randomly generated environments per
entropy level (n = 20), random initial predator location (n = 5), and total number of episodes (n = 50). Source data
are provided as a Source Data file.
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Supplementary Figure 11: Sample images from the Okavango Delta, Botswana and their corresponding bi-
nary images and lacunarity plots. Images from the Okavango Delta in Botswana providing example landscapes
across the range of mean lacunarity values in which planning results in higher survival rates when compared to
habit than habit (≈0.7–1.0). Each spans ≈16 ha (800 m × 800 m). This geographic region is considered to be a
modern analogue of the early hominin paeloenvironment82,83. Research suggests that the environments that ho-
minins lived in after branching from chimpanzees 6–7 million years ago were composed of open areas of grassland
interspersed with dense and moderately dense woodlands with trees and bushes83. Prior studies hypothesize a
connection between habitat patchiness and the evolution of bipedalism, which facilitates easier navigation between
patches and exploitation of food in open regions given its more favorable locomotion energetics83,84. Images are
from Google Earth, imagery date November 1 2018 (copyright 2020 CNES/Airbus). Binary images were generated
manually from the source images using Adobe Photoshop. Lacunarity analyses of the binary images were per-
formed using the FracLac plug-in85 for ImageJ86. Box size is in pixels. Coordinates of the image locations (decimal
degrees) and image sizes: (a) Coordinate: -19.229956, 22.986520. Image size: 1507×1442 pixels. (b) Coordi-
nate: -19.216485, 22.925382. Image size: 1208×1134 pixels. (c) Coordinate: -19.335282, 22.914340. Image size:
1462×1312 pixels. Image originals and source data are provided within Source Data files.
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Supplementary Tables

Supplementary Table 1: Lacunarity values for different environments

Environment Value (ln
(
Λavg

)
) Reference

Coastal Aquatic Environment Lacunarity Values (ln
(
Λavg

)
)

Fine and coarse sand flat seabed asymptotic - unary image Data from87 Synthetic
aperture sonar (SAS) image
near La Spezia Italy, and
SAS image Riga, Latvia

Seagrass with small patches
covering <7% and ∼13% of
sampled area

1.16–1.26 Data from88 Geographical
information system (GIS)
coverage samples from
Owen Anchorage and
Cockburn Sound region
south of Fremantle, Western
Australia. Additional
reference89

Structured Aquatic Environment Lacunarity Values (ln
(
Λavg

)
)

Seagrass with small patches
covering ∼37% of sampled area

0.18

Seagrass with medium patches
covering 16%–25% of sampled
area

0.40–0.45

Seagrass with medium patches
covering 31%–37% of sampled
area

0.25–0.27 Data from88 Geographical
information system (GIS)
coverage samples from
Owen Anchorage and
Cockburn Sound region
south of Fremantle, Western
Australia. Additional
reference89

Seagrass with large patches
covering 17%–21% of sampled
area

0.42–0.46

Seagrass with large patches
covering 32%–45% of sampled
area

0.12–0.13

Salt marsh spatial distribution of
plant species

0.03–0.49 Data from90 Skallingen salt
marsh in southwestern
Jutland, Denmark

Continued on next page
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Supplementary Table 1 – continued from previous page
Environment Value (ln

(
Λavg

)
) Reference

Coral reefs in the Upper Palaezoic
Era

0.41 Data from17 Norwegian
Barents Sea

Modern day coral reefs 0.23–0.41 Data from17 Alacranes Reef
and data from91 Hawaii and
the Carribean

Terrestrial Environment Lacunarity Values (ln
(
Λavg

)
)

Herbaceous rangeland
(ecosystems dominated by
grasses and forbs92)

1.34

Shrub rangeland (ecosystems
dominated by woody vegetation92)

1.19 Data from16 central coast
region of California; land use
land cover data developed by
the US Geological Survey

Mixed rangeland (ecosystems
where more than one-third of th
eland is a mixture of herbaceous
and shrub or bush92)

0.26

Typical grazing land (shrub
rangeland)

1.2 Data from93 semi-arid
Mediterranean region of
Israel

Acre with groves 1.35
Meadow 0.63 Data from94 normalized

digital surface
Meadow with fruit 0.56 model (NDSM) from German

low-range mountain area in
Baden-Wurttemberg

Orchard 0.47
Terra firme forest 0.23 Data from95 rainforest at

Caxiuana, Para, Brazil.
Additional references12,96
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Supplementary Table 2: General parameters used for all simulations

Parameter Value Note
Environment size 15 × 15 The environment size was chosen to

have both a large state-space and be
feasible in terms of duration of
simulations given our compute time on
the cluster used for this study (Methods).
While the advent of terrestriality
increased visual range by a factor of 100,
within this environment we were only
able to simulate an increase of at most a
factor of 5 due to this size limitation for
computational expediency. The x- and
y-coordinate values for location are
∈ [0, 14], with the origin at the bottom left.

Prey initial
location

(7, 0) Prey initial location was chosen
arbitrarily and was fixed across all
computational experiments

Predator initial
location

Predator initial location was chosen
randomly from unoccupied cells.

Safety location (7, 14) Safety location was chosen arbitrarily
and was fixed across all computational
experiments

Predator pursuit
strategy

75% aggressive, 25% random Pursuit probabilities were chosen
arbitrarily, however the pac-man example
provided in Silver et al.’s work34 also
uses this same pursuit strategy. The
randomness places importance on the
prey observing the predator. After each
observation the randomness in predator
pursuit strategy causes belief state
diffusion (Supplementary Figure 4 &
Supplementary Figure 7). In the case of
100% aggressive pursuit, after one
observation the prey would know exactly
where the predator is after each
subsequent time step.

