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Robust Location Prediction over Sparse Spatiotemporal
Trajectory Data: Flashback to the Right Moment!
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As a fundamental problem in human mobility modeling, location prediction forecasts a user’s next location
based on historical user mobility trajectories. Recurrent Neural Networks (RNNs) have been widely used to
capture sequential patterns of user visited locations for solving location prediction problems. Due to the sparse
nature of real-world user mobility trajectories, existing techniques strive to improve RNNs by incorporating
spatiotemporal contexts into the recurrent hidden state passing process of RNNs using context-parameterized
transition matrices or gates. However, such a scheme mismatches universal spatiotemporal mobility laws and
thus cannot fully benefit from rich spatiotemporal contexts encoded in user mobility trajectories. Against
this background, we propose Flashback++, a general RNN architecture designed for modeling sparse user
mobility trajectories. It not only leverages rich spatiotemporal contexts to search past hidden states with high
predictive power, but also learns to optimally combine them via a hidden state re-weighting mechanism, which
significantly improves the robustness of the models against different settings and datasets. Our extensive
evaluation compares Flashback++ against a sizable collection of state-of-the-art techniques on two real-world
LBSN datasets and one on-campus mobility dataset. Results show that Flashback++ not only consistently and
significantly outperforms all baseline techniques by 20.56% to 44.36%, but also achieves better robustness of
location prediction performance against different model settings (different RNN architectures and numbers of
hidden states to flash back), different levels of trajectory sparsity, and different train-testing splitting ratios
than baselines, yielding an improvement of 31.05% to 94.60%.
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1 INTRODUCTION
Human mobility modeling is one of the key problems in understanding human dynamics [16, 49]. A
high-quality mobility model can serve as a fundamental ingredient for developing many smart city
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applications, such as personalized location recommendation [18, 32, 50], urban planning [47, 48]
and taxi ride-sharing scheduling [33, 35]. In this context, one key task of user mobility modeling is to
predict an individual’s next location based on users’ historical mobility trajectories [1]. Traditional
methods often resort to various user mobility features — either hand-crafted features such as
historical visit counts [39], or automatically-learnt features using graph embedding techniques [55]
— to capture user mobility patterns. However, by generating static features from historical data,
these techniques predict user locations without really considering the sequential patterns of user
mobility, which have indeed been shown as an important clue for location prediction [30].
In the current literature, Recurrent Neural Networks (RNNs) have been shown as a successful

tool to model sequential data, and thus started to be used also for user mobility modeling [68].
However, classical RNN architectures, such as vanilla RNN, Long Short-Term Memory (LSTM)
and Gated Recurrent Unit (GRU), were originally designed for language modeling to learn from
word sequences (sentences), which differs from user mobility trajectories that are often sparse and
incomplete. Specifically, on Location Based Social Networks (LBSNs), which have been widely used
as a primary data source for user mobility modeling [58], a user’s mobility trajectory is stored as a
sequence of check-ins, where each check-in represents the user’s presence at a specific Point of
Interests (POIs) such as a restaurant or a gym, at a specific time. As users share their check-ins
within their social circles on a voluntary basis on LBSNs, such mobility trajectories are often sparse.
For example, on our collected Foursquare dataset, we find that the median time between successive
check-ins is about 16.72 hours. Such sparsity and incompleteness of input sequences hinder the
application of RNNs to the location prediction problem [11, 56]. To handle such sparse mobility
trajectories, existing works strive to incorporate spatiotemporal factors into RNN architectures, as
spatiotemporal contexts have been shown as strong predictors for user mobility prediction [56, 62].
To achieve this goal, the most popular scheme used by existing work is to incorporate spa-

tiotemporal factors into the recurrent hidden state passing process of RNNs. Specifically, given
a user mobility trajectory represented as a sequence of POIs {..., 𝑝𝑖−1, 𝑝𝑖 , 𝑝𝑖+1, ...}, this scheme
first computes the temporal and spatial distances between the previous check-in and the current
check-in, denoted as Δ𝑇𝑖−1,𝑖 , Δ𝐷𝑖−1,𝑖 , respectively, and then feeds them as additional inputs to the
RNN unit, i.e., ℎ𝑖 = F (𝑝𝑖 , ℎ𝑖−1,Δ𝑇𝑖−1,𝑖 ,Δ𝐷𝑖−1,𝑖 ), where F (·) denotes a RNN unit (e.g., vanilla RNN,
LSTM or GRU), and ℎ𝑖 denotes the hidden state encoding the historical information of the sequence
up to the time step 𝑖 . In the current literature, this scheme has been instantiated by either using
spatiotemporal-specific transition matrices parameterized by Δ𝑇𝑖−1,𝑖 and Δ𝐷𝑖−1,𝑖 in RNNs [7, 30],
or extending/adding gates controlled by Δ𝑇𝑖−1,𝑖 and Δ𝐷𝑖−1,𝑖 to LSTM [22, 67, 68]. However, this
scheme cannot fully benefit from rich spatiotemporal contexts for handling sparse user mobility
trajectories, due to the following reasons.

• From a temporal perspective, feeding temporal distances between successive check-ins to the
RNN unit often ignores the temporal periodicity of user mobility. Specifically, the periodicity
of human activities is universal [16, 28]. Figure 1(a) shows the return probability of user
check-ins over time, defined as the probability of a user re-checking in at a POI a certain
period of time after her first check-in at that POI, on our collected Foursquare dataset. We
observe a clear daily (periodic) revisiting pattern. In the context of location prediction, such
a periodicity implies that historical check-ins with a temporal distance (taken from the
current time) closer to these daily peaks (1 day, 2 days, etc.) have higher predictive power.
However, iteratively feeding temporal distances between successive check-ins into the RNN
unit often fails to benefit from this periodicity property. Figure 1(a) illustrates such an example,
where Δ𝑇𝑖−1,𝑖 and Δ𝑇𝑖,𝑖+1 refers to the temporal distances between successive check-in pairs
𝑝𝑖−1 → 𝑝𝑖 and 𝑝𝑖 → 𝑝𝑖+1, respectively. If we consider the temporal distance in two steps
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(a) Temporal Periodicity (b) Spatial Regularity

Fig. 1. Spatiotemporal factors in user check-in data. a) Temporal factor shown as periodicity, where the
example in the box shows that considering temporal distances between successive check-ins only (Δ𝑇𝑖−1,𝑖
and Δ𝑇𝑖,𝑖+1) cannot capture such a periodicity. b) Spatial factor where the example shows that considering
spatial distances between successive check-ins only (Δ𝐷𝑖−1,𝑖 and Δ𝐷𝑖,𝑖+1) cannot capture the proper distances
Δ𝐷𝑖−1,𝑖+1. In both cases, the corresponding techniques fail to fully benefit from the historical check-ins with
high predictive power when predicting location.

(𝑝𝑖−1 → 𝑝𝑖+1), we find that Δ𝑇𝑖−1,𝑖+1 is close to the 1 day peak, indicating that 𝑝𝑖−1 is very
helpful for predicting the next location. In contrast, this cannot be captured if we iteratively
feed temporal distances Δ𝑇𝑖−1,𝑖 and Δ𝑇𝑖,𝑖+1 into the RNN unit.

• From a spatial perspective, feeding spatial distances between successive check-ins to the
RNN unit oversimplifies the spatial regularity of user mobility. Specifically, it has been found
that a user’s check-ins in a region that she frequently visited are highly biased to certain POIs
[7, 62]. In other words, those regions often have certain implicit “functions”, such as working
or shopping. Subsequently, the closer the user is to such a region, the more predictable her
behavior is. This suggests that the closer a past check-in is located to the current location,
the more helpful it is for the next location prediction. However, only considering spatial
distances between successive check-ins fails to capture such distances over space. Figure
1(b) shows an example. We observe that the spatial distance in two steps Δ𝐷𝑖−1,𝑖+1 is much
smaller than both Δ𝐷𝑖−1,𝑖 and Δ𝐷𝑖,𝑖+1 (which is also evidenced by our empirical analysis on
real-world datasets in Figure 5), suggesting that 𝑝𝑖−1 is more helpful for location prediction.
In contrast, this cannot be captured if we consider spatial distances Δ𝐷𝑖−1,𝑖 and Δ𝐷𝑖,𝑖+1 only.

