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Summary

Modelling human behaviour continues to be a significant challenge for the field of
agent-based modelling, and one that prohibits the development of comprehensive empirical
ABMs for urban applications, such as Urban Digital Twins. However, two recent
methodological advances offer the potential to transform empirical agent-based models.
Early evidence suggests that large-language models (LLMs) can be used to represent a wide
range of human behaviours, with models responding in realistic ways to given prompts. Indeed
there is already a flurry of activity that focusses on implementing LLM-backed agents — i.e.
agents who are controlled by LLMs. At the same time, the concept of the foundation model is
also being applied in domains beyond text analysis. Of particular interest are geospatial
foundation models that automatically encode spatial data in such a way as to associate
different spatial objects in numerous and nuanced ways that have otherwise alluded manual
classification schemes. Taken together, these two technologies offer considerable potential for a
new generation of agent-based models that contain agents who can behave in response to
spatial and social prompts in a way that is realistic and has so far proven impossible to
replicate using manually-programmed behavioural rules.

This paper presents a discussion of the state of the art in both LLMs and geospatial foundation
models in the context of their potential role in agent-based modelling. It discusses the
transformational potential of these technologies and outlines the critical questions that need to
be addressed before they can be used to create robust, reliable and trustworthy models for
empirical policy applications that support decision-making.
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1 Introduction

Agent-based modelling (ABM) is a form of computer simulation in which the individual components
that drive the system (the ‘agents’) are modelled directly. This contrasts with aggregate approaches
where higher-level equations are used to attempt to represent the underlying components. ABM has
shown promise as a useful method for simulating systems where the behaviours and interactions
of the individual components are essential in understanding and predicting the behaviour of the
wider system (Crooks et al. 2019). However, simulating the behaviour of people remains a key
challenge (Heppenstall et al. 2021) that prevents ABMs from being more widely used in policy
applications (Badham et al. 2018). This is especially true in the realm of Urban Digital Twins, where
solutions largely fail to embed humans (Malleson et al. 2024), leaving them “sterile” (Fotheringham
2023).

Behaviour in agent-based models (ABMs) has typically been implemented directly through logical
rules or indirectly through the use of more comprehensive behavioural frameworks or even neural
networks and genetic algorithms (DeAngelis & Diaz 2019). However, all of the previous approaches
have serious limitations — see DeAngelis & Diaz (2019) for details. The rise of two technologies:
large language models (LLMs) and geospatial foundation models (GFMs) may offer a breakthrough.
Early evidence suggests that LLMs are able to respond in a ‘human-like’ way to given prompts,
generating “believable” (Park et al. 2023) behaviour. At the same time, geospatial foundation
models are emerging as tools that automatically encode spatial data, capturing complex associations
between spatial objects in nuanced ways that often elude manual classification schemes (Lu et al.
2024). Taken together, these two technologies offer considerable potential for a new generation of
agent-based models that contain agents who can behave in response to spatial and social prompts
in a way that is realistic and has so far proven impossible to replicate using manually-programmed
behavioural rules.

2 Agents as Large-Language Models

The rapid rise in popularity of LLMs, such as ChatGPT, has lead to a flurry of activity as researchers
experiment with the potential opportunities offered by LLMs to produce more realistic and nuanced
simulations of human behaviour and decision-making (Gao et al. 2023). Projects such as AutoGPT,
BabyAGI, Generative Agents, MetaGP (for details see Ma et al. 2024) are exploring the extent
to which LLMs can give agents advanced capabilities such as natural language understanding,
reasoning and planning. Some have already produced toy agent-based models with agent behaviour
controlled by distinct LLMs (for example see Park et al. 2023, Li et al. 2023).

However, the integration of an LLM into an ABM is not straightforward for a number of reasons.
Firstly, unlike with traditional ABMs where the agent is programmed in the context of their envi-
ronment and can interact with their environment directly, LLMs interact with the outside world via
text prompts. Hence it is necessary to describe the agent’s environment using language as the LLM
input, and translate the LLM output language into actions. To this end, bespoke frameworks to
allow LLMs to represent agents are emerging (e.g. Li et al. 2023, Vezhnevets et al. 2023, Williams
et al. 2023, Li et al. 2024) although these are still in early stages.



A second challenge relates to the computational complexity of an LLM. Even trained LLMs have
considerable compute and memory requirements that are exacerbated by attempting to run mul-
tiple LLMs simultaneously (i.e. one per agent). Instead, Chopra et al. (2024) suggest the use of
“archetypes” whereby individual agents are grouped and assigned to a small number of distinct
LLMs, such that the LLM only needs to be queried once to simulate the behaviour of a whole group
of agents. This leads to fewer LLM computations but will reduce the behavioural heterogeneity of
the agents.

