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Abstract 

Human mobility affects many aspects of an urban area, including spatial structure, temporal connectivity, even 

response to epidemics. Prediction of human mobility is of great significance for a wide spectrum of location-

based applications. To enhance the spatio-temporal contexts between check-ins, we encode check-in locations 

as a graph and propose a multi-embedding based self-attention spatio-temporal recurrent model (MSSRM) for 

human mobility prediction. In this paper, we first obtain elaborate spatial and temporal embeddings from the 

directed weighted graph of spatio-temporal points and the frequency distribution of users’ visits. Subsequently, 

we adopt a long short-term memory layer to capture the long-term and short-term spatio-temporal dependencies 

and introduce a self-attention mechanism to distinguish each location in different contexts. Finally, we use a 

fully connected layer and incorporate user information to yield prediction results. Extensive experiment results 

based on two real-world datasets demonstrate that our model outperforms the state-of-the-art models. 
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1. Introduction 

Human mobility impacts many aspects of urban areas, from spatial structure to response to epidemics 

[1]. As the number of urban sensors increases, researches on human mobility in urban computing become 

increasingly attractive. Phone positioning data [2, 3], subway network data [4], social network data [5], 

and wearable sensors data [6, 7] provide unprecedented continuous location data, which indicates human 

mobility patterns. Recently, the discovery of human mobility patterns has been a major challenge and a 

popular research topic in urban computing, which can be used for mobility behaviors mining [8–10], 

location-based recommendations [5, 11–13], traffic flow or crowd prediction [14–16], and abnormal 

activities recognition [17]. Most location-based service providers can accurately recommend a point-of-

interest (POI) and relevant advertisements based on a user’s current and historical geographic location 

and personal information. For example, Didi and Uber can provide high-quality ride-sharing services 
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based on discovery and understanding of human mobility, e.g., prediction of service requests, estimated 

time of arrival. A spatial trajectory is a sequence of GPS points (locations) arranged in chronological 

order, which contain some rich spatio-temporal contextual information. Spatial and temporal contextual 

information plays a key role in understanding user movement behaviors and helps predict where he or 

she will head next. Models of human mobility can be aimed at reproducing individual mobility patterns 

or general population flows [18]. In this paper, we focus on the next location prediction, which indicates 

individual mobility patterns. 

Several traditional methods [19, 20] proposed to predict human mobility with the Markov chain, which 

is a set of discrete random variables with Markov properties. These methods captured the regularity of 

human movement and each state in the Markov chain transfers through a certain conditional probability. 

However, the process of transfer is memoryless which limits the result of the current state to be affected 

only by the previous state. Recently, extensive works based on deep learning have been carried out on 

mobility prediction. Since trajectory data containing spatio-temporal information is essentially a series 

of sequence data, the recurrent neural network (RNN) model [21], an excellent sequence modeling 

method, has been introduced into this field. Various studies have attempted to discover human mobility 

with RNN and its variants, like long short-term memory (LSTM) network [22] and gated recurrent unit 

(GRU). However, the perception ability of LSTM reduced sharply, and some long-term dependency was 

lost when the volume of trajectory data increased. Therefore, historical attention has been introduced to 

capture the long-term dependence in a longer sequence, which can adaptively calculate the weights of 

important spatio-temporal points in the user’s historical trajectory [23]. Moreover, trajectory sparseness 

is often considered in the next location prediction, because location-based data with rich semantics are 

usually sparse due to device and sampling frequency limitations. To mitigate the effects of sparsity, the 

extraction of spatio-temporal context is particularly important. Some studies [12, 24] focus on the 

temporal intervals and spatial distances to enrich the spatio-temporal contexts to better distinguish each 

location. However, these methods mainly consider the local information between spatio-temporal points 

in the trajectory sequence, and cannot grasp more general and comprehensive spatio-temporal 

information. In addition, to capture periodicity, some works [5, 23] divide each timestamp into 48-hour 

intervals and encode them directly as temporal feature vectors, but ignore the influence of real-world 

timestamps.  

To alleviate the problems mentioned above, we propose a multi-embedding based self-attention spatio-

temporal recurrent model (MSSRM) for human mobility prediction from lengthy and sparse trajectories. 

In MSSRM, we design a multi-embedding encoding module to capture the transition regularities of 

human movements. Specifically, we encode the users’ trajectories into a directed weighted graph, which 

contains more general and comprehensive contextual information about the order and frequency of visits. 

Next, we acquire the temporal frequency distribution of visits from real-world timestamps, which reflect 

the periodicity and trend of location visits. This module not only alleviates the curse of dimensionality 

associated with large-scale movement, but also contains rich spatio-temporal contextual information. The 

MSSRM is capable of capturing long-term dependency, and it applies LSTM to well-designed spatial 

and temporal embeddings. Another key component in MSSRM is a self-attention mechanism, which 

distinguishes each location in different contextual environments to better understand the semantic 

motivations of users in different contexts. 

 

In general, our contributions are summarized as below: 

· We propose a novel human mobility prediction framework MSSRM, which is able to capture the 

sequential spatial and temporal features and encode the trajectory into a graph structure. 

· We propose to learn a vector representation of time in the mobility prediction task to obtain the 

temporal embeddings, which can extract the temporal information in trajectories and incorporate 

it into the location embeddings.  

· We propose to classify locations via a self-attention mechanism with different contextual 

representations and incorporate more collective and comprehensive information with Node2Vec. 
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· Extensive experiments on two real-life trajectory datasets exhibit that the MSSRM model 

outperforms several state-of-the-art methods with accuracy. 