Against this background, we propose in this paper Flashback++, a general RNN architecture
designed for modeling sparse user mobility trajectories, leveraging rich spatiotemporal contexts to
robustly overcome the sparsity issue of user mobility trajectories by learning to flash back in hidden
states of RNNs. More precisely, departing from the widely adopted scheme of adding spatiotemporal
factors into the recurrent hidden state passing process of the RNNs, our method explicitly uses
the spatiotemporal context to automatically search past hidden states with high predictive power
(i.e., historical hidden states that share similar spatiotemporal contexts to the current one). To fully
benefit from the rich spatiotemporal contexts, Flashback++ is guided by the two universal mobility
laws, i.e., temporal periodicity and spatial regularity as shown in Figure 1(a) and 1(b), respectively,
and optimally integrate them into the RNN architecture by learning to re-weighting the past hidden
states for next location prediction. Moreover, as we do not modify the hidden state passing process
of RNNs (while many existing techniques do), our Flashback++ can be easily instantiated with any
RNN units (e.g., vanilla RNN, LSTM or GRU). Our contributions are summarized as follows:
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• By revisiting existing RNN-based location prediction techniques, we reveal that the widely
adopted scheme of adding spatiotemporal factors into RNNs mismatches the universal spa-
tiotemporal mobility laws.

• We propose Flashback++, a general RNN architecture designed for modeling sparse user
mobility trajectories. It not only leverages rich spatiotemporal contexts to search past hidden
states with high predictive power, but also learns to optimally combine them via a hidden
state re-weighting mechanism, which significantly improves the robustness of the models
against different settings and datasets.

• We conduct a thorough evaluation of our method compared to a sizable collection of baselines
on two real-world LBSN datasets and one on-campus mobility dataset. Results show that
Flashback++ consistently and significantly outperforms all baseline techniques, yielding an
improvement of 20.56% to 44.36% over the best-performing spatiotemporal sequence models.

Compared to our previous work Flashback [56] with non-learnable spatiotemporal decay pa-
rameters, Flashback++ further learns these parameters to optimally integrate the two universal
mobility laws, and achieves significant improvements of 10.18% to 20.15% in next location prediction
tasks. Moreover, compared to Flashback, Flashback++ can automatically learn these parameters
to adapt to different model settings (different RNN architectures and numbers of hidden states
to flash back), different levels of trajectory sparsity, and different train-testing splitting ratios,
which significantly improves its robustness by 31.05% to 94.60% against different cases. In summary,
beyond the previous idea of “flash back in the hidden states”, this extension makes the model learn
to "flash back to the right moment".

2 RELATEDWORKS
2.1 Human Mobility Trajectory
The study on human mobility can be dated from 1885, when Ravenstein published his work
on studying migration using human mobility trajectories extracted from demographic data [42].
Nowadays, sensor-embedded smart devices make human mobility trajectory data more accessible
for large-scale studies [8]. According to the data collection scheme, human mobility trajectory data
can be classified into two categories as follows.
First, continuously sampled trajectories contain sequences of locations regularly collected from

devices carried by users. For example, GeoLife project [69] conducted by Microsoft Research Asia
collected mobility trajectories of 182 users in a period of over three years (from April 2007 to
August 2012) by recording a GPS coordinates every 5 seconds or every 10 meters; the Lausanne
Data Collection Campaign [24] conducted by Nokia Research Center, IDIAP Research Institute, and
EPFL from 2009 to 2011, collected the mobility trajectories of 200 participants; each participant pos-
sesses a smart phone programmed to record various sensor readings (e.g., WLAN, GPS, Bluetooth)
periodically (e.g., every 60 seconds). Although such continuously sampled mobility trajectory data
contains fine-grained user mobility trajectories, they often have very limited scales (a small number
of individuals) due to the controlled experimental settings and participants’ privacy concerns (on
installing background monitoring software on personal devices, for example).
Second, voluntarily shared trajectories contain sequences of self-reported locations (mostly by

users on social media platforms). For example, on LBSNs, millions of users voluntarily share their
check-in activity with their friends online, resulting in a large-scale collection of user mobility
trajectories. However, users are often willing to share only part of their activities by checking-in
at POIs; in other words, a user might visit some POIs without checking-in there, due to several
reasons such as uninteresting places, privacy concerns, or simply forgetting to do it. Therefore,
although LBSNs have been widely recognized as a primary data source for large-scale human
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mobility studies, the social sharing basis intrinsically makes the resulting mobility trajectory sparse
[17, 46, 59]. The resulting trajectories can only be regarded as a social representation of users’ daily
activities, as the users often have different preferences on what kind of activities to share, which
intrinsically differs from the continuously sampled trajectories. Such sparsity needs to be carefully
considered when performing data analytic tasks [51]. Against this background, we investigate in
this paper the location prediction problem over sparse trajectories using RNNs.

2.2 Location Prediction
Location prediction is a key problem in human mobility modeling, which predicts the location of a
user based on the user’s historical mobility trajectories. Traditional methods for location prediction
often resort to various mobility features, such as hand-craft features including historical visit counts
[15, 39, 57], activity preferences [62, 64], social relationships [5, 45], or automatically-learnt features
using graph embedding techniques [12, 40, 55, 59, 60]. In addition, generative/factorization models
have also been used to solve location prediction/recommendation problems [23, 29, 52, 61, 65].
However, these techniques have limited capability of capturing the sequential patterns of user
mobility.
To capture user sequential mobility patterns, (Hidden) Markov Chains have been widely used

for sequential prediction [4, 13, 36]. The basic idea is to estimate a transition matrix encoding the
probability of a behavior based on previous behaviors. A typical technique here is Factorizing
Personalized Markov Chains (FPMC) [44], which estimates a personalized transition matrix via
matrix factorization techniques. FPMC has been extended to the location prediction problem by
further considering spatial constraints [4, 13] in building the transition matrices. However, one
drawback of these location prediction techniques lies in the fact that they fail to well capture the
long-term dependency on user mobility trajectories.
Recently, Recurrent Neural Networks (RNNs) have been shown as a successful tool to model

sequential data [37], capturing complex long- and short-term dependency over input sequences.
To handle sparse and incomplete sequences, existing techniques strive to add context factors into
the RNNs. For example, temporal factors can be added by truncating each sparse input sequence
into several short sessions [11, 19], or by considering temporal factors as additional inputs to the
RNN units [38, 70]. For the problem of location prediction over sparse user mobility sequences,
spatiotemporal factors have been shown as strong predictors [62]. The most popular scheme to
incorporate spatiotemporal factors into RNNs is adding the spatiotemporal distances between
(mostly successive) check-ins as additional inputs to the RNN units. For example, Distance2Pre
[7] uses the distance between successively checked POIs as additional input to RNNs; STRNN [30]
uses spatiotemporal-specific transition matrices parameterized by the spatiotemporal distances in
RNNs; HST-LSTM [22] extends existing gates in LSTMs to let these gates take the spatiotemporal
distance as an additional input; STGN [68] adds additional gates controlled by the spatiotemporal
distances to LSTMs; NeuNext [67] further extend STGN leveraging POI context prediction to assist
next POI recommendation tasks by joint learning. However, as discussed in the Introduction, such
schemes cannot fully benefit from the rich historical spatiotemporal contexts encoded in mobility
trajectories.
Our previous work proposed a flashback mechanism [56] to explicitly use the high-order spa-

tiotemporal distances to search past hidden states with high predictive power. This flashback mech-
anism has been later adopted by different works. For example, BiGRU [3] designs a bi-directional
GRU with the flashback mechanism; BSDA [25] designs a bi-direction speculation method for
location prediction, combining flashback with an additional RNN which models POIs’ appeal to
users; Bi-STAN [54] extends flashback mechanism for missing check-in imputation; RTPM [31]
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combines flashback with real-time user preference models for real-time location recommenda-
tion; Graph-Flashback [41] incorporates User-POI knowledge graph with user social relationships
into the flashback framework. However, these works all use the hand-craft spatiotemporal decay
parameters as suggested by Flashback. In this paper, we extend Flashback to Flashback++ with
learnable spatiotemporal decay parameters, and conducted extensive experiments showing that
this extension not only achieves large improvements of 10.18% to 20.15% in next location prediction
tasks, but also significantly improves the model robustness by 31.05% to 94.60% against different
settings (different RNN architectures and numbers of hidden states to flash back) and different
levels of trajectory sparsity.

