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METHOD FOR PREDICTING THE DESTINATION LOCATION OF A VEHICLE

TECHNICAL FIELD
[0001]  Various aspects of this disclosure relate to methods for predicting the destination

location of a vehicle.

BACKGROUND

[0002]  Predicting the destination of a trip is a task in human mobility which finds several
applications in real-world scenarios, from optimizing the efficiency of electronic dispatching
systems to predicting and reducing traffic jams. In particular, it is of interest in context of e-
hailing, which, thanks to the advance of smartphone technology, has become popular globally
and enables customers to hail taxis using their smartphones.

[0003]  For predicting a user’s next destination, models such as a deep learning model based
on a neural network may be trained to predict the user’s next destination based on a user’s
visiting sequence. However, it is desirable to increase the accuracy of such approaches and
achieve an accurate and reliable prediction of a vehicle’s (or, equivalently, a user’s) destination.
[0004]  The publication “Graph Attention Networks™ by Petar Velickovic et al., 2018, in
International Conference on Learning Representations (ICLR) (in the following denoted by
reference 1) describes graph attention networks (GATs), which are neural network
architectures that operate on graph-structured data.

[0005] The publication “Semi-Supervised Classification with Graph Convolutional
Networks” by Thomas N. Kipf and Max Welling et al., 2017, in International Conference on
Learning Representations (ICLR) (in the following denoted by reference 2) describes graph
convolutional networks (GCNs), which are neural network architectures that operate on graph-

structured data.

SUMMARY
[0006]  Various embodiments concern a method for predicting the destination location of a
vehicle.
[0007]  According to one embodiment, the method includes processing a local preference
graph of a user of the vehicle having nodes corresponding to locations visited before by the

user by a first graph neural network, processing one or more of a spatial graph representing
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information about geographical proximity of locations, a temporal graph representing
information about locations which have been visited one after another by users and the time
between the visits of the locations and a preference graph representing information about
locations which have been visited one after another by users and the frequency of visits of the
locations by a second graph neural network, combining the result of the processing by the first
graph neural network and the result of the processing by the second graph neural network by
at least one neural network layer and using the output of the at least one neural network layer
as prediction of the destination location.

[0008]  According to one embodiment the method further includes processing a user-user
graph representing information about similarity of users in terms of the locations they have
visited by a third graph neural network and combining the results of the processing by the third
graph neural network with the result of the processing of the first graph neural network and the
result of the processing of the third graph neural network by the at least one neural network
layer.

[0009]  According to one embodiment the spatial graph has nodes corresponding to
locations, edges between nodes if the locations corresponding to the nodes are geographically
near each other and edge weights depending on the geographical proximity of the locations
corresponding to the nodes connected by the edges.

[0010]  According to one embodiment the temporal graph has nodes corresponding to
locations, edges between nodes if the locations corresponding to the nodes have been visited
one after another based on the visits’ timestamps and edge weights depending on the time
between the visits of the locations corresponding to the nodes connected by the edges.

[0011]  According to one embodiment the preference graph has nodes corresponding to
locations edges between nodes if the locations corresponding to the nodes have been visited
one after another in all users’ historical sequential visits and edge weights depending on the
frequency with which the locations corresponding to the nodes connected by the edges have
been visited one after another.

[0012]  According to one embodiment the user-user graph has nodes corresponding to users
and edges between nodes if the similarity of the users corresponding to the nodes in terms of

the locations they have visited is above a predetermined threshold.
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[0013]  According to one embodiment processing at least one of the spatial graph, the
temporal graph and the preference graph includes selecting a sub-graph of the respective graph
and feeding the sub-graph to the second graph neural network.

[0014]  According to one embodiment selecting the sub-graph of a graph includes selecting
nodes of the graph by one or more random walks through the graph.

[0015]  According to one embodiment the one or more random walks depend on the edge
weights of the graph.

[0016]  According to one embodiment a multiplicity of random walks are performed on the
graph and nodes which have been visited most in the random walks are selected for the sub-
graph.

[0017]  According to one embodiment processing at least one of the spatial graph, the
temporal graph and the preference graph includes selecting a plurality of sub-graphs of the
respective graph and feeding the sub-graphs to different sub-graph neural networks of the
second graph neural network.

[0018]  According to one embodiment selecting a plurality of sub-graphs for a graph
includes selecting at least one sub-graph having nodes adjacent to one or more nodes of the
vehicle’s user’s historical destination visit sequence and selecting at least one graph selected
by at least one random walk through the graph.

[0019]  According to one embodiment the method includes processing at least two of the
spatial graph, the temporal graph and the preference graph by feeding, for each of the at least
two graphs, a first sub-graph having nodes adjacent to one or more nodes of the vehicle’s user’s
historical destination visit sequence to a first set of sub-graph neural networks, and a second
sub-graph having nodes selected by one or more random walks to a second set of sub-graph
neural networks, mean pooling the result of the first set of sub-graph neural networks, mean
pooling the results of the second set of sub-graph neural networks and combining the results of
the mean poolings by the one or more neural network layers.

[0020]  According to one embodiment the at least one neural network layer includes at least
one of a dropout layer and a linear layer.