 

The rest of this paper is organized as follows. We first review related works in Section 2. Then, we 

formulate the problem and briefly introduce the concepts of our work in Section 3. Next, in Section 4, 

we describe details of the architecture of the MSSRM model. After presenting experimental evaluations 

and an extensive analysis of the performance in Section 5, we finally conclude our work in Section 6. 

 

2. Related Work  
 

2.1 Non-neural Network Methods 

 

Most of the non-neural network methods are proposed based on the Markov chain, which means that 

the movement of the individual follows the state transition matrix. The NLPMM [25] considers both 

individual and collective movement patterns on sparse trajectories and suits them to different periods. 

Some works are based on hidden Markov model (HMM), and the hidden unknown parameters are 

determined by the observable ones. In addition, a density-based trajectory division algorithm is 

introduced, which helps to improve prediction efficiency. Liu et al. [26] extract the dwelling point based 

on the mined user trajectory and use HMM to predict the next location and propose suggestions.  

The next location prediction indicates individual mobility patterns, which are well developed in POI 

recommendation systems. The basic idea of the recommendation system is to discover the internal 

association pattern. Matrix factorization and collaborative filtering are common methods for modeling 

users’ static preferences only. The PRME [27] models personalized check-in sequences, adopting multi-

embeddings that integrate sequence information, personal preferences, and geographic influence. The 

Rank-GeoFM [28] adopts a ranking-based geographic decomposition method, which characterizes the 

check-in frequency as users’ visiting preference and learn the factorization by ranking the POIs correctly. 

Unfortunately, these non-neural network methods rarely consider rich contextual information and fail to 

handle long-term dependence. 

 

2.2 Neural Network Methods 
 

Recently, RNN is widely used due to its excellent performance in processing sequential data. The ST-

RNN [21] uses a time-specific transition matrix and a distance-specific transition matrix based on the 

RNN unit to enhance the ability of the model to receive spatio-temporal contextual information. 

Regrettably, RNN appears to be ineffective when dealing with long-term dependence, so methods based 

on variants of RNN (LSTM and GRU) are constantly being proposed, mainly used to prevent gradient 

disappearance. Kong and Wu [8] use spatial and temporal embeddings to feed LSTM to predict the user’s 

next location. However, the contextual information of time and space is not fully utilized. The Time-

LSTM [29] designs time gates to model time intervals. Other methods [12, 24] introduce time intervals 

and distance intervals to enhance the ability of context-awareness. But people gradually realized that 

whether it is a convolutional neural network or a recurrent neural network, it is essentially a local 

encoding of variable length sequences. With the development of deep learning, the attention mechanism 

with dynamically generated weights has been proposed to deal with the long-term dependence of longer 

sequences. DeepMove [23] adopts an attention mechanism to capture the user’s mobility preferences in 

the historical and current trajectories. The CARA [30] proposes a contextual attention gate that controls 

the influence of the ordinary context on the users’ contextual preferences and leverages both sequences 

of feedback and contextual information associated with the sequences to capture the users’ dynamic 

preferences. The ATST-LSTM [31] uses an attention mechanism that can selectively focus on relevant 

historical check-in records in a check-in sequence based on spatio-temporal contextual information. Sun 
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et al. [5] consider users’ long-term preferences and the geographical relations among POIs when modeling 

users’ short-term preferences.  

Overall, most existing methods, involving fully-connected spatial and temporal embeddings, fail to 

consider the more general and comprehensive collective information of trajectories as a whole. Moreover, 

in terms of temporal modeling, those methods take the periodicity of user visits into account but usually 

omit temporal contexts such as the visit frequency. 

 

3. Preliminaries 
 

In this section, we first formally give problem formulations and term definitions, and then briefly 

introduce the principles of the recurrent neural network involved in the following.  

 

3.1 Problem Formulation 

 

Let 𝕌= 𝑢1, 𝑢2, ⋯ , 𝑢𝑈 and 𝕃= 𝑙1, 𝑙2, ⋯ , 𝑙𝐿 denote the set of 𝑈 users and 𝐿 locations, respectively. For 

each location, it is geocoded by a (longitude, latitude) tuple, i.e., (𝑙𝑛𝑔𝑙 ,  𝑙𝑎𝑡𝑙). As for candidate locations, 

they can be POI in reality or equally-sized grids. In our work, we use grids to represent the locations.  

 

Definition 1 (Trajectory Sequence). A raw check-in record can be represented as a tuple 𝑐𝑘
𝑢𝑖 =

(𝑢𝑖 , 𝑙𝑘 , 𝑡𝑘), where 𝑢𝑖  denotes the user ID, and 𝑙𝑘 indicates the place that the user visited at the timestamp 

𝑡𝑘. A trajectory sequence 𝑆𝑢 is an ordered sequence of spatio-temporal points by timestamp for user 𝑢, 

which consists of a series of check-in records, i.e., 𝑆𝑢 = 𝑐1
𝑢𝑐2

𝑢⋯𝑐𝑛
𝑢. 

 

Definition 2 (Trajectory). According to the fixed time window 𝑡𝑤, a user’s trajectory sequence 𝑆𝑢 is 

divided into several subsequences which are defined as trajectories, i.e., 𝑆𝑢 = {𝑆𝑡𝑤1
𝑢 , 𝑆𝑡𝑤2

𝑢 , ⋯ , 𝑆𝑡𝑤𝑚
𝑢 }, 

where 𝑚 is the index of the current trajectory. Each trajectory 𝑆𝑡𝑤
𝑢  contains several check-in records of 

𝑆𝑢 in the time window 𝑡𝑤, i.e., 𝑆𝑡𝑤
𝑢 = 𝑐𝑖

𝑢𝑐𝑖+1
𝑢 ⋯ 𝑐𝑖+𝑘

𝑢  and if ∀1 < 𝑗 ≤ 𝑖 + 𝑘, 𝑡𝑗, belongs to 𝑡𝑤. The time 

window 𝑡𝑤 is the time interval between two trajectories and it can be adjusted to 1 hour, 1 day, or other 

thresholds according to specific demands. 