Note that other sequence models (apart from RNNs) have also been used for location prediction
tasks. Some models use spatiotemporal attention networks. For example, STAN [34] uses relative
spatiotemporal information between non-adjacent check-ins and DeepMove [11] combines an
attention layer with gated recurrent units (GRU) to learn long-term periodicity and short-term
sequential patterns. Others use graph-enhanced attention networks. For example, SGRec [26]
aggregates information from both neighboring POI nodes and edges to expressively embed POIs in
a sequence to learn sequential dependencies from sparse POI-level interactions; GSTN [53] learns
distance-based and transition-based geographical latent representations via on graph embeddings
to capture high-order complex geographical influences among POIs; GetNext [63] uses graph
convolutional networks on the trajectory flow map to obtain a POI-to-POI probability map and
reinforces the representations of POIs; GeoSAN [27] proposes a self-attention based geography
encoder to represent the exact GPS positions of locations in order to capture long-term sequential
dependence and thus effectively make use of geographical information. Our work differs from them
in the aspect that instead of letting the model freely search and utilize historical hidden states for
example, our method Flashback++ designs an intuitive and principled mechanism letting the model
learn to search and utilize historical hidden states under the constraints of the two spatiotemporal
mobility laws, which shows superior performance as evidenced in our experiments later.

3 FLASHBACK++
Flashback++ is designed for modeling sparse user mobility trajectories, with a particular focus on
leveraging rich spatiotemporal contexts by doing flashbacks on hidden states in RNNs. Instead
of implicitly considering context factors by adding spatiotemporal factors into the recurrent
hidden state passing process of RNNs (as most existing techniques do), our solution explicitly
uses the spatiotemporal contexts to search past hidden states with high predictive power (i.e.,
historical hidden states that share similar contexts as the current one). To fully benefit from the
rich spatiotemporal contexts, Flashback++ optimally integrates the two universal mobility laws, i.e.,
temporal periodicity and spatial regularity, into the RNN architecture by learning to re-weighting
the past hidden states for next location prediction.

3.1 Overview
Figure 2 shows an overview of our Flashback++ architecture. Given a user’s mobility trajectory
represented as a POI sequence {..., 𝑝𝑖−3, 𝑝𝑖−2, 𝑝𝑖−1, 𝑝𝑖 , 𝑝𝑖+1 ...}, we denote the temporal and spatial
distances between two check-ins 𝑝𝑖 and 𝑝 𝑗 as Δ𝑇𝑖, 𝑗 and Δ𝐷𝑖, 𝑗 , respectively. As shown in Figure 2, our
recurrent hidden state passing process remains unaltered from classical RNNs, i.e., ℎ𝑖 = F (𝑝𝑖 , ℎ𝑖−1),
letting RNNs capture sequential user mobility patterns. However, instead of using only the current
hidden stateℎ𝑖 to predict the next location 𝑝𝑖+1 (as classical RNNs do), we leverage the spatiotemporal
context to search past hidden states with high predictive power. To this end, we compute the
weighted average of the historical hidden states ℎ 𝑗 , 𝑗 < 𝑖 , with a learnable weight W(Δ𝑇𝑖, 𝑗 ,Δ𝐷𝑖, 𝑗 )
as an aggregated hidden state. This weight integrates on one hand the two universal mobility
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Fig. 2. Overview of our Flashback++ architecture for next location prediction

laws, i.e., temporal periodicity and spatial regularity, which are parameterized by the temporal
and spatial distances (Δ𝑇𝑖, 𝑗 and Δ𝐷𝑖, 𝑗 , respectively) between check-in 𝑝𝑖 and 𝑝 𝑗 ; on the other hand,
the weight also incorporates two learnable parameters 𝛼 and 𝛽 , allowing the model to search for
(under the two universal mobility laws) the most predictive hidden states across time and space,
respectively, for accurate location prediction (more information on this point below). Finally, to
model individual user’s preferences, we define a learnable user embedding vector for each user,
which is concatenated with the aggregated hidden state and then fed into a fully connected layer
for predicting the next location, as shown in Figure 2.

In summary, to effectively predict locations from sparse user mobility trajectories, Flashback++
1) uses RNNs to capture sequential patterns, 2) leverages spatiotemporal contexts to automatically
search and learn to combine past hidden states with high predictive power, and 3) incorporates
user embeddings to consider users preferences.

3.2 Context-Aware Hidden State Weighting
The weight W(Δ𝑇𝑖, 𝑗 ,Δ𝐷𝑖, 𝑗 ) is designed to measure the predictive power of the hidden state ℎ 𝑗

according to its spatiotemporal contexts.
First, from a temporal perspective, our primary goal is to incorporate the temporal periodicity

property of user behavior (as shown in Figure 1(a)) into W(Δ𝑇𝑖, 𝑗 ,Δ𝐷𝑖, 𝑗 ). To this end, we resort to
a Havercosine function, a typical periodic function with outputs bounded in [0, 1], parameterized
by Δ𝑇𝑖, 𝑗 (in days) as follows:

𝑤𝑝𝑒𝑟𝑖𝑜𝑑 (Δ𝑇𝑖, 𝑗 ) = hvc(2𝜋Δ𝑇𝑖, 𝑗 ) (1)

where hvc(𝑥) =
1+cos(𝑥 )

2 is the Havercosine function modeling the daily periodicity. Moreover,
as we can see from Figure 1(a), the return probability exponentially decreases when increasing
Δ𝑇𝑖, 𝑗 , which indicates that besides the periodicity, the older a check-in is, the less impact it has for
prediction. Subsequently, we add a temporal exponential decay weight to model this factor:

𝑤𝑇 (Δ𝑇𝑖, 𝑗 ) = 𝑤𝑝𝑒𝑟𝑖𝑜𝑑 (Δ𝑇𝑖, 𝑗 ) · 𝑒−𝛼Δ𝑇𝑖,𝑗

= hvc(2𝜋Δ𝑇𝑖, 𝑗 ) · 𝑒−𝛼Δ𝑇𝑖,𝑗
(2)

where 𝛼 is a temporal decay rate, controlling how fast the weight decreases over time Δ𝑇𝑖, 𝑗 .
Second, from a spatial perspective, we consider the spatial regularity of user behavior (as shown

in Figure 1(b)); it suggests that the closer a check-in is to the current location, the more helpful it
is for location prediction. Accordingly, we use a distance exponential decay weight to model this
factor:

𝑤𝑆 (Δ𝐷𝑖, 𝑗 ) = 𝑒−𝛽Δ𝐷𝑖,𝑗 (3)
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(a) 𝛼 = 0.2 and 𝛽 = 20 (b) 𝛼 = 0.2 and 𝛽 = 10

(c) 𝛼 = 0.05 and 𝛽 = 20 (d) 𝛼 = 0.05 and 𝛽 = 10

Fig. 3. Visualization of the spatiotemporal context-aware weightW(Δ𝑇𝑖, 𝑗 ,Δ𝐷𝑖, 𝑗 ) over space and time for
different combinations of values for 𝛼 and 𝛽 . Δ𝐷𝑖, 𝑗 is illustrated as L2 distance from the origin over spatial
space (latitude and longitude axes). The transparency of the slices on the time axis is proportional to the
weights (the lower the weight is, the more transparent a slice is).

where Δ𝐷𝑖, 𝑗 is the L2 distance between the GPS coordinates of POIs 𝑝𝑖 and 𝑝 𝑗 , and 𝛽 is a spatial
decay rate, controlling how fast the weight decreases over spatial distance Δ𝐷𝑖, 𝑗 .
Finally, we obtain the weightW(Δ𝑇𝑖, 𝑗 ,Δ𝐷𝑖, 𝑗 ) by combining the temporal and spatial weights

together:
W(Δ𝑇𝑖, 𝑗 ,Δ𝐷𝑖, 𝑗 ) = 𝑤𝑇 (Δ𝑇𝑖, 𝑗 ) ·𝑤𝑆 (Δ𝐷𝑖, 𝑗 )

= hvc(2𝜋Δ𝑇𝑖, 𝑗 )𝑒−𝛼Δ𝑇𝑖,𝑗 𝑒−𝛽Δ𝐷𝑖,𝑗
(4)

where the first Havercosine term captures the periodicity property of user check-ins, and the
exponential terms model the spatiotemporal decay of the impact of historical check-ins on location
prediction. In essence, the context-aware weight W(Δ𝑇𝑖, 𝑗 ,Δ𝐷𝑖, 𝑗 ) integrates the two universal
mobility laws to measure the predictive power of hidden states.