[0021]  According to one embodiment the method includes processing all of the spatial

graph, the temporal graph and the preference graph by the second graph neural network.
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[0022]  According to one embodiment at least one of nodes corresponding to locations have
trainable features, nodes corresponding to users have trainable features, the graph neural
networks have trainable weights and the at least one neural network layer has trainable weights.
[0023]  According to one embodiment the method includes setting one or more of the
trainable features and the trainable weights by a training procedure using historical trips of the
users.

[0024]  According to one embodiment the method further includes selecting a vehicle for
making a trip with the user depending on the predicted destination location from a plurality of
candidate vehicles.

[0025]  According to one embodiment the method includes predicting a travel distance from
the prediction of the destination location and selecting the vehicle from the plurality of
candidate vehicles depending on the predicted travel distance.

[0026]  According to one embodiment the method includes selecting the vehicle from the
plurality of candidate vehicles such that the selected vehicle has sufficient fuel or battery to
travel the predicted travel distance.

[0027]  According to various embodiments, a server computer is provided including a radio
interface, a memory interface and a processing unit configured to perform the method of any
one of the above embodiments.

[0028]  According to one embodiment a computer program element is provided including
program instructions, which, when executed by one or more processors, cause the one or more
processors to perform the method of any one of the above embodiments.

[0029]  According to one embodiment a computer-readable medium is provided including
program instructions, which, when executed by one or more processors, cause the one or more

processors to perform the method of any one of the above embodiments.

BRIEF DESCRIPTION OF THE DRAWINGS
[0030]  The invention will be better understood with reference to the detailed description
when considered in conjunction with the non-limiting examples and the accompanying
drawings, in which:
— FIG. 1 shows a smartphone in communication with a server.
— FIG. 2 illustrates the processing of a GAT (Graph Attention Network) layer for a graph
node as an example of a GNN (Graph Neural Network) layer.
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— FIG. 3 shows an STP(spatial, temporal, preference)-GNN according to an embodiment.

— FIG. 4 illustrates a case where random walk masked self-attention may improve the
prediction achieved by using adjacency masked self-attention.

— FIG. 5 shows an STP-UGNN (user GNN) according to an embodiment.

— FIG. 6 shows an attention plot for one out of the eight GNN layers for newly explored
POIs (points of interest) a user has never visited before.

— FIG. 7 show an attention plot for POI-POI attention and an attention plot for user-user
attention.

— FIG. 8 shows a flow diagram illustrating a method for predicting the destination
location of a vehicle according to an embodiment.

— FIG. 9 shows a server computer according to an embodiment.

DETAILED DESCRIPTION
[0031]  The following detailed description refers to the accompanying drawings that show,
by way of illustration, specific details and embodiments in which the disclosure may be
practiced. These embodiments are described in sufficient detail to enable those skilled in the
art to practice the disclosure. Other embodiments may be utilized and structural, and logical
changes may be made without departing from the scope of the disclosure. The various
embodiments are not necessarily mutually exclusive, as some embodiments can be combined
with one or more other embodiments to form new embodiments.
[0032] Embodiments described in the context of one of the devices or methods are
analogously valid for the other devices or methods. Similarly, embodiments described in the
context of a device are analogously valid for a vehicle or a method, and vice-versa.
[0033]  Features that are described in the context of an embodiment may correspondingly be
applicable to the same or similar features in the other embodiments. Features that are described
in the context of an embodiment may correspondingly be applicable to the other embodiments,
even if not explicitly described in these other embodiments. Furthermore, additions and/or
combinations and/or alternatives as described for a feature in the context of an embodiment
may correspondingly be applicable to the same or similar feature in the other embodiments.

(TP LT3
a

[0034] In the context of various embodiments, the articles , “an” and “the” as used with

regard to a feature or element include a reference to one or more of the features or elements.
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[0035]  As used herein, the term “and/or” includes any and all combinations of one or more
of the associated listed items.

[0036] In the following, embodiments will be described in detail.

[0037]  An e-hailing app, typically used on a smartphone, allows its user to hail a taxi (or
also a private driver) through his or her smartphone for a trip.

[0038]  FIG. I shows a smartphone 100.

[0039]  The smartphone 100 has a screen showing the graphical user interface (GUI) of an
e-hailing app that the smartphone’s user has previously installed on his smartphone and has
opened (i.e. started) to e-hail a ride (taxi or private driver).

[0040]  The GUI 101 includes a map 102 of the user’s vicinity (which the app may determine
based on a location service, e.g. a GPS-based location service). Further, the GUI 101 includes
a field for point of departure 103 (which may be set to the user’s present location obtained from
location service) and a field for destination 104 which the user may touch to enter a destination
(e.g. opening a list of possible destinations). There may also be a menu (not shown) allowing
the user to select various options, e.g. how to pay (cash, credit card, credit balance of the e-
hailing service). When the user has selected a destination and made any necessary option
selections, he or she may touch a “find car” button 105 to initiate searching of a suitable car.
[0041]  For this, the e-hailing app communicates with a server 106 of the e-hailing service
via a radio connection. The server 106 includes a database 107 knowing the current location of
registered drivers, when they are expected to be free, has information about traffic jams etc.
From this information, a processor 110 of the server 106 determines the most suitable driver
(if available) and provides a estimate of the time when the driver will be there to pick up the
user, a price of the ride and how long it will take to get to the destination. The server
communicates this back to the smartphone 100 and the smartphone 100 displays this
information on the GUI 101. The user may then accept (i.e. book) by touching a corresponding
button.