 

Problem 1 (Mobility Prediction). For a certain user 𝑢 ∈ 𝕌, given the current trajectory 𝑆𝑚
𝑢 ∈ 𝑆𝑢 and 

the location candidates 𝕃= {𝑙1, 𝑙2, ⋯ , 𝑙𝐿}, along with the user’s historical trajectory {𝑆1
𝑢, 𝑆2

𝑢,⋯ , 𝑆𝑚−1
𝑢 }, 

our goal is to find the top-𝐾 preferable output 𝑙 ∈ 𝕃 at the next timestamp. 

 

3.2 LSTM 

 

LSTM is a classical variant of RNN that was first introduced in 1997 by Hochreiter and Schmidhuber 

[22]. It is mainly to overcome the gradient dispersion and gradient explosion during long sequential data 

training. In RNN, the information of the hidden layer at this moment solely comes from the current input 

and the information of the previous moment, which does not reflect the memory. Compared to RNN, 

LSTM can capture both long-term and short-term dependence in sequential data with multiple gates and 

sigmoid function. Similar to learning the relationship between each word in a sentence in machine 

translation, LSTM is also widely be used to extract the relationship among locations visited at different 

time intervals in sparse trajectories. 

An LSTM cell at timestep 𝑛 is formulated as following: 

 

𝑓𝑛 = 𝜎(𝑊𝑓 ⋅ [ℎ𝑛−1, 𝑥𝑛] + 𝑏𝑓) (1) 

𝑖𝑛 = 𝜎(𝑊𝑖 ⋅ [ℎ𝑛−1, 𝑥𝑛] + 𝑏𝑖) (2) 
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𝑐�̃� = tanh(𝑊𝑐 ⋅ [ℎ𝑛−1, 𝑥𝑛] + 𝑏𝑐) (3) 

𝑐�̃� = 𝑓𝑛 ⊙ 𝑐𝑛−1 + 𝑖𝑛⊙ 𝑐�̃� (4) 

𝑜𝑛 = 𝜎(𝑊𝑜 ⋅ [ℎ𝑛−1, 𝑥𝑛] + 𝑏𝑜) (5) 

ℎ𝑛 = 𝑜𝑛⊙ tanh(𝑐𝑛) (6) 

 

where 𝑥𝑛  is the input at timestep 𝑛 , ℎ𝑛−1  is the state of the hidden layer at last timestep 𝑛 − 1, 𝑊 

represents a learnable weight matrix; 𝑏 is the bias matrix of each gate. 𝑓𝑛, 𝑖𝑛, 𝑜𝑛 are a forget gate, an input 

gate, and an output gate, respectively. 𝜎 indicates the activation function 𝑠𝑖𝑔𝑚𝑜𝑖𝑑, which maps the value 

between 0 and 1, controlling the discarding and retaining.  Tanh is a hyperbolic tangent function that 

maps values between -1 and 1. ⊙ represents the dot product (Hadamard product) of two matrices. Here, 

𝑐𝑛 is the state of the cell, which is updated by two parts, one is the dot product of 𝑓𝑛 and 𝑐𝑛—1, the other 

is the dot product of 𝑖𝑛 and 𝑐�̃�, where 𝑐�̃� is the candidate state of the cell. 

 

4. Methodology 
 

In this section, the proposed approach is presented in detail. Fig. 1 depicts the overall architecture of 

MSSRM which mainly consists of a multi-embedding encode module, a recurrent module, an attention 

module, and a prediction layer. 

In the first phase, at the collective level, we extract spatial and temporal features with rich context from 

all users’ trajectories. The second part demonstrates the recurrent module we use. Then the third part 

introduces the attention layer that enhances contextual features. Finally, in the prediction layer, we extract 

users’ preferences features at the individual level and obtain the prediction results. 

 

 
Fig. 1. The overall framework of the MSSRM. 

 

4.1 Multi-Embedding Encoding Module 

 

Generally, it is crucial to understand not only how many individuals move from place to place but also 

how often they do so [1]. Indeed, as places attract individuals for reasons as diverse as work, shopping, 
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or recreation, it is of great significance to extract temporal and spatial features from trajectories, which 

indicate rich contextual information. Usually, in the human mobility prediction tasks, traditional 

representations such as one-hot encoding are utilized to distinguish each candidate location. However, 

due to the curse of dimensionality, trajectory sparseness, and computational inefficiency, traditional 

representations tend to be gradually replaced by the embedding method. The embedding method 

associates each discrete candidate location with a low-dimensional dense vector and converts the 

identifier of each location into a latent space in a predefined size before capturing the long-term 

dependence. And the values of the dense vector can be updated during the training process. In particular, 

locations that often appear at the same time in the same trajectories share similar representations in latent 

space. Similarly, in these approaches, time is directly converted into a dense vector through the fully-

connected embedding layer. 

 

4.1.1 Spatial features extractor 

Most of the existing next location prediction algorithms are based on distributed word representations. 

The features of each location are encoded into a latent representation vector, which omits a lot of effective 

contexts, and it is difficult to distinguish each location from each other. A high-quality location 

embedding contains the potential interaction relationship of each location and more comprehensive 

location information, which can be more discriminative and can also be adjusted through 

backpropagation during training. 

