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Abstract

Agents do not generally interact with the entirety of their phys-
ical environment equally. What matters to them depends on
their morphology, sensory interface, embodied dynamics, and
action repertoire. This paper formalises some of these ideas
and illustrates them for Braitenberg vehicles. We distinguish
the agent’s physical environment from its habitat, understood
as the effective world disclosed once particular constraints of
a class of agents are taken into account. We then provide a for-
malisation of physical environment and habitat, and describe
a systematic way to construct the latter from the former. To
do so, we model the agent’s environment as a partially ob-
servable Markov decision process (POMDP) and describe the
habitat as another POMDP in the form of a quotient or coarse-
grained version of the environment. This coarse-graining is
obtained by identifying environmental differences that induce
the same observations and coarse-grained dynamics under
every admissible action. For the standard 2b vehicle in an
isotropic light field, the resulting habitat removes absolute po-
sition around the source while retaining distance and relative
heading. We then sketch three stylised variations of vehicle
2b, with analogies to a sunflower, a sea urchin, and a crab,
to illustrate how different morphologies, sensory interfaces,
dynamics, and action structures suggest different candidate
habitats. This provides a possible operationalisation of a habi-
tat for minimal agents, under an explicit modelling choice
about the agent-environment boundary.

Code available at: https://github.com/
mbaltieri/BraitenbergHabitat

Introduction

The notion of an environment for an agent, i.e. percep-
tual features and actions constructed or carved out from its
larger surroundings based on the agent’s sensory and motor
apparatuses, is at the centre of various treatments of em-
bodied (Clark, 1997; Baggs and Chemero, 2021) and enac-
tive (Varela and Rosch, 1992; Thompson, 2007; Di Paolo
et al., 2017) cognitive science, as well as of earlier work that
influenced those traditions, see e.g. Merleau-Ponty (1942).
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This is often captured by the concept of umwelt, describ-
ing a closed unit of perception and action that characterises
an agent as it navigates its surroundings (von Uexkiill and
Kriszat, 1934; von Uexkiill, 2010).

The term “umwelt”, however, has been used to refer to
different ideas over the years, perhaps even by von UexKkiill
himself (Brentari, 2013, 2015; Feiten, 2020, 2024). One of
these interpretations is more ontological, relating “umwelt”
to some notion of subsystem of the physical environment that
is relevant to a typical agent (e.g. a typical living organism
belonging to a species), and is closely related to affordances
in ecological psychology (Gibson, 1979). Another interpreta-
tion leans towards an epistemic stance, aiming to characterise
an agent-centric perspective of what may constitute an effec-
tive environment that is relevant from an agent’s subjective
point of view, and better aligns with a constructivist position
typical of enactivist approaches to sense-making (Varela and
Rosch, 1992; Thompson, 2007; Di Paolo et al., 2017). In an
attempt to reconcile the insights of ecological psychology
and enactivism, recent work has argued that umwelt should
be distinguished from both i) the environment as physical
reality (here simply addressed as environment) and ii) the en-
vironment as habitat for an agent (Baggs and Chemero, 2019,
2021), see also (Feiten, 2020, 2024) for a similar distinction.
On this view, a physical reality corresponds to everything
that exists across different spatial and temporal scales of a
particular choice of universe (e.g. the one we inhabit, or an
artificial one specified by the rules of a cellular automaton).
A habitat, on the other hand, is a part of that reality specified
by the constraints of how some groups of agents operate,
e.g. the members of an animal species that can perceive and
make use of affordances at a certain spatio-temporal scale.
Following this, the umwelt would then be a part of the habitat,
the environment for an agent shaped by its individual learn-
ing and sensorimotor history. Habitat and umwelt thus play
importantly different roles. An umwelt is the individually
enacted perception—action world of an organism and may
therefore vary with its action policies, sensorimotor history,
and specific circumstances. A habitat is less individualised,
in the sense that it is the part or scale of physical reality that
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defines the effective physics of a species or agent type, given
constraints common to agents of the same type, such as its
morphology, sensory interface, and action repertoire.

