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Abstract

Learning the intrinsic dependency among heterogeneous data is one of the most chal-

lenging problems in predictive spatio-temporal analytics (PSTA) tasks because the de-

pendency to be learned generally manifests, interacts, and integrates in a complex way at

varying scales within and/or across diverse data sources, which renders characterization

of such underlying dependency extremely difficult. To address this challenge, a key ques-

tion must be answered: Given a specific learning task and the corresponding dataset, how

should one design an appropriate learning model and theoretically determine its desired

configuration by analyzing its learning behavior and quantifying its learning capacity so

that the useful information contained in the data can be effectively extracted to yield out-

standing predictive performance?

Existing methods, including classical time series models, representative tensor-based learn-

ing models, and state-of-the-art deep neural network models, have shown their effective-

ness in capturing specific types of dependency, such as short-range temporal dependency

or homogeneous/aligned data dependency. However, these methods do not explicitly ad-

dress the critical issue of multi-scale dependency modeling for heterogeneous data, and

their performance thus presents certain limitations. More importantly, even though the ex-

isting deep learning models have achieved state-of-the-art performance in certain learning

tasks, and earlier studies have examined the behaviors of learning models from the per-

spective of optimization or representation learning, they are incomplete. Specifically, they

failed to provide an in-depth understanding of why a specific deep learning model works

well on a given dataset and of the relationship between the learning model’s configura-
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tion and its corresponding model capacity on the given task and dataset. Without such a

clear understanding, it remains a mystery how to determine the desired configurations of

a certain deep model with respect to the given learning data sets, thus making it difficult

to sustain the success of deep learning.

To address these unsolved yet challenging issues in a theoretically sound and practically

feasible way, in this thesis, we aim to systematically answer four research questions:

1. How can we design a learning model to characterize the complex multi-scale de-

pendency of heterogeneous data in PSTA?

2. How can we analyze and quantify the designed model’s capacity to capture the

multiscale dependency of spatiotemporal data?

3. How can we validate the learning behavior and performance of the designed model

in various scenarios of multi-scale spatio-temporal dependency?

4. How can we make the designed model practically applicable?

To answer the first question, we develop and demonstrate a novel interactively and inte-

gratively connected deep recurrent neural network (I2DRNN) model to capture the multi-

scale dependency in heterogeneous spatio-temporal data. The proposed I2DRNN com-

prises three key modules: (i) an Input module that integrates data from heterogeneous

sources; (ii) a Hidden module that captures information on various scales while allow-

ing the information to flow between layers in an interactive manner; and (iii) an Output

module that models the integrative effects of information from various hidden layers to

generate the output predictions. By integrating these modules, the I2DRNN can model the

integrative effects of various scales of spatio-temporal data within and/or across diverse

factors, as observed from heterogeneous sources.

To answer the second question, we propose an information-theoretic framework. This

framework enables us to theoretically analyze the learning behavior of I2DRNN, quanti-

tatively characterize the information-based model capacity (i-CAP) of each of its compo-
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nents in terms of capturing the multi-scale spatiotemporal information, and appropriately

determine its necessary and sufficient configurations with respect to a given dataset. With

these information-theoretic guarantees, the developed framework serves as rigorous and

explainable guidance in the design of a desirable deep architecture for a given task.

To answer the third question, we conduct a series of experiments with both synthetic

datasets and real-world PSTA tasks to validate the I2DRNN model and to confirm its

information-theoretically described behavior. The experimental results show that the

I2DRNN model outperforms both classical and state-of-the-art models on all datasets and

PSTA tasks. Furthermore, as readily validated, the proposed model captures multi-scale

spatio-temporal dependency, which is meaningful in the real-world context. More im-

portantly, the model configuration that corresponds to the best performance on a given

dataset always falls within the range between the necessary and sufficient configurations,

as described by the information-theoretic analysis.

To answer the fourth question, we tackle two practical issues in PSTA: incomplete data

imputation before multi-scale dependency learning and hidden interaction mining after

multi-scale dependency learning. To infer the missing data for PSTA, we propose a het-

erogeneous neural metric learning method to restore the data integrity by referring to

heterogeneous data sources. We examine the proposed method in a real-world spatio-

temporal analytics task, malaria risk mapping, and show that the proposed method pro-

duces accurate and reliable risk inference. To characterize the hidden interaction among

the spatio-temporal data, we develop two structure-aware methods to uncover the prim-

itive motif prior and the mesoscale connection structure of the underlying interaction

network, respectively. Our results with various datasets validate the effectiveness of the

proposed methods in capturing the hidden interactions for PSTA.

Keywords: Multi-Scale Spatio-Temporal Dependency Learning, Predictive Spatio-Temporal

Analytics (PSTA), Interactively- and Integratively-Connected Deep Recurrent Neural Net-

work (I2DRNN), Information-Theoretic Analysis, Incomplete Data Imputation, Hidden

Interaction Characterization
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Chapter 1

Introduction

1.1 Background

Learning the intrinsic dependency among heterogeneous data is one of the most chal-

lenging problems in predictive analytics because the dependency generally interacts and

integrates in a complex way at varying scales within and/or across diverse factors. Exten-

sive interest has been shown in the learning and analysis of such multi-scale dependency

in various research areas, such as natural language modeling [23, 44], image process-

ing [135, 141], and spatio-temporal analytics [28, 77].

This thesis focuses on learning the intrinsic dependency among heterogeneous data for

predictive spatiotemporal analytics (PSTA). PSTA is among the most challenging depen-

dency learning tasks because it requires the dependency along both spatial and temporal

dimensions to be captured from heterogeneous data sources. PSTA has shown great im-

portance in many real-world applications, such as those described below.

Epidemiology: Infectious diseases pose a great threat to the health of human society. It

is estimated that approximately 228 million people were infected with malaria in 2018.

COVID-19 has recently prevailed worldwide, causing 58 million infections and 1.39 mil-

lion deaths as of November 23, 2020. To prevent the spread of infectious diseases, the
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spatio-temporal pattern of infectious disease transmission requires serious investigation.

Analysis of the spatio-temporal infectious disease data, which records the numbers of

infection cases in different locations and times, will allow many critical tasks to be ad-

dressed in the public health domain, such as hotspot detection [41], infectious disease risk

forecasting [108], and transmission network mining [110].

Traffic: The urban traffic congestion problem has a great influence on the quality of daily

life in human society. The United Nations estimates that by 2050, the world population

will increase from 7.8 billion to 9.7 billion and urbanization will increase from 55% to

68% 1. Dense and growing populations have led to serious mobility and sustainability

challenges in many cities, and heavy traffic congestion decreases the population’s quality

of life. Moreover, vehicles consume huge amounts of fossil fuel and generate greenhouse

gases, which increases the environmental and energy burden [109]. Accurate traffic pre-

dictive analytics can benefit the planning of road networks for more efficient and sustain-

able mobility. Improved traffic forecasting therefore has great social and environmental

value.

Climate: 2019 was the second warmest year on record. Climate change is threatening

the lives, economies, and ecological environments of all countries. Taking urgent action

to combat climate change is one of the United Nations’ sustainable development goals2.

However, the climate system is complex and has many closely interacting factors. A clear

understanding of the rules that govern the climate system is necessary for our reaction

to climate change. Superior climate predictive analytics would facilitate our insights into

these complex patterns.

In the aforementioned applications of disease prediction [84, 142], traffic prediction [151,

143, 128, 152], and climate forecast [43, 140, 156], learning the complex and intrinsic

dependency relationships among data has been shown to be among the most challenging

tasks in PSTA, because the dependency is generally exhibited on multiple spatio-temporal

1https://population.un.org/wup/Publications/Files/WUP2018-Highlights.
pdf

2https://www.un.org/sustainabledevelopment/climate-change/
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scales among heterogeneous data sources [32, 2, 139].

In disease prediction, the number of infected cases in a specific region might be on a

downward trend each year, but the actual number of cases in various smaller regions at

various times of year may fluctuate on varying scales for a multitude of reasons, including

environmental, geographic, meteorological, and demographic factors [142].

In traffic prediction, traffic patterns are influenced by multiple heterogeneous factors, such

as traffic demand and distribution, the road network, weather conditions, and the socioe-

conomic status of the district segment [72]. These factors influence the traffic pattern

in an interactive and integrative way, so that the traffic patterns show long-range depen-

dence [122], which renders prediction extremely difficult.

In climate forecasting, the nonlinear dependency among climate variables on multiple

spatiotemporal scales has long been recognized [116], which makes the climate data show

long-range dependency. For instance, the teleconnections between regional rainfall and

temperature patterns in the larger-scale modes of climate variability were discovered in

a study of the El Nino Southern Oscillation [34]. These governing factors, which affect

the target data in different ways, complicate the spatiotemporal dependency and make it

difficult to ascertain.

1.2 Motivations and Objectives

To address the problem of learning complex, multi-scale dependency for predictive ana-

lytics, the following key question must be answered: Given a specific learning task and

the corresponding dataset, how should one design an appropriate learning model and theo-

retically determine its desired configuration by analyzing its learning behavior and quan-

tifying its learning capacity so that the useful information contained in the data can be

effectively extracted to yield outstanding predictive performance?

In the design of a learning model, existing methods, including classical time series mod-

els, representative tensor-based learning models, and state-of-the-art deep neural network
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models, have shown effectiveness in capturing specific types of dependency. The clas-

sical time series models[7], tensor-based models [6], and regression-based deep neural

networks [70] are derived mainly from the autoregressive model, which emphasizes short-

range temporal dependency but ignores long-term dependency to a certain extent. Recur-

rent neural networks (RNNs) show promise in processing sequential data, and in particu-

lar, stacked RNNs [94] can learn a hierarchical representation of information. However,

stacked RNNs do not allow feedback information to flow from the top layers to the bot-

tom layers, nor does a direct connection exist between the output layer and the non-top

layers, which weakens the memorization of information on different scales and the effects

of information from the bottom/intermediate layers in the generation of predictions. In

summary, these methods do not explicitly address the critical issue of multiscale depen-

dency modeling with heterogeneous data; thus, they present certain limitations in their

performance.

