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Abstract

Individual passenger travel patterns have significant value in understanding passen-
ger’s behavior, such as learning the hidden clusters of locations, time, and passengers.
The learned clusters further enable commercially beneficial actions such as customized
services, promotions, data-driven urban-use planning, peak hour discovery, and so on.
However, the individualized passenger modeling is very challenging for the following
reasons: 1) The individual passenger travel data are multi-dimensional spatiotemporal
big data, including at least the origin, destination, and time dimensions; 2) Moreover,
individualized passenger travel patterns usually depend on the external environment,
such as the distances and functions of locations, which are ignored in most current
works. This work proposes a multi-clustering model to learn the latent clusters along
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the multiple dimensions of Origin, Destination, Time, and eventually, Passenger (ODT-
P). We develop a graph-regularized tensor Latent Dirichlet Allocation (LDA) model
by first extending the traditional LDA model into a tensor version and then applies
to individual travel data. Then, the external information of stations is formulated as
semantic graphs and incorporated as the Laplacian regularizations; Furthermore, to
improve the model scalability when dealing with massive data, an online stochastic
learning method based on tensorized variational Expectation-Maximization algorithm
is developed. Finally, a case study based on passengers in the Hong Kong metro sys-
tem is conducted and demonstrates that a better clustering performance is achieved
compared to state-of-the-arts with the improvement in point-wise mutual information
index and algorithm convergence speed by a factor of two.

Keywords Individualized analysis - Tensor - Topic model - Graph structure - Online
algorithm - Spatiotemporal data

1 Introduction

The public transportation system is the backbone of a city’s infrastructure, and the
intelligent transportation system (ITS) has been an essential chapter for the smart city
blueprint. Most studies for ITS focus on traffic flow prediction (Ren and Xie 2017,
Geng et al. 2019; Guo et al. 2019; Shi et al. 2020; Wang et al. 2019; Li et al. 2020).
Tensor-based methods, such as tensor decomposition (Ren and Xie 2017), tensor
completion (Li et al. 2020), as well as deep learning methods, such as convolutional
neural networks (Geng et al. 2019), graph convolutional networks (Yu et al. 2018), and
spatiotemporal attentions (Guo et al. 2019), have been developed to predict city-wide
traffic flow (Geng et al. 2019), metro station-level passenger flow (Li et al. 2020),
origin-destination (OD) flow matrix (Ren and Xie 2017; Wang et al. 2019; Shi et al.
2020), etc.

However, the methods mentioned above target traffic flow prediction at a macro level
and utilize the traffic data of passengers indiscriminately, consequently neglecting the
personalized travel characteristics of individual passengers. For example, to calculate
the passenger flow value, only the number of passengers is counted, which abandons
individual information (Yi et al. 2019). Thus, those methods could not directly handle
individual travel data.

To overcome this issue, we propose to fully utilize the “individual” travel data for an
“individualized” travel pattern discovery. Individual travel data preserve the abundant
trajectory information, i.e., that passenger u departs from origin o at time ¢ and arrives
at destination d at time 7’. This encourages us to focus on the following individualized
analysis tasks due to their high research values (Zhao et al. 2017). We aim at the
following two goals:

e Clustering of origin, destination, and time (ODT): The latent clusters for origin,
destination, and time could be better learned from individual travel pattern data,
given the abundant information is well preserved. The intuition is that those origins
may belong to the same cluster if they all co-occur in the same type of passengers,
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Fig. 1 (a) Different passengers travel from O cluster to D cluster at T cluster; (b) Analogy from document
to passenger

as shown in Fig. 1(a). The learned clusters for ODT could guide better urban
planning, more suitable station-surrounding facilities, and uncover the peak hour
for crowd control.

e Clustering of passengers: Passengers will also be clustered into different groups
based on their trajectories. For public transport providers, with a better understand-
ing of individual passengers’ travel patterns, customized promotions and more
suitable operational policies can be designed. For example, the fare surcharge-
reward scheme could be tailored for different passenger groups (Tang et al. 2020).

The two clustering tasks above for Origin, Destination, Time, and Passenger are
called for short as “ODT-P Multi-clustering”. However, these two tasks are rather
challenging due to the multi-mode spatiotemporal big data and the influence from the
external environment.

e Challenge 1: Multi-mode spatiotemporal big data. Take Hong Kong as an exam-
ple, there are 2 million passengers daily: Each passenger has multiple trips, and
each trip has multiple modes such as origin, destination, and time.

e Challenge 2: external environment. Moreover, passenger behaviors are also
affected by the external environment, such as the locations and surroundings of
stations. If two stations are geographically adjacent to each other or located in
similar functional areas (such as business area, residential area, school), they will
attract the same type of passengers.

To tackle the aforementioned challenges, we propose a novel Graph-Regularized
Tensor Latent Dirichlet Allocation model (GR-TensorLDA) for ODT-P multi-
clustering based on individual passenger travel patterns. First, to preserve the
multi-mode structure of the high dimensional spatiotemporal data, we focus on the
tensor-based methodology (Kolda and Bader 2009), which represents the original data
with three-mode tensors, where different modes represent ODT respectively. Secondly,
a tensor LDA model is proposed to achieve ODT-P multi-clustering.

The main novelty of our proposed method is that we extend the traditional LDA
(Blei et al. 2003) to a tensor version and apply into individual traffic data. An important
analogy is made as shown in Fig. 1(b):

(1) “Word”-level: A trip is viewed as a three-dimensional word w = (w 0wl wh
(2) “Document”-level: A passenger with several trips, i.e., “a bag of words”, is

b}
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treated as a three-dimensional document d, € RO*P*T . Generative processes in
the passenger-level and trip-level will be defined along with each mode of ODT; (3)
“Topic”-level: Therefore, the latent topic will also be formulated as a tensor, with each
element as z = (z9, z2, z7).

The clusters of ODT-P will be eventually obtained in the following way: (1) ODT
clustering: Along each dimension of ODT, the topic is a latent distribution of words,
which can be viewed as a cluster containing different words; (2) P clustering: each
passenger is represented by the latent distribution of the tensor topics, which will be
utilized to cluster passengers.

Our most significant technical contributions are twofold:

e Semantic graph structure: To tackle Challenge 2, we incorporate the external
environment as graph structures into the model. Precisely, we first formulate the
station-related information as two graphs: (1) A geographical graph measures the
spatial distance between stations; (2) A contextual graph quantifies whether two
stations are located in similar functional areas (Geng et al. 2019; Li et al. 2020).
Then the graph structures are incorporated into the tensor LDA generative process
for OD, such that if two stations are close on these two graphs, they are more likely
to be in the same topic. We show that by adding such graph regularizations, the
interpretability of the learned ODT-P clusters can be significantly improved.

e Efficient online algorithm: Since the graph regularization breaks the conju-
gacy, standard optimization techniques such as Gibbs sampling (Griffiths and
Steyvers 2004) are no longer possible, we propose a tensorized variational
Expectation-Maximization (EM) algorithm to estimate parameters. Moreover, to
tackle Challenge 1, we need an efficient and scalable algorithm to deal with mas-
sive passenger data. Therefore, we further propose to conduct the algorithm in an
online stochastic learning manner (Hoffman et al. 2010). We show that to reach the
same level of performance, the online learning algorithm converges twice faster
than the batch learning algorithm.

The remainder of the paper is structured as follows. Section 2 briefly reviews exist-
ing tensor methods, individual travel analysis, and topic models. Section 3 formulates
the proposed model, and Section 4 proposes an efficient optimization algorithm. Sec-
tion 5 provides a detailed experiment to demonstrate the improved meaningfulness of
the learned clusters and model scalability; Section 6 gives the conclusion and discusses
the future work and model generalization.

2 Related works
2.1 Tensor and tucker decomposition

We would like to first introduce tensor and tensor decomposition since high dimen-
sional data are usually formulated as a tensor, and tensor decomposition is widely
used for clustering (Kolda and Bader 2009; Sun and Axhausen 2016). Tensor is
mathematically defined as a multi-dimensional array, which is believed to have suf-
ficient capacity to preserve innate complex correlations across multiple dimensions
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(Kolda and Bader 2009). One of the most popular techniques is tensor decomposition.
Tucker decomposition is a high-order principal component analysis. It decomposes a
tensor X 9*P*T into a core tensor C/*X*L multiplied by a mode matrix along each
dimension, U2, UP,UT: X = C x; U9 x, UP X3 U”: Tensor decomposition has
been applied into smart transportation for prediction (Li et al. 2020) and clustering
(Sun and Axhausen 2016). However, tensor decomposition might be rather impractical
to be applied to our problem. The main reason is: data formulated with each individ-
ual passenger are extremely sparse due to curse of dimensionality. According to our
preliminary study (Li et al. 2021), the sparsity could reach 99.97%, which paralyzes
traditional tensor decomposition methods (Tang et al. 2018). Therefore, a technique
that specializes in individual analysis is needed.