These conceptual proposals do not, however, clarify in
what sense the habitat is part of the environment and how
the former is carved out from the latter. In this work, we
formalise this by taking a common definition of environment
as a partially observable Markov decision process (POMDP),
and introducing habitat as another POMDP obtained as a
coarse-graining of the environment POMDP. This coarse-
graining aggregates states that are indistinguishable from the
perspective of a class of agents, in the sense that they lead to
the same observations for agents of the same kind. Notably,
in this formalisation a habitat is not a subsystem (a subset
of states and actions closed under transition and observation
maps) or a component (a system obtained from a factorisa-
tion) of the environment, as it is sometimes understood in
the literature. It is a quotient that retains the environmental
distinctions and dynamics available at the level of a relevant
agent—environment interface.

Our exposition focuses on minimal models of autonomous
agents, Braitenberg vehicles (Braitenberg, 1984), with the
aim of studying in detail examples of structural constraints
on how these simple agents produce actions from sensory
readings or observations. By doing so, we shed light on the
question of how the specification of such constraints affects
a vehicle’s habitat, while leaving a formalisation of umwelt
to future work.

Related work

Our investigation of habitats is inspired, on the technical
side, by the idea of bisimulation equivalence in concurrent
systems (Sangiorgi, 2009), and particularly by its categorical
generalisations (Rutten, 2000b; Jacobs, 2017) with appli-
cations in reinforcement learning, to Markov decision pro-
cesses (MDPs) (Zhang et al., 2021a,b) and partially observ-
able MDPs (POMDPs) (Castro et al., 2009; Rosas et al., 2025;
Zhang et al., 2026), and neuroscience (Baltieri et al., 2025b).

Studies on observers in control theory (Wonham, 1976;
Hepburn and Wonham, 1984) propose a similar approach
that predates much of the work on bisimulation equivalences
as discussed here, but the connection is only made clear us-
ing generalisations that came later, see for instance (Rutten,
2000b; Baltieri et al., 2025a). Informally, bisimulation equiv-
alences capture the idea that a given (dynamical) system can
be quotiented by an equivalence relation on the states of the
system that generate outputs that are not distinguishable by
an observer or agent, while preserving the system’s transition
and output maps. The notion of indistinguishability depends
on the choice of the equivalence relation and on what is
considered to be the output of the system.

Building on proposals in reinforcement learning and neu-
roscience, in this work we use these ideas to formalise the
fact that an agent can only distinguish certain aspects of its

environment while interacting with it. Consider for instance
the notion of visible spectrum, the band of the electromag-
netic spectrum that is visible to the human eye. This already
captures a definition of indistinguishability for the human
eye by specifying parts of the spectrum that are outside the
visible one. This definition is not tied directly to the envi-
ronment, but to the way an agent interacts with it. Consider
for instance how some insects we share an environment with
have a rather limited visual understanding of our visible spec-
trum, but at the same time possess the ability to see parts
of the ultraviolet spectrum which are not directly visible to
us (Philippides et al., 2011; Cronin and Bok, 2016). Building
on this idea, we assume, for now informally, that if a change
in the environment is registered by an agent, in the sense that
it can be observed or measured by it, then this can be used to
describe part of the environment for an agent.

This work is also inspired by Ay and Lohr (2015), who
formalise a definition of umwelt in a measure-theoretic frame-
work, focusing on the difference between extrinsic and in-
trinsic perspectives. We believe that our definition of habitat
is closely related to a non-measure-theoretic version of their
notion of extrinsic perspective.

Technical background

We now review a few core parts of standard reinforcement
learning setups, which constitute the backbone of our techni-
cal proposal. We start with an environment, presented as a
POMDP (Puterman, 2014; Kaelbling et al., 1998; Sutton and
Barto, 2018). A POMDP is a way of describing a stochastic
open dynamical system in terms of stochastic hidden states,
inputs, and outputs. Here, we use this as a description of the
physical environment of the agent.

Definition 1 (Environment as a POMDP). A partially
observable Markov decision process is a tuple Q =
(S,A,T,0, M), where:

¢ S is the state space,
* A s the action space,
* O is the observation space,

e T:5x A— P(S) is the transitions map, where P(.5) is
the set of distributions over S such that for a given state
s and action a, T'(s, a) gives a probability distribution of
states an agent can transition to from state s while taking
action a, often written as p(s’ | s, a),

* M : S — P(O) is the observation map where P(O) is
the set of distributions over O such that for a given state s,
M (s) gives a probability distribution on observations p(0)
for a given state s € S, p(o | ).

