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ABSTRACT

Geography and neuroscience share a core interest in understanding human be-
haviour in spatial environments. Yet, interdisciplinary collaboration is often limited
by differences in methodology and epistemological assumptions. To help bridge this
divide, we introduce a translational link between cognitive models of spatial pro-
cessing in neuroscience and representations of geographic space. Building on long-
standing theories that the brain predicts possible futures, the predictive map hy-
pothesis suggests that locations in space are encoded according to their association
with possible locations in the future. Here, we adapt a formal instantiation of this
idea, the successor representation (SR), to urban space resulting in the geographic
successor representation (gSR). We show that this cognitive model of geographic
representation produces compelling unique features of urban space while remain-
ing closely aligned with brain mechanisms of spatial processing. We outline several
promising directions for extending this work, and propose that the gSR and its vari-
ants may provide spatial representations capable of supporting deeper integration
between geographic and neuroscientific research.

KEYWORDS

spatial cognition, computational neuroscience, cognitive maps, spatial
representation, street networks

1. Introduction

There is broad evidence that the structure of geographic space has a deep connec-
tion with human spatial behaviour (Golledge 1992, Coutrot et al. 2022). Urban design
shapes how we mentally understand space, how we navigate through it, and even
how we respond emotionally and physically within it (Hillier and Iida 2005, Hack-
man et al. 2019, Pykett et al. 2020). The structure of urban space has an influence
on geographic phenomena, as movement choices give rise to the emergence of crowd-
ing, congestion, and other collective social dynamics (Batty 2007, Manley and Cheng
2010). With emerging technologies and new data collection methods, it is now possible
to observe behaviour across real-world environments in far greater detail. This creates
unprecedented opportunities to rigorously link geographic space, human behaviour,
and sociospatial processes with ecological validity. Practically, such links could moti-
vate new, and enhanced, designs of urban systems (Pappalardo et al. 2023).
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Yet fully evidencing the impact of the space on spatial behaviour and, in turn,
geographic phenomena requires a robust set of explanatory variables that quanti-
tatively explain the precise influences of geographic form and structure on human
navigators. For decades, geographers have relied upon Euclidean space and geometric
features as an adequate representation of human-environment relationships. Several
attempts have been made to challenge (Tobler 1976, Golledge and Hubert 1982) and
propose alternatives (Cohn 1997, Tomko et al. 2007, Goodchild et al. 2007, Yuan 2024)
to the Euclidean representation. The most widely used alternative to the Euclidean
model of space is the ‘spatial network’, where feature associations and proximities are
derived from topological connections (e.g. between road intersections) (Barthélemy
2011). Spatial networks have been employed in GIScience and other fields, yielding a
set of measures suitable for spatial behavioural analysis, such as travel time (Salonen
and Toivonen 2013). Measures of centrality (Crucitti et al. 2006) for example, which
differentiate network features based on their location and connectivity, have shown as-
sociations with flows of pedestrians (Penn et al. 1998), commercial success of a shops
(Porta et al. 2012), and the occurrence of crime (Summers and Johnson 2017). The
definition of spatial networks from conventional geospatial data has had considerable
coverage in the literature, yielding a variety of approaches, many of which are based
on Euclidean distance measures (Porta et al. 2006, Jiang et al. 2008, Jiang and Jia
2011).

Despite advances in methods for quantitatively describing space, we still lack a
fundamental grounding that connects these measures to the cognitive mechanisms un-
derlying human behaviour. Without this grounding, targeted design interventions to
improve particular conditions for the human urban experience often lack robust causal
support. While existing experimental studies have provided some valuable conceptual
and empirical measures (e.g. findings from (Dalton 2003) supports use of angular min-
imisation), they rarely establish direct links between environmental structure and the
perceptual and cognitive navigational processes that guide everyday spatial behaviour.
There is a growing suit of evidence directly linking brain function with geographic
space. Coutrot and colleagues demonstrated how the street network structures expe-
rienced during childhood influenced future navigation abilities (Coutrot et al. 2022).
This study identified the street network entropy of a city (Boeing 2018) as a determi-
nant of navigation behaviour (while other network measures were shown not to have
an effect), but it is significant that this factor was not originally developed with a
link to human cognition. Findings from neuroscience have show how Euclidean dis-
tances alone are a poor predictor of geographic navigation behaviour, with evidence
of non-Euclidean representation across several studies (Warren et al. 2017, Baumann
and Mallot 2023, Peer et al. 2024). These findings have prompted interest in how
non-Euclidean or graph-like models influence spatial navigation (Chrastil and Warren
2014). Of most significance to geographic analysis is a study of London Black Cab
drivers, which showed how local transition entropy and the successor representation
(SR) of the street network plays a role in route planning efficiency (Fernandez Velasco
et al. 2025). The SR is particularly significant as it stands out as the only measure with
an empirical and theoretical link to neural mechanisms relating to spatial cognition. In
other studies, the SR is shown to replicate hippocampal place cell firing patterns, as a
prediction of future movement, and can reproduce activation of grid cells (Stachenfeld
et al. 2017). The SR has the potential to capture basic cognitive representations of
geographic space that underpin other spatial cognitive processes.

Beyond its use in behavioural studies, the application of the SR to interpreting
geographic space has not been explored, and therefore presents an opportunity for
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geographic analysis in enhancing the representation of cognition of space. The benefits
are not only to geographers. The development of cognitive representations of space are
of potential utility in interpreting behaviour in real-world spaces. Thus, constructing an
SR for geographic space has the potential to enhance the ecological validity of research
on environmental cognition across a range of real-world settings and disciplines.

This paper examines how the successor representation (SR) can be defined and ap-
plied within geographic space. We begin by reviewing conceptual parallels and method-
ological developments in GIScience and neuroscience, which have largely progressed in
isolation. We then outline how SR, as a model of brain activity, yields concepts that
can be translated into geographic space, and introduce a methodological framework for
doing so – defining the geographic successor representation (gSR). Next, we present an
initial implementation of this framework, and analyse the measures that emerge from
it. We conclude by considering the broader value of the gSR approach for GIScience
and identifying directions for future research.