In theoretical characterization of the desired configuration, studies have examined the

behaviors of learning models from three perspectives: 1) learning capacity, such as the

convergence rate [3] and generalization ability [155]; 2) representation learning, such as

disentangling the factors of variation [13] and the temporal coherence properties of slow

features [88]; and 3) model capacity, such as universal approximation ability [49] and

information bottlenecks [123]. However, these studies still lack an in-depth understanding

of why a specific deep learning model works well on a given dataset and of the relationship

between the configuration of a learning model and its corresponding model capacity on

the given task and dataset. Without such a clear understanding, determining the desired

configurations of a certain deep model with respect to the given learning data sets remains

a mystery, which makes it difficult to sustain the success of deep learning.

To address this challenging issue in a logical way, four vital questions must be answered:

1. How can we design a learning model to characterize the complex multiscale depen-

dency of spatiotemporal data?
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2. How can we quantify and analyze the designed model’s capacity to capture the

multiscale dependency of spatiotemporal data?

3. How can we validate the learning behavior and performance of the designed model

in various scenarios of multiscale spatiotemporal dependency?

4. How can we make the designed model practically applicable?

1.2.1 Model Design for Multi-Scale Dependency Learning

Multi-scale dependency emerges in spatio-temporal data due to nonlinear interaction

among various impact factors, so the spatiotemporal phenomena have long-term tempo-

ral memory and are self-similar on different scales [99]. Existing studies have proposed

many linear models, such as the autoregressive model [7] and Kalman filter [134], and

nonlinear models, such as the recurrent autoregressive model [157] and extended Kalman

filter [56], to capture the spatio-temporal dependency. However, as mentioned above, the

capacities of these models to characterize multi-scale dependency are limited.

To accurately predict the target data, it is necessary to capture the multi-scale dependency

to fully reveal the mechanism of the spatiotemporal phenomena. We thus aim to design a

novel model for learning the multi-scale dependency in the spatio-temporal data.

1.2.2 Theoretical Characterization of Learning Capacity

The previous subsections have described multiscale dependency in the spatiotemporal

data and the urgent need to capture this dependency. Although some models have been

proposed to capture the spatiotemporal dependency from different perspectives [7, 6, 70,

144] and examine the learning behavior of the designed model [155, 13, 123], no uni-

fied framework has been established to characterize the complex multiscale dependency

among data or to analyze the capacity of models to learn this dependency from the given

data.

To determine the desired configuration of the learning model, we should theoretically
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analyze the model’s learning behavior and quantify the model capacity so that we can

search for the best match of data complexity and model capacity. Therefore, we aim to

present a theoretical framework to characterize the data complexity and model capacity

to guide the search for the desired configuration.

1.2.3 Systematic Validation of Learning Behavior and Performance

Systematic validation is crucial in evaluating learning behavior and performance of the

designed model. Many studies on PSTA have evaluated the designed models only in

terms of their predictive accuracy with certain datasets [108, 151, 150]. However, it is

not sufficient to assess the properties of a learning model or to demonstrate the model’s

applicability on a certain dataset.

Critical characterization of the capacity of a designed model requires determination of

the types of dependencies learned by a model from the data and how well they have

been learned, using carefully selected datasets. Therefore, we aim to design a series

of experiments to systematically validate the learning behavior and performance of the

designed model.

1.2.4 Practical Issues in Model Deployment

PSTA models are deployed in real-world environments after systematic validation. Dur-

ing deployment, some practical issues in pre-processing and post-analysis can degener-

ate the effectiveness of the predictive models. Data incompleteness is among the most

challenging issues in data pre-processing. Datasets may be incomplete for various rea-

sons [85, 102, 69], and the missing data will distort the model estimation. Hidden in-

teraction is among the most challenging issues in post-analysis. In PSTA, we simply

observe the measurement at specific locations instead of the interaction among the loca-

tions, which directly shapes the spatio-temporal phenomena. This neglect of the hidden

interaction hinders our insight into the underlying mechanism of spatiotemporal phenom-

ena during post-analysis.
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Existing methods for restoring the integrity of spatio-temporal data rely on the correlation

among spatial dimensions [137], temporal dimensions [129], and spatio-temporal dimen-

sions [145] but ignore the heterogeneous data sources of the covariate data. The existing

methods used to mine interactions among locations infer the interaction network purely

from the likelihood of observation [37, 105] or add a specific structural prior to increase

the accuracy of network inference [121, 74, 50]. These methods focus only on mining

the location-wise interaction, instead of mesoscale interaction between groups of loca-

tions, and no universal structural prior is used for a general network structure. To enhance

the applicability of the designed model, the integrity of the spatiotemporal data must be

restored by considering the heterogeneous covariate data sources and inferring the in-

teraction networks at different scales with consideration of the network structural prior.

Therefore, we address these challenging practical issues in this thesis by systematically

proposing a series of solutions.

1.3 Contributions and Significance

This thesis specifically tackles the challenging issue of learning complex multiscale de-

pendency among spatiotemporal data by achieving the four objectives above. The contri-

butions of this study can be summarized as follows.

1.3.1 Multi-Scale Deep RNN Model with Heterogeneous Data

To achieve the first objective, we propose a novel Interactively- and Integratively-connected

Deep Recurrent Neural Network (I2DRNN) model. I2DRNN can explicitly model the

multiscale dependency of spatiotemporal data by integrating three important modules:

an Input module to integrate heterogeneous data, a Hidden module to allow information

interaction between layers, and an Output module to integrate information from vary-

ing scales to make predictions. By integrating these three designed modules, I2DRNN

can model the integrative effects of varying scales of spatiotemporal data, within and/or

across diverse factors, as observed from heterogeneous data sources.
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1.3.2 Information-Theoretic Framework for Model Analysis

To achieve the second objective, we provide an information-theoretic framework. The

developed framework allows us to analyze I2DRNN’s learning behavior, to theoretically

deduce the learning capacity of each component in terms of capturing multi-scale infor-

mation, and to determine the necessary and sufficient configurations for I2DRNN with

respect to a given dataset.

1.3.3 Comprehensive Evaluation on PSTA Tasks

To achieve the third objective, we systematically design a series of experiments for syn-

thetic datasets with multi-scale dependency and for real-world PSTA tasks with hetero-

geneous data sources. I2DRNN achieves better performance than the existing models

on all datasets and PSTA tasks. The multiscale spatiotemporal dependency captured by

I2DRNN can be interpreted in a real-world context. Moreover, for all datasets and PSTA

tasks, the model configuration that achieves the best performance always falls within the

interval between the necessary configuration and the sufficient configuration, which is

consistent with our information-theoretic analysis.

1.3.4 Tackling Incomplete Data and Hidden Interaction

To achieve the fourth objective, we first tackle the problem of an incomplete dataset by

developing a heterogeneous neural metric learning method to conduct data imputation in

scenarios that feature a variety of missing data patterns by extracting information from un-

derlying related factors. This method can incorporate prior domain knowledge to produce

more robust estimations of missing values than those of pure data-driven methods. We

empirically evaluate our method’s performance using the ground-truth based on the 2005–

2009 malaria case reporting data collected from the malaria-endemic China—Myanmar

border region. The results show that our method provides more accurate inferences than

the existing methods.

We propose two methods for mining of the hidden interaction network among the spa-
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tiotemporal data: a Motif-Aware Diffusion Network Inference (MADNI) method to ex-

tract the primitive motif profile and a Mesoscale Anisotropically Connected Learning

(MACL) model to extract the mesoscale interaction for large-volume dynamic data stream

learning. These methods produce more accurate and explicit interaction network infer-

ence results. Extensive experiments with both synthetic and real-world epidemiological

and information diffusion datasets show the effectiveness of the proposed methods.

1.4 Structure of the Thesis

The remainder of this thesis is organized as follows.

Chapter 2 surveys the existing studies on learning complex spatiotemporal dependency

and tackling the issues of incomplete data and hidden interaction.

Chapters 3, 4, and 5 constitute Part I, which introduces a comprehensive learning frame-

work that includes model design, information-theoretic analysis, and systematic valida-

tion for multiscale dependency learning in PSTA. Specifically, Chapter 3 elaborates the

details of our model design, including problem definition, preliminaries in RNN, and the

proposed I2DRNN model. Chapter 4 presents the information-theoretic framework to

analyze our model’s learning behavior and to determine the appropriate model configura-

tions with respect to a given dataset. Chapter 5 provides extensive experimental results for

synthetic datasets and for real-world PSTA tasks to validate the effectiveness of the pro-

posed model and to confirm its learning behavior derived from the information-theoretic

analysis.

Chapters 6 and 7 constitute Part II, which further investigates two important issues in

practical PSTA: missing data and hidden interaction. Specifically, Chapter 6 proposes a

heterogeneous neural metric learning model for restoration of data integrity using het-

erogeneous data sources. The learning model is also capable of modeling with hidden

impact factors. Chapter 7 presents a structure-aware approach to infer the hidden interac-

tion network by automatically mining the motif patterns. It also introduces a mesoscale
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anisotropically connected learning framework to boost mesoscale learning with a large-

volume data stream.

Finally, Chapter 8 concludes this thesis and summarizes potential directions for future

work.
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Chapter 2

Literature Review

This chapter reviews studies closely related to this thesis. We first provide a comprehen-

sive survey of these studies to learn about complex spatio-temporal dependency in PSTA.