In standard (online) reinforcement learning, an agent
uses its sensorimotor history, given by sequences of past



observation-action pairs, to achieve its goals by learning a pol-
icy often expressed as a map 7 : B — P(A), where B is the
space of belief states, sufficient statistics (in a Bayesian sense)
of histories h; = (o0p,aq,...,0t—1,at—1,0) of action-
observation pairs (Kaelbling et al., 1998; Murphy, 2025).
The policy 7 is selected to maximise the expected cumulative
discounted reward, also known as expected return, based on
past and current experiences acquired through meaningful
interactions with the environment. '

In practice, however, an agent often only interacts with
parts of its environment. This could be due to spatial con-
straints (localised interactions), time constraints (different
time scales between parts of the environment and an agent)
or simply to having different interfaces (limiting what the
agent can observe (Rosas et al., 2025)). This implies that
much of the structure of a particular environment may be
irrelevant for an agent, at least for a specific task (Zhang
et al., 2021b; Javed and Sutton, 2024). To formalise this idea
as a form of agent-relative environmental abstraction, it is
useful to consider the notion of bisimulation equivalence on
(PO)MDPs (Givan et al., 2003; Castro et al., 2009; Rosas
et al., 2025).

Definition 2 (Indistinguishable states as a bisimulation
equivalence). Let Q be a POMDP and B C S x S be an
equivalence relation of states of Q. An equivalence relation
B is a bisimulation equivalence on Q (Rosas et al., 2025) if,
whenever two states s, s’ € S are equivalent, (s, s’) € B, the
following conditions are satisfied for p(-) € P(-):

(i) plo|s)=plo]|s) Yoe O
(i) p(c|s,a)=p(c|s,a) Vee S/B,Vae A

where S/ B is the set of equivalence classes and p(c | s,a) =
T(s,a)(c) denotes the mass assigned by the transition kernel
T'(s,a) to the equivalence class ¢ € S/B. In the discrete
case, this reduces to p(c | s,a) = > ... p(5 | 5,a).

Informally, two states are equivalent in this sense if they
look the same to the agent and, under any fixed action, evolve
in the same way at the coarser level defined by the equiv-
alence classes. Interestingly, for the fixed reactive policy
considered below, the first condition on equal observations
also implies equal realised actions. The second condition, on
the other hand, quantifies over all possible actions a € A,
regardless of whether they are realised by a particular agent.

Remark 3 (Different notions of bisimulation equivalence).
One might weaken condition (ii) by quantifying only over ac-
tions associated with a given fixed policy m. We do not adopt

ISince we won’t be considering learning in this work, we won’t
spell out a formal definition of expected return, and similarly we
won’t consider rewards and discount factors directly. It is however
not difficult to think of a POMDP’s observations as a combination
of a quantity observable by the agent and a reward signal, so that
O = O’ x Reward, meaning that rewards can in general be seen as
folded in the observation space.

this alternative for three reasons. First, tying the equivalence
relation to a single fixed policy would make the definition dif-
ficult to apply when the policy changes through learning (Sut-
ton and Barto, 2018), or when an agent can select among
several policies (Levine et al., 2020). This problem does
not arise for the Braitenberg vehicles considered here, which
have fixed deterministic policies, but we want the proposed
notion of habitat to apply beyond this special case. Second,
if only the actions actually realised from a particular initial
condition were considered, the resulting equivalence relation
would depend on the trajectory generated from that condition.
Even under the same policy, different initial states may lead
to different observations and realised actions, and hence to
different quotients. A habitat would then vary between differ-
ent runs of the same agent, or even between different initial
conditions for the same individual, rather than describing
an environment relevant to a class of agents. Such depen-
dence on individual history is more naturally associated with
umwelt. Third, one might instead quantify over the complete
range or support of 7. This avoids dependence on a single
trajectory, but it still considers, at a given state and time,
actions that the policy selects only under other observations
or histories and therefore could not select in the present cir-
cumstances. > We therefore define habitat at the level of the
embodied observation and action interface, and ask which en-
vironmental distinctions remain irrelevant under every action
admitted by that interface. Policy- and history-dependent
reductions may instead contribute to a future formalisation
of umwelt.