2. Background

2.1. Geography and neuroscience

Geography and neuroscience both seek to understand how humans move through
space. Although geographers may be more interested in the determinants and im-
plications of spatial cognitive processing, while neuroscientists concentrate more on
the neural circuitry that supports navigation (Moser et al. 2017), the two fields share
a common conceptual terrain. Central to this overlap is the concept of the cognitive
map (O’Keefe and Nadel 1978): the idea that space is represented within the brain,
and that such spatial representations underpin human navigation and behaviour. Yet
barriers to collaboration remain, reinforced by a lack of common methodology and
representational conventions.

The concept of the cognitive map has been adopted within geography as a contrast to
objective measures of space, reflecting the concept that geographic features, interper-
sonal variation and prior experience are inherent in shaping spatial behaviour. Several
influential works have explored how geographic features, such as landmarks, areas (e.g.
neighbourhoods), boundaries, and surfaces (e.g. topography), influence or are inherent
to the cognitive map. Many studies have examined how cognitive maps are produced
and encoded within this conceptual framework, incorporating questions of individual
perception (investigated through diverse methodologies), language, and both individ-
ual and group differences (Ishikawa and Montello 2006). As large movement trajectory
datasets have become available in recent years, further evidence regarding how these
concepts shape human cognition has emerged (Bongiorno et al. 2021, Manley et al.
2015a). Where models of cognitive spatial representation do exist, these have tended
to adapt concepts from spatial cognition into geographic features (Manley et al. 2015b,
Filomena et al. 2020) or sought associations with spatial cognition after their incep-
tion (Penn 2003, Kim and Penn 2004). Research evolving from robotics has sought to
construct topological representations of cognitive space, but without implementation
in geographic models (Kuipers et al. 2003). Furthermore, these prior models make no
formal connection with brain processes, and have tended to conflate low-level cognitive
perception with higher-level inference and reasoning (e.g. travel times). There remains
an opportunity to derive a robust methodology for representing cognitive maps that
formalises a link to the brain, while enabling systematic integration with GIScience.
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In neuroscience, the concept of the cognitive map has been more grounded in the
brain structures that inform spatial cognition, primarily in the context of spatial nav-
igation (Behrens et al. 2018). As a result, neuroscience has established a comprehen-
sive model of brain circuitry supporting spatial navigation, primarily based on the
hippocampal formation, which is proposed to encode cognitive maps (Witter et al.
2014). In particular, the hippocampus contains neurons tuned to specific spatial lo-
cations known as place cells (O’Keefe and Dostrovsky 1971), while neurons in the
entorhinal cortex, monosynaptically connected to hippocampal neurons in a recurrent
circuit, exhibit hexagonally organized firing fields across an environment (Moser et al.
2008). Place and grid cells, along with a variety of other cell types identified in the
entorhinal-hippocampal loop, such as boundary cells (Solstad et al. 2008, O’Keefe and
Burgess 1996) and goal-vector cells (Sarel et al. 2017), form a diverse set of spatial
coding mechanisms in the brain that collectively represent a cognitive map of external
space.

Despite the advances in the neuroscience of spatial cognition, there are relatively
few ecologically valid studies in humans, providing evidence of their role in navigation
in real-world geographies. Technological innovations, such as mobile EEG (Electroen-
cephalography), support this transition (Stangl et al. 2023), but to date computational
neuroscience models of spatial cognition have not been implemented in geographic con-
texts.

Despite similar interests, shared taxonomy, and potential translational benefits, ef-
fective collaboration between geography and neuroscience remains relatively scant. A
point that has been highlighted by geographers several times in recent years. Montello
(2009), Portugali (2018), Downs (2018) and Manley et al. (2021) highlight that geog-
raphers could benefit from closer collaboration with cognitive neuroscience, and better
alignment with work on understanding brain structure and function. Schinazi et al.
(2016), who also highlight the potential for collaboration but suggest presently there
exists a “tenuous relationship at best”, suggest geographers take the theory-driven
approaches inherent to neuroscience to cognitive geographic problems. Pykett et al.
(2020) reflected on the role neuroscience can play in broadening our understanding
of factors such as urban wellbeing and stress, in the context of critical geographic
approaches.

According to Wilson (2022), interdisciplinary collaboration requires a shared view
of a system, a theory of how the system works, and the methods or models by which
to represent that theory. In considering collaboration between neuroscientists and GI-
Scientists, while the first two components may be established, both neuroscientists
and GIScientists understand that humans act within geographic space influenced by
a cognitive map, the third component has been lacking. Recent developments in both
computational neuroscience and GIScience suggest that a pathway for interaction may
be within reach.

Recent years have seen rapid advances in the theory, evidence, and models under-
pinning cognitive computation. In this context, a significant focus has resided upon
modelling the cognitive map, and its role in structuring knowledge and encoding re-
lationships between entities (Behrens et al. 2018, Burak and Fiete 2009, McNamee
et al. 2021). It is increasingly recognised that the cognitive map has relevance in both
spatial and non-spatial domains (Whittington et al. 2022), encoding structures of spa-
tially associated features or abstract concepts (such as personal relationships) (Peer
et al. 2021). These studies use reinforcement learning (RL) to model mechanisms for
cognitive computations based on cognitive maps (Behrens et al. 2018). Reinforcement
learning is the theory of how an agent learns to select actions in an environment in
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order to maximize the “reward” the agent receives (Sutton and Barto 2018). For ex-
ample, the agent may receive reward by moving selecting actions to move to particular
target environment positions. For example, a successful transition to a target spatial
location would result in a positive reward. Remarkably, a growing suite of research has
demonstrated how some RL models can predict patterns of human cognitive activity.
Several RL models have presented evidence that links value estimation with neural ac-
tivation during spatial navigation (Momennejad 2024, Behrens et al. 2018, Stachenfeld
et al. 2017). Of particular significance has been the application of the successor rep-
resentation (SR) methodology (Daw 2012) to predicting hippocampal activity. This
approach has been shown to predict observed activation patterns of place and grid
cells (Stachenfeld et al. 2017).