3.3 Learning to Re-Weight Past Hidden States
The context-aware weight in Eq. 4 incorporates two parameters 𝛼 and 𝛽 to control where to flash
back temporally and spatially, respectively, under the two mobility laws via weight decaying on
past hidden states. Figure 3 shows a visualization of the weights over space and time for different
values of 𝛼 and 𝛽 . We observe on one hand a periodicity pattern over time (Δ𝑇𝑖, 𝑗 ), and on the other
hand, a spatiotemporal decay over space and time. Comparing the cases across different values of
𝛼 and 𝛽 , we observe that lower values of 𝛼 and 𝛽 spreads the weight further over space and time.
Subsequently, tuning 𝛼 and 𝛽 gives the flexibility to control when and where should we flash back
on hidden states, under the constraints of the two universal mobility laws.

In this paper, different from our previous work [56] where wemanually tune 𝛼 and 𝛽 , Flashback++
introduces both of them as learnable parameters that are trained together with the RNNs over
epochs. This design further provides the model with the flexibility of learning to optimally integrate
the two universal mobility laws into the RNN architectures for next location prediction, i.e., learning
to flash back to the right moment under the constraints of the two mobility laws. This significantly
improves the robustness of Flashback++, in particular for the following three cases.
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• First, when RNN architectures (e.g., RNN, LSTM, or GRU) have different modeling capacities,
𝛼 and 𝛽 can be learnt to adapt to them for achieving optimal location prediction performance.
For example, if the current hidden state encodes insufficient information from the trajectory
for predicting the next location, 𝛼 and 𝛽 will be learnt to have low values such as in Figure
3(d), resorting to more information from historical hidden states for prediction.

• Second, when the number of available hidden states (to be combined via weighted average)
changes, 𝛼 and 𝛽 can be learnt to optimally use these hidden states. For example, when more
hidden states are available, 𝛼 and 𝛽 tend to be learnt to have lower values so as to utilize those
"older" hidden states (by assigning higher weights to them) for boosting the performance of
location prediction.

• Third, when learning from mobility trajectory datasets with different levels of sparsity, 𝛼
and 𝛽 can be learnt to utilize the right amount of information from historical hidden states
for prediction. For example, for a more sparse trajectory dataset, 𝛼 and 𝛽 are learnt to have
low values such as in Figure 3(d), using more information from historical hidden states for
prediction.

All these cases are evidenced by our experiments below.

4 DISCUSSIONS
4.1 Why Does it Work?
By flashing back to the historical hidden states, our method can discount the “noise” from the
recurrent hidden state passing process of the RNNs over sparse user mobility trajectories, and also
create an explicit “attention” mechanism (more discussion on this point below) by leveraging past
hidden states with high predictive power (i.e., historical hidden states that share similar contexts as
the current hidden state) for location prediction. Figure 4 shows a toy example from the temporal
perspective. On one hand, Figure 4(a) shows an actual (complete) user mobility trajectory with a
clear sequential pattern (“Home-Office-Restaurant-Office-Shopping-Bar-Home”), where classical
RNNs can effectively capture such a pattern and predict the next location “Home”. On the other
hand, for an observed (sparse) user mobility trajectory as shown in Figure 4(b), the sequential
pattern is difficult to be captured by RNNs, where the hidden state passing process becomes noisy
due to the incompleteness of the sequence. Even when considering temporal distances between
successive check-ins as additional inputs of the RNN units (as many state-of-the-art techniques
do), it still falls short in capturing long-term temporal (i.e, periodicity) dependencies. However,
by flashing back to the historical hidden states sharing a similar temporal context as the current
one (Δ𝑇 ≈ 1 day capturing the daily periodicity, i.e., at a similar time on the previous day), we can
predict the next location “Home”.

4.2 Relation to Attention Mechanisms
The attention mechanism [2] was initially introduced to improve the performance of the encoder-
decoder model for machine translation using RNNs. Its key idea is to give the decoder more flexibility
to automatically search and utilize the most relevant tokens of the input sequence, by learning
a weighted combination of all the encoded input tokens, where higher weights are associated
with more relevant tokens. Specifically, in a sequence-to-sequence (seq2seq) task such as machine
translation, instead of encoding the input sequence into one hidden state vector1 for decoding, the
attention model computes a weighted combination of historical hidden states specifically for each
output step. Our Flashback++ is related to the attention mechanism in the following aspects. On
1Also known as context vector in seq2seq tasks. We keep using hidden state vectors here for the purpose of terminology
consistency.
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(a) Actual (complete) user mobility trajectory

(b) Observed (sparse) user mobility trajectory

Fig. 4. A toy example illustrating the working principle of Flashback++ from a temporal perspective.

one hand, both of them try to make better use of the input sequence for prediction by leveraging a
weighted combination of the historical hidden states with learnable weights. On the other hand,
different from the attention mechanism that computes the weights based on the similarity between
each input token and the current output token in the learnable word embedding space, Flashback++
computes the weights according to the similarity between the spatiotemporal context of each
token (each historical check-in) and the current context, where the similarity computation further
integrates the physical human mobility laws with learnable decay parameters which allow our
model to learn to "flash back to the right moment" under the constraints of the two mobility laws
for predicting next location.

Moreover, compared to a state-of-the-art technique Deepmove [11] that designs a sophisticated
attention mechanism in GRU letting the model freely search and utilize historical hidden states, our
method Flashback++ designs an intuitive and general mechanism letting the model learn to search
and utilize historical hidden states under the constraints of the two spatiotemporal mobility laws.
Our experiments show that Deepmove not only underperforms Flashback++ in location prediction
tasks, but also suffers from an efficiency bottleneck when learning from large scale datasets due to
the expensive computation incurred by the attention module (see Table 2 for more detail).

4.3 How Far to Flash Back?
As Flashback++ generates an aggregated hidden state from past hidden states, an immediate
question here is how many past hidden states should be considered? To answer this question, we
review the temporal and spatial exponential decay terms (𝑒−𝛼Δ𝑇𝑖,𝑗 and 𝑒−𝛽Δ𝐷𝑖,𝑗 ) in W(Δ𝑇𝑖, 𝑗 ,Δ𝐷𝑖, 𝑗 ).
Figure 5 shows the box plot of temporal and spatial distances (Δ𝑇 and Δ𝐷 , respectively) between
two check-ins 𝑘-step distant from each other in user trajectories on our LBSN datasets. We observe
that both Δ𝑇 and Δ𝐷 increase with 𝑘 ; while Δ𝑇 (almost) linearly increases, Δ𝐷 quickly flattens out.
Taking 𝑘 = 19 on Gowalla as an example (where 20 historical hidden states are considered), median
Δ𝑇 is 13.13 days (315 hours in Figure 5) and median Δ𝐷 is 0.073 (Euclidean distance between two
GPS coordinates2, corresponding to 8.15 km in Figure 5). The learnt optimal temporal and spatial
decay rates using RNNs are 𝛼 = 0.40 and 𝛽 = 35.28, respectively. Subsequently, the temporal and
spatial exponential decay term 𝑒−𝛼Δ𝑇𝑖,𝑗 𝑒−𝛽Δ𝐷𝑖,𝑗 is 0.0004. This term is indeed the upper bound of

2The exact distance between two GPS coordinates should be computed on the basis of a spherical earth (also considering
ellipsoidal effects). However, in practice, Euclidean distance is widely used in spatiotemporal data mining due to its simplicity
and computational efficiency.
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W(Δ𝑇𝑖, 𝑗 ,Δ𝐷𝑖, 𝑗 ) as all other terms in W(Δ𝑇𝑖, 𝑗 ,Δ𝐷𝑖, 𝑗 ) are bound to [0, 1]. In other words, a hidden
state more than 19-step back receives a weight less than 0.0004, which contributes little to the
aggregated hidden state. We also study this point in our experiments below in Section 5.5, where
we show that with learnable 𝛼 and 𝛽 , Flashback++ can well adapt to different numbers of hidden
states to boost location prediction performance, and the selection of the number of hidden states
needs also to consider the runtime performance.