Definition 2 is given at the level of general stochastic
POMDPs, where bisimulation is expressed by equality of
observation laws and equality of transition mass assigned to
equivalence classes. For the Braitenberg vehicles considered
below, this level of generality is not needed, since their dy-
namics and observation equations are deterministic. In that
setting, the bisimulation conditions can be rewritten more
concretely in terms of equality of observations and equality
of quotient successors. The following remark records this
deterministic form of Definition 2, which is the form used in
the subsequent analysis of vehicle 2b.

Remark 4 (Deterministic specialisation). In the determin-
istic case considered below for Braitenberg vehicles, there
existmaps ' : S x A — Sand G : S — O such that
T(s,a) = dp(s,q) and M(s) = d¢(s). Hence condition (i)
reduces to G(s) = G(s’). Moreover, for any equivalence

%A possible way to handle this is to make the available actions
depend on the current state (Bakirtzis et al., 2025). On this account,
MDPs are formulated using a state—action space A equipped with
amap ¢ : A — S, so that the actions available at s € S form the
fibre A; = 1)~ '(s), rather than assuming that the same action set is
available at every state. An analogous extension to POMDPs could
allow a bisimulation relation to compare only the actions available
at each particular state. We leave this extension to future work.



class c € S/ B, we have

, =0 s,a = 1
pc]s,a) = d0p(s.a)(c) 0 otherwise.

{1 if F(s,a) € c,
Therefore condition (ii) reduces to the requirement that, for
every a € A, the successors of s and s’ lie in the same
equivalence class. Equivalently, if ¢ : S — S/B is the
quotient map, then condition (ii) can be written as

4(F(s,a)) = ¢(F(s,a))  Vae A

As shown, for instance by Rutten (2000a), a bisimulation
equivalence induces a quotient POMDP whose states are the
corresponding equivalence classes, with transition and obser-
vation maps inherited from the original POMDP. Quotient
POMDPs can thus be used to describe the effective world for
an agent solving a particular problem. This will give us a
formal notion of habitat, where the relevance of the environ-
ment for the agent is captured by a bisimulation equivalence,
i.e. where irrelevant information is quotiented out of a given
POMDP.

Definition 5 (Habitat as a quotient POMDP). Let Q be
a POMDP and let B be a bisimulation equivalence on Q.
The induced quotient POMDP is a POMDP ' with state
space S’ := S/ B, the same action and observation spaces,
transitions 77 : S’ x A — P(S’) where p(c | [s],a) =
p(c | s,a) with [s] is the equivalence class s belongs to, and
observation map M’ : S — P(O) where p(o | [s]) == p(o |

These assignments are well-defined because, by Defini-
tion 2, equivalent states induce the same observation law and
the same transition law on equivalence classes. One can think
of a quotient POMDP as a POMDP whose state space is a
(state) coarse-graining of a given POMDP, i.e. a structure-
preserving coarse-graining (a surjective map on states) of the
original POMDP, generalising the equivalent definition for
MDPs (Ravindran and Barto, 2003). Importantly, different
bisimulation equivalences on the same environment POMDP
may induce different quotient POMDPs. We therefore do
not assume that a habitat model is unique or that a chosen
quotient is maximally coarse. We also note that our defini-
tion makes some simplifying assumptions, with action and
observation spaces equal to those of the original POMDP,
cf. (Nietal., 2024).

Remark 6 (Different notions of bisimulation equivalence).
An on-policy bisimulation (Castro, 2020) offers another pos-
sibility: it compares only the transitions produced when a
fixed policy is followed. Besides the difficulties discussed
in Remark 3, however, this changes the kind of quotient pro-
duced. Once the policy 7 has been incorporated into the
transition law, and in the stochastic case its actions have been
averaged out, the resulting system no longer accepts actions

from the original action space A. Its natural quotient is there-
fore an autonomous Markov process with observations, rather
than a POMDP retaining the environment’s original action
interface. Formally, this process can still be represented as
a POMDP with the singleton action space A = {x}. Such a
representation is degenerate, however, because the alternative
actions that could have been applied to the original environ-
ment are no longer present. Our aim is instead for a habitat
to remain the same general kind of object as the environment,
i.e. a POMDP that takes a current state and an action and
determines distributions over the next state and observation.
This allows the habitat to be interpreted as a restricted version
of the environment, rather than merely as the process gener-
ated by one particular policy. Other choices are possible, but
they are not considered in the present construction.