2.2 Individual travel pattern analysis

The new generation of ITS aims to be more personalized. Recently individual travel
data have been utilized for passenger clustering (Briand et al. 2017; Mohamed et al.
2016), station clustering (Mohamed et al. 2016), and personalized services such as
travel time estimation (Tang et al. 2018), route recommendation (Liu et al. 2019),
destination inference (Cheng et al. 2020), driving state recognition (Yi et al. 2019),
and activity discovery (Zhao et al. 2020). There are mainly two kinds of approaches
as follows.

2.2.1 Spatio-temporal feature engineering

The first kind of approach relies on intense feature engineering to extract useful features
such as spatial, temporal, OD pair, transportation mode. It then combines the features
with traditional statistical learning models for clustering and prediction, such as K-
mean clustering (Zhao et al. 2017), boosting tree (Liu et al. 2019), random forest (Yi
etal. 2019). However, the feature extraction is rather complicated and differs from one
system to another, which does not offer a universal solution. Furthermore, it typically
assumes that the feature has the same dimension for each passenger. However, the
number of trips of each passenger can be dramatically different. In contrast, our model
learns the latent dimension in a data-driven way and can be accommodated to different
numbers of trips, which offers a general solution with explainable results.

2.2.2 Generative models

As the second option, generative models (Briand et al. 2017; Mohamed et al. 2016;
Tang et al. 2018; Cheng et al. 2020; Zhao et al. 2020) have been adopted into indi-
vidual traffic analysis. To cluster passengers’ temporal behaviors, Briand et al. (2017)
and Mohamed et al. (2016) proposed two-layer generative models with a mixture of
Gaussian or unigrams model: The first layer partitions passengers into clusters, and
the second layer formulates each cluster’s temporal activity. However, the limitation
is that passengers are only clustered based on their active or boarding time; Therefore,
the passengers’ abundant spatiotemporal information is not fully utilized. As a result,
no insights about the latent nature of origins and destinations could be obtained.
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1252 Z.lietal.

To capture all dimensions of the spatiotemporal information for individual passen-
gers, researchers have adopted topic models into individual traffic data (Cheng et al.
2020; Zhao et al. 2020), where an individual passenger’s travel data is regarded as a
document, where each trip is recorded as a word. Specifically, Cheng et al. (2020) and
Zhao et al. (2020) proposed a high-dimensional LDA model with a generative pro-
cess on each dimension, such as location, day, hour, and trip duration. However, the
existing methods ignored the underlining spatial correlations in the passengers’ travel
data, which may lead to a clustering model that could not reflect reality. Compared
with them, our most significant advantages are that we incorporate semantic graphs
into the LDA generative process. This is inspired by the state-of-the-art topic models
(Yao et al. 2017; Li et al. 2019b) that incorporates knowledge graph to improve the
interpretability of model output, which we will review them in details in the follow-
ing section. Such coupling of the “pure-trip” data with external contexts significantly
improves topics’ interpretability, and that we propose an efficient online stochastic
learning algorithm based on a variational EM algorithm.

2.3 Graph-based topic models

Incorporating knowledge graphs into topic models could enhance the interpretability
of the learned topics (Yao et al. 2017; Li et al. 2019a; Mei et al. 2008; Chen et al. 2016;
Li et al. 2019b). In particular, two categories of incorporating methods are considered
in state-of-the-art models. The first category embeds words into a continuous space
with word relations defined by an external knowledge graph such as DBpedia, WordNet
(Yaoetal.2017; Lietal. 2019a). However, in traffic data, such knowledge graph is only
applied to a single word representation, which cannot be used for high-dimensional
word representation. The second category introduces graph-based regularization (Mei
et al. 2008; Chen et al. 2016; Li et al. 2019b), such as graph harmonic function, to
encourage entities close on the graph to be more likely to have the same topic. These
regularization-based techniques are compatible with our generative model. However,
the existing graph-based topic models are formulated only for one-dimensional word,
not for high-dimensional data like our passenger travel data. Moreover, the challenges
lie in the parameter learning for our corresponding tensor topic model. To this end,
we rigorously develop online stochastic learning based on tensorized variational EM
algorithm to estimate parameters with higher efficiency and scalability.

2.4 Multi-view subspace clustering

Last but not the least, subspace clustering is also a popular method for high-
dimensional clustering (Parsons et al. 2004), which learns data representation in certain
low-dimensional subspaces and clusters the data points. Multi-view subspace cluster-
ing (Gao et al. 2015; Zhang et al. 2017, 2018) specifically deals with data represented
by multiple distinct feature sets.

We would like to emphasize the difference between our model and subspace clus-
tering from the perspectives of data and model: (1) The typical multi-view data are
formulated as X, € R%*" where d, and n are the number of features and samples
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on the v-th view. Our data instead present a hierarchical structure: a passenger has
a sequence of a few trip records, and each trip is an instance in a three-dimensional
space of ODT. Moreover, our data suffer from high sparsity, which also hinders sub-
space clustering, e.g., factorization-based methods, from normal functioning. (2) A
typical formulation of multi-view subspace clustering is based on the data’s self-
expression property (Gao et al. 2015), which is to use the data set to represent itself:
X, = XyZ, + E,, where Z,, € R"*" is the subspace representation matrix of the v-th
view, and the nonzero elements in Z, correspond to the data points from the same
subspace. Various methods are proposed to add different regularizations on Z,, such
as sparsity (Elhamifar and Vidal 2013), low rank (Liu et al. 2012) and smoothness
(Hu et al. 2014). However, self-expression property cannot be applied to our model
since our data are already high-dimensional and extremely sparse, which may lead to
a even higher-dimensional and more sparse Z.

3 Proposed methodology

We will introduce the proposed methodology. Section 3.1 gives the data formulation
and the notations; Section 3.2 introduces the tensor topic and tucker decomposition;
Section 3.3 formulates the generative process along each dimension; Section 3.4 for-
mulates the graph structure for dimension OD; Section 3.5 gives the final loss function.

The concepts of “passenger’”” and “document”, “trip”” and “word”, “topic” and “cluster”
are interchangeably used here.

3.1 Data representation and notation

Firstly, the notations throughout this paper are as follows: We denote scalars in italics,
e.g., n, vectors by lowercase letters in boldface, e.g., B, matrices by uppercase boldface
letters, e.g., B, and tensors by boldface script capital WW.

Then, we would like to define the data representation. A trip is defined as a three-
dimensional tuple (i.e., word) w = w2, wP, wh), indicating a trip that starts from
origin w? at time w” and heads to destination w?. VO, VP VT are the vocabulary
sizes for ODT respectively. A passenger who has traveled several trips is regarded as
“a bag of words” (i.e., document): d, = {wy, ..., w;,..., wy,}, with i as the i-trip
of the passenger u, N, as the number of trips from passenger # € RM, and M as the
total number of passengers. All the notations in the paper are summarized in Table 1.

3.2 Tensor topic definition and decomposition

The topic for the i-th word w; in passenger u is also formulated as a three-element
tuple z; x; = (zioj,zil,)(,zfl)(i € RN, j e R,k e RX, ] ¢ ]RL), where J, K, L

are the number of latent topics of ODT respectively, and (ziJO., zl.’i, zl.Tl ) indicates the
i-th word belongs to the j-th ‘O’ topic, k-th ‘D’ topic and [-th ‘T” topic, respectively
(Cheng et al. 2020).
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1254 Z.lietal.

Table 1 Notation

Symbols Description
0O 0.D.T Superscripts O, D, T mean three dimensions: Origin, Destination, Time
respectively
Wy The tensor ODT data for each passenger u
M The total number of passengers (iterator u)
dy The trip sets of u-th passenger
Ny The number of trips (words) in d,, (iterator i)
J.K,L Amount of topics for ODT (iterator j, k, /) respectively
A k) A € R/*KXL 3q_Dirichlet distribution parameter
Culey,j k1) C € RIXKXL topic distribution for passenger u
ZLO’ zjo, Zioj zf: the origin topic for i-th word; sz: the origin topic is j; zg: the origin topic for
i-th word is j
wio R wé) wio : the origin element of the i-trip; woo : the word in Origin dimension is o,
w? =o
VO, yD R yT The vocabulary of all unique ODT
o
B (ﬁjou) B? e R/>*V" its element ﬁjoo: the multinomial parameter for word o € yo
drawn from topic j.
o0 (¢3) Variational variable for z€, the probability of the word at i-th position generated
from j-th topic.
Eules,jkl) &, € RV*KXL yariational variable for C,
According to Bayes’ theorem, the probability of the i-trip w; = (w?, w?, wl)
from passenger d,, can be written as: -
J K L
o _D T
Pw;=(0,d, 1) [d) =Y > Y P72, 2} | d)x
j=1k=1I=1 (D

Pwl =o|z)Pwl =d|z))Pw] =1]z)).