These findings have provided a formal computational link between cognitive maps
and how the brain generates rational behaviour, with implications for various aca-
demic domains, including geography. Rather than considering maps as Euclidean (as
originally proposed by Tolman (1948), and later by O’Keefe and Nadel (1978)), these
RL models associate the map to a set of states (e.g. places, landmarks) and transi-
tion probabilities, linked through a graph-like structure. This principle is not only an
artifact of an RL model, several studies point towards a graph-like structure to the
cognitive map (or “cognitive graph”) (Peer et al. 2021, Chrastil and Warren 2014),
as an explanation of non-Euclidean navigation behaviour (Warren 2019). It is argued
that Euclidean and non-Euclidean, graph-like structures may exist in parallel in the
brain, serving different purposes (Peer et al. 2021). Now we have a much stronger link
between the idea of the cognitive map, its underpinning neural structure, and how it
can be modelled.

A significant challenge in developing RL relates to representation (Whittington et al.
2022). How we abstract states and transitions from real-world perception is inherent to
how we model the cognitive map, and thus predict its role in shaping behaviour. Con-
siderations of representation is not a new concern for GIScience (Yuan 2001, Goodchild
et al. 2007), and there is an opportunity to consider how our existing models of space
relate to the production of a cognitive map. To date, despite the extensive work on
RL in the context of spatial navigation and cognitive maps, there has been no explicit
linkage to geographic data. The production of a geographic model of cognitive space,
based on RL, has significant potential to a) strengthen the use of perceived differences
in distance and location arising from spatial cognition in GIScience, and b) produce
avenues for collaboration between computational neuroscience and geography.

2.2. Reinforcement learning and successor representation

Reinforcement learning (RL) aims to characterize the process of learning how to select
actions appropriately. This learning process takes place within a Markov Decision Pro-
cess (MDP), which specifies the learning environment (i.e. the states s ∈ S, actions
a ∈ A, and rewards R(s, a)) for an RL agent which receives input about the envi-
ronment state and selects actions (Sutton and Barto 2018). A prominent class of RL
algorithms, known as value-based reinforcement learning, aims to learn a value V (s)
for each state (s0) that reflects the expected sum of rewards over future states (st):

V (s0) = E

[ ∞
∑

t=0

γtR(st)|s0 = s

]
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where γ is a discount factor that downweights distal rewards. The transitions between
states is controlled by a policy π, which, as the learning process progresses, is adjusted
to increase the probability of the agent entering states with high estimated value.

Within the context of spatial learning, the design of the environment is an important
consideration. The state within an MDP in a spatial context could represent a physical
location, such as a landmark, place, street intersection, or even a vista (Yan et al. 2019).
More abstractly, it could represent a status, such as ‘available’, ‘vacant’, or a vector
of values representing a condition which may not be directly observable to the agent.

RL algorithms are conventionally divided into two classes, namely model-free
(MFRL) and model-based (MBRL), with distinct implications for the efficiency and
flexibility of the resulting learning. Under MFRL, the agent moves through an envi-
ronment, undertaking trial-and-error in learning the best combinations of states and
actions that maximise reward. Within an MBRL setting, the agent learning is directed
via an internal model of the environment, which enables a planning of action selection
without actually exploring the environment physically (McNamee and Wolpert 2019).
The MBRL agent effectively contains a map of the environment, which grants a degree
of flexibility, since the agent can plan a novel route for a new goal. However, learning a
model of a large environment is computationally costly. An MFRL on the other hand,
does not build a map and is less flexible since it needs to adapt its policy based on
experiences from environmental interactions whenever the task, or reward function,
changes.

We suggest that the limits of both approaches have presented a barrier to the
uptake of RL more widely within GIScience. MBRL requiring extensive calibration
of the internal model in each new geographic setting. Each new context is different
and learning must begin from scratch. This does not align with our understanding
in geography, where we know that performance of one task (e.g. going to work) can
support or enhance learning of how to do another task (e.g. finding a shop). Although,
there is much research in RL agents on multi-task performance where algorithms are
developed to improve performance transfer between tasks (Schaul et al. 2015). We
also understand that some facets of behaviour are common across spatial contexts,
including in previously unseen environments. On the other hand, MFRL does not
construct any map-like model of space, which loosens the attachment to a specific
environment. However, there are a limited number of applications that are context-
free in geography. While applications in spatial environments are feasible (e.g. (Chen
et al. 2019)), these are generally within constrained settings, and are not reflective
of how humans undertake similar navigation tasks (e.g. in reference to internal or
external maps).

The successor representation (SR) (Dayan 1993) provides an alternative approach
to model-free and model-based reinforcement learning, with significant potential im-
plications for geography. The SR encodes the structure of an environment in the form
of future state occupancies. That is, the representation of a state s is a vector corre-
sponding to the rate at which the agent will occupy all states in the future. Many of the
tenets of geographic analysis are underpinned by principles of dependencies between
current and associated locations. Spatial relations are shaped by characteristics such
as proximity (Tobler 2004), attraction (Wilson 1971), and propensity to generate flows
(Hillier and Iida 2005), among others, that are replicable across geographic contexts.
The SR provides a structure that can embed spatial relations as a ‘prior’ within the
RL value function, avoiding overspecifying a model for a location, such as with MBRL,
or rejecting all notions of geography, as could be the case with MFRL.