This notion of habitat can thus be interpreted here as a
coarse-grained version or abstraction of the environment in
which the agent acts. More precisely, the quotient POMDP
should be read here as a formal model of habitat for a given
environment, i.e. relative to a specified agent-environment
factorisation or boundary, rather than as a stand-alone notion
of “habitat”. The coarse-graining that shapes the habitat is
relative to the embodied interface encoded by the POMDP: its
morphology, sensor modalities, observation map, transition
dynamics, and action space, as we explore next.

A Braitenberg vehicle’s environment

POMDPs are popular in model-based reinforcement learn-
ing (Sutton and Barto, 2018) and cognitive neuroscience (Parr
et al., 2022) as a way to describe how agents learn a model
about the environment they mainly use for planning. This
is, however, seemingly at odds with some areas of artifi-
cial life research, condensing ideas from embodied and en-
active cognitive science into a research program for seem-
ingly “representation-free” agents (Harvey, 1992; Beer, 1995;
Van Gelder, 1995; Beer, 2000; Harvey, 2008). A prototyp-
ical example of this program is given by Braitenberg vehi-
cles (Braitenberg, 1984), agents that solve tasks involving
running towards or away from a particular stimulus using a
rather trivial, stateless, configuration of a few wires that ap-
pear to suggest no internal model is employed or even needed
to display adaptive and goal-directed behaviour. For a recent
review of their applications see (Shaikh and Rafi6, 2020), and
for analyses of various technical aspects of these vehicles’
behaviour, see for instance (Rafé, 2012; Hotton and Yoshimi,
2024).

In what follows, we will use POMDPs as part of a math-
ematical formalism to describe environment and habitats of
some standard Braitenberg vehicles, and some new varia-
tions we introduce here. This should not be interpreted as
suggesting that these simple agents learn or store some kind
of internal model of their environment or habitat. Further-
more and perhaps counter-intuitively, while using tools from
reinforcement learning, we will not in fact consider any stan-



dard notion of learning in our treatment. Our models of
environment and habitat ought to be simply regarded as a
(convenient in our opinion) way of specifying the constraints
on the sensorimotor couplings of these agents.

Table 1: Symbols used in the environment and habitat mod-
els.

Symbol Meaning

Xcentre € RZ  Vehicle centre position
X;, X, CR?  Left/right sensor positions
© C (—m,m]  Absolute heading

O C (—m,n] Signed heading relative to the stimulus

Xstim C R? Stimulus position

Rgody € Rso  Body radius

Vi,V., CR Left/right wheel speeds

0,0, CR Left/right sensor readings
RCRxo Source-centred radius of Xcentre

R, R, € R>og Source-centred radii of the sensors
d C (0, 27] Source-centred polar angle of Xcentre

Braitenberg vehicles 2 and 3 are classical examples of
minimal adaptive agents that include only two sensors (e.g.
stimulus sensors), one mounted on each side, and two motors,
each driving one of the left or right wheels. Their behaviour
is enacted by fixed connections between sensors and motors,
which may be excitatory or inhibitory and either ipsilateral
(same-side) or contralateral (cross-side). Their environment
can be described as a deterministic POMDP, given next. 3

For this, fix once and for all a stimulus position zstim, €
Xstim and a body radius rgegy € Rpody- We assume
Zstim & Xcentre and that the transition dynamics preserve
Xcentre- We also assume that X centre 18 invariant under rota-
tions about zsti,. These will be treated as model parameters
rather than dynamical state variables. Accordingly, the mod-
els below are to be read relative to the fixed choice of param-
eters (Zstim, TBody)- Maps that depend on these quantities are
therefore written as parameter-indexed families, rather than
as maps with Xsim or Rgogy as additional varying inputs.