We denote P(zg., Zng’ Zng | dy) = cu, j k1 as the probability that topic z for i-trip in
passenger d,, is (J, k, [); We further denote P(wLO =o0| zg.) = ,Bjoo as the probability
of w? in i-trip is o given the j-th origin topic; Similarly for dimension D and T we
have P(wf =d | z)) = By, P(w] =112} = By).

Tucker Decomposition: Eq. (1) can be presented in Tucker decomposition as fol-
lows:

W, =C, x1 B? x, B? x3BT. )

The essence of the model is revealed as probabilistic tucker decomposition (Kolda
and Bader 2009), where the tensor ODT data for each passenger u is W, €

o D T . . .
RY™XVTXVE " which is decomposed into a core tensor C, € R/*K>Land along
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Fig. 2 Tensor topic and tucker decomposition

each dimension there is a mode matrix B? € R/*V’ BP ¢ RKxV” BT ¢ RLxV
as shown in Fig. 2.

It is worth mentioning that although the essence of the model is a decomposition,
yet since VW, is intractable, C,, B, BP, BT could not be learned by decomposing
W,,. Instead, we learn the latent parameters first and then W, could be calculated.

3.3 Generative process

The generative process for a trip w will be defined along ODT.

Prior: Dirichlet distribution is known as a good conjugate prior for multinomial
distribution (Zhou 2018). The tensor topic distribution C, € R’/*K*L for the u-
th passenger is generated from the 3D-Dirichlet distribution with parameter A €
RY*K*L and each element cu,j‘k,l(zj Yk 2 Cujki = 1) defines the possibility
for the passenger to have trips from topic z; x ;:

Cy ~ Dirjxgxr(A). 3)

Passenger to Tensor Topic: The topic for the i-trip in the u-th passenger is drawn
from the multinomial distribution:

Zjk,t | wi ~ Multi(cy,j k1) 4

Topic to Trip: We define B¢ ¢ R’ xV? as the topic-trip matrix, in which the
element ﬂjoo is the multinomial probability that w? = o is drawn from the j-th origin
topic, P(wf = o0 | zg.). B?, BT are defined the same way. Therefore the word
(w9, wP, wT) is drawn from each multinomial distribution with parameter B, B

and BT respectively:

w? ~ Multi(ﬁjo), w? ~ Multi(B2), w’ ~ Multi(8]). (5)
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1256 Z.lietal.

3.4 Graph structure on origin and destination

If two stations are geographically close to each other or located in the similar functional
area, intuitively these two stations are more likely to be in the same topic. This external
information will be formulated as a graph and then introduced into the model as the
Laplacian regularization.

Precisely, two graphs are defined accordingly to capture the inter-relationships
of different stations: (1) Geographical graph G,,;: describes how two stations are
geographically close to each other on the network; (2) Functional similarity graph
G poi: quantifies how similar the functions of two stations’ locations are. These two
graphs have effects on both OD dimensions, with definition details in Section 5.2.

The graph regularization term is defined as follows. Take one graph in origin dimen-
sion as an example,

1 ! 1
RGO =2 Y wlono) ) (B, —B7) =5 (BHLEY.  (©
j=1

01,02€G9 Jj=1

where GO € RV'*V? is the graph on origin stations, « (01, 02) = {G%},, .o, defines
the weight between entity o1 and 02, and L is the Laplacian matrix for graph G© (Li
et al. 2020; Wang et al. 2015; Yu et al. 2019). The intuition is that two stations that
are closer on the graph will be more likely to have the same topic (Mei et al. 2008).

With the corresponding Laplacian matrices as L;¢; and L ,;, the final graph Lapla-
cian penalty on OD could be formulated as:

1
R(GO’D) = 5 Z(ﬁjo)T(ﬂLnet + (- M)LP"i)ﬂ?
J

©)
1
+5 ;wf)%Lm + (1 = v)Lpi)BP.

where the tuning parameters 1 and v adjust the relative effect of two graphs on OD
respectively. The whole generative process is shown in Fig. 3.

3.5 Loss function

In order to learn the model parameters A, B, BP? and BT for the GR-TensorLDA
model, the log-likelihood function could be formulated as follows:

M
L(A B B”.B") =) "logP, | A.B®,B” B") (8)

u=1

where P(d, | A, B?,BP, BT) is the marginal distribution of a passenger which can be
defined as: P(d, | A,B?,B”,BT) = [P, | A (HM] > Pl Cu)P(w,'O |

1=
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20.B9)P(wP | 2, BP)P(w! |z{,BT)) dC,,. However, the quantity P(d, | A,

B?,BP,B”) cannot be computed tractably due to the coupling between A and
B?,BP,B” in the summation over latent topics Blei et al. (2003). Luckily, varia-
tional inference provides us with a tractable lower bound on the log likelihood, which
will be elaborated in detail in Section 4.

After combining the external knowledge, the model parameters are learned by
maximizing the regularized likelihood function, with A tuning the penalty strength:

max AL(A,B?,B? BT)— (1 — »)RG? D). )
A BO BP BT

4 Parameter estimation

In this section, we describe a tensorized variational EM-algorithm to optimize the
model parameters A, B, B?, BT in Eq. (9), efficiently. Based on the existing varia-
tional EM-algorithm (Blei et al. 2003), we mainly emphasize the following significant
contributions in our algorithm: (1) For E-step in Section 4.1, the variational E-step is
extended from one-dimension words to high-dimension words with tucker decompo-
sition; (2) For M-step in Section 4.2, the gradient ascend method is adopted to address
the graph regularizations; (3) Most importantly, in Section 4.3, an online learning
algorithm is proposed to handle the big data problem in smart transportation systems.
The algorithm is summarized as follows:
e Tensorized variational E-step: to approximate posterior, four variational distri-
butions ¢ (-)s are introduced for C, 79,70, zT with free variational parameters
E, 09, o0 &7 respectively, as shown in Fig. 4; then the lower bound (L B) for
the original log-likelihood is calculated by Jensen’s inequality, with optimal vari-
ational parameters learned to maximize the L B;
e M-step: A, BY, B2, BT are estimated to maximize the tightest L B learned from
E-step.
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1258 Z.lietal.

Fig.4 Variational distribution to
approximate posterior Free variational @ @ @
parameters
Posterior @ @ @
N, y

4.1 Tensorized variational E-Step

The variational distribution is formulated as Eq. (10) to approximate the posterior
distribution of each passenger:

0= q(c, 2,70, 7y | £, (@9, ®P, <1>T))
Ny (10
=qC1E]]ac? 199G | 6P)aG] 1 6]).

i=1

where ¢O € R/, with ¢0. interpreting the probability that word at i-th position in
current document is generated from origin topic j.

A tight lower-bound is found by minimizing Kullback-Leibler (KL) divergence
between the inference distribution Q and posterior P:

min KL[Q I P(C,ZO,ZD,ZT | dy, A, BO,BD,BT)]- (1)
£.09 00 o7

As shown in Appendix A.2, the optimal variational parameters £*, (<I>0*, @D,
®7*) are learned by computing the derivatives of the KL divergence and setting them
to zero, with results shown in Egs. (12) and (13).

To estimate d)iJO. for the u-th passenger by Appendix A.2.1:

00, o exp[iicﬁu a0l (Yewinn =¥ eun)] a2

k=1 I=1 jkl

The parameter of one dimension, for example, ¢, is not only related to its own

ij’
dimension but also other dimensions d)iI,)c and ¢l. I

Therefore, we could perform the block coordinate descent algorithm, which itera-
tively update the parameters for ODT dimensions until convergence.

To estimate €, ; ; for the u-th passenger via Appendix A.2.2:

Ny
O 4D T
€u,jkl =kl + Z%U%,Mﬁuﬂ. (13)

i=1
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Algorithm 1 GR-TensorLDA in batch learning: Tensorized Variational EM Algorithm

Input: passengers, J, K, L, A, i, v, stopping tolerance tol, max_iter EM, max_iterInfer, maxlterg.
1: for iter = 1to max_iter EM do
2:  E-Step:

. Initialization: ¢O J ¢ K ¢€ = % and €y j k1 =y, jki+ JXNﬁ forallu,i, j, k1.