We survey the classical and state-of-the-art methods, especially RNN–based models. To

gain a more comprehensive understanding of designing and learning deep models, we re-

view studies regarding the theoretical analysis of deep learning. We then survey studies

related to addressing the practical issues in PSTA. We first review existing methods of ad-

dressing the issue of data incompleteness. We then review the methods of mining hidden

interaction from the observations at the measurement locations.

2.1 Learning Multi-Scale Spatio-Temporal Dependency

This section reviews studies closely related to multiscale spatio-temporal dependency

learning. We first review the classical work in PSTA and then survey the most repre-

sentative methods in PSTA, that is, RNNs and their deep variants, for multiscale spatio-

temporal dependency learning. Finally, we discuss the current progress in theoretical

understanding of deep learning.
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2.1.1 Predictive Spatio-Temporal Analytics

The earliest spatio-temporal prediction methods were based on the classical time series

models (e.g., vector autoregressive model [7] and Gaussian process regression model [108]).

The spatial observations in a single time step are treated as a vector, and the spatial de-

pendency can be regarded as multivariate dependency in time series models.

Some tensor-based models have been proposed to account for the underlying dependency

among spatio-temporal variates from different data sources. Bahadori et al. [6] treated

spatio-temporal data as tensors and proposed a low-rank tensor learning framework for

spatio-temporal prediction. Furthermore, spatial autocorrelation [119], temporal autocor-

relation [149], and high-order temporal correlation [55] have been modeled as constraints

and integrated into tensor factorization frameworks for the PSTA task.

Various deep learning models have been proposed to capture spatio-temporal dependency

and predict spatio-temporal series. On the one hand, some studies have treated spatio-

temporal prediction as a regression problem. Zhang et al. [151, 150] proposed a spatio-

temporal residual network (ST-ResNet) that integrates the temporal closeness, period,

and trend properties of the target data and some external features for regression. Yao et

al. [144] considered spatial and temporal information as different views and proposed a

deep multiview spatio-temporal network framework to predict taxi demand.

On the other hand, some studies have directly modeled temporal evolution using RNN-

based models. Ziat et al. [157] proposed a neural hidden state model that models the

transition between states with a neural network. The attention mechanism was recently

considered in capturing context-dependent dependency [101, 71]. RNNs can also be re-

garded as a hidden state model with rich representation capacity [57, 25, 103, 59]. Yao

et al. [144] used an RNN for the temporal view, which takes as input the representations

from the spatial view and context features.

Based on the recurrent structure, the convolutional neural network structure [112, 46]

and graph neural network structure [70, 147, 30] are incorporated to handle the high-

12



dimension spatial data via explicit modeling of the local geographical interaction. The

long-scale spatial correlation can be modeled with a hierarchical structure [151]. The

focus of this thesis was to design and analyze the fundamental recurrent structure and to

model spatial interaction using the fully connected layer, which is effective in handling a

small or medium number of spatial locations.

2.1.2 Recurrent Neural Networks for PSTA

The various time-delay influences of the impact factors may cause the dynamic pattern

of the target variable to be decomposed into fast-moving components and slow-moving

components.

Some models have been proposed to capture such time-delay influences and fast/slow

moving components from a single data source. RNNs are widely used to learn the hidden

representation of spatio-temporal dynamics [103, 89, 11, 24, 54, 59, 101]. Training a

naive RNN to capture long-term dependencies is difficult due to the gradient vanishing

problem [95]. One successful attempt included modifying the state-to-state transition

function to allow the gradient to expand on various scales in the time-unfolded RNN.

Long short-term memory was proposed to specifically address this issue of learning long-

term dependencies [48]. More recently, Cho et al. [22] proposed a gated recurrent unit

that has fewer parameters than the long short-term memory. The long short-term memory

and gated recurrent unit structures have been successfully applied to various domains,

such as machine translation. One key component in these structures is the forget gate

that adaptively remembers and forgets the previous state based on the input signal. By

introducing such a gate, some states remain unchanged for long periods, which accounts

for the slow-moving component.

To further impose the induction bias toward the capture of multi-scale patterns, Chung et

al. proposed a multi-scale RNN for natural language processing [23]. The authors added

a parametrized boundary detector that outputs a binary signal to control the update of

the state, which is useful for segmenting natural language but not for the spatio-temporal
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dynamic processes. Mujika et al. proposed the fast-slow RNN, in which the lower layer

has deeper transition structure [90]. Moreover, in the skip structure [153] and clockwork

RNN [62], different components are updated at regular but different frequencies. This

allows easier analysis of the long-term behavior of the RNN. However, the update fre-

quencies of various layers in the fast-slow RNN, skip RNN, and clockwork RNN require

a manual design, which is difficult in practice.

Our Considerations

The models mentioned above do not explicitly address the issue of multiscale depen-

dency modeling for PSTA and hence present certain limitations in their performance. The

classical time series models, tensor-based models, and regression-based deep neural net-

works are derived mainly from the autoregressive model, which emphasizes short-range

temporal dependency but ignores long-term dependency to a certain extent. RNNs show

promise in processing sequential data, and in particular, stacked RNNs can learn a hier-

archical representation of information. However, stacked RNNs do not allow feedback

information to flow from the top layers to the bottom layers, nor does a direct connection

exist between the output layer and the non-top layers, which weakens the memorization

of information at different scales and the effects of information from the bottom/interme-

diate layers in generating predictions. Therefore, we attempt to systematically address the

problem of model design in capturing multiscale dependency.

2.1.3 Theoretical Understanding of Deep Learning

Because deep learning has achieved remarkable success in many applications, some stud-

ies have investigated the reason behind its superiority to shed light on the design of a

more advanced neural network model. These studies have focused mainly on three as-

pects.

First, some studies have focused on learning capacity, that is, how the learning algorithm

can search good parameters for a predictive model. They have examined the conver-

gences and generalization ability of the deep learning algorithm. For example, Zhou et al.
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demonstrated that the stochastic gradient descent (SGD) algorithm can show better gen-

eralization performance than adaptive gradient algorithms because the SGD algorithm is

unstable in sharp minima and prefers flat minima [155]. Zhu et al. showed that when

the number of neurons is sufficiently large, SGD can minimize the regression loss in the

linear convergence rate [3].

Second, studies of representation learning have hypothesized that the success of deep

learning depends on its ability to learn useful representation from data [13]. Thus, they

have focused on designing appropriate objectives to learn representation. For example,

disentangled representations are generally considered as a good representation in repre-

sentation learning. Mathieu et al. introduced a conditional generative model to learn to

disentangle the hidden factors of variation within a set of labeled observations [83]. Lo-

catello et al. demonstrated the theoretical impossibility of unsupervised disentanglement

learning without inductive biases [78], and they showed that even a small number of la-

beled examples is sufficient to perform model selection on state-of-the-art unsupervised

models [79]. In addition to the disentangled representations, Mobahi et al. explored

the temporal coherence of slow features on some pose-invariant object-recognition and

face-recognition tasks [88].

Third, one significant characteristic of a deep model is the large number of model pa-

rameters, which allows the deep model to model a wide range of (nonlinear) functions.

Hornik proved that the neural network model can approximate arbitrary functions with a

sufficient number of hidden units [49]. A neural network with multiple layers has superior

model capacity to a network with a single hidden layer [12], but a large number of model

parameters will also lead to overfitting. Thus, the information bottleneck theory proposes

that the deep learning model should learn a compact and informative representation for

data [114, 123]. Schwartz-Ziv and Tishby investigated a deep model’s learning process

by developing the “information plane” to study changes in mutual information between

the hidden representation and the input data and in the mutual information between the

hidden representation and the label [113]. Li and Eisner used the information bottleneck
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as an objective function to compress the word embeddings in a nonlinear manner to keep

only the information that helps a discriminative parser.

Our Considerations

Studies that involve theoretical analysis of deep learning have focused only on the spe-

cific characteristic of the deep learning model, but they lacked an in-depth understanding

of the relationship between the configuration of a learning model and its corresponding

model capacity on a given task and dataset. Without such a clear understanding, determin-

ing the desired configurations of a certain deep model with respect to the given learning

data sets remains a puzzle. Therefore, we attempt to address this problem by proposing

a framework that jointly considers data complexity and model capacity and allows the

determination of desired configuration that best matches the model capacity with the data

complexity.

2.2 Tackling Practical Issues in PSTA

In this section, we first review the methods that have been proposed to restore the integrity

of data for PSTA. We then survey studies regarding the mining of hidden interactions in

the spatio-temporal context.

2.2.1 Data Incompleteness

By modeling spatial correlations in the data, spatial methods such as the kriging [137]

and inverse distance weighting [7] methods map the propagation of information across

geographical space and use the mapping of spatial correlations to recover missing infor-

mation. Temporal methods, such as the Gaussian process (GP) [129] and auto-regressive

moving average (ARMA) [17] methods, use an entirely different assumption, ignoring the

horizontal propagation of information across geographical space and recovering data via

vertical mapping among reported cases across timeframes. Although spatial and temporal

methods each have merits for imputing missing information in specific scenarios, neither

is suitable for modeling infectious diseases, of which spreading can occur both spatially
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and temporally at the same time. For instance, if a spatial method is used to recover

missing data while ignoring the continuity of a disease spreading across timeframes, it is

likely that this decision will be biased toward areas with more complete temporal disease

data. By the same token, the use of temporal methods while overlooking the possibility

of geographic spreading due to the infected individuals’ mobility across locations would

also lead to great bias in the conclusions.

Spatio-temporal methods consider both spatial information and temporal information

when imputing missing values. Other approaches have recently been developed to cap-

ture more complex spatiotemporal correlations. Yi et al. [145] proposed a spatio-temporal

multiview-based learning method, ST-MVL, to infer missing values by considering spa-

tial and temporal correlations from both global and local views. Senanayake et al. [108]

introduced a variation of the GP regression technique that can characterize both spatial

and temporal variations in influenza cases. These methods are well grounded and have

shown good performance in various applications of missing data imputation.