4.4 The complexity of the Flashback mechanism
The complexity of our Flashback mechanism is discussed as follows. Let 𝑛 be the length of the
sequence and 𝑑 be the size of hidden states (embedding size), respectively. Take vanilla RNNs as an
example, the time and space complexities for one sequence are O(𝑛𝑑2) and O(𝑛𝑑), respectively.
Built on top of RNNs, our flashback mechanism additionally re-weights and combines 𝑛 hidden
states of dimension 𝑑 , resulting in the time complexity O(𝑛𝑑2 + 𝑛𝑑) and while space complexity
remains the same as O(𝑛𝑑). Therefore, we see that the computational overhead of our Flashback
mechanism is very small as hidden state size 𝑑 is often set to 𝑑 ≫ 1 (e.g., 𝑑 = 10 in our experiments),
and thus 𝑛𝑑2 ≫ 𝑛𝑑 .

4.5 Applicability of the Flashback mechanism to other models
State-of-the-art location prediction models often resort to attention-based models [11] and graph-
based models [41]. Our Flashback mechanism can also be integrated with these models. First, the
graph-based models often built graphs of users (social networks) or POIs (transition networks) to
explicitly capture their high-order correlations for improved performance. Our Flashback mecha-
nism is applied to temporal sequences; it is orthogonal to the graph-based approaches and thus
can be easily integrated with these approaches. For example, Graph-Flashback [41] integrates our
Flashback mechanism with POI transition graph models. Second, the attention-based mechanism
learns to re-weigh and combine all historical hidden states freely, while our Flashback mechanism
constrains the re-weighing and combination process under the two mobility laws. In this context,
our Flashback can also be integrated with the attention mechanism by designing a more flexibly
learnable re-weighting process guided by the two mobility laws. This remains our future work.

5 EXPERIMENTS
5.1 Experimental Setup
5.1.1 Dataset. We conduct experiments using three real-world datasets.
First, we use two widely used check-in datasets collected from two LBSNs Gowalla [5] and

Foursquare [56], respectively. A user’s mobility trajectory is represented as a sequence of check-ins
at POIs. Due to the social sharing nature of LBSNs, such user mobility trajectories are intrinsically
sparse. We use these two datasets to evaluate the performance of location prediction by comparing
different techniques.
Second, we collect an in-house Wi-Fi-positioning-based mobility dataset on the campus of

the University of Macau (UM-WiFi). Specifically, a user’s mobility trajectory is represented as
a sequence of the (automatic) connection records between the user’s mobile devices and Wi-Fi
Access Points (APs). Each connection record includes an authenticated user ID (hashed for the
purpose of privacy protection), a connection time stamp, and the ID of the connected AP; it can
be regarded as an automatic check-in of the user at the AP without human intervention3. On the
campus of the University of Macau, about 6,000 APs have been deployed, covering over 80% of

3Although these automatic device-to-device check-ins at APs intrinsically differ from the user voluntarily shared check-ins
at POIs on LBSNs, for the sake of brevity, we keep using "check-ins" and "POIs" for both cases.
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Table 1. Statistics of the datasets

Dataset Gowalla Foursquare UM-WiFi
#Users 52,979 46,065 11,155
#POIs 121,851 69,005 5,920
#Checkins 3,300,986 9,450,342 48,370,506
Collection
period

02/2009∼
10/2010

04/2012∼
01/2014

01/2021∼
04/2021

Median time between
successive check-ins

11.09 hours
(0.46 days)

16.72 hours
(0.70 days) 0.03 hours

Fig. 5. Box plot of temporal and spatial distances (Δ𝑇 and Δ𝐷 , respectively) between two check-ins 𝑘-step
distant in check-in sequences on Gowalla and Foursquare datasets.

the campus (including both indoor and outdoor areas), providing Internet services to over 10,000
students and staff. Subsequently, with the automatic nature of these device-to-device check-ins and
the high coverage of the campus by the APs, this dataset contains comprehensive mobility traces
on campus, which is much more dense compared to the two LBSN datasets. We use this dataset to
investigate the robustness of our proposed method against trajectories of different levels of sparsity
in a controlled experiment setting by sparsifying the (dense) trajectories via random sampling to
different extents. Such a setting ensures the trajectories of different levels of sparsity have the
same underlying mobility pattern, thus supporting a fair comparison between them. Note that
these artificially-sparsified datasets still differ from the LBSN datasets. The latter can be regarded
as manually-sparsified datasets by users, which strongly involves a user’s personal preference on
sharing what kind of check-ins from all her daily activities.
Table 1 shows the statistics of all three datasets. We observe that the two LBSN datasets are

much more sparse (with median time between successive check-ins being 11.09 and 16.72 hours,
respectively), compared to the UM-WiFi dataset with a median time of 0.03 hours. Figure 5 further
shows the box plot of temporal and spatial distances (Δ𝑇 and Δ𝐷 , respectively) between two check-
ins 𝑘-step distant from each other in user trajectories on Gowalla and Foursquare. We observe that
both Δ𝑇 and Δ𝐷 (and their variances) increase with 𝑘 . While Δ𝑇 (almost) linearly increases, Δ𝐷
quickly flattens out. This further verifies our motivation of capturing spatial regularity as shown in
Figure 1(b), where considering spatial distances between successive check-ins only (Δ𝐷𝑖−1,𝑖 and
Δ𝐷𝑖,𝑖+1) cannot capture the proper distance Δ𝐷𝑖−1,𝑖+1.

5.1.2 Baselines. We compare Flashback++ against a sizable collection of state-of-the-art techniques
from five categories:
• User Preference-based Methods. WRMF [21] is a matrix factorization based recommendation
technique designed explicitly for implicit feedback such as historical user behavior, where users do
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not explicitly express their preference; it fits well our check-in datasets that contain historical user
presence at POIs. BPR [43] is a ranking-based recommendation technique for implicit feedback,
which learns user preferences by minimizing a pairwise ranking loss; it uses a bootstrap sampling
technique to learn from both positive feedback and non-observed feedback to alleviate data
sparsity issue. We use the default parameter settings of LibRec4 for these two methods.

• Feature-based methods: Most Frequent Time (MFT, the best-performing feature by [15]) ranks
a POI according to a user’s historical check-in count at a POI and at a specific time slot in
the training dataset; we define the timeslot as 24 hours in a typical day as suggested by [62].
LBSN2Vec [59] is an automatic feature learning technique designed specifically for check-in
data; it learns user, time and POI feature vectors from an LBSN hypergraph, and ranks a POI
according to its similarities with user and time in the feature space for location prediction tasks;
we set the number of negative samples, random walk window size, and the mobility data ratio to
{10, 10, 1} in our experiments.

• Markov-Chain-based Methods: FPMC [44] estimates a personalized transition matrix of POIs in
user mobility trajectories using matrix factorization techniques. We set the number of negative
samples and the dimension of factorization to {10, 32}. PRME [13] extends FPMC to location
prediction problems by further considering spatial constraints, and learns user and POI em-
beddings to capture the personalized POI transition patterns. We set the threshold, component
weight, and hidden state size to {360, 0.2, 20}. TribeFlow [14] learns a mixture model to capture
the semi-Markov transition probability matrix over latent environments for predicting user
trajectories. We set the number of cores, number of transitions, number of iterations, and the
number of batches to {20, 0.3, 2000, 20}, and use ECCDF-based kernel introduced in [14].

