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1 Introduction & Related Work

Machine Learning is pivotal in optimizing infrastructure planning by enabling data-driven decision-
making for urban development. It allows for a detailed analysis of individual agent behaviors,
facilitating informed interventions in city planning. By understanding the behavioral patterns of
the various modes participating in traffic, we can more accurately model complex multimodal traffic
flow to aid in the design and selection of interventions toward reducing congestion. Furthermore,
route choice models can aid in understanding the flows of specific modes, e.g., bikes, such that
the bike infrastructure can be improved, hence contributing to environmentally conscientious urban
development.

This research project is centered around the following question in the field of route choice model-
ing: Can machine learning techniques be employed to generate realistic trajectories on street network
data? Our objective is to develop and apply geometric deep learning methods, for instance, sim-
plicial complex networks [2, 4, 9, 11], to various traffic datasets. Ultimately, we want to test these
models on recently collected trajectories in the Munich urban area.

2 Methodology

Data Representation Urban street networks can be naturally modeled as so-called graphs. By
representing streets as m edges and their intersections as n nodes, we obtain a formal representation
G = (V,€). In this framework, a trajectory can be represented as an ordered sequence of edges
r; = (e1,--- ey, ), where each e; € £. The task of trajectory prediction is then formalized as: Given
some partial trajectory r; = (e, ,e¢), predict the remaining edges r~¢ = (et41,--- ,¢;). In this
work, we focus on autoregressive prediction: That is, we iteratively generate only the next edge
et+1, add it to the observed data, and repeat this process until a stopping criterion is reached.
Additionally, we may have attributes associated with nodes and/or edges, which can be represented
in feature matrices V€ R"€% and E € R"€%  respectively.

Topological Neural Network We propose to use a framework based on algebraic topology
[4, 9] to learn a neural network mapping for autoregressive prediction. To that end, we augment
the graph G by filling in ¢ cells emerging from the city layout. This construction is referred to



as a cell complexr. We capture the relationship between edges and cells with a boundary operator
B! € {-1,0,1}*™ that describes whether an edge is part of the boundary of a cell which also
indicates its orientation. Intuitively, the orientation assigned to edges and cells is an arbitrary choice
with a consistency requirement. When following the edges in an assigned orientation according to
the boundary operator, this needs to correspond to a closed “path” around that cell. Similarly, a
boundary operator B € {—1,0,1}™*" for nodes can be defined.

By representing a trajectory as an indicator vector on edges r; € {—1,0,1}" = R we can use
the boundary operator for message passing with learnable parameters between the edges and obtain
the SCoNe model (Simplicial Complex Net) [4].

WD = (BY BOW" + (BB hOW + nOw O (1)

Datasets We evaluate and benchmark on four datasets: pNEUMA [1] is a high-resolution
collection of trajectories in the city center of Athens, T-Drive [12] contains taxi trajectories on
Bejing, and GeoLife [13] records individual trajectories across different transportation modes in
Beijing. We additionally use data from the Mobilitdt.Leben dataset [6, 3] that contains bicycle
trajectories collected in Munich. We create the graphs by simplifying the underlying OpenStreetMap
[7] networks of the respective areas and also augment streets and intersections with attributes from
this source.

Models In addition to the topological SCoNe, we also evaluate the following baselines: A
simple first-order and second-order Markov Chain (MC), Gretel [2], CSSRNN [11] and the Graph
Neural Networks GCN [5] and GAT [10]. Graph Neural Network-based approaches exploit the
sparsity of the street network and are therefore highly efficient at inference.

Metrics We evaluate the quality of an autoregressively generated trajectory 7 = (é,...,¢é;)
by computing the distance of each predicted segment to the true edge. Inspired by Euclidean
trajectory prediction, we report the average distance denoted by ADE = (I — )™t >, .., d(é;, €;),
as well as the distance of the final step: FDE = d(é;, ¢;). Here, d(-,-) is a graph-specific metric, e.g.
shortest-path-distance.

3 Results

We benchmark the aforementioned base-

lines in terms of ADE and FDE and — p; o Random Split Spatial Split
present the results for pNEUMA in Ta- ADE (|) /FDE ({) | ADE ({) / FDE ({)
ble 1. We also differentiate between a SCoNe 0.81 / 1.55 1.07 / 1.61
setting in which the training and evalu- GCN 0.88 / 1.67 1.50 / 2.03
ation data are split randomly and when GAT 0.95 / 1.81 1.51 / 2.50
they are spatially separated. The latter is CSSRNN 0.75 / 1.45 1.42 / 2.14
the more challenging task, as the network Gretel 1.37 / 2.06 1.48 / 2.20
needs to generalize topological features MC 1.38 / 2.55 n/a

and can not rely on memorization. We

Observe that When being able to memorize Table 1: ADE (J/) and FDE (\L) Of methods on

certain edges, the .CSSRNN performs well pNEUMA. SCoNe generalizes the best to novel road seg-
whereas a topological SCoNe can general- ments.

ize the best to road segments not present
in the training data.

In Figure 1, we show exemplary short trajectories generated by SCoNe. While sometimes devi-
ating from the true path, the network generates realistic paths. This leaves it open if the distance to
the true trajectory is the most appropriate evaluation metric, as realistic behavior may have some
inherent stochasticity.
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Figure 1: Exemplaric trajectories generated by SCoNe.

4 Discussion & Conclusion

We have shown that a topological neural network (SCoNe) can predict the route that an individual
will take, given a starting point (origin) and/or longer history, based on the current situation in the
network. The proposed SCoNe outperforms competitors as it can capture the topology of the city
map. It also generalizes well to topologies that it has not been exposed to during training, showing
that it extracts meaningful topological patterns for realistic trajectories.

Limitations A key limitation of SCoNe is that it is limited to topological information and
does not factor in geometric attributes such as lengths, angles, etc. The evaluation metrics may also
not reflect the stochasticity of real trajectories well. Additionally, the data sources may limit the
capabilities of the model: The pNEUMA dataset contains trajectories collected over the period of
one week and therefore can not describe external variablity sources like seasonality. While the other
datasets span several months to years they, too, may be limited in that regard. Lastly, factors like
meteorological conditions are not captured in the data which may further restrict the model to only
learn fundamental patterns.

Future Work We propose to extend the SCoNe model with geometric information by incor-
porating an equivariant GNN [8] component. Since real trajectories are likely to consider such
information, e.g., the length of segments and relative angles, this information may be valuable for
accurate trajectory prediction. Furthermore, by providing the destination of the trajectory to the
model, we can employ it to simulate real traffic between source/target pairs.
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