[0042]  As mentioned above, when the user touches the destination field 104, the GUI 101
may display a list of possible destinations of the users’ trip. According to various embodiments,
this may include a list of predicted destinations.

[0043]  This means that as the user opens the e-hailing application, the server 106 may
predict the next POI or drop-off point the user intends to go (i.e. the destination of his or her

trip) based on trip data (of previous trips) 108 which the server has in its database about this
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and other users. It should be noted that the database 107 may be distributed over various
servers (e.g. be maintained by a cloud) which the server 106 may contact via a
communication network.
[0044]  The server 106 may have a memory 109 storing a trained destination prediction
model 111 which the processor 110 may run to predict one or more next destinations of the
user (e.g. a list of 10 most probable destinations of the user) from the user information 108.
[0045]  For example, given the user’s user ID and a list of historically POIs (drop-off
points, i.e. destinations) of the user, which may be included in the user information for that
user in the data base 107, the processor 110 may, by running the model 111, predict a ranked
list of all the POIs with its respective probabilities on the likelihood of the user visiting that
POI next. This means the model 111 scores all POIs in a region around the user to
recommend POIls that the user may or may not have visited before, but could still be visiting
in the future, making it a challenging task for the model 111 to learn. The processor 108 may
then choose the highest ranked POI from the ranked list as the final destination
recommendation/prediction and communicate it to the users’ smartphone if only the best
recommendation should be displayed to the user on his or her smartphone. Alternatively, the
server 106 can similarly recommend the top 5 or 10 etc. POIs by extracting from the same
ranked list accordingly.
[0046]  According to various embodiments, the model 111 (and the corresponding method
to predict or recommend POISs) is based on Spatial-Temporal-Preference (STP) factors. For
example, it is assumed in the model 111 that a user is keen to visit a POI next because it is
nearby (spatial), or maybe because he or she would like to visit a cafe POI next after having
lunch at a restaurant POI (temporal). Also, if the user has a preference of mostly visiting
shopping malls, then the model 111 may be constructed or trained such that it is assumed in
the model 111 that other shopping malls visited by other users could be helpful (preference).
In view of these STP factors, in the following, three exemplary models (which may be used
as model 111) are described with incremental improvements in terms of achievable prediction
accuracy:

1) Local Preference GNN (LP-GNN) — This can be seen as a basic model that exploits

user’s local preferences but does not consider the STP factors mentioned and the visit

patterns of other users.
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2) Spatial-Temporal-Preference GNN (STP-GNN) — This can be seen as explore-exploit
model which exploits users’ local preferences (as done in LP-GNN) and explores new
POIs which the user has never visited before (but could visit in future) from STP graphs
constructed using both the adjacency and random walk masked self-attention options.
By learning the explore-exploit tradeoffs during training of the model, this ensures that
the user’s local preferences are not ignored entirely.

3) Spatial-Temporal-Preference User GNN (STP-UGNN) — This can be seen as the most
complex model of the three examples. It includes a User GNN to allow using
information for a user from other similar users.

[0047]  All three of the above exemplary models are implemented in form of a neural
network including at least one Graph Neural Network (GNN). A Graph Neural Network is a
sequence of Graph Neural Network Layers (also referred to as GNN layers in the following).

[0048] A GNN layer may for example be a GAT (Graph Attention Network) layer. The

input of a GAT layer is a set of node feature vectors h = {’1 vis b, s h'\v} where
N is the number of nodes of the graph processed by the GAT layer. The layer produces a new
set of node features (of potentially different cardinality) as its output for each node. In order
to obtain sufficient expressive power to transform the input features into higher-level
features, the GAT layer includes a shared linear transformation which is parameterized by a
weight matrix and applied to every node. Further, a shared attentional mechanism computes

attention coefficients 0 that indicate the importance of node j’s features to node i.

[0049]  FIG. 2 illustrates the processing of a GAT layer for one node 201 as an example of
a GNN layer.

[0050]  The input features for the node 201 are given by an input feature vector le. The
output features for the node 201 are given by an output feature vector F’l. The attention
coefficients O define the impact of the feature vectors Zl, ?12, ey 726 of neighbouring nodes

202 in the graph on the output feature vector F’l.

[0051]  The output feature vector of the ith node is for example calculated according to
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where \":) is some neighbourhood of the ith node in the graph and o is a nonlinear function
such as ReLu. GAT layers and GATs as they may be used according to various embodiments
are described in more detail in reference [1].
[0052]  Alternatively or in addition, for example, Graph Convolutional Network layers
may be used as described in more detail in reference [2]. One key difference of GCN and
GAT is that GAT learns weights of adjacent nodes whereas GCN does not.
[0053] LP-GNN
Input:

- Previous POI (e.g. POI where the user is currently, i.e. has gone to last)