Example 7 (A Braitenberg vehicle’s environment). Follow-
ing the POMDP structure of Definition 1, we have:

* the state space S := Xcentre X O,

* the action space A .=V} x V.,

* the observation space O = O; x O,,

e transition dynamics given by the product of the follow-
ing maps, updating position and heading of the vehicle

3Our definition is for discrete-time systems. We note that this
isn’t how Braitenberg vehicles are usually depicted, however there
isn’t much of a difference as long as we assume that sensory readings
are instantaneously passed to the wheels (delay can in fact severely
affect the behaviour of the vehicles).

respectively,

Centre : T
fX . XCentre X O x W XV, — XCentre
&Y 1O xV,xV, =0, (1

* an observation map given by the sequential composition
of the following two maps, the first one converts the vehi-
cle’s pose (centre position and heading) to positions of the
sensors and the second one gives stimulus readings at the
positions of the sensors,

[ Body : XCentre x 0 — Xl X Xr

Sensor
o Xy x X = O1 x Oy 2)

This example fixes a particular factorisation of the overall
system into agent and environment. The POMDP includes
the vehicle’s pose, body geometry, sensor geometry, and kine-
matics in the environment model, while its observation and
action spaces specify the interface through which a controller
interacts with that model. A particular Braitenberg wiring is
represented by a reactive deterministic policy 7 : O — A.
Since the habitat relation used here quantifies over every
a € A, the resulting quotient is relative to the chosen inter-
face but not to, e.g. the particular wiring of vehicle 2b. Other
agent—environment factorisations are possible; for example,
the body and its kinematics could instead be included on the
agent side of the boundary. We leave such alternatives to
future work.

The specific transition and observation maps depend on the
vehicle’s body and sensor geometry and on the stimulus dy-
namics. We model a circular differential-drive body with two
lateral sensors and two wheels, assume instantaneous sensing,
and omit walls, occlusion, drag, and friction. The stimulus
is an isotropic point light whose intensity depends only on
source distance. Symbols are listed in Table 1 while numer-
ical parameters and implementation details are provided in
the code. We now focus on vehicle 2b.

A Braitenberg vehicle’s habitat

Braitenberg vehicle 2b is characterised by two excitatory
contralateral connections. The behaviour of the vehicle
is specified by the following policy, for (0;,0,) € O and
(ar,a,) € A, for some constant gain k € Rx:

ar=k-o, a=k-o,. 3)
A sample trajectory is shown in Fig. 1.

This vehicle is aptly characterised as aggressive, since if
the stimulus is directly in front of it both sensors receive simi-
lar inputs, both motors spin at similar rates and so the vehicle
accelerates towards the stimulus, in some sense attacking
it, with behaviour that appears as aggressive or attraction-
seeking. If the stimulus is to the left, the left sensor receives
more input, the right motor spins faster than the left and the
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Figure 1: An example trajectory of Braitenberg’s vehicle 2b.

vehicle turns toward the stimulus, vice versa if it is on the
right.

The environment used by vehicle 2b is the POMDP in Ex-
ample 7 with fixed parameters and maps. Its habitat, however,
depends on which distinctions are relevant to this vehicle. We
therefore begin by identifying states of the environment that
are indistinguishable for vehicle 2b.

Remark 8 (Indistinguishable positions). If the vehicle is
rotated around the light source while keeping fixed its head-
ing relative to the source, then its sensory readings do not
change. This means that it cannot distinguish the correspond-
ing change in its Cartesian position, see Fig. 2.

Figure 2: Braitenberg vehicle 2b and what it can distinguish:
this vehicle is insensitive to its position on isocontours, or
level sets, centred around the stimulus, provided that the
signed relative heading 0™ is the same. The body of the
vehicle is drawn as a rectangle for graphical convenience, but,
for simplicity, implemented as a circle in the simulation.

This follows first from an observational symmetry:

isotropy of the light field and fixed sensor geometry imply
that a common rotation around the source leaves the two sen-
sor readings unchanged. However, observation equality alone
is not sufficient for bisimulation. The transition condition
established below additionally uses the rotational equivari-
ance of the vehicle dynamics under every wheel-speed action
a € A. States with the same distance from the source and the
same relative heading are therefore candidates for identifica-
tion independently of the particular 2b wiring.