Continued on next page
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Supplementary Table 2 – continued from previous page
Parameter Value Note
Predator:Prey
speed ratio

1.5 With 50% probability (drawn from a
Bernoulli distribution) the predator moves
2 cells ahead. Therefore, on average the
predator is 1.5× faster than the prey.
This speed falls within typical terrestrial
predator pursuit speeds relative to prey
of 1.2–297,98.

Rewards -1, -25, -100, +1000 At each time step the prey is required to
move; movement of one square received
a reward of -1. If the prey hit the wall or
an occlusion it received a reward of -25.
If the predator occupied the same cell at
the same time step as the prey the
episode terminates and the prey
receives a reward of -100 (death). If the
prey is able to reach the safety position
the episode terminates and the prey
receives a reward of +1000 (survival).
These values are from Silver et al.34.

Tested
environment
entropies

Entropy 0.0: 0±0 occlusions ; Entropy
0.1: 3±0 ; Entropy 0.2: 9±1 ; Entropy
0.3: 13±1 ; Entropy 0.4: 20±2 Entropy
0.5: 28±3; Entropy 0.6: 35±3 ; Entropy
0.7: 45±3 ; Entropy 0.8: 59±4 ; Entropy
0.9: 75±3

Number of states
the prey forward
simulates

Fixed within trial, but varying across
trials, this parameter took these values:
1, 10, 100, 1000, 5000 for Simulation 1,
and 100, 1000, 5000 for Simulation 2.
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Supplementary Table 3: Parameters for POMCP (Plan-based action selection)

Parameter Symbol Value Note
Exploration
constant for
PO-UCT

c 100 During the within tree search (over
nodes that have been visited) the value
of an action is augmented by an
exploration bonus that is highest for
rarely tried actions
Q̃(s, a) = Q(s, a) + c

√
logN(s)
N(s,a) . This

scalar constant determines the relative
ratio of exploration to exploitation. Thus,
when c = 0 the explored nodes are
selected greedily. The value chosen was
set to the value used by Silver et al.34.
Changing the value of c, especially
lowering it to close to 0, could possibly
change the survival rates, but is unlikely
to change the overall trend we see.

Softmax inverse
temperature
parameter

β 3 Experimental work on human and animal
decision making has found that the
stochasticity in the observed behavior
can be captured by softmax
policies99,100. The parameter β controls
how diffuse the probability of choosing
an action is. As β →∞ the actions are
chosen greedily, and at β = 0 actions are
chosen randomly. This seemingly low β
value is a consequence of the sizes of
the rewards: very negative at death, and
very positive at survival. This value
ensures that most action are chosen
greedily from the constructed tree.
Increasing β would cause more actions
to be chosen greedily, and though
unlikely, could increase survival rate, but
similar to before, would not change the
overall observed trend, since the same β
value is used in all simulations.

Continued on next page
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Supplementary Table 3 – continued from previous page
Parameter Symbol Value Note
Discount factor γ 0.95 The discount factor affects the weight of

the future rewards. Therefore, γ = 0 will
result in state or state-action values to
represent only the immediate reward. On
the other hand, γ = 1 will make the agent
consider the cumulative effects of long
term rewards. Lowering the discount
value will decrease the agents
cumulative reward at survival, and will
increase the impact of the negative
reward given at each time step. Thus,
this might cause behaviors such as the
agent going towards the predator, since
the overall imagined cumulative reward
might end up being lower. Increasing the
γ won’t have any foreseeable effect,
although γ = 1 could have divergence
problems. The value used was taken
from the experiments done by Silver et
al.34.

Rollout count 200× 1.25Env. entropy∗10 In POMCP if a node has not been
previously visited in order to determine
the value of the node, random action
rollouts are carried out. The rollout,
similar to the actual simulation,
terminates if the prey reaches the safety
position or if the predator catches the
prey. Therefore, the only stipulation is for
the rollout count to be high enough so
that the prey encounters either of the
termination conditions. In environments
where there is not a lot of clutter around
200 was found to be more than enough.
When clutter is added to the
environment, the nature of random
action rollout, causes the agent to need
more time steps. The above modulation
to the base line of 200 random rollouts
was found to be sufficient.
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Supplementary Table 4: Parameters for PRQL (Habit-based action selection)

Parameter Symbol Value Note
Softmax
temperature
parameter

τ 0 This parameter controls how diffuse the probability of
choosing a policy from the policy library is. Initially τ
is set to 0, therefore the first chosen policy from the
policy library is always random. In consequent trials
τ is updated by: τ = τ + ∆τ . This value was set to
the value used by Fernandez et al. 101.

Incremental
increase of τ

∆τ 0.001 This parameter controls how fast the softmax
temperature parameter increases. As τ →∞
policies from the policy library are chosen greedily
based on their weight. Given reward values, this
increment allows for continual exploration after one
implementation. If this value was increased, it would
inhibit the agent from exploring other policies which
might also result in favorable outcomes. Decreasing
this value would result in policies to be chosen
randomly over more trials. This value was set to the
value used by Fernandez et al. 101.

Discount factor γ 0.95 Was kept the same as the discount factor that was
used in plan-based action selection (Supplementary
Table 3).
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