- Local Preference Graph
Output: Ranked list of all POIs for recommendation
[0054]  For an LP-GNN model, a local preference graph is constructed for each user, with
each node representing a POI that the user has visited before and all nodes are fully
connected because it is a complete graph, built from historical data. This graph serves to
encapsulate the individual user's POI-POI relationships and semantics.
[0055]  Thus, according to one embodiment, a Local Preference Graph is an undirected
complete POI-POI graph for each user u,,, denoted as ug, = (Vi Ex,,) where V,and E;,
are sets of POIs (coming from a training set) and unweighted edges, respectively. All pairs of
POI vertices are connected, forming a complete graph.
[0056]  Given a previous POI to predict the next POI for the user, the basic idea of a LP-
GNN neural network, e.g. used as model 111 and one or more GNN layers, is to construct a
numeric vector or a representation based on the neighbouring POIs of the previous POI from
the local preference graph through weighted average, where the weights are learnt when the
model is trained. This essentially allows the model to refer to other similar POIs in the local
preference graph when computing a representation for the previous POL Intuitively, the local
preference graph serves as a form of domain knowledge to help the model compute a
representation of the previous POI. With the representation as a numeric vector, the model
then predicts a ranked list of POIs where the next POI actually visited should be highly
ranked after training. For example, when a city has 10,000 POlIs, the numeric vector specifies
a probability distribution of all 10,000 values by softmax values (i.e. the vector has a
dimension of 10,000. Sorting the components of the vector, e.g. in the descending order,

gives the top K (e.g. the top 5 or 10) POIs for prediction or recommendation.
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[0057] It should be noted that the LP-GNN model only considers the user specific local
preference and does not consider STP factors based on the visiting patterns of other users.
This may be sub-optimal.
[0058]  STP-GNN
Input:

- Previous POI

- Graphs (local preference, spatial, temporal and preference)
Output: Ranked list of all POIs for recommendation
[0059]  FIG. 3 shows an STP-GNN 300 according to an embodiment.
[0060]  STP-GNN can be seen as an explore-exploit model that balances the exploitation
of local preference factor, as done in LP-GNN, and exploration of new POIs which the user
has never visited before via global STP factors, supported by the visiting patterns of other
users. For example, if the user has a niche shopping mall local preference in how he/she visits
POIs, this is well captured with LP-GNN and is important. However, he/she may visit new
nearby (spatial) shopping malls, or new shopping malls tend to be visited closely in time by
other users (temporal), or maybe other new shopping malls visited by other users who like
shopping malls (preference). Hence, the STP factors can help learn the relationships among
POIs to support the recommendation task.
[0061] However, both local preference and global STP factors are incorporated because if
the model only focuses on using information from new candidate POIs that the user has not
visited, but might or might not visit in the future, the model would not be able to use (and
learn during training) the local preference of the user, of which it can be assumed for certain
that it is representative of the preference of the user. Similarly, if the model just uses the local
preference factor, as done in LP-GNN, then it would not bother to explore new candidate
POIs that could be spatially, temporally or preferentially similar. In both scenarios, they are
sub-optimal. Hence, the STP-GNN according to various embodiments balances the
exploitation of local preference and exploration of global STP factors.
[0062]  For this, the following STP graphs are derived (e.g. by processor 110) from the local
preference graph 313 for implementing a STP-GNN model (e.g. as model 111):

1) Spatial Graph 307: Nodes of POIs and they are connected if they are within the top 10

nearest POI based on the distance of their locations. This would essentially connect

nearby POIs on a graph.
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Thus, according to one embodiment, a Spatial Graph is an undirected POI-POI graph
Gs = (V,, E;) where V; and E; are sets of POIs and edges, respectively. A POI node v;
has adjacency (i.e. an edge) to a POI node vy if the POI of v; is within the top o (e.g.

0 = 10) nearest POIs to the POI of v; based on the Euclidean distance Ad = d(v;, v;).

The edge weight between an adjacent pair is A—ld.
2) Temporal Graph 308: Nodes of POIs and each pair of POIs are connected if they are

visited next based on timestamps, regardless of the user. This aims to capture POIs that

tend to be temporally related, such as going to a cafe after lunch at a restaurant.

Thus, according to one embodiment, a Temporal Graph is an undirected POI-POI graph

G, = (V. E;) where V, and E; are sets of POIs (coming from the training set) and

edges, respectively. A POI node v; has adjacency (i.e. an edge) to a POI node v; if the
POI of v; has been a next visit from v; (in the training set). The edge between an
adjacent pair is é where Af is the average time interval between the visit of v; and the
visit of v;.

3) Preference Graph 309: Nodes of POIs and they are connected if they have been visited
sequentially before by any user. This seeks to learn about the unique preferences of
users e.g. shopping mall preference.

Thus, according to one embodiment, a Preference Graph is an undirected POI-POI
graph G, = (V,, Ep) where V, and E,, are sets of POIs (coming from the training set)
and edges, respectively. A POl node v; has adjacency (i.e. an edge) to a POI node v; if
the POI of v; has been a next visit from v; (in the training set). The edge between an
adjacent pair is freq(v;, v;) where freq is the count function of POI pair occurrences.
[0063]  Given the constructed STP graphs 307 to 309, according to one embodiment, the
STP-GNN model includes six GNN layers 301 to 306 to compute a numeric vector or
representation of an exploration phase, allocating three (301 to 303) to adjacency masked self-
attention and three (304 to 306) to random walk masked self-attention. According to adjacency
masked self-attention, a feature vector of a node has only impact on the output feature vector