In general missing data imputation, the most common methods are mean imputation

and K-nearest-neighbor (KNN) imputation [124, 73]. Jinsung proposed a generative

adversarial-based method called generative adversarial imputation nets (GAIN) [146]. In

addition to a generator used to generate the missing values, GAIN incorporates a discrim-

inator that attempts to classify the actual observed components and the imputed compo-

nents. In this way, the generator’s focus is to learn to generate according to the true data

distribution.

Our Considerations

The methods mentioned above model spatio-temporal correlations for only the target vari-

able while ignoring the underlying factors, which have been shown to play an important

role in making inferences about the target variable. Consider Plasmodium vivax, a typi-

cal category of malaria, as an example. Infected persons transmit P. vivax to susceptible

persons via the bite of the female anopheles mosquito [82]. Different locations have

different per capita mosquito densities due to heterogeneous environmental and demo-
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graphic factors (such as temperature, rainfall, and population density) and thus may yield

different incidences of P. vivax (i.e., numbers of infected cases). Empirical studies have

also demonstrated the effects of population movement on the spread of mosquito-borne

infectious disease [115, 132]. Population movement to and from a specific location varies

due to heterogeneous socioeconomic and geographical factors, which may result in het-

erogeneous spatial correlations of disease incidences. Therefore, we attempt to consider

the underlying factors when inferring the missing values of target data.

2.2.2 Hidden Interaction

Hidden interaction plays an important role in shaping the dynamics of spatio-temporal

systems. Inferring hidden interaction, and performing predictive analysis with considera-

tion of hidden interaction, have attracted considerable research interest. In the following,

we review methods proposed to learn with hidden interaction.

For inference of individual-level diffusion networks, Gomez et al. proposed the algorithm

NETINF [37] to infer diffusion edges by maximizing the likelihood of observed infec-

tion time with the use of submodular optimization. NETRATE [105] and INFOPATH

[38] have been proposed to infer heterogeneous transmission rates and time-varying net-

works, respectively. Rong et al. proposed a model-free approach called NPDC [106]

that uses the statistical difference of the infection time intervals between nodes connected

with diffusion edges versus those without diffusion edges for network inference. More-

over, Hu et al. proposed a clustering embedded approach called CENI [51] to improve

the efficiency of network inference by clustering the nodes in the embedded space. At

the meta-population level, the number of infections is modeled using a Poisson process,

in which the intensity is related to the number of previous infections. Wan et al. used a

generalized linear model for the intensity function, in which the intensity of infection at

one location at a specific time slot has a linear correlation with the number of infections

at the same location and at other locations [127]. In that model, the Markov assumption is

also made to reduce the computational cost, and a genetic algorithm is used to search the

parameter space. Zhang et al. proposed a Poisson regression-based framework that con-
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siders intra-location diffusion and inter-location diffusion for epidemic prediction [154].

The inter-location diffusion probabilities are learned as the weights in the Poisson regres-

sion. As a result, the resulting maximum a posteriori problem is convex and can be solved

with the alternating direction method of multipliers.

The use of the network prior in the learning procedure is an effective method to improve

the performance of network inference [121, 74, 50]. Many studies have focused primarily

on three properties of diffusion networks: sparsity, scale-free degree distribution, and

community structure. Zhang et al. added L1 regularization on the inter-location diffusion

matrix to infer a sparse diffusion network [154], and Liu and Ihler added a log l1 norm

regularization in the objective function to preserve the scale-free property in the estimated

graph [76]. Liu et al. used the weight inverse graph prior to capture the prior on the node

distribution [74]. Hosseini et al. introduced a block prior to penalize the connections

between blocks [50]. The basic idea of inference with structural priors is to refine the

network structures to exhibit the desired properties in the inferred networks.

Our Considerations

Motif, the building block of many real-world networks, has received considerable atten-

tion in the analysis of complex networks, such as investigations of the node dynamic

property, network stability [100], and emergence of modularity [58]. However, the net-

work motif profile has not yet been considered in inferring underlying diffusion networks.

Therefore, we attempt to fill this gap by proposing a novel framework to jointly mine the

underlying motif profile and to infer the diffusion network with the uncovered motif pro-

file. Moreover, because few studies have focused on mining the interaction among groups

of entities, we attempt to perform learning with consideration of such a hidden mesoscale

interaction network.

2.3 Summary

This chapter reviewed the literature on PSTA with complex dependency, a theoretical un-

derstanding of deep learning, and practical issues in PSTA. Based on this review, we can
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further investigate the distinct features introduced in this thesis compared with previous

studies. Accordingly, we can further develop a predictive model and a theoretical frame-

work to address the problem of how to improve the effectiveness of practical multi-scale

spatio-temporal dependency learning.
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Part I

Multi-Scale Spatio-Temporal

Dependency Learning
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Chapter 3

Interactively- and

Integratively-Connected DRNN Model

Design

This chapter provides the details of the model design. First, we formally define the prob-

lem of multi-scale spatiotemporal dependency learning in PSTA, including the variables

and formulations. We then present some necessary preliminaries in RNN, which are the

foundation of the proposed model. After that, we propose our I2DRNN model, explain

its architecture as well as the role of each designed module in capturing the multi-scale

dependency among spatio-temporal data, and present the learning procedure.

3.1 Problem Statement

Let Y ∈ <N×T be the target variable collected in N locations during T time steps, yt ∈

<N be the target variable at time step t (t = 1, · · · , T ), and yn,t be the target variable

at time step t and location n (n = 1, · · · , N ). Let X(i) ∈ <N(i)×T (i) (i = 1, 2, · · · , d)

be the covariate observed from the i-th data source, where d denotes the number of data

sources. Note that the spatial and temporal resolutions of these data are not necessarily
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well aligned. The target of multi-scale spatio-temporal dependency learning in PSTA is

to learn such a function f(·) that reflects the complex intrinsic relationships among the

target variable and multiple covariates, so that yt can be well predicted with the learned

function f(·) and the input of historical observations on Y and observed covariates:

yt = f(Y[1:t−1], q
(i)(X

(i)
[1:t])|

d
i=1)), (3.1.1)

where Y[1:t−1] denotes the target variable collected from time step 1 to time step t − 1,

X
(i)
[1:t] denotes the covariate observed from the i-th data source up to time step t, and

q(i)(X
(i)
[1:t]) indicates the effect of i-th covariate on the target variable. The notations used

in this chapter and their corresponding descriptions are described in Table 3.1.

3.2 Preliminaries

RNN is a typical neural network model that has been widely used in sequential predic-

tion [89]. By forming a directed cycle between hidden units, the historical information

of the input sequences is well preserved in RNN. The state of the hidden unit of a con-

ventional RNN at time step t is computed as a function of the current input xt and the

previous hidden state ht−1:

ht = fh(ht−1,xt). (3.2.2)

It is common to adopt the element-wise nonlinear activation function as the transition

function:

ht = σh(Wht−1 + Uxt),

ot = σo(Vht),

(3.2.3)

where W is the state-to-state transition matrix, U is the input-to-state weight matrix, V is

the state-to-output weight matrix, σh(·), σo(·) are the element-wise activation functions,

and ot is the output value of the RNN model.

In practice, it is difficult for a single-layer RNN to represent the complex distribution,

whilst the deep structure is desirable to capture more information via multiple hidden

states. The stacked RNN, an RNN model with a deep structure, organizes the multiple
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Table 3.1: Notations and descriptions.
Notations Descriptions
Y Target variable
X Input covariates
Y[1:t−1] Target variable from time step 1 to time step t− 1
X[1:t−1] Input covariates from time step 1 to time step t− 1
yt Target variable in time t
xt Input covariates in time t
hlt Hidden state of the l-th level at time step t, l ∈ [1, L]
ot Output value of RNN models at time step t
Wl State-to-state transition matrix of l-th layer in stacked RNN
Ul Input-to-state weight matrix of l-th layer in stacked RNN
V State-to-output weight matrix
Wi→j State-to-state transition matrix from i-th layer in time step

t− 1 to j-th layer at time step t in I2DRNN
Vl→O State-to-output weight matrix of l-th layer in I2DRNN
XF
t Fine-scale features at time step t

xCt Coarse-scale features at time step t
xSt The same scale features at time step t
ct Context features
I(y; x) Mutual information (MI) between two variables y and x
DR(τ) Information lost rate in recurrent with time tag τ
λ Recurrent coefficient
DX Information loss rate in input feed forward
η Input coefficient
α Transfer capacity
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hidden states in a hierarchical manner:

hlt = f lh(hl−1
t ,hlt−1) = σh(Wlhl−1

t + Ulht−1), (3.2.4)

where hlt is the hidden state of the l-th level at time t, l ∈ [1, L]. When l = 1, the state

is computed using the input xt. The hidden states of all levels are recursively computed

from the bottom level l = 1. This architecture can perform hierarchical processing of

the temporal data and capture the structure of time series. Empirical evaluations have

demonstrated the effectiveness of the deep structure in RNN [40].

3.3 I2DRNN Model

Figure 3.1(a) illustrates the architecture of I2DRNN, which is composed of three key

modules: the Input (I) module that integrates heterogeneous data sources via the encoder

and decoder structures, the Hidden (H) module that captures the information on various

scales and allows information interaction among layers via the hierarchical structure, and

the Output (O) module that integrates effects at varying scales to generate the output

predictions.