3

4. foriter = 1tomax zterlnfer do
5: for u = 1to M do

6: fori_ltoNu do

7
8

Updated) ¢u ik ¢u il by Eq. (12) Vj, k, [; Normalize

u,t
: Update €, ]Jk 1 by Eq. (13) VY(j, k., 1).
9: end for
10: end for
11: if parameter; | — parameter; < tol, break
12:  end for
13:  M-Step:

14:  Update ﬂjo, ﬂllg, ﬂIT by Egs. (14), (15) until convergence
15: Update o ¢ ; by Eq. (16) until convergence

16: end for

Output: A, B BP BT,

4.2 M-Step

In the M-step, we aim to maximize the lower bound learned from E-step with respect
to B, B?, BT and A.

As shown in Appendix A.3.1, BY and B? cannot be solved in the closed-form
solution due to the graph regularization. Therefore, we propose to use the gradient
ascend method to update BC and B?:

B = BYT +rVL(BY). (14)

the gradient with respect to ﬂo is VL(ﬂ ) = )Lﬂ(, nyzl Zivjl ¢, l(wm =o01)—

u,ij

(1= 1) Y, (et + (1= wicgst)(BO — B ) +a?

Jjoi Jjo2
B has a closed form solution as shown in Appendlx A.3.2:

M Ny

Bl =" ¢l Awl =1). (15)

u=1i=1

Finally, similar to the original LDA model (Blei et al. 2003), .A can be estimated
using the Newton-Raphson method:

@il = e - [T W] (16)

Its detailed derivation is given in Appendix A.3.3.
It is worth mentioning that Egs. (14), (15), and (16) do not show a direct relation
between J, K, L and model parameters: this is because J, K, L affect the variational
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Algorithm 2 Online GR-TensorLDA: Tensorized Variational EM Algorithm

Input: passengers, J, K, L, A, i, v, stopping tolerance tol, max_iter Infer, max lterg,r, K, 70.
1: for s = 0 to co do

2:  E-Step:

3 Initialization: ¢ = . ¢f) = % ¢f = 7 andeg jri =05 j i+ Ty forall s,i, j, k. L.
4: for iter = 1to niax_iterlhfer do

5: fori = 1to N5 do

6: Update ¢s(,)ij’ ¢:Dik’ ¢sT,il by Eq.(12) Vj, k, [; Normalize

7 Update ¢, x.; by Eq.(13) ¥(j. k. ).

8 end for

9: if parameter; | — parameter; < tol, break

10:  end for

11:  M-Step:

12:  Update BO, BPD by BJO <« BJO + rVLS(BjO) until convergence
13: Update BT by B, = M 31" o7 1w, = 1)

14:  SetBO-D-T = (1 — p)BO-D.T 4 , BO.D.T

15: Update o f ; by Eq.(16) until convergence

16: end for

Output: A, B, B? BT,

variables and then the variational variables affect model parameters. Besides, in the
parameter initialization, since we do not have a prior knowledge about the distributions,
equalized and uniform parameters are initialized.

The whole algorithm is shown as Algorithm 1: it is in a batch learning manner
which needs to read through the whole document set for each iteration.

4.3 Online learning algorithm

In practice, the proposed Algorithm 1 is very computationally intense since it updates
parameters in a batch learning manner, which iterates between analyzing each observa-
tion and updating dataset-wide variational parameters. Therefore, as shown in Line 5
in Algorithm 1, E-step needs a full pass through the entire corpus each iteration, which
is impractical when dealing with a large dataset containing tens of thousands of passen-
gers. For example, Hong Kong, as an international transport hub, the monthly visitor
arrivals were recorded to 6 million in Dec-2018, and the batch learning algorithm is
not suitable for the situation where new visitors are continually arriving (Hoffman
et al. 2010).

To this end, to efficiently implement the proposed model in real traffic systems,
we further develop an online stochastic algorithm, which outputs good estimates out-
standingly faster than the batch algorithm. To avoid repetitious details, only the critical
differences in the algorithm will be explained.

In E-step, the updating equations from Eq. (12) to Eq. (13) remain the same except
that variational variables are updated each time a passenger s is read, as shown in Line
6—7 in Algorithm 2.

In M-step, to update model parameters stochastically, once observing the current
passenger s, we first assume the optimal model parameters are learned if the entire
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corpus contained this passenger s repeated M times: under this setting (denoted with
the accent symbol A ), BY and B? are updated by stochastic gradient ascend, with the
gradient calculated based on the single observation dg times M:

B) =B +rvi,8)). (17)

-0 ~ ~0
where gradient VLS(,Bj ) withrespect to ,Bjoo is VLs(ﬁj ) = )\g% Ziv;l qbfijl(wg =

Jo1
Gpoi

Gher o n . . .
o)) — (1 =) ZOZ(MKOIOZ + (I — Wkoy0, )(,Bjoo1 — /31.002) + ajo, with details in
Appendix A.3.1. 3
Similar with Eq. (15), B? has closed-form solution with passenger s repeated M
times:

Ny
Bl = szbsT,gl(wsT; =1). (13)

i=1

Then the final model parameters BO-P'T are updated by using a weighted average
of its previous value and BY-?-7:

BO-DT — (1 — pS)BO,D,T _i_pSﬁO,D,T. (19)

where p; = (19 + 5) . k € (0.5, 1] controls the rate at which old values of B are
forgotten and guarantees convergence; 79 < 0 slows down the early iterations.

The proposed online learning algorithm of the GR-TensorLDA method is summa-
rized in Algorithm 2.

The computational complexity of each iteration in the batch learning algorithm is
OMNJ +K+L)(M>>N,J, K, L), whereas the complexity of each iteration
in the online learning algorithm reduces to O(N (J + K + L)) (Teh et al. 2007).

Mini-Batches: To reduce noise, parameters could be updated with a mini-batch
containing multiple observations, with mini-batch size as S. BY is updated as B{t =
% Zf:] Z,N; ] ¢>STJ. Al =1). B2 are updated by stochastic gradient ascend with
mini-batches.

5 Experiments
5.1 Dataset

The individual travel data from 1st-Jan-2017 to 31st-Mar-2017 are chosen for analysis.
Each trip has recorded the anonymized passenger ID, entry station, exit station, entry
time, and exit time. In this implementation, entry station, exit station, and hour stamp
of entry time have been collected for each trip and aggregated over the whole three
months to ensure each passenger has enough trips for analysis, with average amount
of trips around 134. The Hong Kong MTR system has 98 stations in total and operates
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Table 2 Data information

Data Dimension and Description
Passenger (Training) M = 50,000

Passenger (Validation, Test) 1000

Average Length N = 134 (trips)

Origin, Destination VO, vD —o98 (stations)
Time (Entry) vT =24 (hours)

in 24 hours. Thus the vocabulary size for origin, destination, and time is 98, 98, 24. We
randomly pick 50,000 passengers as the training set, 1000 passengers as the validation
set for tuning parameter selection, and another 1000 passengers as the test set. The
data information is summarized in Table 2.

5.2 Graph definition

As discussed in Section 3.4, the geographical graph and the functional similarity graph
affect passengers’ travel patterns. Here we would like to define the two graphs in detail.

Geographical graph: Two spatially close stations are more likely to be in the same
topic. The distance from station i to j in the graph {G . };, ; is usually simplified as an
“H-hop” binary graph: if from station i to j less than H-hops are needed, two stations
are connected, and the edge between them is *1’; Otherwise, the edge is ’0’. We set
H = 3 since a survey stated that passengers are willing to travel freely if two stations
are only three hops away (Geng et al. 2019; Li et al. 2021).

1 hop distance; ; <= H
{Gnet}i,j = . ’
0 hop distance; ; > H

Functional similarity graph: Two stations located in highly similar functional
areas are also prone to be in the same topic. A functional similarity graph is com-
monly formulated with the point of information (POI) (Li et al. 2020; Zhong et al.
2017). We collect each station’s surrounding POIs! with the following seven services:
hotel, leisure shopping, major building, public facilities, residential, school, and public
transport. Each element of the POI vector indicates the amount of the corresponding
service nearby the station. The element {G p,; };,; can be defined as cosine similarity
between POI vectors of station i and station j, and a higher value in G,,; means a
higher functional similarity between two stations:

PO, - POI;

G} = - )
(Gpoilis POL; || - [[POL; ||

1 This information is available at “Location Map, MTR” showing leading hotels, shopping centres and
major buildings of each stations.
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5.3 Benchmark methods

We apply the following benchmark methods to passenger travel data and compare the
results with the proposed model. However, a relatively limited amount of research
targets ODT-P multi-clustering based on individual passenger travel data.

e One-dimensional LDA (1d-LDA): It defines the generative process from docu-
ment to topic, topic to word in a single dimension (Blei et al. 2003). To apply
it, three-dimensional data (w?, w?, w’) = (o,d, ) are flattened into one-
dimensional w = odt: each different element creates a new word; thus, the total
vocabulary size for the new data format is expanded to 98 x 98 x 24 ~ 10°, and
the computational complexity of each iteration is O (M NK).

e Tucker Decomposition (Tucker): It decomposes an ODT flow tensor into a core
tensor and mode matrices along each dimension. Each rank vector from a mode
matrix can be regarded as a cluster (Sun and Axhausen 2016). However, this
method is not applicable to individual travel data due to extreme sparsity. Merely
to examine its ODT clustering performance, we feed it with macro-level passenger
flow data with the dimension of origin, destination, and time (Sun and Axhausen
2016).

e CP Decomposition with Graphs (CP-G): Similar to tucker decomposition, the
input is passenger flow data to check its ODT clustering performance. It decom-
poses an ODT flow tensor into a weight vector and mode matrices along each
dimension, with graphs on OD (Li et al. 2020).

e Three-dimensional LDA with Gibbs sampling (3d-LDA(Gibbs)): It also defines
a generative process for each dimension, however, without any semantic graph
structure. Parameters are estimated by Gibbs sampling (Cheng et al. 2020), with
the computational complexity of each iterationas O (M N(J + K + L)) (Porteous
et al. 2008; Xiao and Stibor 2010).