To capture this formally, for a state s = ((z,y),0) € S,
define

qan(s) = (II(x,y) - (335tim,y5tim)|\,wrap(7r — (60—

arctan 2(y — ystim, 7 — xstim)))) )

where wrap : R — (—m, 7| denotes the canonical represen-
tative modulo 27, i.e. it maps any angle to the unique angle
in (—, 7| that differs from it by an integer multiple of 2.
Thus, gop can be read as passing from Cartesian coordinates
to source-centred polar coordinates and then forgetting the
absolute polar angle (by projecting it to the one-element set,
® — {x}). In other words, ¢o5 keeps only how far the vehi-
cle is from the source and how much it would need to turn
to face it, while ignoring where it sits around the source in
absolute Cartesian terms. More formally, g3 is the orbit map
for rotations about the source. A rotation by « acts on a state
by rotating the vehicle’s position about zs;i, and adding o
to its absolute heading. The observation map is invariant
under this rotation, and applying any fixed action a € A to
two states related by the rotation produces successor states
related by the same rotation. Consequently, states in the same
rotational orbit have the same image under qop.

Proposition 9. Under the rotational invariance of the obser-
vation map and the rotational equivariance of the one-step
dynamics for every a € A, the kernel relation of qap is a
bisimulation equivalence on the POMDP of Example 7.

Proof sketch. Let Bg, C S x S be the relation defined by

q26(8) = qav(s'). (5)

This is the kernel relation of gg;, i.€. it identifies states that
have the same reduced description under gop.

Now suppose (s,s’) € Bg,. Then s and s’ have the
same distance from the source and the same relative heading.
Equivalently, they differ only by an overall rotation around
the source. By isotropy of the light field and fixed sensor ge-
ometry in body coordinates, such a rotation does not change
the distances of the sensors from the source, and therefore
does not change the sensory readings. Hence the observation
map takes the same value on s and s’

Now fix an action a € A. The one-step updates of the
vehicle are compatible with the same rotation: changing only

(s,8') € Byy <=



the absolute polar angle rotates the translational increment
by the same amount, while the angular increment depends
only on the wheel velocities and body geometry, not on the
absolute polar angle. Therefore the successors of s and s’
again have the same image under g2, and hence still belong
to the same Bgj-equivalence class. Thus equivalent states
have identical observations and, for every action, transition
to the same quotient class. Therefore By, is a bisimulation
equivalence. O

We use this to define the habitat of vehicle 2b.

Example 10 (A Braitenberg vehicle’s habitat). Follow-
ing Definition 5, we define the habitat as the POMDP given
by:

* the state space S’ :== R x O,
* the action space A .=V x V.,
* the observation space O = O; x O,

 deterministic transition dynamics given by the product
map

frR:Rx O™ xV;xV, - R,
foa : Rx 0 x Vi x V; — 0, (6)

* adeterministic observation map given by composing

B Rx O 5 R xRy,

Sensor

fstim : By x R — Oy x O (7

This quotient depends on the vehicle type’s morphology,
observation map, embodied dynamics, and wheel-command
interface. Since Proposition 9 establishes equivalence un-
der every action, the resulting habitat is not specific to the
contralateral 2b wiring. This means that, while Eq. (3) deter-
mines the trajectory realised by vehicle 2b within this habitat,
the quotient itself remains valid for other reactive controllers
sharing the same embodied interface.

Candidate habitats for some exotic vehicles

In this section we sketch three stylised modifications of ve-
hicle 2b. Their projections are candidate coarse-grainings
of (r, 6", not proved quotient POMDPs, because their full
observation and transition maps are not specified. We use
them here as informal outlines of different possible habitats
given the same environment, showing how different bodily
constraints in the same isotropic light field can make different
aspects of the world behaviourally salient.

Braitenberg sunflower

Our first variation is the Braitenberg sunflower, a vehicle
whose centre is pinned to the ground, so that it can only
reorient itself and cannot translate towards or away from the
source. We also assume that the two sensory readings are
normalised so that only their directional contrast matters, not
their overall magnitude given by the distance from the source.
This suggests the projection

QSun(ra Hrel) = erel’ (8)

whose kernel relation identifies states that agree in signed
relative heading while ignoring distance.

This indicates a directional candidate habitat, i.e. config-
urations with the same signed bearing are identified, while
distance from the source is ignored. Since the body is pinned
and overall light intensity is normalised away, only reori-
entation relative to the source remains salient, much like a
sunflower tracking the sun by reorientation rather than loco-
motion.

SR \@}@

Figure 3: Braitenberg sunflower. This vehicle is pinned at
its centre and can only reorient itself. Once overall intensity
is normalised away, all lights on the same bearing from the
body look the same to it.