Thirdly, the use of LLMs will clearly bring issues of bias and representation to the fore. Although
“LLMs have been trained on massive amounts of human culture” (Vezhnevets et al. 2023) the “long-
tail effect” (Xi et al. 2023) means that they may not be representative of minorities, marginalised
groups, or those who do not engage digitally to the same extent as others (i.e. the digital divide).
In addition, as training data are predominantly sourced from English speakers, they will exhibit
cultural biases as well as others such as gender, occupational, socio-economic, etc. (Wang et al.
2025).

Finally, there will be issues with model validation that need to be overcome. Traditional valida-
tion approaches — such as comparing model outputs to real-world data — will be useful, but there
are questions about LLM consistency (i.e. stochasticity) (Chopra et al. 2024) and robustness (i.e.
sensitivity to prompts) (Vezhnevets et al. 2023), problems with halluncinations where LLMs invent
fiction (Chen et al. 2024), train-test contamination (Vezhnevets et al. 2023), and behavioural sub-
jectivity (Ma et al. 2024) that need to be explored. The ongoing development of bespoke evaluation
metrics and standard benchmarks (see Chen et al. 2024) is encouraging.

3 Multimodal and Geospatial Foundation Models

Foundation models (FMs) (Bommasani et al. 2021) are a generalisation of LLMs that are not
limited to text inputs and outputs. Vision-based FMs such as SAM and DALL-E have manifested
the capabilities of analysing and generating images. These approaches extend to multimodal FMs,
which encode and combine data from different sources, such as text, images, video, and sound. The
multimodal FMs learn from large-scale cross-modality mutual enhancement, and therefore they can
generate highly effective and transferable representations, making them versatile for a wide range
of real-world applications.

In this context, geospatial foundation models are emerging as method for encoding novel spatial
data representations, capturing complex associations between spatial objects in nuanced ways that
often elude manual classification schemes. GFMs enable the assimilation of diverse spatial, tem-
poral, and other sources — such as street view images, geotagged social media data, video, GPS
trajectories, points-of-interest — incorporating them in construction of rich, multidimensional spa-
tial representations (known as ‘embeddings’) of geographic features (Mai et al. 2024). One early
implementation of GFMs, the CityFM model (Balsebre et al. 2024), shows a strong capability for
predicting traffic speeds based on urban morphology, land use, and road network data.

But GFMs offer even greater opportunities where considering human perception of the environ-
ment. GFMs can potentially encode spatial representations that capture latent measures of the



environment that may otherwise be difficult to collect at scale in many contexts (e.g. building func-
tion, noise, smell). The potential implications for geographic agent-based modelling are appealing —
geographic features are remembered, recalled and used by agents for a variety of reasons. By inte-
grating massive and diverse data, representations derived from GFMs create new views of the space
that extend on the limitations of conventional geographic features. As such, geospatial foundation
models provide a new opportunity to generate rich representations of geographic features, filling a
gap in conventional geographic analysis.

Yet, GFMs will not be the ‘silver bullet’” in meeting all challenges relating to spatial representation
and agent decision-making. Early evidence suggests that LLMs are poor predictors of navigation
performance (Momennejad et al. 2024, Zeng et al. 2024), and reproductions of city images are
inconsistent and indicate bias in underlying data (Jang et al. 2024). Understanding these limits
and biases inherent to these models remains an important research task.

4 Towards Multi-Modal Foundation Models for ABMs

The integration of Large Language Models (LLMs) with ABMs is already proving to be an exciting
development. It has the potential to offer more realistic, nuanced behaviours that are potentially
more realistic and dynamic in their implementation. However, a significant hurdle is that, ultimately,
the interface to and from the agent’s ‘brain’ (the LLM) must be through text. The environment
must be converted into text and an agent’s behaviours and actions must be expressed textually.
A potential solution to this problem could be a specialised geospatial foundation model that was
trained not only on spatial data but also on large corpora of text. Such a model could capture both
the ‘understanding’ about human behaviour that LLMs exhibit, as well as a a detailed and rich
picture of ‘place’ (Tuan 1977) that the agents can use to interpret their virtual surroundings.

Of course, there are many hurdles that must be overcome. These include access to data (although
spatial data are abundant through sources such as Open Street Map, it is not clear whether there is
sufficient text data available, especially for minority groups); computational access and costs (the
training and executions of these models may be beyond academic capabilities or budgets); skills
barriers (social scientists will be key to ensuring behavioural accuracy, but do they have the expertise
to engage with advanced foundation models?). If these difficulties can be overcome, the technologies
might lay the foundations for the integration of ABMs to create richer, more comprehensive urban
digital twins.
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