3.3.1 Input Module: Integration of Heterogeneous Data Sources

To handle the heterogeneity of multi-source data, we adaptively incorporate data from var-

ious sources into the I module of I2DRNN. Heterogeneous data sources describe multiple

dynamic processes in various resolutions, among which the coarse-scale process serves

as the context/condition of the fine-scale process, while the dynamics of the fine-scale

process reflect the state of the coarse-scale process. In other words, when predicting the

fine-scale process, coarse-scale data are fed in as the context variable, and when predicting

the coarse-scale process, fine-scale data are used to construct the state of the coarse-scale

process.

The bottom of Figure 3.1(a) shows the encoder and decoder structures designed in the

I module of I2DRNN to process the data of various scales. The encoder transforms a
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sequence into a vector representation, while the decoder generates a sequence output,

given a vector representation as the input [118]. In our model, we use the encoder structure

for fine-to-coarse inference:

ct = fE(XF
t ), (3.3.5)

where XF
t ∈ <N

f×T f are the fine-scale features and fE is an encoder RNN. Note that the

fine-scale processes progress multiple time steps during the coarse time interval t. Mean-

while, we use the decoder structure in the coarse-to-fine inference. The coarse features

are fed in repeatedly to predict the target variable. For simplicity, we use xCt to denote the

coarse scale features.

Moreover, the heterogeneous data may not be grid-distributed nor well aligned in a unified

spatial resolution. The bottom of Figure 3.1(b) gives an example of spatial data from

various resources (denoted by different maps) that are not well aligned. We concatenate

all heterogeneous spatial data in the same temporal resolution and treat the concatenated

features according to their corresponding temporal resolution.

Combining the spatio-temporal correlation features and the external covariate features

from heterogeneous data sources, the input layer is constructed as follows:

xt = concatenate(ct,x
C
t ,x

S
t ), (3.3.6)

where concatenate(ct,xCt ,x
S
t ) denotes the operation of concatenating ct, xCt , and xSt into

a single vector xt.

3.3.2 Hidden Module: Hierarchical Structure for Multi-Scale Infor-

mation Interaction

To learn the multi-scale spatio-temporal dependency, the H module should be able to

model the interaction and integration of information from various layers.

With information flowing over multiple time scales, temporal data often display hierarchi-

cal properties. The fast-moving component dominates the fine-scale dynamics, whilst the
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slow-moving component plays an important role in the coarse-scale dynamics. The ob-

servation is the integrative effects of information over multiple scales. As demonstrated

in some representative works [47, 62], the multi-scale representation of context can be

learned by the hierarchical RNN with each layer working on a certain time scale.

The middle of Figure 3.1(a) shows the design of the H module in I2DRNN that provides

the feedback connections in each layer to adaptively capture the multi-scale information

in the spatio-temporal dynamic processes. The hidden state of the j-th layer in Eq. (3.2.4)

is computed as follows:

hjt = fh(Uj−1→jhj−1
t +

L∑
i=j

Wi→jhit−1), (3.3.7)

where the superscript i→ j indicates the gate from layer i in time step t − 1 to layer j

in time step t, and we have h0
t = xt. Organizing the RNN at multiple time scales helps

to capture the long-term dependency by allowing information to flow a long distance

more easily at the coarser time scales [39]. Moreover, the feedback connections can

decrease the variance of the current input to preserve the information about historical

memory.

Similarly, the structural spatial effects form the multi-scale patterns in the spatial domain.

Therefore, we use the fully connected hierarchical structure in I2DRNN to characterize

the multi-scale spatial dependency.

3.3.3 Output Module: Integrative Effects at Multiple Scales

The spatio-temporal observation is the combined effect of the dynamics at various scales.

For instance, the target variable in one location (shown in black in layer ot in Fig-

ure 3.1(b)) can be influenced by the effects from individual locations (e.g., the black

node in the layer h1
t in Figure 3.1(b)) and by the collective effects from various locations

on multiple scales (e.g., the green node in layer h2
t and the yellow node in layer h3

t in Fig-

ure 3.1(b)). To model such a phenomenon, the output of our model in time step t should

be from the integrative effects of information at all scales. The top of Figure 3.1(a) shows
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Algorithm 1: Interactively- and Integratively-connected Deep Recurrent Neural
Network (I2DRNN) Learning

Input: Historical observations: Y; heterogeneous data sources: XS ,XF ,XC ;
Output: Learned parameters of I2DRNN: Θ

X← [XS ,XF ,XC ];
D ←< X,Y >;
{Dt,Dv} ← D;
vl ← ∅;
while stopping criteria is not satisfied do

for t = 1 : T do
/* Compute Model Prediction */
ct ← fE(XF

t )
xt ← concatenate(ct,x

C
t ,x

S
t ,x

sp
t );

for j = 1 : L do

hjt ← fh(Uj−1→jhj−1
t +

L∑
i=j

Wi→jhit−1);

end
ot ←

∑L
l=1 Vl→Ohlt;

end
/* Update Parameters */
Loss(Dt,Θ)←

∑
yt∈Dt ||yt − ot||22;

Θ← Θ− η ∂Loss(D
t,Θ)

∂Θ
/* Compute Validation Performance */
vl ← [vl, Loss(Dv,Θ)]

end
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the design of the O module in I2DRNN that provides a connection from each hidden layer

to the output layer. As a result, the output at time step t is computed as follows:

ot =

L∑
l=1

Vl→Ohlt. (3.3.8)

3.3.4 The Learning Procedure

Finally, we introduce the learning procedure of the proposed model. As described in

Algorithm 1, we first construct the training dataset and the validation dataset from the

original data sources. The proposed model is trained to predict the target variable yt.

Therefore, the objective is to determine the parameters of the proposed model that can

minimize the difference between the predicted values and the ground truth:

arg min
Θ

Loss(Y,Θ) =
∑
yt∈Y

||yt − ot||22, (3.3.9)

where Θ is the parameter set of the model, and ot is the output of I2DRNN. The model

is trained via Adam [61]. We stop training until the loss on the validation set no longer

decreases.

3.4 Summary

In this chapter, after formal definition of the predictive spatio-temporal analytics problem

and preliminary introduction of RNN, we have presented an I2DRNN model, which con-

sists of the Input Module, Hidden Module and Output Module. I2DRNN model is able

to incorporate data from heterogeneous sources and use the hierarchical recurrent struc-

ture to characterize the complex spatio-temporal dependency at varying scales to make

predictions.
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Chapter 4

Information-Theoretic Framework for

Capacity Characterization

This chapter presents an information-theoretic framework to examine the proposed model’s

learning behavior. First, we explore the problem of spatio-temporal dependency learning

from the perspective of information theory, and we then deduce the learning capacity of

RNN. On that basis, we analyze the proposed model’s learning capacity. Finally, we de-

termine the necessary and sufficient configurations for the proposed model with respect

to the given datasets.

4.1 Information-Theoretic Perspective on PSTA

We characterize the complex dependency of spatio-temporal data using the concept of

mutual information (MI) [26], which measures the degree of correlation between two

random variables. The larger the MI, the more uncertainty in one variable that can be

eliminated when given the information for the other variable.

To fully capture the spatio-temporal dependency, learning models should extract sufficient

information from X[1:t] into the representation ht and then use ht to infer ot. Therefore,

we expect that the learned representation is informative with respect to predicting yt, i.e.,

31



maximizing I(yt; ot). In fact, the information that one can obtain about yt through encod-

ing X[1:t] is upper bounded by I(yt; X[1:t]). According to the data processing inequality

[9], if three random variables form the Markov chain A → B → C, i.e., the conditional

distribution of random variable C depends only on B and is conditionally independent of

A given B, then we have I(A;B) ≥ I(A;C). In the case of RNN modeling, since ot is

generated from X[1:t]: ot = RNN(X[1:t]), yt is independent of ot given X[1:t] and there

is a Markov chain yt → X[1:t] → ot [123]. Therefore, we have

I(yt; X[1:t]) ≥ I(yt; ot), (4.1.1)

i.e., ∃α ∈ [0, 1] such that I(yt; ot) = αI(yt; X[1:t]). Accordingly, we can define the

model’s learning capacity I(yt; ot):

Definition 4.1.1. The learning capacity, I(yt; ot), of a model M for a specific dataset

can be defined as the proportion α (0 ≤ α ≤ 1) of the information in X[1:t] about yt:

I(yt; ot) = αI(yt; X[1:t]) (4.1.2)

Then the multi-scale dependency can be characterized by the distribution of I(yt; Xt−τ ).

If the multi-scale dependency exists, the time delayed mutual information is not small

even when τ is large.

4.2 Information-Theoretic Analysis of Capturing Multi-

Scale Dependency

In this section, we deduce the learning capacity of RNN. On that basis, we analyze the

proposed model’s learning capacity. Finally, we determine the necessary and sufficient

configurations for the proposed model with respect to the given datasets.

4.2.1 Learning Capacity of RNN

To deduce RNN’s learning capacity, we first qualitatively demonstrate that the memory of

previous inputs would leak when a new input is encoded in the hidden layers, and we then
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analyze the relationship between the recurrent information rate and the input information

rate in conventional RNN.

New Information vs Historical Information

Assume that ht−1 contains partial information about xt: H(xt) = I(ht−1; xt)+H(xt|ht−1),

where H(xt|ht−1) > 0, and thus there exist some function g(·) such that xt = g(ht−1) +

εt, where E(ht−1ε
T
t ) = 0 and V ar[εt|ht−1] > 0 [11]. We can model εt as a Gaussian ran-

dom white noise. In so doing, the input xt is a Gaussian random variable. The MI between

the hidden states in consecutive time steps is given in the following theorem:

Theorem 4.2.1. Consider xt ∼ N(0, diag(σ2, σ2, · · · , σ2)), W is a full-rank matrix with

the dimension of dim(h), then we have:

I(ht, tanh(Uxt + Wht + b)) =
dim(h)

2
log(1 +

λ

σ2η
), (4.2.3)

where λ and η are the largest eigenvalues of WTW and UTU, respectively.