Braitenberg sea urchin

Our second variation is the Braitenberg sea urchin, having a
radially symmetric body with no privileged front, capable of
moving directly in any planar direction. Unlike the ordinary
vehicle 2b, it does not need to reorient before moving. We
assume that its sensing is isotropic, so that what matters is
how far the source is from the body, not the angle at which it
appears around it. The following projection

Qurchin (T’, erel) =, (9)

has kernel relation identifying states that agree in distance
from the source while ignoring relative heading.

This suggests a radial candidate habitat in which states at
equal source distance are identified. It also requires further
assumptions, which we do not develop here. For instance,
because of the quantifier over all actions in condition (ii), ac-
tions must themselves be rotationally invariant, for example,
radial inward and outward actions.



Figure 4: Braitenberg sea urchin. This vehicle is radially
symmetric and has no privileged front. With isotropic sens-
ing, all lights at the same distance from the body look the
same to it.

Braitenberg crab

Our last variation is the Braitenberg crab, a vehicle with a
fixed body axis that moves laterally rather than by turning
towards the source. For such a body, the central distinction is
whether the source lies to the left or to the right of the body.
This suggests the coarser projection

L if sin(6™!) > 0,
Gerab(r,0"") = C' if sin(0™') = 0, (10)
R if sin(6!) < 0,

whose kernel relation identifies states according to whether
the source lies to the left of the body axis, on it, or to the
right of it.

This supports the idea of a categorical, lateral candidate
habitat that discards distance and angular magnitude while re-
taining whether the source lies to the left of the body axis, on
it, or to its right. This partition is coarser than the sunflower’s
angular partition, but it is not comparable by refinement with
the sea urchin’s radial partition. The centre class contains
both collinear cases, the source directly ahead and directly
behind, which may need to be treated separately in a fuller
model. For this projection to induce a quotient POMDP, the
transition dynamics must also preserve these three categories
under every action.

Figure 5: Braitenberg crab. This vehicle moves laterally
and responds to the source through a body-centred left-right
distinction. All lights on the same side of the body look the
same to it.

Taken together, these three examples illustrate a simple

point. Even in the same isotropic light field, changing the
body’s constraints changes the environment that is relevant
to the agent. The sunflower foregrounds direction to the
source, the sea urchin responds to distance from it, and the
crab retains a left-right distinction relative to its body.

Conclusions

In this work, we proposed a formal way of distinguishing
the physical environment of a Braitenberg vehicle from its
habitat, understood here as the effective environment relevant
to its morphology, sensory interface, transition dynamics,
and action repertoire. More precisely, we modelled the envi-
ronment as a POMDP and the habitat as a quotient POMDP
induced by a bisimulation equivalence that identifies states
with the same observations and equivalent coarse-grained
transitions under every action.

For Braitenberg vehicle 2b, this construction shows how a
habitat can arise as a coarse-graining of the physical environ-
ment. In particular, under the isotropy assumptions adopted
here, states that differ only by absolute position around the
source while preserving distance and relative heading are
identified. This yields a formal example in which a habitat
emerges from the agent’s lack of sensitivity to some features
of the environment while retaining others.

We also introduced three alternative variations of vehicle
2b in the same isotropic light field: a Braitenberg sunflower,
a Braitenberg sea urchin, and a Braitenberg crab. These
examples sketch some informal candidate habitats illustrating
how different bodily constraints can make different features
of the world relevant to the agent. The sunflower is sensitive
to the direction of the source, but cannot move towards it. The
sea urchin is sensitive to the distance from the source, and
can move towards it without reorienting. The crab reduces
the world further to a body-centred left-right distinction of
whether the source lies to the left or to the right of the body
axis.

More broadly, the paper offers a formal operationalisation
of habitat under a particular agent-environment factorisation.
Future work should extend this analysis by giving a fuller
formal treatment of these variations and by investigating
how a notion closer to umwelt might emerge from habitat
so as to capture individual history, learning, and subjective
perspective. Furthermore, since the present construction iden-
tifies the quotient analytically from a known environmental
symmetry, extending the approach proposed here to more
complex systems will require integrating existing methods
for symmetry detection, model-based partition refinement,
and approximate bisimulations.
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