This beneficial characteristic feature of the SR is evidenced by the decomposition
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of the value function Vπ according to:

Vπ(s) =
∑

s

Mπ(s, s
′)R(s′) (1)

where π is the policy, R is the reward function, and Mπ (the SR) is the expected
discounted occupancy of future states s′ following the state s:

Mπ(s, s
′) = Eπ

[ ∞
∑

t=0

γtI(st = s′)|s0 = s

]

where I(st = s′) = 1 if st = s′ else 0, at time t. Mπ is a matrix with |S| rows and
|S| columns where |S| is the number of states. Thus, each row corresponds to an
environment state, and the row vector is the expected number of times other states
will be occupied in the future. The critical implication of this decomposition (Eqn. 1)
is that, if the reward function is changed e.g. from R to R′, corresponding to a change
of agent goal or task, then the value function can be rapidly computed as the matrix-
vector product V ′

π = MπR
′. This endows SR-based RL (SRRL) with the flexibility to

rapidly adapt to changes in the reward function. In contrast, MFRL agents would have
to explore the environment in order to understand the new task R′ while MBRL agents
would have to use more laborious internal modeling algorithms (such as Q-DYNA) in
order to update the value function to V ′

π. While the SR can be computed analytically
as Mπ := (I − γT )−1 , it can also be learned online through environmental interactions
via temporal difference (TD) rules (Sutton and Barto 2018, Stachenfeld et al. 2017).

A body of literature has emerged in computational neuroscience that links the SR to
neural activity in the brain during spatial navigation (Stachenfeld et al. 2017, Russek
et al. 2017). The SR provides the basis for encoding both efficiency and flexibility in
learning and decision-making as apparent in neural processing (Gershman 2018). The
principle hypothesis is that the firing fields of grid cells and place cells, cell populations
that are proposed to encode a spatial representation in the brain, are structured in a
way that relates current position to future future. For example, the activity of place
cells are known to be skewed in the direction that an animal is likely to travel (Mehta
et al. 2000). Grid cell activity also gradually shifts over experience to positions that
animals are likely to occupy. Therefore, rather than the cognitive map representing
a static structure of locations, the proposal is that the map encodes potential future
states, facilitating the navigator with a degree of foresight on where to go next (Boccara
et al. 2019). The link between these future-oriented spatial representations in the brain
and the SR is that the SR provides a formal predictive theory regarding how and why
such neural receptive fields should be present relating current and future positions
(Stachenfeld et al. 2017).

The SR may hold broader significance for geography beyond serving as a model for
cognitive map formation. By encoding the associative structure between spaces, it en-
ables the development of novel cost measures that capture shared use, accessibility, or
connectivity. In this sense, the SR offers an alternative to conventional distance met-
rics—one grounded in the principles of cognitive neuroscience. This shared foundation
provides a compelling basis for integrating geographic and neuroscientific approaches
to spatial representation and behaviour.
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3. Framework for the Geographic Successor Representation

The previous section evidences significant potential value in the construction of a GI-
Science methodology for successor representations. In integrating the SR methodology
within geographic spaces, we can theoretically begin to construct geographic represen-
tations that reflect the neural activation patterns of humans navigating the space.
Furthermore, the resulting measures arising from such a model have the potential to
identify salient features of geographic space from geographic representation alone, sim-
ilar to how network centrality measures imply importance (Crucitti et al. 2006, Porta
et al. 2012). For the purpose of extending the SR methodology to geographic space,
and in view of the potential geographic properties emerging from the model, we will
refer to the geographic Successor Representation (gSR). There are several factors to
consider and explore in the construction of the gSR. These relate to how to embed geo-
graphic spaces within the formal framework of Markov Decision Processes (MDP) and
methodological concerns regarding the meaning and specification of reward functions
and the selection of model parameters. This exploration of possible configurations of
the gSR is not exhaustive, and aims to encourage further exploration in future work.

3.1. States and Actions

How should states s ∈ S and actions a ∈ A be defined in the geographic context?
A summary of possible configurations is provided in Table 1, supported by previous
geographic thinking on these structures (Golledge 1998).

The state is the basic unit from which the gSR is constructed. As such, while anchor
points and landmarks may capture a richer description of likely cognitive activation
in geographic space, our subjective definition of their importance pre-supposes their
location. The gSR allows us to reconstruct hippocampal activation from basic spatial
configuration, activation that may predict the locations of landmarks or semantically-
important features. Indeed, such activation in locations invoked by urban form, may
play a role in defining the semantic prominence (or aesthetic design) of a landmark. As
such, it is clear that a gSR should be constructed on the most basic unit in geography.
This unit could relate to a grid cell in raster space, as is often adopted in computa-
tional neuroscience, however there is little evidence that a grid cell has relevance to
spatial movement decisions. Given the focus on larger scale conceptions of space (e.g.
the perception of distance across a geographic region) that arise through movement
and exploration, we propose these units to be intersections or road segments. Road
network representations constrain possible transitions across space to those between
intersections. This abstraction aligns with the objective of considering movement at
the larger spatial scale, rather than at the scale of individual streets.

Actions reflect the possible transitions (or movements) between states, weighted
according to a transition probability (encoded within the transition matrix T ). Given
the definition of a state as an intersection, an action would relate to the adjacent
intersections, connected by road segments. In other words, this would arise in the
primal topological representation of the road network (Porta et al. 2006). If we were
to define a state as a road, an action would refer to a transition into an adjacent street
(e.g. a turn). This is referred to as the dual topological representation of the road
network (Porta et al. 2006).

In the context of geographic spatial navigation, the likelihood of transitioning be-
tween two states is determined by a distance-related cost imposed at an intersection,
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Table 1. Features of state space and candidate GIS features for use in gSR, with supporting evidence of
relevance and data availability measured in three categories (a: widely established data and methodology; b:

partially established methodology or data; c: weakly established data or methodology).

Param. Feature Description Evidence Avail.