All the methods are compared by whether it is an individualized analysis (Indiv.
for short), tensor-based (7ensor), and graph-structured (Graph) model with efficient
online algorithm (Eff)) and low computational complexity (Complexity) as shown in
Table 3. Only our model ticks all the boxes.

Table 3 Comparison of benchmark methods

Methods Indiv. Tensor Graph Eff. Complexity 2
1d-LDA v X X X O(MNK)

Tucker x1 v X - -

CP-G x! v v . -

3d-LDA(Gibbs) v v X X OMN(J + K + L))
GR-TensorLDA (online) v v v v ON(J +K +1L))

1 Not individualized analysis, input with passenger flow data;
2 Computational complexity of each iteration, and M >> N, J, K, L
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5.4 Evaluation metrics

Traditional topic models only measure the quality of the model via perplexity, but
ignore how “interpretable” the learned topics are. For example, a topic containing
all words related to covid (e.g., omicron, vaccine, quarantine, etc: these words are
all connected in a knowledge graph) is more “interpretable” than a topic containing
words from various themes (e.g., covid, solar energy, iPhone: these words are far
away to each other in a knowledge graph). Such “interpretability” is usually measured
by point-wise mutual information (PMI), known as topic coherence. Besides, given
our graph structure on origin and destination dimensions, we also innovatively design
distance of graph to measure the “interpretability”: a topic with words that are close
to each other on a graph is more interpretable than the one that does not.

Topic Coherence PMI: PMI is to evaluate how meaningful the learned topics
along each dimension are (Yao et al. 2017; Newman et al. 2010). For exam-
ple, topic j in dimension of the origin stations is calculated as PM I (ﬂ?) =

o 0
Do 021EN?.0170 % » where N7 is the top N words in origin topic j, and we
choose the top 10 words. P(wOO ) is the probability that word w? = o is observed in
a passenger, and P(wOOl , w(g) captures the probability that w? = o0y and w? = 0,
co-occur in the same passenger. A higher PMI value means a more coherent topic.

Distance on Graph (dg): Based on the Laplacian matrix of a graph, dg measures
the distance of the word components from a topic. A smaller value means a more
concentrated topic. For example, the distance on graph for origin topic j is defined as
G, = B LetBS . dG i = (B Lpoi B -

Perplexity: Perplexity (Blei et al. 2003) examines the likelihood of the proposed
model in the test set. A lower perplexity means a higher likelihood.

5.5 Parameter tuning and station topics
5.5.1 Parameter tuning

The number of topics in each ODT dimension is set as J/ = 10, K = 10, L = 4 in
our dataset. This is chosen by the expert knowledge: J, K = 10 since the POI of
each station has seven elements; L = 4 since there are usually at least three time-
components capturing morning peak, evening peak, and midday trend. Generally, if
there is no prior information about the parameters, J, K, L could be determined by
a grid search to minimize perplexity (Blei et al. 2003) or maximize topic coherence
(Yao et al. 2017). Theoretically, with bigger J, K, L, the dimensions of model param-
eters A, B, B?, BT also increase, which means more latent clusters are introduced
to describe data pattern: this will naturally increase model’s likelihood and decrease
perplexity. However, too large J, K, L may cause overfitting. Tuning parameters for
graph regularization X, i, v are searched from grids A, u,v € {0.1,0.2,...,0.9},
and configuration parameters for online algorithm x € {0.5,0.6,...,1.0}, o €
{1,4, 16, 64,256, 1024} and S € {1, 4, 16, 64,256, 1024}. The optimal values are
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Table 4 Origin topic

: .0 o o o o .0 o o .0 [
Metric Method 2 7y ) 3 24 5 g 27 7g g
PMI  Tucker —33.29 —43.53 —177.27 —49.02 —102.80 —106.24 —39.06 —26.31 —39.44 —24.69

CP-G —34.59 —43.05 —7391 —36.57 —38.17 —64.46 —35.81 —25.25 —47.15 —40.66

3d-LDA(Gibbs) 3.21 2.86 9.31 26.77 13.40 12.09 24.02 —18.94 395 33.80
GR-TensorLDA 3.29 3.0 24.31 19.21 2895 26.41 57.86 —19.42 14.12 3438
deoi Tucker 227 13.14  8.02 3.72 3.28 4.28 2.85 19.54  1.66 2.53
CP-G 2.20 2.88 2.48 2.85 221 3.03 2.56 2.59 2.26 2.20
3d-LDA(Gibbs) 2.71 2.67 3.50 227 4.32 1.79 2.94 2.50 3.82 4.54

GR-TensorLDA 2.92 1.32 1.42 1.42 1.46 0.91 1.42 0.89 225 2.43

dG,e; Tucker 0.46 1.82 1.91 0.99 1.01 0.99 0.72 5.4 0.50 0.67
CP-G 0.38 0.49 0.40 0.48 0.36 0.47 0.43 0.44 0.42 0.37
3d-LDA(Gibbs) 0.63 0.57 0.73 0.55 0.99 0.48 0.64 0.55 0.75 1.12

GR-TensorLDA 0.65 0.35 0.34 0.43 0.29 0.25 0.39 0.20 0.44 0.53

chosen to maximize likelihood in the validation set, with A = 0.5, u = 0.4, v = 0.2
and § = 128,k = 0.5, 9 = 256.

5.5.2 Topic matching

It is worth mentioning that before the comparison, the topics learned from different
methods need to be matched first. We match two topics from two methods if they have
the highest cosine similarity. For example, topic i from method m refers to topic j
from method m> when j = arg max j{cos-similarity (B8}"', ;3;'.12)}.

5.5.3 PMI and distance on graph

The PMI and d¢ for the learned origin topics are shown in Table 4, with the best
performance highlighted in boldface and the second-best performance highlighted in
underline.

From Table 4, we find that: (1) Tucker and CP decomposition have the worst
PMI since they are methods targeting macro-level traffic analysis. Thus it ignores
the individual passenger information; However, tensor decomposition with graphs
considered (i.e., CP-G) still has higher PMI and lower dg than that without graphs;
(2) Our proposed method achieves twice higher PMI than 3d-LDA(Gibbs) for most
topics, which means the proposed model can discover more meaningful topics. This
is due to the external information introduced as graphs, with more than 50% lower dg
observed on both graphs.

5.5.4 Perplexity vs interpretability

In Table 5, our model has a 10% higher perplexity in the test set, which means a
lower likelihood score for these passengers. When we introduce the regularization
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Table 5 Trade-off between perplexity and intepretability

Perplexity Interpretability1
Methods (6] D T Overall PMI dg poi dg et
1d-LDA - - - 575.11 - - -
3d-LDA(Gibbs) 44.69 48.24 17.48 110.41 11.05 3.11 0.71
GR-TensorLDA 50.61 53.33 17.31 121.25 19.21 1.04 0.38

! Under the interpretability, PMI, JGpm. , an . are the average of PMI, dem. ,dG ,, over the 10 origin
topics in Table 4

term into the loss function, it naturally decreases the likelihood score because regu-
larization terms generally reduce the model fitting accuracy (i.e., likelihood score) in
the exchange of a better generalizability on the testing samples.

However, in the literature, it has been shown that perplexity is not a good measure
compared to the topic coherence PMI score. This is because the perplexity itself does
not reflect the meaningfulness of topics, and topics with lower perplexity might even
conflict with the real-world knowledge (Yao et al. 2017; Chang et al. 2009). Our exper-
iments show that, by adding the graph regularization, although the model likelihood
score (i.e., 10% higher perplexity measure) is lower, the model interpretability and
generalization power (i.e., as seen in the twice higher PMI and 50% lower dg mea-
sures) are significantly improved. Therefore, we observed such a trade-off between
perplexity and interpretability.