Inspired by Grover and Leskovec [32], we adopt a graph embedding method called Node2Vec to 

encode each candidate location in all trajectories to a high-quality embedding vector. For the trajectories 

of all users, we first construct a directed weighted graph 𝐺 =  (𝑉, 𝐸). The directed weighted graphs carry 

richer information, which reflects collective visit order preference and frequency information. 𝑉 is the 

set of vertices of 𝐺, which indicates the set of candidate location 𝕃 in this paper, i.e., |𝑉|  =  𝑁. 𝐸 is the 

set of edges of 𝐺, and we define the edge 𝑒𝑖𝑗 ∈ 𝐸 according to (7): 

 

𝑒𝑖𝑗 = {
1, 𝑓𝑟𝑜𝑚 𝑙𝑖 𝑡𝑜 𝑙𝑗

   0, 𝑢𝑛𝑎𝑐ℎ𝑖𝑒𝑣𝑎𝑏𝑙𝑒
 , (7) 

 

According to the transition of spatio-temporal points of all users, we get the edge set 𝐸, and 𝑤𝑖𝑗 denotes 

the weight of the edge 𝑒𝑖𝑗, which is calculated from the total number of visits. Then we apply Node2Vec 

to the constructed trajectory graph. The loss function of spatial feature extractor is expressed as (8): 

 

𝐿𝑠𝑝𝑎𝑐𝑒 = max
𝑓
∑𝑙𝑜𝑔 𝑃𝑟(𝑁𝑠(𝑢) ∣∣ 𝑓(𝑢) )

𝑢∈𝑉

 , (8) 

 

where 𝑓(𝑢) is the current node, 𝑁𝑠(𝑢) denotes the adjacent node that sampled in strategy 𝑠. For the 

current node, the probability of its adjacent node appearing is described as (9):  

 

𝑃𝑟(𝑁𝑠(𝑢) ∣∣ 𝑓(𝑢) ) = ∏ 𝑃𝑟( 𝑛𝑖 ∣∣ 𝑓(𝑢) )

𝑛𝑖∈𝑁𝑠(𝑢)

 , (9) 

 

where  𝑃𝑟( 𝑛𝑖 ∣∣ 𝑓(𝑢) ) can be calculated by (10): 

 

𝑃𝑟( 𝑛𝑖 ∣∣ 𝑓(𝑢) ) =
exp(𝑓(𝑛𝑖) ⋅ 𝑓(𝑢))

∑ exp(𝑓(𝑣) ⋅ 𝑓(𝑢))𝑣∈𝑉

 . (10) 

 

From (9) and (10), the loss function of the spatial feature extractor is shown as (11): 
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𝐿𝑠𝑝𝑎𝑐𝑒 = max
𝑓
∑[− log 𝑍𝑢 + ∑ 𝑓(𝑛𝑖)

𝑛𝑖∈𝑁𝑓(𝑢)

⋅ 𝑓(𝑢)]

𝑛∈𝑉

 , (11) 

 

where 𝑍u = ∑ exp(𝑓(𝑢) ⋅ 𝑓(𝑣))v∈V . Node2Vec combines breadth-first sampling (BFS) and depth-first 

sampling (DFS) methods to sample nodes in the graph 𝐺. The local microscopic view is extracted by 

BFS, and the global macroscopic view is obtained by DFS. A probability distribution is defined as (12), 

which denotes that the transition probability of a node to its different adjacent node: 

 

𝑃(𝑐𝑖 = 𝑥 ∣ 𝑐𝑖−1 = 𝑣) = { 

𝜋𝑣𝑥

𝑍
 , 𝑖𝑓(𝑣, 𝑥) ∈ 𝐸

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
 , (12) 

 

where 𝜋𝑣𝑥 is the unnormalized transition probability between vertex 𝑣 an 𝑥, and 𝑍 is the normalization 

constant. For our weighted graph 𝐺, the transition probability is multiplied by the weight 𝑤𝑖𝑗 between 

two nodes in (13). Node2Vec introduces two hyperparameters 𝑝 and 𝑞 to control the 2nd-order random 

walks in (14): 

 

π𝑣𝑥 = α𝑝𝑞(𝑡, 𝑥) ⋅ 𝑤𝑣𝑥  , 

 
(13) 

𝛼𝑝𝑞(𝑡, 𝑥)  =

{
 
 

 
 

 

1

𝑝
, 𝑖𝑓 𝑑𝑡𝑥 = 0

1, 𝑖𝑓 𝑑𝑡𝑥 = 1
1

𝑞
, 𝑖𝑓 𝑑𝑡𝑥 = 2

 , (14) 

 

where return parameter 𝑝 controls the probability of repeated visits to the vertex just visited, and in-out 

parameter 𝑞 controls whether the wandering is outward or inward. In this paper, we set 𝑝 = 𝑞 = 0.25 

and the walking length to 80. After sampling the vertices by Alias algorithm, we obtain the embedding 

vector of each vertex in graph 𝐺 using Word2Vec, and the set of the embedding vectors of the candidate 

locations is shown in (15): 

 

𝐵𝑙 = Node2Vec(𝑉, 𝐸) = [𝑏𝑙1, 𝑏𝑙2 ,  ⋯ , 𝑏𝑙𝐿], 𝑏𝑙𝑖 ∈ ℝ
𝑑𝐿 , (15) 

 

where 𝑏𝑙𝑖  denotes the 𝑖𝑡ℎ  𝑑𝐿-dimensional spatial features embedding vector. The location embedding 

vectors are obtained by constructing a directed weighted graph of the trajectories, and we get more 

expressive representations that duly consider the interaction between each candidate location and its 

neighbors, and the richer context spatial information of them can be captured. 