Proof. Consider two random variables c,d ∈ <dim(H) that are linearly correlated with

each other by c = Wd + ε, where ε ∼ N(0,Σε), Σ is a diagonal matrix and d ∼

N(0,Σd). We have c ∼ N(0,WΣdW
T + Σε). The co-variance is Σcd = WΣd. The

entropy of c is H(c) = 1
2

log((2πe)dim(H)|WΣdW
T + Σε|). The conditional entropy of

c given d is H(c|d) = 1
2

log((2πe)dim(H)|Σε|). Then the mutual information

I(c,d) = H(c)−H(c|d)

=
1

2
log(|WΣdW

T + Σε|)−
1

2
log(|Σε|)

=
1

2
log(|WΣdW

T + Σε|/|Σε|)

=
1

2
log(|WΣdW

TΣ−1
ε + ΣεΣ

−1
ε |)

=
1

2
log(|WΣdW

TΣ−1
ε + I|)

=
1

2
log(|I + Σε

−1/2WΣdW
TΣ−1/2

ε |).

(4.2.4)

Becuase MI is invariant under reparameterization by homeomorphisms [63], we have the
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following:

I(ht, tanh(Uxt + Wht + b)) = I(ht,Uxt + Wht). (4.2.5)

Following the Proposition 1.4 in [11] and assuming ht ∼ N(0, I), we combine Eqs. (4.2.4)

and (4.2.5) and thus obtain Eq. (4.2.3). This completes the proof of Theorem 4.2.1.

Based on Theorem 1, we can evaluate how the new information affects the memory of

RNN on previous inputs.

Corollary 4.2.2. Assume Hx = H(xt|X[1:t−1])/N
i, where N i is the dimension of xt, then

I(ht, tanh(Uxt + Wht + b)) =
dim(h)

2
log(1 +

2πeλ

ηe2Hx
). (4.2.6)

Proof. The RNN would extract information of xt into the hidden layer via Uxt, and the

information presents at time step t is H(xt|X[1:t−1]). For the Gaussian random variable

xt, the relation between the variance σ2 and entropy Hx is given as follows:

σ2 =
e2Hx

2πe
. (4.2.7)

The proof of Eq. (4.2.7) can be found in Page 244 of [26]. By substituting it into

Eq. (4.2.3), we complete the proof.

Therefore, the information about the previous inputs would decrease when increasing

ηH(xt|X[1:t−1]). In other words, more information about previous inputs would be lost if

more new information is stored. To store more information, we can increase the size of

the hidden layers or increase λ, which can help preserve the long-range dependency [64,

126].

Recurrent Information Rate DR and Input Information Rate DX

Given the limited capacity of one hidden layer with a fixed number of hidden units, some

information about previous inputs would be lost when new information is stored. Based

on Theorem 1 and Corollary 1, we have the following corollary.
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Corollary 4.2.3. Assume that ht−1 ∼ N(0, I), then the input rate DX and the recurrent

rate DR can be defined as follows:

DX := I(ht; xt) =
dim(h)

2
log(1 +

η

λ
),

DR(1) := I(ht; xt−1) =
dim(h)

2
log(1 +

2πeλ

ηe2Hx
),

DR(τ) := I(ht; xt−τ ) =
dim(h)

2
log(1 +

2πe(1− λ)λτ

(1− λτ )ηe2Hx
).

(4.2.8)

As shown in this corollary, if we increase the strength of η, the input rate DX will in-

crease accordingly while the recurrent rate DR will decrease. Therefore, DX and DR are

inversely correlated. In other words, in the RNN with a fixed number of hidden units, the

input rate DX and the recurrent rate DR cannot both be high.

In this work, we assume that 0 ≤ λ < 1, because the spectral radius of W tends to be

smaller than 1 for compressing the long-range information to match the real-world infor-

mation pattern shown in Figure 4.1(b) and to avoid the gradient exploding [95]. Under

this mild assumption, we show that the memory regarding previous inputs would decay

exponentially.

Proposition 4.2.4. I(ht;ht−τ ) decays exponentially in the long range dependency if 0 ≤

λ < 1.

Proof. From Eq. (4.2.8), we know that when τ becomes large, (λ)τ becomes very small.

Thus using Taylor expansion at the point (λ)τ = 0, we have:

DR(τ) ≈ dim(h)

2
· 2πe(1− λ)λτ

ηe2Hx
= O(λτ ) (4.2.9)

Thus, the information decays exponentially with time lag τ .

4.2.2 Learning Capacity of I2DRNN

In this subsection, we examine the capacity of I2DRNN to learn multi-scale spatio-temporal

dependency. We first intuitively explain the advantage of the structure of I2DRNN over

35



the stacked RNN in capturing multi-scale information. We then quantitatively demon-

strate the superiority of I2DRNN by comparing its capacity with that of the stacked RNN

for explaining the potential performance gains.

Structures: I2DRNN vs. Stacked RNN

Multi-scale spatio-temporal dependency exists in many real-world datasets. Figure 4.1(a)

shows the MI between the target variable and input covariates with various locations and

different time lags in a climate dataset1. The colour intensity in each point indicates the

MI between the input covariates at this point and the target variable at the marked point

(286.1E, 40.7N) in the top layer. Figure 4.1(b) shows the MI between the target variable

and the lagged input with varying time lags τ in a traffic dataset2. As shown in these two

figures, in addition to the information about the target variable among the input features

in nearby locations and time steps, considerable amounts of information are in faraway

locations and time steps, which should be considered in an aggregate manner.

Stacked RNN performs well in many applications because it allows various layers to work

at different time scales and thus becomes parameter efficient. However, in the following

section, we interpret the limitations of stacked RNN in balancing the input and memories,

and demonstrate the corresponding improvement to overcome these limitations.

• First, in the procedure of predicting yt, the information I(yt; xt) would go through

layer 1 to layer L in the stacked RNN, as illustrated in the left of Figure 4.2(a).

As shown in Eq. (4.2.8), more memory about past inputs would be lost when more

new information is inputted. In other words, the long-term memory in the higher

layers would be lost due to the flow of I(yt; X[1:t]). However, the higher layers

are not needed to store the entire information about xt in tracking the long-term

memory to predict the target variables in the far future. In contrast to the stacked

RNN, I2DRNN provides the shortcut from each hidden layer to the output layer, as

illustrated in the right of Figure 4.2(a), which directly utilizes the information from

1Please refer to Section 5.1.2 for the details of this climate dataset.
2Please refer to Section 5.1.2 for the details of this traffic dataset.
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the bottom layers without sacrificing the long-term information in the higher layers.

• Second, as shown in Eq. (4.2.7), the variance of the input noise is determined by

the conditional entropy H(xt|ht). In the stacked RNN, the input of each layer

is controlled simply by the hidden units of the same layer, as illustrated in the

left of Figure 4.2(b). Because H(xt|h1
t−1) ≥ H(xt|h2

t−1,h
1
t−1), I2DRNN adds the

feedback connection to reduce the variance of εt to preserve the information about

historical inputs, as illustrated in the right of Figure 4.2(b).

From the information-theoretic perspective, these two improvements in the hidden mod-

ule and output module could increase the recurrent feed forward rate DR by properly

redesigning the multi-layer structure while keeping the same input feed forward rate DX .

By doing so, I2DRNN is able to characterize multi-scale information, so as to achieve

more accurate prediction. Note that this information-theoretic analysis will not be af-

fected by the operations in the input module, as the xt used for analysis, as shown in

Eq. (3.3.6), is a general notation that represents the output from the input module.

Learning Capacity: I2DRNN vs. Stacked RNN

To demonstrate the advantage of I2DRNN over a stacked RNN, without loss of generality,

we specifically compare the capacity of a two-layer I2DRNN and a two-layer stacked

RNN. We use superscripts ∗ and ′ to denote the notations in I2DRNN and those in stacked

RNN, respectively. Let the input coefficients and recurrent coefficients of the l-th (l =

1, 2) layer in I2DRNN be η∗l and λ∗l , respectively, and let those in the stacked RNN be η′l

and λ′l, respectively. In the following, we will show that with the same input information

rate D̄X , I2DRNN is able to achieve higher DR(τ) than stacked RNN, i.e., DR∗(τ) >

DR′(τ).

In stacked RNN, ot is conditionally independent of other variables given the top hidden

layer h2
t . Let η′2 and λ′2 be the input and recurrent coefficients of the second layer that

satisfy dim(h)
2

log(1 +
η′2
λ′2

) = D̄X . Since the information of xt flows to h2
t through h1

t , we

have I(h1
t ; xt) ≥ I(h2

t ; xt). As a result, the second layer has a smaller input information
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rate and a larger recurrent information rate than the first layer, and thus preserves more

long-term memory. In this case, the recurrent information rate of stacked RNN is given

as follows:

DR′(τ) =
dim(h)

2
log(1 +

2πe(1− λ′2)λ′2
τ

(1− λ′2
τ )η′2e

2Hx
). (4.2.10)

In I2DRNN, a shortcut is provided to transfer the information of xt to ot. Let η∗1 = η′2 and

λ∗1 = λ′2, then we have DX∗ = D̄X . Assume that h1
j contains sufficient information of

xj . Moreover, we have 0 ≤ λ′2, λ
∗
2 < 1. Let η∗2 = η′2 and λ∗2 > λ′2. Since τ is a positive

integer, when τ = 1, we have:

DR∗(1) =
dim(h)

2
log(1 +

2πe(1− λ∗2)λ∗2
(1− λ∗2)η∗2e

2Hx
)

=
dim(h)

2
log(1 +

2πeλ∗2
η∗2e

2Hx
)

>
dim(h)

2
log(1 +

2πeλ′2
η′2e

2Hx
)

= DR′(1).