1d-LDA has the highest perplexity since it is not a tensor-based model, thus cannot
preserve the innate spatiotemporal correlations.

5.6 Improved interpretability in station topics

To better demonstrate the enhanced interpretability of the proposed model’s topics and
check how they reflect the real world, we also visualize: (1) the topic POI features,
(2) topic locations, and (3) topic station components based on the real metro map, in
comparison to the second-best model 3d-LDA (Gibbs) in origin dimension only. The
discovered topics can be used as station clusters.

(1) Topic POI Feature to check the POI feature of each topic: Usually, more
distinguishable topics are better (Zhu et al. 2012). The POI features of topics from
3d-LDA(Gibbs) and our model are calculated as ng 0i) = BOG poi» Where B((; oi) €
R’/*Npoi and the j-th row /3].0( poiy € RV indicates the POI feature of this topic.
As shown in Fig. 5. (a2), topics from the proposed model capture more distinct POI
groups: origin topic 4, 5, 6, and 8 capture the POI leisure shopping, major building,
residential and school respectively; Topics from 3d-LDA(Gibbs) instead, as shown in
Fig. 5. (al), capture the topics with similar and non-distinguishable POI distribution.
The distinct POI patterns are observed in our destination topics too.

(2) Topic Location on Map to check each topic’s location on map: The top 10
stations with the highest weights from origin topics 4, 5, 6, and 8 are located on the
metro map. In Fig. 5. (b), the stations from our topics are concentrated in the same
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— Topic 3
— Topic 4
— Topic 5

Topic 6
—— Topic 7

Topic 8

Topic 9

Facilities

(al) 3d-LDA(Gibbs) (a2) GR-TensorLDA

(a) POI Features of Learned 10 Origin Topics. (al): POI features of origin topics
from 3d-LDA without graphs are not distinguishable; (a2): Distinguishable POI
features of origin topics, especially topics 4,5,6,8.
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O Topic 8 . & |OTopic8| . - l
(bl) 3d-LDA(Gibbs) (b2) GR-TensorLDA

(b) Locations of Selected Four Topics. (bl): Topics from 3d-LDA without graphs
scattered in different regions; (b2): Topics from GR-TensorLDA concentrated in
same region/line. (Bigger bubble means higher weight).

Fig.5 (a) POI features for origin topics; (b) The locations of top 10 stations from origin topics 4,5,6 and 8

line/region; however, topics without graphs are dispersed among different regions.
Therefore, the topics learned from our proposed method have significant improvement
in interpretability and reflect external knowledge.

(3) Station Components Analysis to check each topic’s station component in
terms of the station location and POI: A further detailed study about the top 10 station
components with the highest weights inside each topic (here topic 6 is chosen) is
conducted to check those stations’ exact locations and the surrounding POIs. (1) In
Fig. 6. (b), the top 10 stations of our topic 6 are all located in the same metro line,
and the POI feature of each station is also mainly residential; (2) On the contrary, in
Fig. 6. (a) the top 10 stations of topic 6 without graphs are scattered over different
three lines, and those stations also have quite different POI features, such as station
80 in leisure shopping, station 99 in the major building.

To conclude, the identified topics from the proposed model have better physical
meanings and interpretability.
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(a) Topic 6 from 3d-LDA(Gibbs): stations scattered in three lines, with
non-uniform POI features

Probability
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(b) Topic 6 from GR-TensorLDA: all stations in the same line 0, with
dominant POI as ’Residential’ (light blue in pie chart)

Fig.6 The top 10 stations from topic 6, with station weights presented as line charts on top, real metro lines
plotted below and station POI features presented as pie charts

Applications of OD Clustering: Metro companies usually categorize stations by
their expert knowledge, such that different station categories have different operational,
marketing, and urban planning strategies. However, this categorization is usually out-
of-date since a station’s feature evolves over time. The learned station clustering is
purely data-driven and updated with data, which provides better insights.

5.7 Time topics

The time topics from our method are shown in Fig. 7(a), Topic 0 captures the first
morning peak (7-8 AM); Topic 1 captures the second morning peak (9—10 AM); Topic
2 captures the mid-day trend, and Topic 3 captures the evening peak (8 PM).

Applications of Time Clustering: The learned time topics could offer clear insights
about the peak hours and enable crowd management.

5.8 Passenger clustering
The passenger cluster could be learned from each passenger’s tensor topic dis-

tribution parameter C,. The distance between two passengers’ topic distributions
could be measured by the Euclidean distance, the Jensen Shannon (JS) divergence
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Fig.7 (a) Time topics, (b) Passenger clusters

(Cheng et al. 2020) and so on. We choose the JS divergence since it is a symmetric
measure for distributions. Then clustering methods such as K-means could be applied
to cluster passengers.

Two passenger clusters are shown: In Fig. 7(b1) ‘student’ cluster travels from O6
(residential) to DO (school) at TO (7-8 AM) and travels back from O8 (school) to D4
(residential) at T2 (mid-day); In Fig. 7(b2) ‘white-collar’ cluster usually travels from
05 (major building) to D9 (major building) at T1 (9—10 AM) and after work travels
from OS5 (major building) to D8 (leisure shopping) at T3 (8 PM).

Applications of passenger clustering: (1) Customized Services: Passenger
clustering could help public transport companies better understand passenger demo-
graphics, enabling customized travel reward plans or tailored advertisements for
different passenger clusters. (2) Destination Inference: Moreover, the conditional
probability based on the latent parameters BC, B”, B”, and C,, enables more poten-
tial applications. For example, given the passenger u’, origin o', and entry time ¢’, the
destination could be predicted by: P(w? =d | w? =o', w’ =1, u’) x P(w? =
o, wP =d,wl =1, u) = Z;zl S S w k¥ ,Bﬁ), x BE x Bl As a
result, a destination crowd warning message in the mobile application could then be
directed towards each passenger. With B?, B? better estimated with graphs, for pas-
sengers who travel between two stations (accounts for 83.8% of the population in our
dataset), the destination inference accuracy is improved by 18% compared with 3d-
LDA(Gibbs), as shown in Table 6. In Fig. 8, the most popular OD pairs (i.e., o’ — d’)
are selected to visualize destination inference. With the input of passenger u’, who has
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Table 6 Destination inference accuracy

Route Type (Percent in data) 3d-LDA(Gibbs) GR-TensorLDA
A =B (83.8%) 65.73% 77.21%
A = C=B0.5%) 59.11% 66.19%
> 4 stations (5.7%) 50.21% 51.48%

(b) GR-TensorLDA

Fig. 8 Destination inference for selected OD pairs: o’ in blue, ground-truth d’ in grey, correct d in green,
wrong d in red

o VG —— . = RN
S 114 " —— online Z Sswl
= ' =»=- batch 3 Vpmmmmmpammrnl ! Sczigrza e mm oLy
o ] o !
o -116 1 T 80 !
= [ o i
@ 11QN oo R SR X M= '
2 -118% i o i T, o & | —— online
3 n:’)(-_~_)(’ ; % g 709 5 —»~- batch
R s e — . — e
0 200 300 400 600 700 800 0 200 300 400 600 700 800
Minutes Minutes
(a) Log-Likelihood Evolution (b) Origin Perplexity Evolution

Fig.9 Convergence comparison of (a) log-likelihood evolution and (b) origin perplexity evolution between
Online Algorithm 2 in green and Batch Algorithm 1 in red. Each point marker ‘-* in online version denotes
10 iterations, and each cross marker ‘x’ in batch version denotes 1 iteration

these OD pairs, and the time 7* when he/she enters o', the destination is inferred by
our method with higher accuracy (correct d’ in green); However, the method without
graphs makes more mistakes (wrong d in red).

5.9 Faster convergence from online algorithm

Last but not least, as shown in Fig. 9, we compare the convergence speed of the
algorithm’s batch version and its online version in the same computation environment.
The proposed online stochastic algorithm needs more iterations to converge but 60%
less time: The online version (shown in color green) converges at ¢t &~ 300, more than
twice faster than the batch algorithm (shown in color red), which converges at t & 700.

Moreover, the online algorithm also converges with with better parameter estimates:
(1) Higher log-likelihood: As shown in Fig. 9. (a), online version converges at log-
likelihood &~ —113 x 103, higher than batch version’s convergence at log-likelihood
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~ —118 x 10%; (2) Lower perplexity: as shown in Fig. 9. (b), online version converges
at origin perplexity ~ 60, lower than batch version’s convergence at origin perplexity
~ 89.