 

4.1.2 Temporal features extractor 

The mobility prediction task utilizes the current trajectory and historical records to predict the location 

at the next timestamp. Existing research usually performs a series of pre-processing at time level to extract 

temporal features for time series prediction or next location prediction problems, such as encoding the 

temporal category features (days, weeks, months, and seasons), or manual feature engineering (Fourier 

transform), etc. In the trajectory data, time is closely associated with a location closely when a visit 

occurs. The temporal pattern carries the user's visit preference at the time level. Human mobility patterns 

usually contain temporal regularity, in hence, the richer semantic information can be captured from the 

absolute visit time of each spatio-temporal point. In DeepMove, the time of the current trajectory and the 

historical trajectory is divided into 48-time slots. Although it can reflect a certain periodicity, it also omits 

a part of the effective temporal contexts. 
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Inspired by Kazemi et al. [33], we obtain temporal embedding vectors using Time2Vec instead of 

fully-connected layer to encode time. Firstly, we obtain the time distribution of location visits. Then we 

adapt Time2Vec to model time and obtain the representation of each absolute visit timestamp. For a given 

scalar notion of time τ, Time2Vec of τ is a vector of size 𝑘 + 1 defined as follows: 
 

𝑏𝑡𝑖 = Time2Vec(𝜏)[𝑖] = {
𝜔𝑖𝜏 + 𝜑𝑖 ,
ℱ(𝜔𝑖𝜏 − 𝜑𝑖)

𝑖𝑓 𝑖 = 0,
, i𝑓 1 ≤ 𝑖 ≤ 𝑘.

 (16) 

𝐵𝑡 = [𝑏𝑡1, 𝑏𝑡2 , ⋯ , 𝑏𝑡𝑇], 𝑏𝑡𝑖 ∈ ℝ
𝑑𝑇, (17) 

 

where Time2Vec(τ)[i] is the 𝑖𝑡ℎ  𝑑𝐿-dimensional element of Time2Vec(𝜏) , ℱ is a periodic activation 

function, and 𝜔𝑖s and 𝜑𝑖s are learnable parameters. In the original transformer proposed by Vaswani et 

al. [34], the model introduced position encoding to distinguish the order of the input sequence, which is 

an important feature that cannot be ignored for sequence prediction. In the position encoding module, 

they added sine and cosine functions to those vector representations as shown in (18), so that the resulting 

vector information about the position of the item in the sequence. These sine and cosine functions are 

called positional encoding. Here, let ℱ(⋅) be sin(⋅), so that Time2Vec can be considered as representing 

continuous-time, instead of discrete positions, which can capture periodic behaviors. 

 

𝛷(𝑜) = [cos(𝜔1𝑜), sin(𝜔1𝑜),⋯ , cos(𝜔𝑑𝑜), sin(𝜔𝑑𝑜)], for 𝜔𝑘 = 1/10000
2𝑘/𝑑 . (18) 

 

In this paper, we set the time interval to be 1 hour and obtain a series of time slots. Then, we let  𝑘 

equal to 9 so we get each temporal embedding vector with 10 dimensions. Each absolute timestamp is 

mapped into those time slots and the high-quality temporal representations not only reflect the users’ 

order preference of visits but also contain the users’ periodic habits. Finally, the visit record of user 𝑢 

including time and location is denoted as 𝑋𝑢 ∈ ℝ𝑑×(𝑑𝐿+𝑑𝑇) presented as (19): 

 

𝑋𝑢 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝐵𝑙
𝑢  , 𝐵𝑡

𝑢), (19) 

 

where spatial feature 𝐵𝑙
𝑢   ∈ ℝ𝑛×𝑑𝐿  and temporal feature 𝐵𝑡

𝑢 ∈ ℝ𝑛×𝑑𝑇  concatenate as the input of the 

recurrent module; 𝑛 denotes the length of the trajectory. 

 

4.2 Recurrent Module and Context-Aware Module 

 

4.2.1 LSTM 

The next module consists of an LSTM layer, which is a more complex RNN type, of which the 

repeating unit includes four gates with different functions. At every step, each unit receives data from 

two sources: the current vector of the data sequence concatenated with the output vector of the unit at the 

previous step. The features flow through the LSTM units, encoded in the cell state, and are updated by 

four gates until the sequence is reached. To address the long-term dependence, we apply LSTM on spatio-

temporal embeddings as below: 

 

𝐻𝑢 = [ℎ1, ℎ2, ⋯ , ℎ𝑛] = 𝐿𝑆𝑇𝑀([𝑥1, 𝑥2, ⋯ , 𝑥𝑛])  = 𝐿𝑆𝑇𝑀(𝑋
𝑢), (20) 

 

where 𝐻𝑢 ∈ ℝ𝑛×𝑑 represents the output state of the LSTM module for user 𝑢; 𝑑 denotes the hidden size.  

 

4.2.2 Multi-head self-attention mechanism 

When people perceive an item, they will first pay attention to a specific part based on their needs, 

instead of processing the whole picture at once. In general, mobility prediction is essentially a 

chronological sequence task. Inspired by Vaswani et al. [34], we introduce a multi-head self-attention 

mechanism, which was initially adopted in machine translation tasks, to process longer spatio-temporal 
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point sequences containing historical data and to understand the internal interaction among original states 

from the LSTM output. Compared to the basic attention mechanism, the query in the self-attention 

mechanism is input data itself. And multi-head self-attention mechanism can generate multiple different 

weight matrices and discriminate locations in different contextual environments.   