(4.2.11)

When τ > 1, we have:

DR∗(τ) =
dim(h)

2
log(1 +

2πe(1− λ∗2)λ∗2
τ

(1− λ∗2
τ )η∗2e

2Hx
)

=
dim(h)

2
log(1 +

2πeλ∗2
τ

(1 + λ∗2 + · · ·+ λ∗2
τ−1)η∗2e

2Hx
)

=
dim(h)

2
log(1 +

2πe

( 1
λ∗2
τ + 1

λ∗2
τ−1 + · · ·+ 1

λ∗2
)η∗2e

2Hx
)

>
dim(h)

2
log(1 +

2πe

( 1
λ′2
τ + 1

λ′2
τ−1 + · · ·+ 1

λ′2
)η′2e

2Hx
)

= DR′(τ).

(4.2.12)

Combining Eqs. (4.2.11) and (4.2.12), we can conclude that given the same D̄X , I2DRNN

is able to achieve higherDR(τ) than stacked RNN. With the higher capacity, I2DRNN can

provide more accurate estimation on target variable via capturing more information from

input data, with fixed amount of hidden units.

4.2.3 Determination of Model Configuration

In order to gain more insight into the learning capacity of our model on various datasets,

we analyze the model learning capacity when learning the data with parametric exponen-
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tial information functions. More importantly, based on the capacity analysis, we further

introduce the concepts of necessary and sufficient configurations for the designed model

with respect to the given datasets, and the way to determine them, which may provide

some hints during the real-world model deployment.

We first explain how to estimate the capacity of a model with certain number of layers

and units. Based on that, we can select the range of model configuration for an acceptable

performance. Without loss of generality, we conduct the analysis on a two-layer I2DRNN

with h1 hidden units in the first layer and h2 hidden units in the second layer. We analyze

the capacity to capture MI from an optimization point of view: the first layer is optimized

to capture as much useful information as possible, and the second layer is then optimized

to capture the information that is not captured by the first layer.

Capacity Estimation

Capacity of the First Layer: Consider the data information function following the para-

metric form g(τ) = a ∗ kτ , where g(τ) is the mutual information between yt and the

time-lagged input xt−τ with a ∈ <+ and τ ∈ [0, 1]. Such parametric function well

matches the information curves of typical real-world spatio-temporal datasets with expo-

nential information decay. The capacity of the first layer to capture the previous inputs

can be written as:

I(h1
t ;X[1:t]) =

t−1∑
τ=0

I(h1
t ;Xt−τ )

=
dim(h)

2

t−1∑
τ=0

log(1 +
2πe(1− λ1)ηλτ1

2πeλτ+1
1 (1− λ1) + ηe2Hx(1− λτ1)

).

(4.2.13)

We focus on the long-range behaviors and approximate λ1 by maximizing the following

f(λ1):

f(λ1) =

∞∑
τ=1

log(1 +
2πe(1− λ1)ηλτ1

2πeλτ+1
1 (1− λ1) + ηe2Hx(1− λτ1)

) ∗ akτ , (4.2.14)

which encourage the curve pattern of information function captured by model being sim-

ilar to the true distribution.
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By doing so, we make the information distribution captured by the first layer approach

the true distribution. Because λτ → 0 when τ � 1, by carrying out the Taylor expansion

on f(λ1), we have the following:

f(λ1) ≈
∞∑
τ=1

a2πe(1− λ1)λτ1k
τ

eHx
=
a2πe(1− λ1)λ1k

(1− λ1k)e2Hx
. (4.2.15)

By taking the derivative of f(λ1) and setting it to 0, we can find the solution:

f ′(λ1) =
k(kλ2

1 − 2λ1 + 1)

(1− λ1k)2
= 0 =⇒ λ1 =

2−
√

4− 4k

2k
. (4.2.16)

Capacity of the Second Layer: Similarly, we approximate λ2 by optimizing the following

f(λ2):

f(λ2) =
∞∑
τ=1

log(1 +
2πe(1− λ2)ηλτ2

2πeλτ+1
2 (1− λ2) + ηe2Hx(1− λτ2)

)

∗(akτ − h1q
τ ),

(4.2.17)

where q = λ∗1 and h1q
τ is the information captured by the first layer in lag τ . We make the

information distribution captured by the second layer approach the remaining information

that has not yet been captured by the first layer. Because λτ → 0 when τ � 1, by carrying

out the Taylor expansion on f(λ2), we have the following:

f(λ2) ≈
t∑

τ=1

2πe(1− λ2)λτ2
e2Hx

(akτ − h1q
τ )

=
2πe(1− λ2)λ2((h1 − a)λ2kq + ak − h1q)

e2Hx(1− kλ2)(1− qλ2)

≈2πe(1− λ2)λ2(ak − h1q)

e2Hx(1− kλ2)(1− qλ2)
.

(4.2.18)

Note that a and h1 are the information within data in lag 0 and that captured by the first

layer in lag 0, respectively, and we can assume that a ≈ h1. Taking the derivative of

f(λ2), we have the following:

f ′(λ2) =
(ak − h1q)

η2e2η̄Hx
∗
(
1− 2λ2 + (k + q)λ2

2 − kqλ3
2

)
((1− kλ2)(1− qλ2))2 . (4.2.19)

Because f ′(0) > 0, f ′(1) < 0 and f ′′(λ2) < 0 for λ2 ∈ (0, 1), we have a maximal in

λ2 ∈ (0, 1), and the corresponding λ2 can be obtained by solving the equation: 1− 2λ2 +

(k + q)λ2
2 − kqλ3

2 = 0.
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Overall Capacity: As max(I(h1
t ;xt−τ ), I(h2

t ;xt−τ )) ≤ I([h1
t , h

2
t ];xt−τ ), we can obtain

the lower bound of the model learning capacity:

C =
∑
τ

max(I(h1
t ;xt−τ ), I(h2

t ;xt−τ )), (4.2.20)

The information bottleneck (IB) principle has been widely used to study the insight of

deep neural networks (DNN) [36, 107, 123] and guide the learning of DNN [1, 10, 68].

The IB principle is applicable to various structures, such as the recurrent architectures [68]

and ReLU activation function (Section 5.3 of [10]). According to the IB principle, the

neural network learns the compact representation that contains sufficient information

about inputs regarding the target variable to enhance the generalization [52]. We can

then define the useful information captured by ht to predict yt as:

∑
τ

min(g(τ),max(I(h1
t ;xt−τ ), I(h2

t ;xt−τ ))).

The transfer capacity can be represented as:

α =

∑
τ min(g(τ),max(I(h1

t ;xt−τ ), I(h2
t ;xt−τ ))∑

τ g(τ)
. (4.2.21)

Remarks: In some situations, Xt (t = 1, · · · , T ) are not completely independent of one

another. In terms of practical calculation, we assume that the RNN is randomly initial-

ized and thus captures only short-range information. While training with back propa-

gation over time, the RNN would gradually learn to capture longer-range information

to minimize the empirical error. Therefore, in characterizing the task-specific require-

ment for capturing short- or long-range information, we apply the chain rule for MI:

I(ht;X[1:t]]) =
∑t

τ=1 I(ht;Xt−τ |X[t−τ+1:t]). In this way, the RNN needs only to cap-

ture the conditional MI at lag τ , i.e., I(ht;Xt−τ |X[t−τ :t]), regardless of whether Xt are

independent of one another. A similar procedure can be used to estimate the capac-

ity of the higher layers. For example, to estimate the capacity of the third layer, let

f(λ3) =
∑∞

τ=1 log(1 +
2πe(1−λ3)ηλτ3

2πeλτ+1
3 (1−λ3)+ηe2Hx (1−λτ3 )

) ∗ (akτ − C(h1, q1, h2, q2, τ)), where

C(h1, q1, h2, q2, τ) denotes the capacity of the first two layers at time lag τ . We notice

that the third layer would contribute to capturing the long-range dependency left out of
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the second layer. Similar to the procedure for calculating the approximate recurrent rate

in the second layer, let C(h1, q1, h2, q2, τ) = h2λ
τ
2 , we can obtain the recurrent coefficient

in the third layer, λ3, by solving the equation: 1− 2λ3 + (k + λ2)λ2
3 − kλ2λ

3
3 = 0.

Necessary and Sufficient Configurations

Based on the estimated capacity of the proposed model with a specific configuration,

when given a dataset, we can determine the model’s minimum requirement (referred to

as the necessary configuration) and maximum requirement (referred to as the sufficient

configuration) to achieve an acceptable learning performance.

According to the information bottleneck theory, the deep learning model is attempting

to make an accurate prediction by learning the representation in as compact a manner as

possible: argp(Z|X) max I(Z;Y ) − βI(X;Z), where Z is the learned representation for

prediction and β is the Lagrange multiplier introduced to balance the complexity of the

learned representation and the amount of the extracted useful information [123]. When

the model is under-parametric, that is, when I(Z;Y ) is low, it cannot capture enough

information for prediction, and the error rate is bounded by the conditional entropy,

H(Y |Z) = H(Y ) − (Z;Y ). When the model is over-parametric, it may suffer from the

over-fitting problem. Therefore, it is important to achieve an appropriate balance between

the representation complexity and the learning capacity.