6 Conclusion

In this paper, we studied the ODT-P multi-clustering problem for the individual passen-
ger travel pattern to achieve meaningful clusters on each dimension (origin, destination,
and time) and on the individual passenger by incorporating external information on
the origin and destination stations. To solve this challenge, we proposed a novel graph-
regularized tensor Latent Dirichlet Allocation model, which applies to the travel data
of each passenger with the consideration of the external information as the graph regu-
larization. We proposed a tensorized variational EM-algorithm to estimate parameters.
To improve the scalability, an online learning algorithm is further proposed. In the case
study based on the Hong Kong metro system, we demonstrate our superiority over
state-of-the-art methods in terms of two times higher topic coherence, 50% lower
distance on graph, and better interpretability. Our improvement is also reflected on
its 20% more accurate individual destination inference. The proposed online learning
method can also converge twice faster with the same good performance as the batch
learning method.

Future work

Our model will be extended to cover trip duration, which is a continuous variable. The
generative process will be extended to handle continuous distribution correspondingly.
Besides, due to the independent assumption of Dirichlet distribution, correlations
between passengers will also be further examined.

Generalization

This work could also be applied to non-metro data such as bus and sharing rides if the
ODT information is recorded. In the road traffic, the nodes in Gy, and G ,; could be
defined as different grids, road segments, or zip code zones, and the edges could be
defined similarly if distance and POI are available.
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Appendix A tensorized variational EM algorithm

In this appendix, the proposed Tensorized Variational EM Algorithm will be derived
in detail. For simplicity, we replace ZJJ-ZI Zf: | Zsz | with ), to avoid some long
expression.

A.1 Computing Eg[log(cj k. | A)]

The three-dimensional Dirichlet distribution could be written as an exponential
family: P(C | A) = eXP{ijl(Olj,k,l — Dlogcjrs + logl'(X iy ajk) —
ijl log F(aj,k,l)}, where « x; — 1 is the natural parameter, logc; ; is the suf-

ficient statistic for ¢ k1, and log I'Q_ ;. &) k1) — 3_ ;5 10g T (et k1) is the log of the
normalization factor. Since the derivative of the log of the normalization factor with
respect to the natural parameter is equal to the expectation of the sufficient statistic,
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we can get:

Ellog(cj i | Al =W(je) =¥ | D i
Jkl

A.2 Variational inference
The lower bound (L B) of the log likelihood of a document is obtained by Jensen’s

inequality:
> P(C.z.d,| A B? B B")ac
Zj,k,1

log P(d, | A, B?, B”, BT) = log

P(C’ zvdu | A’BO,BD,BT)Q(C’ z)dc

ZIOg/ Z q(C,z)

2j,k,1

> E4llog P(C,z,d, | A, B®,B? BT)] — E,[logq(C,2)] = LB

L B can be expanded by using the factorizations of p and g:

LB = E,[log P(C,z,d, | A, B?, BP BT)] - E,[logq(C, 2)]
= E,[log P(C | A)] + E4llog P(z | C)1+ E4[log P(d, | z, B?,B? B7)]

— E4[logq(C)] — E4llog q(z)]

The five terms are further expanded using Appendix A.1 result:

o)

LB =1logl (Z ij,k,l) — Zlog Cletjr,) + Z(ajJ‘J -1
ki ki

I I

W(ejk) — V¥ Zéj,k,z
ki

Ny
D o5

i=1 jki
K vP

Ny J vo L vT
O10g B0+ DY ehwhiogBl + > ¢hwllog Bl

o
D DIl ‘

i=1 \j=lo=1
—logI’ Zej,k,z + Zlog C(€j k) — Z(Ej,k,l =D | V() -V ij,k,z
ikl ki jkl ikl
Ne [ K L
— 2| e loe o + 3 @it log ik + o oz,
i=1 \j=1 k=1 =1
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A.2.1 Variational multinomial

We keep the terms in lower bound containing qﬁiJO. for example:

K L
% D T
LBy =85 ) D #fdl(V(ejn) =¥ | D €jkn)

k=1 i=1 jkl

J
+ ¢ log B, — ¢ log ¢ + A Zd,g 1
j=1

To maximize it with respect to ¢f;, derivative is calculated and set to be zero:

K L
oL eI RAGTNEL A DI

0
L Jkl
—l—logﬂ]%—logcbg —-14+1=0

Then we have:
K L
of o Bhexp | DY oRoh | Wieju) = [ D €jn
k=1 1=1 Jjkl

Same steps are followed to get ¢>l.l,z and qbiTl .
A.2.2 Variational dirichlet
The term containing €; x ; is simplified as follows:

Ny
LB = Z(‘P(Ej,k,l) -V Z €jkn) | X | ojir+ Zfﬁﬁ(ﬁfifi{[ — €j k1

ikl jkl i=1
—logT | Y ejuu | + D logT(e) k1)
ki jkl

Similarly, to maximize the lower bound, derivative is calculated:

LB

Nll
_ . O D T . Iip. ’ . _
Ter s = |kt OGO — e | x| Wi = VQ ejun | =0

i=1 jki
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By setting the derivative as zero we have:

Nl&

0,D T
€j k] =0j g+ Z¢Lj¢£k¢il

i=I

A.3 Parameter estimation
A.3.1 Conditional multinomials B, B?

This will be solved by gradient ascend algorithm due to the graph regularization

Terms in lower bound containing ,3 with R(G?) and the constraint Z o=1 ,30 =
considered are:

M N, J v©°

LBigoy =2 D00 D bliwiiolog B, — (1= MRG?)

u=1i=1 j=1o0=1

J vo
#3a (Xan -
o=1

j=1
Gradient VL(B ]-O) with respect to ﬂjoo is as follows:

M Ny

VLS )—aﬂ =)o chﬁf,,l(wm—m)

Jjoi ]Olu 1i=1

—(1=2 Z(ux(,;;g + (L= wiko s (B, — ) +a?

As mentioned in Section 4.3, BY will be updated in an online stochastic manner,
where gradient is calculated with only one observation s repeated M times, thus,

. ~0 . .
gradient VL (B ;) with respect to ﬂjoa is

LBy
H= = Lt =
- 10 g+ (= RSB, — B+

B? will be updated same way.
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A.3.2 Conditional multinomials B”

There is no regularization in 7" dimension, so the estimation is similar with the work
in (Blei et al. 2003).

M Ny

ﬁl?t = Z Z¢L,11(wf£ =1)
u=1i=1

A.3.3 Dirichlet A

aj k, will also be updated with Newton-Raphson method. The gradient g; x; with
respect to o ks is as below:

=M \IJ(Z ;) — Wiojr)
jki

M
+ Z “I’[(eu,j,k,l) - v Zeu,j,k,[

u=1 jki

8.kl =
oaj ki

Then A is updated as follows:

s+1 s { -1 s 8jkl—C
Jod =%k A = Wik ™

> ikt 8kt [k
Y gk
(Blei et al. 2003).

where ¢ = hjri = —M‘I//(Olj,k,l), and z = M\IJ/(ijl aj ki)

References

Blei DM, Ng AY, Jordan MI (2003) Latent dirichlet allocation. ] Mach Learn Res 3(Jan):993-1022

Briand AS, Come E, Trépanier M et al (2017) Analyzing year-to-year changes in public transport passenger
behaviour using smart card data. Transp Res Part C: Emerg Technol 79:274-289

Chang J, Gerrish S, Wang C, et al (2009) Reading tea leaves: How humans interpret topic models. In:
Advances in neural information processing systems, pp 288-296

ChenL, Jose JM, Yu H, et al (2016) A semantic graph based topic model for question retrieval in community
question answering. In: Proceedings of the ninth ACM international conference on web search and
data mining, pp 287-296

Cheng Z, Trépanier M, Sun L (2020) Probabilistic model for destination inference and travel pattern mining
from smart card data. Transportation 48(4):2035-2053

Elhamifar E, Vidal R (2013) Sparse subspace clustering: Algorithm, theory, and applications. IEEE Trans
Pattern Anal Mach Intell 35(11):2765-2781

Gao H, Nie F, Li X, et al (2015) Multi-view subspace clustering. In: Proceedings of the IEEE international
conference on computer vision, pp 4238-4246

Geng X, LiY, Wang L, etal (2019) Spatiotemporal multi-graph convolution network for ride-hailing demand
forecasting. In: Proceedings of the AAAI Conference on Artificial Intelligence, pp 3656-3663

Griffiths TL, Steyvers M (2004) Finding scientific topics. Proc Natl Acad Sci 101(suppl 1):5228-5235

@ Springer



Individualized passenger travel pattern multi-clustering 1277

Guo S, Lin Y, Feng N, et al (2019) Attention based spatial-temporal graph convolutional networks for traffic
flow forecasting. In: Proceedings of the AAAI Conference on Artificial Intelligence, pp 922-929

Hoffman M, Bach FR, Blei DM (2010) Online learning for latent dirichlet allocation. In: advances in neural
information processing systems, Citeseer, pp 856-864