To get the query, key and value for user 𝑢, the output of the LSTM module is projected to three parts 

as shown in (21)–(23):  

 

𝑄𝑖 = 𝐻
𝑢𝑊𝑖

𝑞
, (21) 

𝐾𝑖 = 𝐻
𝑢𝑊𝑖

𝑘 , (22) 

𝑉𝑖 = 𝐻
𝑢𝑊𝑖

𝑣, (23) 

 

where 𝑊𝑖
𝑞
∈ ℝ𝑑×𝑑𝑞 , 𝑊𝑖

𝑘 ∈ ℝ𝑑×𝑑𝑘 , 𝑊𝑖
𝑣 ∈ ℝ𝑑×𝑑𝑣  are query, key, value weight matrices for 𝑖𝑡ℎ  head, 

respectively. Among them, 𝑑𝑞 = 𝑑𝑘 = 𝑑𝑣 and 𝑑 = 𝑑𝐻, which is the dimension of hidden units of the 

recurrent module. Then, we apply scaled dot-product attention to obtaining the “intimacy” of each 

location with the others as shown in the following: 

 

𝐴𝑡𝑡(𝑄, 𝐾, 𝑉)  = 𝑠𝑜𝑓𝑡 max(
𝑄𝐾𝑇

√𝑑𝑘
)𝑉, (24) 

ℎ𝑒𝑎𝑑𝑖  =  𝐴𝑡𝑡(𝑄𝑖 , 𝐾𝑖 , 𝑉𝑖), (25) 

𝐴𝑢 = 𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝑄,𝐾, 𝑉) = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1, ℎ𝑒𝑎𝑑2, ⋯ , ℎ𝑒𝑎𝑑ℎ)𝑊
𝑜 , (26) 

 

where 𝑊𝑜 ∈ ℝ𝑑×𝑑 and multi-head are concatenated before projection. We set the number of head ℎ to 

be 8 in this paper. Then we obtain the results of multi-head self-attention mechanism processing, which 

capture collective mobility pattern among users and can distinguish each location under different 

contextual information.   

 

4.3 Prediction 

 

After measuring the importance of different locations through the multi-head self-attention 

mechanism, the final location preference representation 𝐴𝑢 is obtained. Then the probability distribution 

𝑦𝑘 over 𝕃 is computed as followings: 

 

𝑂𝑢  =  𝐴𝑢𝑊𝑜 + 𝑏𝑜, (27) 

𝑦𝑢 = 𝑠𝑜𝑓𝑡 max(𝑂𝑢 + 𝑢𝑊𝑢), (28) 

 

where 𝑊𝑜 ∈ ℝ𝑑×𝐿,  𝑊𝑢 ∈ ℝ𝑈×𝐿 are trainable weight matrices (𝑈 users and 𝐿 locations), 𝑏𝑜 is the bias 

parameter of the fully-connected layer. Then, we apply cross-entropy loss on 𝑦𝑢  and the objective 

function 𝒥 can be formulated via (29): 

 

𝒥 = −∑∑𝑙𝑖
𝑢 log(𝑦𝑖

𝑢)  +  𝜆

𝐿

𝑖=1𝑢∈𝑈

‖Θ‖2, (29) 

 

where 𝑙𝑖
𝑢 is the ground truth of each location for user u; 𝜆 is the parameter of L2 regularization. and Θ 

denotes the parameters to be regularized in the model.  
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5. Experiments 
 

In this section, we conduct experimental evaluations on two real-world datasets and compare the 

proposed MSSRM model with state-of-the-art methods. 

 

5.1 Datasets 

 

We conduct experiments on two public real-life location-based social network (LSBN) check-in 

datasets called Foursquare [35]. The Foursquare check-in datasets contain check-ins in New York (NYC) 

and Tokyo (TKY) collected for about 10 months (from April 12, 2012 to February 16, 2013). Among 

them, the dataset NYC contains 227,428 check-in records, while the dataset TKY contains 573,703 

check-ins. The check-in record in these two datasets is associated with its timestamp, GPS coordinates, 

and venue categories. Following [25], we construct virtual grids for both two cities, respectively, and 

map the coordinates of each check-in record to the corresponding grid, such as mapping the dataset NYC 

into 100 × 100 grids. Similarly, we remove unpopular locations with less than 10 user visits and eliminate 

users with less than 50 check-in records. We truncate trajectories with a limit of 10 hours and inactivate 

users with less than 3 complete trajectories are also filtered out. More details of these two datasets after 

preprocessing are shown in Table 1. 

 

Table 1. Statistics of the evaluation datasets 

Datasets NYC TKY 

City New York, United States Tokyo, Japan 

Duration 12.04.2012–16.02.2013 12.04.2012–16.02.2013 

Users (raw) 1,083 2,293 

Records (raw) 227,428 573,703 

Locations (raw) 38,333 61,858 

Users (processed) 518 1,467 

Locations (processed) 2,357 3,034 

Trajectories (processed) 5,770 19,224 

Longest trajectory 96 68 

Trajectories/User 11.14 13.10 

 

5.2 Baseline Methods 
 

We compare our proposed MSSRM with six peer methods for human mobility prediction: 

· Markov [19]: This method is based on observations of the user's mobility behavior over time and 

the recent locations that one has visited, generating a transition matrix that is composed of the 

first-order transition probabilities.  

· LSTM [22]: This is a variant of the RNN model, which can effectively solve the problem of long 

dependence and is widely used to handle sequential data. 

· DeepMove [23]: This method learns the long-term regularity of human mobility by introducing 

the historical attention module and models the historical preference and complicated sequential 

information of the current trajectory using an RNN module.  

· STGN [12]: This method considers the spatio-temporal intervals between neighbor check-ins to 

model temporal and spatial contexts by modifying the LSTM cells with coupled gates. 

· SASRM* [24]: The SASRM without semantic information. This method designs a variant LSTM 

cell with only a time gate and a distance gate to capture the mail spatio-temporal dependencies 

and a flexible attention layer to capture mobility regularity from historical trajectories. 



Human-centric Computing and Information Sciences                                                                                                                          Page 11 / 16 

· LSTPM [5]: This method considers users’ long-term preference and the geographical relations 

among recently visited locations, and it designs a nonlocal network for long-term preference 

modeling and a geo-dilated RNN for short-term preference learning. 