State S Intersection Decision point Lynch (1960) a
Road Salient or semantic object Lynch (1960) a
Axial line Visual or cognitive feature Penn (2003),

Turner (2007)
b

Natural or
named streets

Semantic or cognitive fea-
ture

Jiang and Clara-
munt (2004), Jiang
et al. (2008)

b

Landmarks Landmark-based routing Lynch (1960),
Raubal and Win-
ter (2002)

c

Anchor points Variety of personal features Couclelis et al.
(1987)

c

Grid cell Arbitrary segmentation of
raster space

None a

Action A No weight All actions equally probable None a
Metric dis-
tance

Distance minimisation Many a

Time Time-based cost Many a
Angular devi-
ation

Turns away from current di-
rection inhibited

Dalton (2003),
Montello (1991)

a

Target devia-
tion

Turns away from target des-
tination inhibited

Bongiorno et al.
(2021)

b
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and as such, the dual representation is adopted for the gSR. The simplest assumption
would involve applying no variation in cost between subsequent states, in other words,
assigning a cost of 1 to all transitions. This approach would neglect any variation be-
tween road and junction types, and therefore ignores evidence from prior studies that
distance costs are are a product of neighbourhood design and structural characteristics
(Manley et al. 2021). It is also reasonable to consider Euclidean distance costs at the
scale of local transitions. Evidence suggests Euclidean distances are encoded within
brain, and used to determine continuous movements in open spaces (Peer et al. 2021,
2024). Measures that capture angular deviation, either in relation to the road network
or a perceived target location (e.g. a city centre), might better encode likely transi-
tions between adjacent states, and are simple to compute. In all cases a transition
probability can be constructed by:

pij = Pr(Xn+1 = j | Xn = i)

3.2. Learning Rates and Transition Biases

Future discount rates and transition biases (introduced through rewards) can also play
an important role in the construction of the gSR, and provide pathways to incorpo-
rating behavioural determinants of spatial learning. Table 2 summarises some of the
potential configurations of these parameters in construction of the gSR.

The discount rate (usually γ) determines how much distant states are discounted in
estimating value. Higher values (e.g. γ = 0.99) impose lesser constraints on the value
of distant states compared to low values. The discount rate can be useful in shaping
the scale at which decisions are taken. As noted by Momennejad and Howard (2018),
the discount rate can potentially be used to control the scale at which a decision is
taken. When navigating across larger spaces, or, where we can expect to visit states
quite far from an originating state then a high discount rate value would be imposed,
reducing the discount on distant states. Under conditions where only immediate states
are relevant, then a larger discount can be imposed corresponding to a lower discount
parameter. To borrow an example from Momennejad and Howard (2018), where one
is to consider where to buy lunch near one’s office, we might impose a higher discount
on distant states. But if we are considering a journey across town, we would more
likely want to make use of all potential state relations to aid navigation, and thus
impose a lower discount on distant states. Although theoretically feasible, there is an
absence of empirical evidence linking discount rate to scale and task type, meaning its
specific definition may be challenging. A similar concept to discount rate in GIScience
is distance decay. Distance decay may be implemented as the decay exponent within a
spatial interaction model, or in defining the kernel bandwidth within a Geographically
Weighted Regression (GWR) model. While decay functions similarly integrate the
value of distal states, they are not used in defining future transitions.

Transition biases can be imposed through introduction of rewards, as well as adjust-
ments to transition costs and state saliency. In the context of the gSR, transition biases
can be used to account for different characteristics of space, known to be important to
movement or spatial cognition. This could include introducing rewards that naturally
encourage learning that shape the gSR towards usually particular paths, such as fast,
safe, or reliable routes. Biases could also theoretically relate to possible destinations in
space (e.g. workplaces, points-of-interest), or sub-goals, bottlenecks (e.g. bridges), and
landmarks, that are likely to feature during path planning. Setting the biases in these
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Table 2. Other parameters of the gSR, with exemplar approaches and parameter ranges.

Parameter Approach Treatment

Discount rate γ Low discounting of distant states, favours
longer-distance navigation

∼0.95-0.99

High discounting of distant states, favours
short-distance navigation

∼0.5

Rewards R No rewards assigned None
Destinations (e.g. points-of-interest, work-
places)

By importance

Routes (e.g. motorways) By reliability
Bottlenecks and sub-goals By structural

character

contexts is feasible, and clearly adds behavioural realism, but there is limited empirical
evidence to support their definition. As mentioned in 2.2, rewards (R) are decoupled
from the computation of the SR, and used in the calculation of V (s) (Eqn. 1). The
exclusion of rewards allows the SR to be computed on the transition matrix, accord-
ing to M = (I − γT )−1, as outlined in 2.2. This approach implicitly assumes that the
SR is learnt through random walks across the state-space, where rewards are equally
distributed. Within GIScience, transition biases are generally limited to edge weights
applied to network models. These models are typically uniform (e.g. the same cost unit
applied to each weight), and there is no systematic pathway for integrating sub-goals
or rewards.

3.3. Computation and Properties

The computation of the gSR follows the approach outlined in 2.2, whereby the matrix
M is computed from identity I and transition T matrices. This derivation is similar
to that used elsewhere (e.g. Stachenfeld et al. (2017), Dayan (1993)), and is appropri-
ate where the transition matrix is fully known. For the purposes of introducing the
concept and the limitations of existing data explained above, we ignore rewards in
the construction of the gSR in this instance. This means we generate a model that is
essentially averaged for a population, although without a behaviourally realistic dis-
placement of people and activities within the space. The gSR is therefore generated
solely on the basis of the state-space we adopt and not any particular behaviour within
the space. The implications of these design choices are discussed in more depth in the
Discussion later.