of another node if there is an edge between the two nodes.
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[0064]  According to random walk masked self-attention is used to attend higher-order
neighbours on the STP graphs (i.e. nodes which are further apart than one edge) due to the
drawbacks of the adjacency masked self-attention option in certain cases.
[0065]  FIG. 4 illustrates a case where random walk masked self-attention may improve the
prediction achieved by using adjacency masked self-attention.
[0066]  In the example shown, a shopping mall POI 401 is connected to other shopping mall
POIs 402. Thus, by using only adjacency masked self-attention, only the feature of the
shopping mall POIs 402 (i.e. first-order nodes) have an impact on the output feature vector or
POI 401.
[0067]  However, POIs that are not directly connected but nearby on the graph (i.e. higher-
order nodes), such as a metro nodes 403, can help to better predict the next POI which is for
example a metro 404. Therefore, according to various embodiments, random walk masked self-
attention is used to consider nodes further away on the graph but yet relevant.
[0068] It should be noted that according to various embodiments, the six GNN layers 301
to 306 are not provided with a complete spatial graph 307, complete temporal graph 308 and
complete preference graph 309 but are provided, by a POI embedding 314 (which can be seen
as an input layer) with the following:
= the three GNN layers 301 to 303 allocated to the adjacency masked self-
attention option are supplied as input with a subgraph (of the spatial graph 307,
temporal graph 308 and preference graph 309, respectively) including the
considered POI node (e.g. the current POI of the user, i.e. the “previous” POI)
and adjacent nodes (all adjacent nodes or at least those, e.g. 10, which are
connected to the POI node with edges having the highest edge weights)
= the three GNN layers 304 to 306 allocated to the random walked masked self-
attention option are supplied as input with a subgraph including the considered
POI node (e.g. the current POI of the user, i.e. the “previous” POI) and nodes
found by random walks through the spatial graph 307, temporal graph 308 and
preference graph 309, respectively.
[0069]  For example, for each of the graphs (i.e. spatial 307, temporal 308 and preference
309), the POI embedding 314 uses random walks to sample nodes in the respective graph 307
to 309 as input to the GNN layers 301 to 306. An example of the sampling process (e.g. for the
spatial graph 307) is as follows:
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a) Perform 1,000 random walks on the graph which leads to 1,000 lists of nodes. The
number 1,000 is an example and may be calculated as the number of nodes in the
respective graph (e.g. spatial graph 307) times the number of random walks to be
started from each node.

b) Filter the 1,000 lists of nodes such that only lists are kept that contain at least one POI
historically visited by the user (e.g. the 1,000 lists are filtered to 400 lists).

¢) Perform a frequency ranking of the filtered lists to identify the top 10 POIs which are
used as input to the respective GNN layer (e.g. GNN layer 304). These top 10 POIs
would be the final sampled POIs.

[0070]  This random walk-based generation of a subgraph is for example also done for the
temporal graph 308 and the preference 309 such that the GNN layers 304, 305, 306 each have
their own top 10 POIs generated from random walks. Thus, each of the six GNN layers 301 to
306 for example has a different set of 10 POIs as input.

[0071]  According to one embodiment, as indicated above, the STP graphs 307 to 309 have
edge weights. These may be used by the POI embedding 314 to bias the random walks. For
example, in the spatial graph 307, random walks are biased to nearby POIs rather than POIs
which are far away. This means that while performing the random walk, there are probabilities
to guide the random walk which are for example based on the normalized edge weights of each

graph. For example, given a node (POI) A, it has to be decided whether to traverse next to
either node (POI) B or C. The edge weights (e.g. ﬁ for the spatial graph, where Ad is the

geographical distance between the POIs) of the pairs A>B and A>C are normalized into
probabilities, such that it would be in O to 1 interval and the higher probability will be more
likely chosen to perform the walk (e.g. A—>C has higher probability as it has higher edge weight
because they are nearer). Hence, this is dependent on the edge weight and is different for each
STP graph as the edge weight definition is different for the STP graphs.

[0072]  The outputs of the GNN layers 301 to 303 allocated to the adjacency masked self-
attention option are combined via a first mean pooling 310 and the outputs of the three GNN
layers 304 to 306 allocated to the random walked masked self-attention option are combined
by a second mean pooling 311.

[0073]  The results of the mean poolings 310, 311 are combined by a first linear layer 312.
[0074]  In addition to the GNN layers 301 to 306 operating on STP (sub-)graphs, the STP-
GNN 300 includes an LP-GNN 313 as described above.
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[0075]  The output of the LP-GNN 313 is combined with the output of the first linear layer
312 by a second linear layer 316.
[0076]  Thus, a single STP representation built from the six GNN layers 301 to 306 that
represent the exploration, is combined by the linear layer 316 with the LP-GNN result which
represents the exploitation. The training of the second linear layer 316 allows learning weights
that balances the explore-exploit trade-offs.
[0077]  The result of the second linear layer 316 is processed by a dropout layer 317 and the
remaining values are fed to a third linear layer 318 which produces a ranked set of POI
predictions.
[0078]  The dropout layer 317 to ignore certain parts of its input vector. For example, the
second linear layer outputs a vector (e.g. [0.4, 0.1, 0.6, 0.3]) and the dropout layer deactivates
certain part of the vector in order to force the model 300 to rely on the remaining part of the
vector and yet still achieve good prediction performance. For the example, with a dropout
probability of 0.5, the vector could become [0, 0.1, 0, 0.3], where the first and third components
are “deactivated” or intentionally turned to zeros. In the next forward run of the overall model,
other parts of the vectors are likely being deactivated (based on the dropout probability).
[0079] STP-UGNN
Input:

- Previous POI

- Graphs (local preference, spatial, temporal, preference, user)
Output: Ranked list of all POIs for recommendation
[0080]  FIG. 5 shows an STP-UGNN 500 according to an embodiment.
[0081] The STP-UGNN 500 can be seen as an extension of STP-GNN of FIG. 3.
Accordingly, it includes components/operates on graphs 501 to 518 as the STP-GNN 300.
[0082]  Including a numeric vector to represent the respective users when predicting the next
POl is effective but may overfit the model to give only high probabilities to POIs the user has
been before, but not other POIs. Therefore, the STP-UGNN 500 further includes a User GNN
(UGNN) 519 with the goal of allowing the model to incorporate information (and learn) for a
user from other similar users. For this the processor 110, for example, constructs a User Graph
520, where all nodes correspond to users and the nodes are connected if they have some

similarity in their past POI visit sequence. The similarity of a first user with past visited POI
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set A to a second user with past visited POI set B is for example based on the Jaccard Similarity

Coefficient

LA B
AU

of their historically visited POIs. For example, two nodes are connected if they have a similarity
above 0.2. The variables used for the similarity computation are just historical POIs for the
users in the training set.

[0083]  Thus, according to one embodiment, a User Graph is an undirected user-user graph
Guser = (Vysers Euser) where Vs and Ej . are sets of users (e.g. of all users) and edges,
respectively. A user node v; has adjacency (i.e. an edge) to a user node vj; if there Jaccard
similarity coefficient is above, for example, 0.2.

[0084]  Similar to how LP-GNN 200 and STP-GNN 300 apply GNN layers to learn POI-
POI relationships, the UGNN 519 includes a GNN layer 522 to compute a representation for
the user based on himself and his similar users, to incorporate (and learn during training) user-
user relationships from the User Graph 520 provided by a user embedding layer 521 (which
may be seen as an input layer).

[0085]  The output of the UGNN’s GNN layer 522 is fed (together with the output of the
second linear layer 516) to the dropout layer 517 whose output is fed to the third linear layer
518 which produces the ranked set of POI predictions as described with reference to FIG. 3.
[0086] The UGNN’ GNN layer 522 takes an input of a tuple of a node corresponding to a
user and connected nodes in the user graph 520, i.e. nodes corresponding to similar users. Given
the tuple, the GNN layer 522 computes a weighted sum (where the weights are trainable) of
the user’s feature vector to its similar users’ feature vectors. This weighted sum is the output
of the GNN layer 522. Thus, the weights of UGNN 519 can be seen to represent how much the
model should extract from similar user’s feature vectors for a user in order to perform well on
the classification task.

[0087] It should be noted that the weights of all linear layers 312, 512, 316, 516, 318, 518
as well as the weights of the GNN layers 301 to 306, 501 to 506, 512 are trainable.

[0088]  Furthermore, each graph node, whether corresponding to a POI or to a user, is a

vector of weights that is learnt and tuned when the model is trained.
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[0089]  This means that the models 300, 500 may be trained using training data including
multiple training data sets (each having a previous POI and a POI visited after the previous
POL i.e. a sequence of historical destination POIs, e.g. from an e-hailing service, such as
previous trip data 108) to correctly predict the POI visited after a previous POI. After the
training, the model may be used (e.g. by processor 110) to predict the POI that a user wants to
go to (or that should be recommended to the user) from a previous POI (i.e. a POI that the user
went to last or is currently at).

[0090]  According to one embodiment, the next destination is predicted, based on the vehicle
user’s sequence of only all past destination points. According to one embodiment, all GNNs
find adjacent nodes differently, e.g. LP-GNN uses only the previous destination location, STP-
GNN uses not just the previous destination location, but the whole user’s historical set of
destination POIs and UGNN uses the user node itself to find adjacent similar users. In particular,
according to one embodiment, for only STP graphs, the user’s historical destination visit
sequence that has several POIs is used, and respective sub-graphs are found individually, then
a union of all the sub-graphs is taken to form a single sub-graph to be used. The idea is to rely
on the whole historical sequence rather than just the previous POI to find STP POIs that can
help the task. Hence, in case of STP graphs, not just the previous destination location, is used
but all of the historical POIs for the respective user.

[0091] In particular, the user features of a node corresponding to a user of the user graph
520 is a vector of learnable weights to represent the user, which will be optimized during
training such that the model performs well for the prediction task.

[0092] It should be noted that training data may be pre-processed to ensure robustness, ¢.g.
POIs may only be kept if they have been visited by a certain amount of users (e.g. 10). Users
may be kept even if they have little visit counts (e.g. fewer than 10).

[0093] It should further be noted that each of STP-UGNN’s eight GNN layers 501 to 506,
515, 522 is interpretable. For instance, let POI #655 be a test sample to try to predict POI #894
(both metros) for user #574.

[0094]  FIG. 6 shows the corresponding attention plot 600 for one out of the eight GAT
layers (preference graph) for newly explored POIs the user has never visited before in an
embodiment where the GNNs are implemented as GATs.