• Basic RNNs: RNN [66] is a vanilla Recurrent Neural Network architecture, capturing sequential
patterns from user mobility trajectories for location prediction. LSTM (Long Short-TermMemory)
[20] is capable of learning from both short- and long-term dependency in sequences using a
memory cell controlled by three multiplicative gates including an input gate, an output gate and
a forget gate. GRU (Gated Recurrent Unit) [6] captures long-term dependency by controlling
information flow with an update gate and a reset gate. We set the hidden state size to 10 for all
three RNN architectures and all the datasets.

• Spatiotemporal Sequence Models: DeepMove [10, 11] adds an attention mechanism to GRU for
location prediction over sparse mobility trajectories. We set the size of all embeddings and the
hidden state size to {50, 10}, and use average history mode and LSTM as suggested by [11].
STRNN [30] uses customized transition matrices parameterized by the spatiotemporal distances
between check-ins within a time window in RNNs. STGN [68] add additional gates controlled
by the spatiotemporal distances between successive check-ins to LSTM. STGCN [68] is an
extension of STGN with coupled input and forget gates for improved efficiency. We set the
hidden state size to 10 for all the datasets. STAN [34] designs a spatiotemporal attention network
capturing interactions between non-adjacent locations and non-consecutive check-ins using
spatiotemporal contexts. We set the embedding size, the maximum length for trajectory sequence,
and the number of negative samples to {50, 100, 10}, respectively. GetNext [63] exploits the user
flow trajectory graph and time-aware category context embedding for next location prediction;
for a fair comparison, we do not use category information by assigning the same category to all
POIs. We set the embedding size of POIs and users, the numbers of three GCN layers’ channels,
the embedding size of the transformer encoder to {128, 32, 64, 128, 1024}, respectively. Flashback
[56] is our previous work where our context-aware hidden state weighting mechanism is also
used, but with non-learnable spatiotemporal decay parameters 𝛼 and 𝛽 ; we instantiate it using

4https://github.com/guoguibing/librec
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the three basic RNNs, named as Flashback (RNN), Flashback (LSTM), and Flashback (GRU),
and set 𝛼 and 𝛽 as suggested in [56]. We set the hidden state size to 10 of the three Flashback
RNN-based architectures for all the datasets.
Note that for a fair comparison, we exclude the methods for the next location prediction using

additional information beyond historical user mobility traces from our baselines. For example,
Graph-Flashback [41] uses user social networks as additional data; Bi-STAN [54], BSDA [25], RTPM
[31] predict locations conditioned on a “query” time (or time interval), i.e., where a user will go at a
given time in the future, which differs from our problem setting.
For our proposed Flashback++, we also instantiate it using the three basic RNNs, named as

Flashback++ (RNN), Flashback++ (LSTM), and Flashback++ (GRU). We set the hidden state
size to 10 for all the datasets, for a fair comparison. We train Flashback++ by backpropagation
through time using the Adam stochastic optimizer with cross-entropy loss. The implementation of
Flashback++ and LBSN datasets are available here5.

5.1.3 Evaluation Protocol and Metrics. We evaluate Flashback++ in the next location prediction
task, where we predict where a user will go next, given a sequence of her historical check-ins,
as shown in Figure 2. We chronologically split all the mobility trajectories into 80% for training
and 20% for test. We report two widely used metrics for location prediction: average Accuracy@N
(Acc@N), where 𝑁 = 1, 5, 10, and Mean Reciprocal Rank (MRR).

5.2 Location Prediction Performance Comparison
Table 2 shows the results of comparing different methods on both Gowalla and Foursquare datasets.
In general, we observe that Flashback/Flashback++ consistently and significantly outperforms all
baseline techniques. In particular, compared to the best-performing baselines (spatiotemporal se-
quence models in most cases), Flashback++ shows an improvement of 44.36% and 20.56% in MRR, on
Gowalla and Foursquare, respectively. Compared to the basic RNNs, our Flashback++ consistently
yields significant improvements of 84.20% and 121.35% on Gowalla and Foursquare, respectively,
showing the effectiveness of leveraging past hidden states for next location prediction. Compared to
our previous work Flashback with non-learnable spatiotemporal decay parameters, Flashback++ also
achieves consistent improvements of 20.15% and 10.18% on Gowalla and Foursquare, respectively;
this result shows the advantage of learning spatiotemporal decay parameters 𝛼 and 𝛽 , giving flexibil-
ity of learning to optimally integrate the two universal mobility laws into the RNN architectures for
next location prediction. In the following, we experimentally show that these learnable parameters
also significantly improve the robustness of the model against different settings (different RNN
architectures and numbers of hidden states to flash back) and different levels of trajectory sparsity.

5.3 Ablation Study
We conduct an ablation study on our proposed method Flashback++, considering the following
variants.
• Flashback++ (w/o learnable 𝛼) is a variant of Flashback++ without the learnable temporal
decay rate 𝛼 . It is also equivalent to Flashback by making the spatial decay rate 𝛽 learnable.

• Flashback++ (w/o learnable 𝛽) is a variant of Flashback++ without the learnable temporal
decay rate 𝛽 . It is also equivalent to Flashback by making the temporal decay rate 𝛼 learnable.

• Flaskback is also considered as a variant of Flashback++ without the learnable spatiotemporal
decay rates 𝛼 and 𝛽 .

5https://github.com/Pursue1221/FlashbackPlusPlus
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Table 2. Location prediction performance comparison on both Gowalla and Foursquare datasets. The best-
performing baselines and Flashback/Flashback++ are highlighted. (*Experiments of DeepMove are conducted
on 5,000 randomly sampled users, due to its poor efficiency where it takes more than 24 hours per epoch using
an NVIDIA V100 GPU for all users on both of our datasets; †Experiments of STAN are conducted on 2000
users following the setting suggested by [41], due to its poor scalability on large scale datasets. ⋄Experiments
of GetNext are conducted on 15000 randomly sampled users on Foursquare, due to its poor efficiency where
it takes more than 24 hours per epoch on the whole Foursquare datasets. )

Method Gowalla Foursquare
Acc@1 Acc@5 Acc@10 MRR Acc@1 Acc@5 Acc@10 MRR

User Preference
based Methods

WRMF 0.0112 0.0260 0.0367 0.0178 0.0278 0.0619 0.0821 0.0427
BPR 0.0131 0.0363 0.0539 0.0235 0.0315 0.0828 0.1143 0.0538

Feature-based
Methods

MFT 0.0525 0.0948 0.1052 0.0717 0.1945 0.2692 0.2788 0.2285
LBSN2Vec 0.0864 0.1186 0.1390 0.1032 0.2190 0.3955 0.4621 0.2781

Markov-Chain
based Methods

FPMC 0.0479 0.1668 0.2411 0.1126 0.0753 0.2384 0.3348 0.1578
PRME 0.0740 0.2146 0.2899 0.1503 0.0982 0.3167 0.4064 0.2040
TribeFlow 0.0256 0.0723 0.1143 0.0583 0.0297 0.0832 0.1239 0.0645

Basic RNNs
RNN 0.0881 0.2140 0.2717 0.1507 0.1824 0.4334 0.5237 0.2984
LSTM 0.0621 0.1637 0.2182 0.1144 0.1144 0.2949 0.3761 0.2018
GRU 0.0528 0.1416 0.1915 0.0993 0.0606 0.1797 0.2574 0.1245

Spatiotemporal
Sequence
Models

DeepMove* 0.0625 0.1304 0.1594 0.0982 0.2400 0.4319 0.4742 0.3270
STRNN 0.0900 0.2120 0.2730 0.1508 0.2290 0.4310 0.5050 0.3248
STGN 0.0624 0.1586 0.2104 0.1125 0.2094 0.4734 0.5470 0.3283
STGCN 0.0546 0.1440 0.1932 0.1017 0.1878 0.4502 0.5329 0.3062
STAN† 0.0891 0.2096 0.2763 0.1523 0.2265 0.4515 0.5310 0.3420
GetNext⋄ 0.0912 0.2003 0.2487 0.1484 0.1862 0.4702 0.5763 0.3153