There are several notable properties of the gSR. The matrix products of the gSR M
contain the expected discounted occupancy rates for every future state s′ from origin
state s. This matrix yields four properties with potential value in GIScience:

• The gSR (M) We propose the gSR as a formal instantiation of a cognitive
map of geographic space, directly related to neural activity underpinning spatial
processing. This predictive form of the cognitive map provides a basis for pre-
dicting future movements (e.g. navigation choices). Further gSR variations based
on environmental and behavioural biases can be used to explore interpersonal
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variation in map structure.
• Activation intensity (C(s)) Next we derive the spatial extent of M(s) for

all states (or network nodes), yielding a relative measure of the intensity of
the activation to local areas. States with higher activation intensity are those
with a heavily skewed distribution in its M(s) vector. We define a threshold for
capturing the intensity from s, based on density of highest M(s, s′) measures,
selected according to a threshold τs. Formally, this measure can be defined as:

C(s) = µ
(

conv
({

s′ ∈ S : M(s, s′) ≥ τ(s)
}))

, (2)

where µ represents a Lebesgue measure (e.g. area) of the state space M and τs
is a definable threshold.

• Predictive visitation (M(s, s′)) By capturing the future occupancy from one
state to another, the gSR encodes a measure of future visitation likelihood from
state s to state s′. The strength of the connection between two states in the
SR is indicative of the cognitive association between them, and thus provides
a measure of cognitive distance that can be contrasted against conventional
distance indicators.

• Predictive visitation inequality (B(s) =
∑

s′ M(s, s′) − M(s′, s)) For each
distance component M(s, s′) there is an alternative M(s′, s), which provides
an opportunity to consider asymmetries in state-state associations. This can be
computed for each state-state pair or, as we propose, as a sum difference for each
originating state to all other states. A negative B(s) suggests a location with
more expected visits from all other states, a positive B(s) suggests a location
with more expected visits elsewhere. We can view these as analogous to potential
state-space bottlenecks, where many paths converge on a single state, potentially
akin to commonly-known locations on the network. This property of the SR has
not been explored in navigation contexts previously.

4. Implementation

4.1. Case Studies and Data Sources

In order to demonstrate the validity and potential of the gSR approach to GIScience,
we present several case studies for London and Chicago. These cities were chosen
to ensure diversity in street network entropy (Boeing 2018), an important factor in
shaping navigation (Coutrot et al. 2022), geography, and city size.

Following the explanations outlined in the Methodology, the precise definition of
the gSR methodology is outlined as follows. The dual graph form is adopted for the
analysis, such that states (s ∈ S) relate to road segments and actions (a ∈ A) relate
to transitions between roads (e.g., turns). Transition probabilities (T ) are calculated
on the basis of angular deviation between consecutive road segments. To be precise,
for successive road states si and sj , the probability of transition is defined as Tij =
180−dij/

∑

k∈K 180−dik, where angular deviation d is taken to be in degrees, and K
incorporates all potential next states from si, including sj . For the reasons outlined
above, we take a simple approach to defining discount rate and rewards. Discount
rate is defined as γ = 0.99, which favours identifying links across large spatial scales.
Rewards are left undefined for these case studies, and as such, the gSR M is computed
from the transition matrix T as M = (I − γT )−1.
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The production of the gSR according to the definitions above can be accomplished
mainly through two open-source Python packages, osmnx, which uses OpenStreetMap
data to construct street network graphs and simplify topologies, and momepy, which
converts osmnx graphs into the dual form. The code used to develop the gSR has been
made available on Dryad (see Code Availability Statement).

4.2. Properties of the gSR

The gSR yields a matrix that maps the cognitive association between states, or loca-
tions in this context. Evidence from neuroscience suggests that a column of this matrix
M(s, s′) replicates place cell activity at state s. The remainder of this section reviews
various derived properties of the gSR, and considers the value of the representations in
deriving relevant facets of urban form. As there is no equivalent measure against which
cognitive association, or expected use, may be compared, the measures derived from
the gSR are compared against spatial indicators that indicate structural connectivity
or potential use. The similarities or discrepancies that arise against conventional mea-
sures can help indicate the relative novelty of the measure, and point to opportunities
for wider utility.

4.2.1. Activation intensity

The gSR matrix M with entries M(s, s′) captures the relationship between a state s
and all future possible states s′, and thus, for each state s provides an indication of the
spatial intensity of activation in relation to nearby successor states s′. The properties
of the distribution of M(s, :) may be informative as a measure of the structure of the
city. For example, a state which relies on several others to enable access to the wider
city (e.g. a dead end road, or tree-like structure) would result in a heavily skewed
M(s, :).

We can assess the intensity of the distribution of M(s, :) according to the spatial
density of the highest values. For this purpose, we set τs to take the top 1% of successor
states s′ from state s, according to values in M(s, s′). We then take the convex hull
of this subset of states, and calculate its area. The total area of this convex hull is
assigned to the originating state s to yield a measure of spatial intensity C(s). The
smaller the area, the more intense the peak in activation around that particular state.
This measure of intensity is then mapped for each state, to yield a spatial distribution
of state activation. The map of activation intensity for London and Chicago are shown
Figure 1.

The figures exhibit considerable heterogeneity in spatial activation intensity, with
several distinct regions of high intensity in both settings. The areas of higher intensity
show a stronger relationship between local spaces and expected visits than elsewhere,
and as such, appear to relate to higher local connectivity. Assessing the two contexts,
we see a correlation between this gSR intensity measure and local commercial districts
in London (e.g. Mayfair, Covent Garden, Bank) and Chicago (e.g. Fulton Market, River
North).

There appears to be some association between higher intensity and road network
density, so we take the Pearson (r) and Spearman (ρ) ranked correlations between
intensity C(s) and road network density, taken here as a count of other roads within a
250 metre radius. The correlation scores are r = -0.72 and ρ = -0.57 in London, and r
= -0.30 and ρ = -0.06 in Chicago, evidencing only partial association between network
density and intensity. This may be explained by the locations of lower intensity, which
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(a) London (b) Chicago

Figure 1. Spatial distribution of activation intensity C(s) in London and Chicago, based on the area of the
convex hull covered by the top 1% of M(s, s′) values for each road state. Spatial intensity is higher for areas
with more local connectivity and correlates with commercial districts for example.

tend to be associated with simpler geometries (e.g. highway and overpasses, bridges,
roads through parks), being less well integrated with the wider road network structure.
These areas are more strongly associated with environmental restrictions that support
for longer distance movements.