[0095]  FIG. 7 show an attention plot 701 for POI-POI attention and an attention plot 702

for user-user attention in an embodiment where the GNNs are implemented as GATs. The POIs
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and users with highest attention coefficients are highlighted by boxes. It can be seen that the
STP-UGNN gives higher attention coefficients to mostly nearby metros, over distant malls and
the airport. It can also be seen that for user #574 the model is attending more to users #594,
#687 and #785 than the user himself/herself. This can be seen as validating the goal of STP-
UGNN and supporting interpretability compared to conventional RNN (Recurrent Neural
Network) models.
[0096]  In summary, according to various embodiments, a method is provided as illustrated
in FIG. 8.
[0097]  FIG. 8 shows a flow diagram 800 illustrating a method for predicting the destination
location of a vehicle, e.g. predicting the destination of a trip by a user e-hailing a vehicle.
[0098] In 801, alocal preference graph of a user of the vehicle having nodes corresponding
to locations visited before by the user is processed by a first graph neural network.
[0099] In 802, one or more of

- aspatial graph representing information about geographical proximity of locations,

- atemporal graph representing information about locations which have been visited one

after another by users and the time between the visits of the locations and
- a preference graph representing information about locations which have been visited
one after another by users and the frequency of visits of the locations

are processed by a second graph neural network.
[00100] In 803, the result of the processing by the first graph neural network and the result
of the processing by the second graph neural network are combined by at least one neural
network layer.
[00101] In 804, the output of the at least one neural network layer is used as prediction of the
destination location.
[00102] According to various embodiments, in other words, a local view of the user (local
preference graph), i.e. information depending on a specific user, is combined with a global
view (spatial graph, temporal graph, preference graph), i.e. information independent of users
(spatial graph) or depending on all users (temporal graph and preference graph). The set of
users may be given by the users of training data used for training the complete model, i.e. the
complete neural network including the GNNs and the at least one neural network layer (and
possibly further neural network components as described in the various examples and

embodiments).
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[00103] It should be noted that the method for predicting the destination location can use
sequence of past destination locations or past origin destinations or both. Similarly, the training
data may include sequence of past destination locations or past origin destinations or both. This
means that the method may use and the training data may include past trip information that can
consist of origin or destination locations or both.

[00104] According to one embodiment, the destination location is predicted by means of a
model (e.g. the STP-UGNN described above) which is trained to learn POI-POI relationships
from both local and global views based on spatial, temporal and preference factors by balancing
the explore-exploit trade-offs. The STP-UGNN further includes a third graph neural network
to learn (in training) and use (in deployment) user-user relationships to support the
recommendation task.

[00105] According to one embodiment, the processing of the spatial graph, temporal graph,
and/or preference graph (STP graphs) includes usage of a masked self-attention option of
random walks that can leverage the graph structure to identify and attend higher-order
neighbours as compared to just first-order neighbours in GNN.

[00106] Experiments show that new POIs which a user has never visited before but spatially,
temporally or preferentially discovered during the exploration phase on the STP graphs can
benefit the next POI recommendation task.

[00107] By predicting the destination of the trip, in particular the length of the trip can be
predicted. This information can be used to select a vehicle which is assigned to make the trip,
e.g. by checking whether the fuel level or battery level is sufficient for the predicted length of
the trip.

[00108] The prediction of a destination for example allows controlling which vehicle (e.g.
taxi) is assigned to a certain trip. A plurality of vehicles may in particular be controlled to
minimize (or at least attempt to minimize) empty runs (or the total distance of empty runs)
using destination predictions.

[00109] The prediction of destinations according to various embodiments may also be used
for traffic management, e.g. to avoid traffic jams.

[00110] Additionally, suggesting a user a destination, e.g. a point-of-interest (POI) where he
or she in fact wants to go next increases user-friendliness of, e.g. an e-hailing application. For
example, the user is relieved of the burden of searching a map for the destination he or she

wants to go or type the name of a destination he or she wants to go.
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[00111] The method of FIG. 8 is for example carried out by a server computer as illustrated
in FIG. 9.

[00112] FIG. 9 shows a server computer 900 according to an embodiment.

[00113] The server computer 900 includes a radio interface 1101 (e.g. configured for radio
communication with the user’s smartphone or generally a positioning device to determine the
current location of the user, for example via a mobile radio communication network). The
server computer 1100 further includes a processing unit 1102 and a memory interface 1103.
The memory interface 1103 allows the processing unit 1102 to access an internal or external
memory, e.g. storing information about POIs and users (which can be used as a basis to
construct the various graphs) or storing the various graphs themselves. The server computer is
configured to perform the method of FIG. 8.

[00114] The methods described herein may be performed and the various processing or
computation units and devices described herein may be implemented by one or more circuits.
In an embodiment, a "circuit" may be understood as any kind of a logic implementing entity,
which may be hardware, software, firmware, or any combination thereof. Thus, in an
embodiment, a "circuit” may be a hard-wired logic circuit or a programmable logic circuit such
as a programmable processor, e.g. a microprocessor. A "circuit" may also be software being
implemented or executed by a processor, e.g. any kind of computer program, e.g. a computer
program using a virtual machine code. Any other kind of implementation of the respective
functions which are described herein may also be understood as a "circuit" in accordance with
an alternative embodiment.