Flashback
Flashback (RNN) 0.1158 0.2754 0.3479 0.1925 0.2496 0.5399 0.6236 0.3805
Flashback (LSTM) 0.1024 0.2575 0.3317 0.1778 0.2398 0.5169 0.6014 0.3654
Flashback (GRU) 0.0979 0.2526 0.3267 0.1731 0.2375 0.5154 0.6003 0.3631

Flashback++
Flashback++ (RNN) 0.1352 0.3107 0.3860 0.2190 0.2775 0.5767 0.6536 0.4123
Flashback++ (LSTM) 0.1316 0.3014 0.3744 0.2128 0.2700 0.5659 0.6415 0.4036
Flashback++ (GRU) 0.1356 0.3124 0.3890 0.2199 0.2724 0.5679 0.6442 0.4057

Table 3. Ablation study on Flashback++

Method Gowalla Foursquare
RNN LSTM GRU RNN LSTM GRU

Flashback 0.1925 0.1778 0.1731 0.3805 0.3654 0.3631
Flashback++ (w/o learnable 𝛼) 0.2125 0.2067 0.2143 0.4050 0.4025 0.4004
Flashback++ (w/o learnable 𝛽) 0.2100 0.2086 0.2133 0.4076 0.4032 0.4046

Flashback++ 0.2190 0.2128 0.2199 0.4123 0.4036 0.4057

Table 3 shows the results. First, we observe that the learnable 𝛽 can effectively improve the location
prediction performance. The improvement is evidenced by the superiority of 1) Flashback++ (w/o
learnable 𝛼) over Flashback, with 16.81% and 8.96% improvement on Gowalla and Foursquare,
respectively); and 2) Flashback++ over Flashback++ (w/o learnable 𝛽), with 3.12% and 0.51% im-
provement on Gowalla and Foursquare, respectively. Second, we observe that the learnable 𝛼 can
also improve the location prediction performance. The improvement is evidenced by the superiority
of 1) Flashback++ (w/o learnable 𝛽) over Flashback, with 16.54% and 9.64% improvement on Gowalla
and Foursquare, respectively), and 2) Flashback++ over Flashback++ (w/o learnable 𝛼), with 2.87%
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Table 4. coefficient of variation in MRR over different RNN architectures (RNN, LSTM, GRU). A large value
indicates a large variation in the performance using different RNN architectures, implying a large variation in
their modeling capacities.

Method Gowalla Foursquare
Basic RNNs 21.73% 41.84%
Flashback 5.59% 2.55%
Flashback++ 1.77% 1.11%

Table 5. Learnt 𝛼 and 𝛽 by Flashback++ using different RNN architectures.

Method Gowalla Foursquare
𝛼 𝛽 𝛼 𝛽

Flashback++(RNN) 0.4030 35.2778 0.0096 36.5644
Flashback++(LSTM) 13.5655 65.3906 0.0226 35.3685
Flashback++(GRU) 0.3435 58.8516 0.0207 50.4289

and 1.13% improvement on Gowalla and Foursquare, respectively). Finally, compared to Flashback,
Flashback++ integrating both learnable spatiotemporal decay rate 𝛼 and 𝛽 yields a significant
improvement of 20.15% and 10.18% on Gowalla and Foursquare, respectively.

5.4 Robustness against different RNN architectures
In this experiment, we investigate the robustness of our method against different RNN architectures.
Specifically, we measure the robustness using the coefficient of variation [9], defined as the ratio
of the standard deviation to the mean of a specific metric over different cases. Taking MRR as an
example, it is computed as follows:

𝑐𝑣 =
𝜎 (𝑀𝑅𝑅)
` (𝑀𝑅𝑅) ∗ 100% (5)

where 𝜎 (𝑀𝑅𝑅) and ` (𝑀𝑅𝑅) compute the standard deviation and mean of MRR over different cases
(i.e., different RNN architectures in this experiment), respectively.

Table 4 computes the coefficient of variation in MRR over different RNN architectures. We
observe a large variation in the performance of basic RNN, LSTM, and GRU (with a coefficient of
variation of 21.73% and 41.84% in MRR on the two datasets, respectively); this large variation implies
the different capacities of different RNN architectures modeling sparse user mobility trajectories.
Despite their different modeling capacities, our previous work Flashback implemented with RNN,
LSTM, and GRU shows a smaller variation in terms of its performance (with a coefficient of variation
of 5.59% and 2.55% in MRR on the two datasets, respectively). Moreover, Flashback++ that learns
spatiotemporal decay parameters 𝛼 and 𝛽 to optimally integrate the two universal mobility laws
into the RNN architectures can further reduce the performance variation over different RNN
architectures, showing a coefficient of variation of 1.77% and 1.11% in MRR on the two datasets,
respectively, as shown in Table 4. In summary, Flashback++ significantly improves the robustness
against different RNN architectures, significantly outperforming basic RNNs and Flashback by
reducing the coefficient of variation in MRR by 94.60% and 62.34% on average, respectively.
To further understand the robustness of Flashback++, we study the spatiotemporal decay pa-

rameters 𝛼 and 𝛽 learnt using different RNN architectures. Table 5 shows the results. We observe
that the learnt values of 𝛼 and 𝛽 vary not only across different RNN architectures, but also across
different datasets. Flashback++ can flexibly adapt to different RNN architectures and datasets by
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Fig. 6. Location prediction performance over different numbers of hidden states considered

Table 6. coefficient of variation in MRR over different numbers of hidden states considered

Method Gowalla Foursquare
RNN LSTM GRU RNN LSTM GRU

Flashback 4.39% 4.14% 4.27% 1.18% 1.92% 1.72%
Flashback++ 2.17% 3.89% 2.33% 0.56% 0.94% 0.80%

learning 𝛼 and 𝛽 to maximally boost the performance of location prediction, achieving not only
higher performance but also better robustness against different RNN architectures at the same time.

5.5 Robustness against different numbers of hidden states to flash back
In this experiment, we investigate the robustness of our method against different numbers of
available hidden states to flash back. Specifically, we evaluate the location prediction performance
across different numbers of hidden states used by Flashback/Flashback++ on both LBSN datasets.
Figure 6 shows the results. First, we see that Flashback++ consistently outperforms Flashback
across different numbers of hidden states, by learning spatiotemporal decay parameters 𝛼 and
𝛽 to optimally integrate the two universal mobility laws into the RNN architectures for next
location prediction. More importantly, we observe that compared to Flashback, Flashback++ has a
smaller variation in performance over different numbers of hidden states in general. Table 6 further
computes the coefficient of variation in MRR over different numbers of hidden states. We see that
Flashback++ has smaller coefficients of variance than Flashback in all cases. We further investigate
the learnt values of 𝛼 and 𝛽 using Flashback++ w.r.t. the number of hidden states considered. As
shown in Figure 7, we see that both 𝛼 and 𝛽 decreases when more historical hidden states are
considered, which implies that Flashback++ indeed learns to leverage "older" (spatiotemporally
more distant) hidden states (by assigning higher weights to them) for boosting the performance of
location prediction. In summary, compared to Flashback, Flashback++ not only achieves significant
higher performance on location prediction, but also is more robust against the number of hidden
states by learning to adapt to different numbers of available hidden states to flash back, reducing
the coefficient of variation in MRR by 43.23% on average.

Although Flashback++ yields robust performance on location prediction over different numbers
of hidden states, its runtime performance varies. Figure 8 shows the training time per epoch over
different numbers of hidden states. We observe that when increasing the number of hidden states,
the training time first decreases and then increases; in other words, either too large or small numbers
of hidden states lead to longer training time. On one hand, when a smaller number of hidden states
are used, the flashing back process takes less time as the sequence length is shorter; however, for
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Fig. 7. Learnt 𝛼 and 𝛽 over different numbers of hidden states considered using Flashback++

Fig. 8. Runtime performance over different numbers of hidden states considered

the same input trajectories, we have more batches to train, as we split an input trajectory into more
sequences (of a shorter length) in the batching process. On the other hand, using a larger number
of hidden states requires a longer time to flash back, but with fewer batches (of longer sequences)
to train. Subsequently, in general, we observe a U-shaped curve of training time over different
numbers of hidden states. In practice, to set the number of hidden states to flash back, we need to
consider both the location prediction performance and runtime performance; we suggest 15 or 20
on LBSN datasets.