 

5.3 Implementation Details and Evaluation Criteria 

 

According to [24] we set the first 80% of each user’s trajectory as a training set and the rest is used 

for testing. We implement our model with PyTorch. All experiments are conducted on an NVIDIA 

2080Ti GPU and Intel Xeon W-2133 CPU with 64G on the Ubuntu system. We choose Adam optimizer 

[36] and backpropagation through time (BPTT) to train it and the objective function is minimized. Both 

Dropout and ReduceLROnPlateau strategies are adopted to prevent model overfitting. We clip the L2 

norm of vector composed of several parameters of the gradient to alleviate the problem of gradient 

explosion. Dropout and weight decay are introduced to prevent overfitting. We set the L2 parameter 𝜆 =

1𝑒 − 6, dropout rate 0.5, the initial learning rate to 1𝑒 − 3. The dimensions of location embedding and 

temporal embedding to 500 and 10, respectively. The hidden size 𝑑 = 512; the decay of the learning 

rate is 0.1, and the gradient clip is 5.0. 

To evaluate the performance of each method for the next location prediction, we follow the previous 

works [22, 37], and adopt two evaluation metrics: Recall@K and Normalized Discounted Cumulative 

Gain (NDCG@K). Recall@K mainly reflects the presence of the correct location among the top-K 

prediction results, while NDCG@K mainly reflects the quality of the top-K ranking list. In our work, we 

set the popular 𝐾 = {1, 5, 10, 15}  for evaluation and the greater accuracy is, the better the model 

performance. 

 

5.4 Performance Evaluation 

 

Table 2 shows the prediction performance of MSSRM and other baselines on the two datasets. In each 

column, the best result is highlighted in bold and the second-best underlined. We can see that our model 

outperforms all baselines with a 1.69%–5.76% improvement in Recall@K and NDCG@K. As the 

semantic information is not used in other baselines, we evaluate SASRM according to the ablation part 

of the model in its paper. From the statistics, we draw the following observations: 

Among baseline models, all deep-learning-based models unequivocally have better performances over 

the model based on Markov chains. Although the Markov chains can generate a transition matrix 

according to the user’s visit sequence, it only depends on the location of the last visits and ignores the 

temporal patterns. Compared to the Markov model, the LSTM model which introduces temporal 

embedding can capture long-term dependencies through LSTM units.  

However, the LSTM model, which has rarely considered historical information, tends to perform 

poorly for longer trajectories, and the long-term periodicity in the historical trajectory will be tossed. 

Capturing the user’s periodical pattern from historical trajectories, the DeepMove and the SASRM model 

perform better than the LSTM model. But the historical attention used in SASRM focuses on short-term 

information in its paper (𝑑𝑟 = 3 ), so the performance looks not well enough. In particular, the 

improvement in NDCG scores can be concluded that DeepMove’s better prediction quality for multiple 

locations is mainly attributed to the modeling of users’ long-term and short-term preferences, respectively. 

Similarly, LSTPM performs the best on two datasets because it also considers the long-term and short-

term preferences. Besides, the LSTPM model introduces temporal and spatial contexts which is the key 

factor that LSTPM can outperform DeepMove. However, in spatial modeling, the methods above are all 

carried out based on sequence, and the structure of the entire trajectory is not observed. They all apply 

fully-connected embedding on location and time, but the information on the order and frequency of visits 

is not fully utilized. That information can ultimately improve the performance of the MSSRM model. 
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5.5 Ablation Analysis 

 

To verify the contribution of the components we employ in our model, we further employ two 

simplified variants of MSSRM to conduct ablation tests: 

· MSSRM-A: Compared to the LSTM model, this variant integrates spatio-temporal embedding 

from spatial feature module and temporal feature module and removes user embedding and self-

attention mechanism.  

· MSSRM-U: This version only removes user embedding and while keeping spatio-temporal 

embedding and self-attention mechanism. 

 

The results of the degraded versions of MSSRM on two datasets are shown in Table 3. Through the 

ablation tests, it can be seen that: 

· With well-designed location and time embedding, MSSRM-A always performs better than the 

LSTM model. This clearly proves effective the embedding method we replaced. Considering the 

overall trajectory structure and sharing the spatial context information with all users greatly 

improves the prediction performance. 

· Based on MSSRM-A, the MSSRM-U with a multi-head self-attention module can significantly 

improve the prediction results. This demonstrates that learning representations of locations in the 

different contextual environments and understanding the internal connections between locations 

in longer trajectories are very helpful for human mobility prediction. 

· Add user’s information as an embedding in the prediction stage, which can distinguish the 

preferences of different users. This can slightly improve the prediction performance. 

 
 