[00115] While the disclosure has been particularly shown and described with reference to
specific embodiments, it should be understood by those skilled in the art that various changes
in form and detail may be made therein without departing from the spirit and scope of the
invention as defined by the appended claims. The scope of the invention is thus indicated by
the appended claims and all changes which come within the meaning and range of equivalency

of the claims are therefore intended to be embraced.
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CLAIMS

A method for predicting the destination location of a vehicle, comprising:
processing a local preference graph of a user of the vehicle having nodes
corresponding to locations visited before by the user by a first graph neural network;
processing one or more of
a spatial graph representing information about geographical proximity of
locations;
a temporal graph representing information about locations which have been
visited one after another by users and the time between the visits of the
locations; and
a preference graph representing information about locations which have been
visited one after another and the frequency of visits of the locations;
by a second graph neural network;
combining the result of the processing by the first graph neural network and the result
of the processing by the second graph neural network by at least one neural network
layer; and
using the output of the at least one neural network layer as prediction of the

destination location.

The method of claim 1, further comprising processing a user-user graph representing
information about similarity of users in terms of the locations they have visited by a
third graph neural network and combining the results of the processing by the third
graph neural network with the result of the processing of the first graph neural
network and the result of the processing of the second graph neural network by the at

least one neural network layer.

The method of claim 1 or 2, wherein the spatial graph has nodes corresponding to
locations, edges between nodes if the locations corresponding to the nodes are
geographically near each other and edge weights depending on the geographical

proximity of the locations corresponding to the nodes connected by the edges.
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The method of any one of claims 1 to 3, wherein the temporal graph has nodes
corresponding to locations, edges between nodes if the locations corresponding to the
nodes have been visited one after another based on the visits’ timestamps and edge
weights depending on the time between the visits of the locations corresponding to the

nodes connected by the edges.

The method of any one of claims 1 to 4, wherein the preference graph has nodes

corresponding to locations edges between nodes if the locations corresponding to the
nodes have been visited one after another in all users’ historical sequential visits and
edge weights depending on the frequency with which the locations corresponding to

the nodes connected by the edges have been visited one after another.

The method of any one of claims 1 to 5, wherein the user-user graph has nodes
corresponding to users and edges between nodes if the similarity of the users
corresponding to the nodes in terms of the locations they have visited is above a

predetermined threshold.

The method of any one of claims 1 to 6, wherein processing at least one of the spatial
graph, the temporal graph and the preference graph comprises selecting a sub-graph

of the respective graph and feeding the sub-graph to the second graph neural network.

The method of claim 7, wherein selecting the sub-graph of a graph comprises

selecting nodes of the graph by one or more random walks through the graph.

The method of claim 8, wherein the one or more random walks depend on the edge

weights of the graph.
The method of claim 8 or 9, wherein a multiplicity of random walks are performed on
the graph and nodes which have been visited most in the random walks are selected

for the sub-graph.

The method of any one of claims 1 to 10, wherein processing at least one of the

spatial graph, the temporal graph and the preference graph comprises selecting a
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plurality of sub-graphs of the respective graph and feeding the sub-graphs to different

sub-graph neural networks of the second graph neural network.

The method of claim 11, wherein selecting a plurality of sub-graphs for a graph
comprises selecting at least one sub-graph having nodes adjacent to one or more
nodes of the vehicle’s user’s historical destination visit sequence and selecting at least

one graph selected by at least one random walk through the graph.

The method of any one of claims 1 to 12, comprising processing at least two of the
spatial graph, the temporal graph and the preference graph by feeding, for each of the
at least two graphs, a first sub-graph having nodes adjacent to one or more nodes of
the vehicle’s user’s historical destination visit sequence to a first set of sub-graph
neural networks, and a second sub-graph having nodes selected by one or more
random walks to a second set of sub-graph neural networks, mean pooling the result
of the first set of sub-graph neural networks, mean pooling the results of the second
set of sub-graph neural networks and combining the results of the mean poolings by

the one or more neural network layers.

The method of any one of claims 1 to 13, wherein the at least one neural network

layer comprises at least one of a dropout layer and a linear layer.

The method of any one of claims 1 to 14, comprising processing all of the spatial
graph, the temporal graph and the preference graph by the second graph neural

network.

The method of any one of claims 1 to 15, wherein one or more of
nodes corresponding to locations have trainable features,
nodes corresponding to users have trainable features,
the graph neural networks have trainable weights and

the at least one neural network layer has trainable weights.
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The method of any one of claims 1 to 16, comprising setting one or more of the
trainable features and the trainable weights by a training procedure using historical

trips of the users.

The method of any one of claims 1 to 17, further comprising selecting a vehicle for
making a trip with the user depending on the predicted destination location from a

plurality of candidate vehicles.

The method of claim 18, comprising predicting a travel distance from the prediction
of the destination location and selecting the vehicle from the plurality of candidate

vehicles depending on the predicted travel distance.

The method of claim 19, comprising selecting the vehicle from the plurality of
candidate vehicles such that the selected vehicle has sufficient fuel or battery to travel

the predicted travel distance.

A server computer comprising a radio interface, a memory interface and a processing

unit configured to perform the method of any one of claims 1 to 20.

A computer program element comprising program instructions, which, when executed
by one or more processors, cause the one or more processors to perform the method of

any one of claims 1 to 20.
A computer-readable medium comprising program instructions, which, when

executed by one or more processors, cause the one or more processors to perform the

method of any one of claims 1 to 20.
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