5.6 Robustness against different levels of trajectory sparsity
In this experiment, we evaluate the robustness of our method against trajectories of different levels
of sparsity. To this end, we resort to our UM-WiFi dataset, which contains comprehensive and
dense trajectories on campus. The left penal of Figure 9 shows the box plot of temporal distances
Δ𝑇 between two check-ins 𝑘-step distant in check-in sequences. We see that the UM-WiFi dataset
is much more dense (with much smaller Δ𝑇 ) compared to the two LBSN datasets, and Δ𝑇 also
linearly increases with 𝑘 . By randomly sampling the original trajectories with different sampling
rates, we obtain trajectory datasets with different levels of sparsity. We consider the following five
sampling rate 1, 1/2, 1/4, 1/8, and 1/16, where 1 refers to the original (unsampled) dataset and
1/2 refers to randomly sampled 50% check-ins from each trajectory, and so on. The right penal of
Figure 9 shows the box plot of temporal distances Δ𝑇 between successive check-ins in trajectories
of different levels of sparsity. We see that Δ𝑇 exponentially increases with the level of sparsity as
the sampling rate exponentially decreases. Using these five datasets of different levels of sparsity,
we evaluate the location prediction performance.
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Fig. 9. Box plot of temporal distances Δ𝑇 on UM-WiFi dataset. The left penal shows Δ𝑇 between two check-ins
𝑘-step distant in check-in sequences. The right panel shows Δ𝑇 between successive check-ins in trajectories
of different levels of sparsity.

Table 7. Performance on UM-WiFi datasets of different levels of sparsity

Method Level of sparsity
1 1/2 1/4 1/8 1/16

RNN 0.4684 0.4139 0.3618 0.3234 0.2830
LSTM 0.4674 0.4102 0.3547 0.3248 0.3023
GRU 0.4582 0.4037 0.3471 0.3175 0.2960
Flashback++(RNN) 0.4982 0.4506 0.4172 0.3942 0.3858
Flashback++(LSTM) 0.4981 0.4514 0.4165 0.3936 0.3864
Flashback++(GRU) 0.4931 0.4497 0.4087 0.3926 0.3853

Fig. 10. Performance drop at different levels of sparsity from the original (unsampled) trajectories

Fig. 11. Learnt 𝛼 and 𝛽 at different levels of sparsity
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Table 8. Performance on UM-WiFi datasets of different train-testing splitting ratios

Method Train-testing splitting ratios
0.5/0.5 0.6/0.4 0.7/0.3 0.8/0.2 0.9/0.1

RNN 0.2391 0.2556 0.2652 0.2830 0.2798
LSTM 0.2812 0.2879 0.2912 0.3023 0.2987
GRU 0.2666 0.2784 0.2882 0.2960 0.2887
Flashback++(RNN) 0.3695 0.3730 0.3769 0.3858 0.3782
Flashback++(LSTM) 0.3733 0.3768 0.3781 0.3864 0.3789
Flashback++(GRU) 0.3708 0.3740 0.3774 0.3853 0.3770

Table 9. Coefficient of variation in MRR over different train-testing splitting ratios

Method RNN LSTM GRU
Basic RNNs 6.82% 2.89% 4.01%
Flashback++ 1.63% 1.27% 1.43%

Table 7 shows the performance of basic RNNs and Flashback++.We observe that all methods yield
decreasing performance when the level of sparsity increases, as it is more difficult to model user
mobility over more sparse trajectories. Our Flashback++ consistently and significantly outperforms
basic RNNs across different levels of sparsity. Moreover, to quantitatively evaluate the robustness
against different levels of sparsity, for each method, we compute the relative performance drop from
the original (unsampled) trajectories at different levels of sparsity. Figure 10 shows the results. We
observe that our Flashback++ achieves much smaller performance drops compared to basic RNNs,
reducing the performance drop by 31.05% on average over different levels of sparsity. This implies
that Flashback++ is more robust than basic RNNs against different levels of trajectory sparsity.

In addition, we also investigate the learnt values of the spatiotemporal decay parameters 𝛼 and
𝛽 at different levels of sparsity. Figure 11 shows the results. We observe that both 𝛼 and 𝛽 decrease
when increasing the level of sparsity of input trajectories. Specifically, for more sparse trajectories,
the spatial and temporal distances between successive check-ins are larger; subsequently, 𝛼 and 𝛽

are learnt to have smaller values so as to account more for historical hidden states for next location
prediction.

5.7 Robustness against different train-testing splitting ratios
In this experiment, we evaluate our method against different train-testing splitting ratios on the
UM-WiFi dataset with a sampling rate of 1/16. The results are shown in Table 8. We see that as
the training ratio increases, the performance of all methods improves in general. However, we
observed that the highest performance was achieved at a train-testing splitting ratio of 0.8/0.2,
while the performance drops at a train-testing splitting ratio of 0.9/0.1, due to overfitting. Notably,
Flashback++ consistently and significantly outperformed basic RNNs across various train-testing
splitting ratios.

Table 9 presents the coefficient of variation across different train-testing splitting ratios for each
method. We see that Flashback++ shows significantly lower coefficients of variation compared to
basic RNNs (68.37% lower on average). These results indicate that Flashback++ is more robust than
basic RNNs against different train-testing splitting ratios.
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Fig. 12. Case study of Flashback++ on one user trajectory with two different sparsity levels.

5.8 Case Study
To future demonstrate how our Flashback++ can learn to optimally integrate the two universal
mobility laws for location prediction (i.e., “flash back to the right moment”), we present a case study
in Figure 12. We compare the same user’s trajectory with two different sparsity levels (under 1/16
and 1/4 sample rates, respectively). In this setting, we investigate the case where the underlying
mobility patterns of the two trajectories are the same, but just observed differently.

For each trajectory, we plot the corresponding temporal weights as a color bar using the temporal
decay rate 𝛼 learnt by our Flashback++. We observe that Flashback++ learns a smaller value of
𝛼 for the more sparse trajectory (with 1/16 sample rate); subsequently, the temporal weights for
older check-ins become larger, as shown in Figure 12. In other words, for more sparse trajecto-
ries, Flashback++ learns to resort more to historical hidden states for prediction. In contrast, for
denser trajectories, Flashback++ can effectively model the sequential pattern, and thus learn to use
less information from historical hidden states for prediction. In summary, our Flashback++ can
automatically adapt these cases with the learnable decay rates.

6 CONCLUSION
This paper introduced Flashback++, a general RNN architecture designed for modeling sparse user
mobility trajectories, leveraging rich spatiotemporal contexts to robustly overcome the sparsity
issue of user mobility trajectories by learning to flash back in hidden states of RNNs. Departing
from the widely adopted scheme of adding spatiotemporal factors into the recurrent hidden state
passing process of the RNNs, our method explicitly uses the spatiotemporal context to search past
hidden states with high predictive power; to fully benefit from the rich spatiotemporal contexts,
Flashback++ is guided by the two universal mobility laws, i.e., temporal periodicity and spatial
regularity, and optimally integrates them into the RNN architecture by learning to re-weighting the
past hidden states for next location prediction, i.e., learning to "flash back to the right moment" under
the two mobility laws for location prediction. Our extensive evaluation compares Flashback++
against a sizable collection of state-of-the-art techniques on two real-world LBSN datasets and one
on-campus mobility dataset. Results show that Flashback++ not only consistently and significantly
outperforms all baseline techniques by 20.56% to 44.36%, but also achieves better robustness of
location prediction performance against different model settings (different RNN architectures
and numbers of hidden states to flash back), different levels of trajectory sparsity, and different
train-testing splitting ratios than baselines, yielding an improvement of 31.05% to 94.60%.
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In future work, we plan to study the effect of adding social context to further improve the location
prediction performance.
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