4.2.2. Predictive visitation

The association between states captured in M(s, s′) can be considered a prediction of
visitation from state s to state s′. On a neural basis, this measure can be considered
analogous to the prediction of place cell activity, in that place cell firing predicts
association with nearby, future locations (Stachenfeld et al. 2017). As such, it should
be compared against other conventional geographic measures of proximity. In this case
we consider four alternatives distances (d), three of these are calculated as pairwise
optimal paths computing using Dijkstra’s algorithm, based on metric distance, segment
counts, and angular change, the fourth distance measure used is Euclidean distance.
Pearson (r) and Spearman (ρ) ranked correlations are calculated between M(s, s′) and
d(s, s′).

Across all node pairs, the correlation coefficients are as shown in Table 3. As one
would expect, there is a strong ranked correlation between the distance measures and
predicted visitation. The negative correlations are indicative of the fact that higher
M(s, s′) measure, that is states that are afforded greater value, are related those that
are closer within d(s, s′). That is to say that conventionally nearer features are more
likely to visited from any given state. However, linear correlation measures suggest poor
alignment in all instances, reflecting potentially different distributions of the distance
measures. Results are consistent across both case study cities. Figure 2 shows these
data for two sample states from both cities. The figures show a skewed distribution in
gSR measures, signifying a strong bias towards local features relative to other distance
measures. Relatively little variation in gSR values can be found at states more than
around 1000 metres from the origin state. These distributions suggest that the gSR
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Table 3. Correlations for all states between M(s, s′) and conventional distance measures

City Distance measure Pearson r Spearman ρ

London Topological metric distance -0.41 -0.96
Cumulative angular change -0.45 -0.94
Topological segment count -0.45 -0.98
Euclidean distance -0.23 -0.23

Chicago Topological metric distance -0.49 -0.94
Cumulative angular change -0.51 -0.98
Topological segment count -0.56 -0.96
Euclidean distance -0.19 -0.27

does track distance, but offers a notable alternative distance measure to convention,
aligned to ranked distance along streets, but strongly biased by local context. While
there remain several methodological and conceptual factors meaning this measure can
not be yet proposed as a reliable estimate of any individual’s place cell activation in
geographic space, it does provides a theoretically grounded basis for producing distance
estimates inspired by brain cell activation.

4.2.3. Predictive visitation inequality

While predictive visitation (M(s, s′)) provides a measure of likely association based on
the gSR, measures of inequalities in predictive visitation highlight areas of potential
significance. Inequality, in this context, reflects an asymmetric visitation relationship
between pairs of states, such that M(s, s′) is different from M(s′, s). Where this occurs
consistently for a single state, or where there are more expected visits to one state
than others, may be indicative of the relative importance of a feature. This indicator
is termed B(s) in the Methodology above.

The production of B(s) for our case study cities is shown in Figures 3 and 4. The
maps highlight several conventionally ‘well-known’ routes and locations in each city.
River and rail bridges are highlighted in both contexts, as are major routes (e.g. Eu-
ston Road, Whitehall, and Regent’s Street in London, North Ogden in Chicago) and
intersections (e.g. Trafalgar Square, the Rotunda). These features appear to be where
located features hold high local importance, due to the confluence of local movements,
essentially forming ‘bottlenecks’ in the network. Several locations indicate lower promi-
nence than may be expected based on their infrastructure. These include the I-90 and
I-41 in Chicago, and Hyde Park Corner in London. While these locations are impor-
tant from enabling longer distance movements, they maybe relatively less important for
enabling local movements, especially considering the availability of alternative routes
nearby. As such, while these infrastructure enable faster movement across the network,
they present less of a bottleneck.

In the context of spatial network analysis, the most widely uses measures of promi-
nence are centralities computed from the road network. Betweenness centrality has
been shown to be associated with spaces of high flow, while closeness centrality is
associated with points of proximity to the wider network. Both measures may be rea-
sonably associated with features of particular salience. We compute centrality measures
using the same road network used for the computing of the gSR, and the tests shows
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(a) London (b) Chicago

Figure 2. Correlations between M(s, s′) and conventional distance measures for a randomly chosen state in
a) London and b) Chicago

.

(a) (b)

Figure 3. a) Spatial distribution of bottleneck prediction measure B(s) and b) relationship with betweenness
and closeness centrality measures in Chicago (with Spearman ρ and Pearson r correlation coefficients).
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(a) (b)

Figure 4. a) Spatial distribution of bottleneck prediction measure B(s) and b) relationship with betweenness
and closeness centrality measures in London (with Spearman ρ and Pearson r correlation coefficients).

no clear association between the inequality measures B(s) and centrality measures
for either network in either city. In Chicago, shown in Figure 3, betweenness (ρ =
-0.45, r = -0.26) and closeness centrality (ρ = -0.28, r = -0.31) suggest a noisy rela-
tionship with a small association between higher centrality and lower B(s) measures.
London, in Figure 4, shows a similar situation, with a slightly stronger relationship
between those with lower B(s) measures and higher betweenness centrality than seen
in Chicago (Betweenness: ρ = -0.62, r = -0.29; closeness: ρ = -0.28, r = -0.29).