Table 2. Performance evaluation on two datasets w.r.t. Recall@K and NDCG@K 

Dataset Method 
Recall

@1 

Recall 

@5 

Recall 

@10 

Recall 

@15 

NDCG

@1 

NDCG

@5 

NDCG

@10 

NDCG

@15 

NYC Markov 0.1304  0.2606  0.3228  0.3522  0.1304 0.1992  0.2192  0.2270  

 LSTM 0.1677 0.3761 0.4660 0.5074 0.1677 0.2757 0.3049 0.3158 

 DeepMove 0.1988  0.4682  0.5644  0.6142  0.1988  0.3412  0.3724  0.3856  

 STGN 0.1699 0.3614 0.4433 0.4880 0.1699 0.2703 0.2968 0.3166 

 SASRM* 0.1811 0.4014 0.4916 0.5354 0.1811 0.2965 0.3259 0.3376 

 LSTPM 0.2228  0.4821  0.5776  0.6319  0.2228  0.3586  0.3896  0.4040  

 MSSRM 0.2266 0.5017 0.6015 0.6576 0.2266 0.3706 0.4030 0.4178 

 Improvement (%) 1.69 4.06 4.14 4.07 1.69 3.35 3.45 3.44 

TKY Markov 0.1222  0.2528  0.3004  0.3367  0.1222  0.1912  0.2067  0.2163  

 LSTM 0.1813 0.4515 0.5461 0.5956 0.1813 0.3234 0.3541 0.3673 

 DeepMove 0.2110 0.4768 0.5654 0.6114 0.2110 0.3514 0.3802 0.3924 

 STGN 0.1786  0.4349  0.5306  0.5818  0.1786  0.3128  0.3438  0.3574  

 SASRM* 0.1945 0.4657 0.5679 0.6206 0.1945 0.3363 0.3697 0.3836 

 LSTPM 0.2111 0.5178 0.6204 0.6726 0.2111 0.3717 0.4051 0.4189 

 MSSRM 0.2241 0.5300 0.6425 0.6999 0.2241 0.3844 0.4210 0.4362 

 Improvement (%) 5.76 2.31 3.45 3.90 5.76 3.31 3.78 3.95 

 

Table 3. Performance of different MSSRM variants 

Dataset Method 
Recall 

@1 

Recall 

@5 

Recall 

@10 

Recall 

@15 

NDCG

@1 

NDCG

@5 

NDCG

@10 

NDCG

@15 

NYC LSTM 0.1677 0.3761 0.4660 0.5074 0.1677 0.2757 0.3049 0.3158 

 Best Baseline 0.2251 0.4877 0.5870 0.6373 0.2251 0.3630 0.3951 0.4084 
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Dataset Method 
Recall 

@1 

Recall 

@5 

Recall 

@10 

Recall 

@15 

NDCG

@1 

NDCG

@5 

NDCG

@10 

NDCG

@15 

 MSSRM-A 0.1864 0.3937 0.4962 0.5535 0.1864 0.2954 0.3285 0.3438 

 MSSRM-U 0.2217 0.4848 0.5993 0.6462 0.2217 0.3589 0.3961 0.4085 

 MSSRM 0.2266 0.5017 0.6015 0.6576 0.2266 0.3706 0.4030 0.4178 

TKY LSTM 0.1813 0.4515 0.5461 0.5956 0.1813 0.3234 0.3541 0.3673 

 Best Baseline 0.2111 0.5178 0.6204 0.6726 0.2111 0.3717 0.4051 0.4189 

 MSSRM-A 0.1945 0.4702 0.5745 0.6277 0.1945 0.3400 0.3739 0.3880 

 MSSRM-U 0.2214 0.5233 0.6323 0.6857 0.2214 0.3792 0.4146 0.4288 

 MSSRM 0.2241 0.5300 0.6425 0.6999 0.2241 0.3844 0.4210 0.4362 

 

Table 4. The influence of LSTM hidden sizer w.r.t. Recall@K and NDCG@K 

Dataset 
Hidden 

size 𝒅 

Recall 

@1 

Recall 

@5 

Recall 

@10 

Recall 

@15 

NDCG

@1 

NDCG

@5 

NDCG

@10 

NDCG

@15 

NYC 256 0.2104  0.4669  0.5627  0.6172  0.2104  0.3445  0.3758  0.3902  

 384 0.2157  0.4842  0.5812  0.6313  0.2157  0.3563  0.3879  0.4011  

 512 0.2266 0.5017 0.6015 0.6576 0.2266 0.3706 0.4030 0.4178 

 640 0.2331  0.5095  0.6077  0.6536  0.2331  0.3783  0.4102  0.4224  

TKY 256 0.2266 0.5389 0.6507 0.7042 0.2266 0.3898 0.4263 0.4405 

 384 0.2262 0.5426 0.6561 0.7090 0.2262 0.3916 0.4286 0.4426 

 512 0.2241 0.5300 0.6425 0.6999 0.2241 0.3844 0.4210 0.4362 

 640 0.2231 0.5383 0.6542 0.7122 0.2231 0.3882 0.4259 0.4413 

 

Furthermore, we also test the effect of different virtual grid sizes on model performance. Fig. 2 depicts 

the results of MSSRM applied on two datasets with the size of grid searched in [80×80, 100×100, 

120×120]. All the previous experiments are based on 100×100 virtual grids. On the dataset NYC, the 

real distance of the edge of the grid is 500× 500 m, and about 400× 400 m on dataset TKY 

correspondingly. As shown in Fig. 2, the indicators shrink as the grid size increases. This trend is easy to 

understand: a larger grid size means a higher resolution of the location mapping. The increase in the 

number of candidate locations brings more difficulty in predicting the next location. Hence, the grid size 

and the dimension of the hidden layer vector should be adjusted according to the demands of the actual 

prediction task, so as to achieve the ideal prediction performance. 

 

  
(a) (b) 

Fig. 2. The influence of different grid size w.r.t. Recall@K and NDCG@K:  

(a) NYC dataset and (b) TKY dataset. 
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6. Conclusion 
 

In this paper, we propose the MSSRM for human mobility prediction. In order to extract spatial and 

temporal contexts, all trajectories are encoded as a graph, and time distribution of visits is obtained, which 

brings spatial and temporal patterns so that patterns of sequence and periodicity can be perceived. 

Specifically, we adopt Node2Vec and Time2Vec before the recurrent neural network. The MSSRM 

possesses the advantage of partly utilizing the context information for all locations and learn the internal 

relationship among them by self-attention mechanism. The experimental results on two real-world 

datasets demonstrate that the proposed method outperforms several state-of-the-art models in recall and 

NDCG scores. In the future, we plan to consider generating high-quality personalized user embedding 

with more contextual information to improve the performance of human mobility prediction. 
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