Hu H, Lin Z, Feng J, et al (2014) Smooth representation clustering. In: Proceedings of the IEEE conference
on computer vision and pattern recognition, pp 3834-3841

Kolda TG, Bader BW (2009) Tensor decompositions and applications. SIAM Rev 51(3):455-500

Li D, Zamani S, Zhang J, et al (2019a) Integration of knowledge graph embedding into topic modeling with
hierarchical dirichlet process. In: Proceedings of the 2019 Conference of the North American Chapter
of the Association for Computational Linguistics: Human Language Technologies, Volume 1 (Long
and Short Papers), pp 940-950

Li X, Zhang J, Ouyang J (2019b) Dirichlet multinomial mixture with variational manifold regularization:
Topic modeling over short texts. In: Proceedings of the AAAI Conference on Artificial Intelligence,
pp 7884-7891

Li Z, Sergin ND, Yan H, et al (2020) Tensor completion for weakly-dependent data on graph for metro
passenger flow prediction. In: Proceedings of the AAAI Conference on Artificial Intelligence, pp
4804-4810

Li Z, Yan H, Zhang C, et al (2021) Tensor topic models with graphs and applications on individualized
travel patterns. In: 2021 IEEE 37th International Conference on Data Engineering (ICDE), IEEE, pp
2756-2761

Liu G, Lin Z, Yan S et al (2012) Robust recovery of subspace structures by low-rank representation. IEEE
Trans Pattern Anal Mach Intell 35(1):171-184

Liu H, Tong Y, Zhang P, et al (2019) Hydra: A personalized and context-aware multi-modal transportation
recommendation system. In: Proceedings of the 25th ACM SIGKDD International Conference on
Knowledge Discovery & Data Mining, pp 2314-2324

Mei Q, Cai D, Zhang D, et al (2008) Topic modeling with network regularization. In: Proceedings of the
17th international conference on World Wide Web, pp 101-110

Mohamed K, Céme E, Oukhellou L et al (2016) Clustering smart card data for urban mobility analysis.
IEEE Trans Intell Transp Syst 18(3):712-728

Newman D, Lau JH, Grieser K, et al (2010) Automatic evaluation of topic coherence. In: Human language
technologies: The 2010 annual conference of the North American chapter of the association for
computational linguistics, pp 100-108

Parsons L, Haque E, Liu H (2004) Subspace clustering for high dimensional data: a review. ACM SIGKDD
Explorations Newsl 6(1):90-105

Porteous I, Newman D, Ihler A, et al (2008) Fast collapsed gibbs sampling for latent dirichlet allocation. In:
Proceedings of the 14th ACM SIGKDD international conference on Knowledge discovery and data
mining, pp 569-577

Ren J, Xie Q (2017) Efficient od trip matrix prediction based on tensor decomposition. In: 2017 18th IEEE
International Conference on Mobile Data Management (MDM), IEEE, pp 180-185

Shi H, Yao Q, Guo Q, et al (2020) Predicting origin-destination flow via multi-perspective graph con-
volutional network. In: 2020 IEEE 36th International Conference on Data Engineering (ICDE), pp
1818-1821

Sun L, Axhausen KW (2016) Understanding urban mobility patterns with a probabilistic tensor factorization
framework. Transp Res Part B: Methodol 91:511-524

Tang K, Chen S, Liu Z et al (2018) A tensor-based bayesian probabilistic model for citywide personalized
travel time estimation. Transp Res Part C: Emerg Technol 90:260-280

Tang Y, Jiang Y, Yang H et al (2020) Modeling and optimizing a fare incentive strategy to manage queuing
and crowding in mass transit systems: Modeling and optimizing a fare incentive strategy to manage
queuing and crowding in mass transit systems. Transp Res Part B: Methodol 138:247-267

Teh YW, Newman D, Welling M (2007) A collapsed variational bayesian inference algorithm for latent
dirichlet allocation. Tech. rep., CALIFORNIA UNIV IRVINE SCHOOL OF INFORMATION AND
COMPUTER SCIENCE

Wang S, He L, Stenneth L, et al (2015) Citywide traffic congestion estimation with social media. In: Pro-
ceedings of the 23rd SIGSPATIAL International Conference on Advances in Geographic Information
Systems, ACM, p 34

@ Springer



1278 Z.lietal.

Wang Y, Yin H, Chen H, et al (2019) Origin-destination matrix prediction via graph convolution: a new
perspective of passenger demand modeling. In: Proceedings of the 25th ACM SIGKDD International
Conference on Knowledge Discovery & Data Mining, pp 1227-1235

Xiao H, Stibor T (2010) Efficient collapsed gibbs sampling for latent dirichlet allocation. In: Proceedings of
2nd asian conference on machine learning, JMLR Workshop and Conference Proceedings, pp 63-78

Yao L, Zhang Y, Wei B, et al (2017) Incorporating knowledge graph embeddings into topic modeling. In:
Thirty-first AAAI conference on artificial intelligence

Yi D, SulJ, Liu C et al (2019) A machine learning based personalized system for driving state recognition.
Transp Res Part C: Emerg Technol 105:241-261

Yu B, Yin H, Zhu Z (2018) Spatio-temporal graph convolutional networks: a deep learning framework for
traffic forecasting. In: Proceedings of the 27th International Joint Conference on Artificial Intelligence,
pp 3634-3640

Yu K, He L, Philip SY et al (2019) Coupled tensor decomposition for user clustering in mobile internet
traffic interaction pattern. IEEE Access 7:18,113-18,124

Zhang C, Hu Q, Fu H, et al (2017) Latent multi-view subspace clustering. In: Proceedings of the IEEE
conference on computer vision and pattern recognition, pp 4279-4287

Zhang C, Fu H, Hu Q et al (2018) Generalized latent multi-view subspace clustering. IEEE Trans Pattern
Anal Mach Intell 42(1):86-99

Zhao J, Qu Q, Zhang F et al (2017) Spatio-temporal analysis of passenger travel patterns in massive smart
card data. IEEE Trans Intell Transp Syst 18(11):3135-3146

Zhao Z, Koutsopoulos HN, Zhao J (2020) Discovering latent activity patterns from transit smart card data:
A spatiotemporal topic model. Transp Res Part C: Emerg Technol 116(102):627

Zhong R, Lv W, Du B et al (2017) Spatiotemporal multi-task learning for citywide passenger flow pre-
diction. 2017 IEEE SmartWorld. Ubiquitous Intelligence Computing, Advanced Trusted Computed,
Scalable Computing Communications, Cloud Big Data Computing, Internet of People and Smart City
Innovation (SmartWorld/SCALCOM/UIC/ATC/CBDCom/IOP/SCI), pp 1-8

Zhou M (2018) Nonparametric bayesian negative binomial factor analysis. Bayesian Anal 13(4):1065-1093

Zhu J, Ahmed A, Xing EP (2012) Medlda: maximum margin supervised topic models. J. Mach Learn Res
13(1):2237-2278

Publisher’'s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps
and institutional affiliations.

@ Springer



	Individualized passenger travel pattern multi-clustering based on graph regularized tensor latent dirichlet allocation
	Abstract
	1 Introduction
	2 Related works
	2.1 Tensor and tucker decomposition
	2.2 Individual travel pattern analysis
	2.2.1 Spatio-temporal feature engineering
	2.2.2 Generative models

	2.3 Graph-based topic models
	2.4 Multi-view subspace clustering

	3 Proposed methodology
	3.1 Data representation and notation
	3.2 Tensor topic definition and decomposition
	3.3 Generative process
	3.4 Graph structure on origin and destination
	3.5 Loss function

	4 Parameter estimation
	4.1 Tensorized variational E-Step
	4.2 M-Step
	4.3 Online learning algorithm

	5 Experiments
	5.1 Dataset
	5.2 Graph definition
	5.3 Benchmark methods
	5.4 Evaluation metrics
	5.5 Parameter tuning and station topics
	5.5.1 Parameter tuning
	5.5.2 Topic matching
	5.5.3 PMI and distance on graph
	5.5.4 Perplexity vs interpretability

	5.6 Improved interpretability in station topics
	5.7 Time topics
	5.8 Passenger clustering
	5.9 Faster convergence from online algorithm

	6 Conclusion
	Future work
	Generalization

	Acknowledgements
	Appendix A tensorized variational EM algorithm
	A.1 Computing Eq[log(cj,k,lmidmathcalA)]
	A.2 Variational inference
	A.2.1 Variational multinomial
	A.2.2 Variational dirichlet

	A.3 Parameter estimation
	A.3.1 Conditional multinomials BO, BD
	A.3.2 Conditional multinomials BT 
	A.3.3 Dirichlet mathcalA


	References