5. Discussion and Conclusions

It is evident that there remain considerable opportunities for collaboration between
geography and neuroscience, and that a lack of shared representations remains a bar-
rier to enhanced interaction. In this paper we have explored a potential remedy to
this schism, in the form of the successor representation. The implementation of the
geographic Successor Representation (gSR) makes conceptual and methodological con-
tributions to GIScience. Conceptually, it introduces a framework for estimating neural
responses to geographic space, building on a robust theoretical and empirical ground-
ing developed within neuroscience. This alignment aims to broker pathways for new
collaborations across domains. The paper has also outlined a methodological frame-
work for the development of the gSR within GIScience, including the definitions and
considerations required during its construction. Through two case studies, we have
explored some of the initial properties of the gSR where constructed using a parsimo-
nious definition, without reward or learning rate variations. There are indications from
these case studies that the gSR produces representations and measures of the street
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network unlike those presently used within geographic analysis. The methodological
contributions require considerably more exploration, and the framework proposed in
this paper aims to enable that exploration by others.

Even the initial implementations of the gSR raise questions around the value of its
properties to geographic analysis, beyond the scope for this paper. The gSR serves
as a prediction of the perceived connectivity of places within a city given that its
theoretic role in explaining the neural encoding of cognitive maps. The measures of
activation intensity show how gSR activations vary in spatial extent and show asso-
ciation with particular areas of the road network. These measures suggest structures
akin to city neighbourhoods, or associated with common land use, and require fur-
ther exploration. Predictive visitation measures have similarities with conventional
distance metrics, but important differences too, which emphasise the locally-skewed
nature of cognition across urban space. The inequalities in predictive visitation expose
another intriguing property, by highlighting areas of the city with theoretical salience
or attractiveness. The locations highlighted by this measure align with some intu-
itively prominent settings, such as major routes, intersections, bridges, and activity
sites, while other important sites are missing from this representation. Such findings
raise questions about how far the gSR, constructed from the street network alone, can
capture important features of the city.

This paper is intended to introduce the concept of the gSR with relative parsimony,
and its potential role in geographic analysis. It is useful to reflect on its similarity with
and differences from conventional geographic methods. The first clear analogue are
conventional distance decay functions (including those based on inverse, exponential,
kernel-based decay functions), where the gSR offers several clear deviations from cur-
rent approaches. First, although the implementation in this paper introduces a simple
cost matrix, the M(s, s′) itself may incorporate transition biases that skew linear as-
sociations between adjacent states (e.g. landmark or land-use effects, as mentioned in
Section 3.2). Second, the value function V (s) can incorporate the contribution of re-
wards, which may be allocated to encourage completion of specific tasks or sub-tasks,
enabling descriptions of learning that better reflect real-world behaviours. The in-
troduction of rewards at geographic points-of-interest, for example, would potentially
better reflect the spatial biases in transitions between states, by virtue of goal-directed
movement. Finally, the RL learning function itself need not necessarily take a deter-
ministic or analytical form as implemented in this paper, as mentioned in Section 2.2
the value function can be constructed through Temporal Difference learning), enabling
introduction of stochasticity and variations in learning. The characteristic provides an
opportunity to explore how heterogeneity is encoded within the production of the
gSR, through varied experience, spatial skill, and other relevant determinants, which
can not be afforded through a simple distance decay function. The utility of the gSR
framework in this context is potentially quite different - rather than predicting street
network characteristics as produced in this paper, it enables the simulation of goal-
directed navigation and route choice behaviour. A second strong analogue exists with
spatial or topological networks, given the approach to gSR exploring within this pa-
per. The structural definitions outlined in sections 3.1 and 3.2 focus on representations
based on street networks, but the gSR is not dependent on a network-based state-space
and may be constructed using other geographic features, neighbourhood associations
or aesthetic similarities be incorporated by adding new state features, reducing weights
between street network nodes, or adding rewards for movement within grouped areas
of the network. Similarly, shifting the availability of actions and definitions of weights
can shift assumptions from walking to driving, or other kinds of spatial behaviour.
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While we have focused on construction using street networks, other features (such as
landmark buildings, or hierarchies (Momennejad 2024)) may be incorporated within
construction of the state space. Regardless of how the fundamental gSR is enhanced,
the principle remains that spatial knowledge is structured around future likely move-
ments between adjacent spaces. Future developments should seek to calibrate and
validate models based on observations of human perception and behaviour.

The prospect for a theoretically grounded model of cognitive space in GIScience
has been of interest to many over many years (Montello 2018), given the prospect of
enhancing interdisciplinary collaboration across spatial cognition research, but its im-
plications potentially span even wider. The gSR framework introduces two significant
avenues of further research with the potential to catalyse such collaborations. First,
the gSR itself, as evidenced in this paper, encodes representations of the environment
of potential value for urban analytics. As measures such as betweenness and close-
ness centrality have shown, relatively simple models of environmental structure can
be highly beneficial in explaining geographic and social phenomena. The introduction
of the measures in this paper may provide similar areas for exploration, with underly-
ing linkages to cognitive activation. Further work is needed in uncovering how the gSR
can enhance descriptions of urban form and explanations of urban processes. Second,
the approach provides a novel conception of spatial proximity and association. Several
areas of GIScience rely on a null expectation of association, and often these assume
Euclidean properties. While spatial networks offer a topological basis for association
between features, there remain assumptions of distance uniformity, and no consider-
ation of future states in state-to-state transitions. The gSR encodes both association
between successive states (or locations) and future states, such that the relationship
between objects is not assumed to be homogenous, and may be context or individual
specific. It is notable that the measures of predictive visitation in our case studies
demonstrate a relatively sharp distinction from conventional distance measures. This
representation may provide a theoretically grounded model of space underlying human
distance perception, with potential applications across spatial analysis and GeoAI. By
extending the approach to incorporating heterogeneity in spatial learning, as afforded
by the RL framework, it may be possible to also robustly represent variation in spatial
perception and behaviour across populations. Future developments - which will require
validation - may open up opportunities to measure the influence of spatial cognition
beyond movement. This could include improving our measures of perceived access to
job opportunities and retail destinations, or the role of spatial structure in reinforcing
sentiment and reputations about place.
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