In our work, instead of tuning the trade-off parameter β to achieve such a balance, we

control the complexity of the learned representation while ensuring the learning capacity

by configuring a proper number of hidden units for the model. Although it is difficult to

determine in advance the exact best configuration for the model in terms of test data, from

the information-theoretic perspective, we can give a suitable range of model configura-

tion. On the one hand, we can define the necessary configuration In as follows:

Definition 4.2.5. The necessary configuration, In, of a model with respect to a given

dataset is the configuration that minimizes the second-order derivative of I(Z;Y ).
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Figure 4.1: Information-theoretic perspective on multi-scale spatio-temporal dependency. (a) MI
between the target variable Yt,j and input covariates Xt−lag,k in a climate dataset, where j rep-
resents the location of (286.1E, 40.7N) marked with a pointer and lag indicates the time lag of
Xt−lag,k with respect to Yt,j . The colour intensity in each location k visualizes the value of∑T

t=lag I(Yt,j ;Xt−lag,k)/T , with lag = 0, 4, and 8 weeks in the top, medium, and bottom layers,
respectively. (b) Normalized MI between the target variable yt and the lagged input covariates
xt−τ , i.e., I(yt; xt−τ )/I(yt; xt), with varying time lags τ in a traffic dataset.
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Figure 4.2: The advantage of I2DRNN’s structure over a stacked RNN’s structure. (a) Compared to
stacked RNN (left), the fully connected output module in I2DRNN (right) provides shortcuts from
h1
t ,h

2
t ,h

3
t to yt to preserve short-term and long-term memories in different layers. (b) Stacked

RNN (left) uses only the information in h1
t−1 in the previous time step; I2DRNN (right) uses all

available information in h1
t−1,h

2
t−1,h

3
t−1 in the previous time step to control the input to prevent

redundant information filling in the memory bank.
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Figure 4.3: Necessary configuration (In) and sufficient configuration (Is) of the designed model
for a given dataset. (a) The I(Z;Y ) curve. (b) The first-order derivative of I(Z;Y ). (c) The
second-order derivative of I(Z;Y ).
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As clearly illustrated in the I(Z;Y ) curve of Figure 4.3(a), the information captured by

the developed model increases steadily at a decreasing rate before reaching the turning

point on the first-order derivative of the I(Z;Y ) demonstrated in Figure 4.3(b), which

corresponds to the minimal point of the second-order derivative of I(Z;Y ) shown in Fig-

ure 4.3(c). Before such a turning point is reached, the rate of increase in the information

captured is rather steady, and thus increasing the size of the configuration improves the

model’s learning capacity. Beyond the turning point marked by the vertical dashed line,

the increase in information captured quickly diminishes to approach zero, which implies

that it may not be as efficient to further increase the size of the model configuration.

On the other hand, we can define the sufficient configuration Is as follows:

Definition 4.2.6. The sufficient configuration, Is, of a model with respect to a given

dataset is the minimal configuration that satisfies I(Z;Y ) = I(Y ;X).

An illustrative example of Is is shown by the vertical solid line in Figure 4.3(a). At this

point, the model can capture all available information to predict Y , and increasing the size

of the configuration no longer provides additional information.

4.3 Summary

In this chapter, we have presented an information-theoretic framework for characterizing

complex spatio-temporal dependency. Specifically, we have introduced an information

perspective on spatio-temporal dependency learning. On that basis, we have analyzed the

capacities of RNN and the proposed I2DRNN in capturing multi-scale dependency.
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Chapter 5

Systematic Validation on PSTA Tasks

This chapter presents a series of experiments on both synthetic datasets and real-world

PSTA tasks. We conduct extensive experiments to validate the capacity of the proposed

model to learn multi-scale spatio-temporal dependency and its learning behavior charac-

terized by the information-theoretic framework.

5.1 Learning Performance Evaluation

First, we evaluate the performance of the proposed model by comparing it with other clas-

sical and state-of-the-art models, including the time series models, tensor-based learning

models, deep neural network models, and RNN models, on both synthetic datasets with

multi-scale dependency and real-world PSTA tasks with heterogeneous data sources.

5.1.1 Synthetic Datasets

We design the Multi-Scale Copy Task, which includes data dependency at different scales,

to validate the performance of I2DRNN in capturing multi-scale dependency. The top of

Figure 5.1(a) illustrates the setting of the two-scale copy task. In this task, the input

sequence consists of the following segments:
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Figure 5.1: Performance of I2DRNN on synthetic datasets. (a) Illustration of settings of the multi-
scale copy task. (b) Performance of I2DRNN and stacked RNN with fixed parameter setting on the
two-scale copy task. (c)(d)(e) Performance of I2DRNN and stacked RNN with varying N , S1 and
Ts on the two-scale copy task. (f) Performance of I2DRNN with different configurations on the
two-scale copy task. (g) Performance of I2DRNN with different configurations on the three-scale
copy task.
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• a segment of S1 entries chosen randomly from the values of 1, . . . , 8;

• a segment of T1 entries with the value of 0;

• a segment of S2 entries chosen randomly from the values of 11, . . . , 18;

• a segment of S2 entries with the value of 19;

• a segment of T2 entries with the value of 0; and

• a segment of S1 entries with the value of 9.

Each output sequence is the same length as its corresponding input sequence and consists

of the following segments:

• a segment of S1 + T1 + S2 entries with the value of zero;

• a segment of S2 entries the same as the third segment in the input sequence;

• a segment of T2 entries with the value of zero; and

• a segment of S1 entries the same as the first segment in the input sequence.

Here S1 indicates the amount of information that is long-range correlated, and T1 and T2

determine the distance to transfer the long-range information. We compare the perfor-

mance of I2DRNN and the stacked RNN in predicting the output sequence, in terms of

the root mean square error (RMSE), which is defined as

RMSE =

√∑T test

t=1 ||ŷt − yt||22
N ∗ T test

,

where ŷt and yt are the predicted value and the ground truth at time step t of the output

sequence, respectively, N is the number of output sequences in one sample, and T test

is the length of the output sequences. The I2DRNN and the stacked RNN both consist

of two layers with 10 hidden units in each layer. For each setting, we randomly gener-

ate 200 samples, among which 70% are used for training and 30% are used for testing.
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Figure 5.1(b) shows the performance of I2DRNN and the stacked RNN with settings of

N = 80, S1 = S2 = 10, T1 = T2 = Ts = 15. We can observe that I2DRNN achieves

a lower RMSE than the stacked RNN. To further evaluate the robustness of I2DRNN,

we vary the parameters N,S1, Ts: N = 10, 30, 50, 70, 90, S1 = 5, 10, 15, 20, 25, 30, and

Ts = 5, 10, 15, 20, 25. When varying one parameter, we fix the others. Figs. 5.1(c), 5.1(d)

and 5.1(e) demonstrate the performance of I2DRNN and the stacked RNN with various

values of N , S1, and Ts, respectively. The proposed model consistently outperforms the

stacked RNN on various settings in terms of the prediction accuracy, thus validating the

robustness of its superiority. Note that when Ts increases, more 0s are involved in the

data sequences. To remove the impact in performance evaluation brought by these 0s,

we use the adjusted MSE to replace RMSE in the evaluation when varying the parameter

Ts:

AdjustedMSE =

∑T test

t=1 ||ŷt − yt||22
N ∗ T test(S1 + S2)/(S1 + S2 + Ts)

.

Furthermore, we evaluate the effect of increasing the number of layers to capture the

multi-scale dependency. In the aforementioned two-scale copy memory task, there are

two scales of dependency to be captured: a short-range one (between two S2s) and a long-

range one (between two S1s). We make the task more challenging by increasing one more

scale: the bottom of Figure 5.1(a) illustrates the setting of a three-scale copy memory

task, presenting an additional scale of extremely long-range dependency (between two

S3s). We evaluate the performance of I2DRNN with three configurations:

• one layer with 60 hidden units (referred to as H60);

• two layers with 30 hidden units in each layer (referred to as H30, 30); and

• three layers with 20 hidden units in each layer (referred to as H20, 20, 20).

Figs. 5.1(f) and 5.1(g) show the performance of I2DRNN with various configurations on

the two-scale and three-scale copy memory tasks, respectively. Generally, more layers

give better performance. However, as shown in Figure 5.1(f), the performance of H30, 30
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is comparable with that ofH20, 20, 20, possibly because the two-layer I2DRNN is already

sufficient to capture the short-range and long-range dependency in the two-scale copy

memory task. For the three-scale copy memory task, because one more scale of extremely

long-range dependency is included, the I2DRNN with three-layers can learn the additional

scale of dependency, which is not fully captured by the two-layer structure, and thus

H20, 20, 20 further outperforms H30, 30 in this task, as shown in Figure 5.1(g).

5.1.2 Real-World PSTA Tasks

We evaluate the performance of the proposed model on three representative real-world

PSTA tasks: I) disease prediction, II) climate forecast, and III) traffic prediction.

Dataset Description: Table 5.1 summarizes the statistics of datasets used for the three

PSTA tasks. The dataset of each task contains heterogeneous data sources with different

spatial and temporal scales, which makes the spatio-temporal dependency between the

target variable and covariates complex and difficult to learn.

• For the disease prediction task, we use the state-wide scarlet fever data from the

TYCHO dataset [125, 84], which includes weekly surveillance reports from the

United States collected from 1928 to 1951. The scarlet fever dataset includes 59

spatial regions and 1252 time points. Empirical studies have revealed the influence

of climate conditions [16] and co-evolving diseases on the outbreak of scarlet fever.

The monthly historical record of climate indices is collected by the National Centers

for Environmental Information1 from 1895 to 2017.

• For the climate forecast task, we use the climate dataset collected in the United

States, which includes the air temperature data at the 2-meter level from the North

American Regional Reanalysis (NARR) 2, the data about 7 climate variables from

National Centers for Environmental Prediction 3, and the data about 3 climate vari-

1https://www.ncdc.noaa.gov/data-access/quick-links
2https://www.esrl.noaa.gov/psd/data/gridded/data.narr.monolevel.html
3https://www.esrl.noaa.gov/gmd/dv/data
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ables from United States Historical Climatology Network (USHCN) 4. We select

the data during 1980-2017 (38 years in total) and in the spatial region of the United

States. For the NARR temperature data, we average the original values into the

weekly level and uniformly select 100 grids as the forecast target.

• For the traffic prediction task, we use an urban dataset collected in Shanghai that

includes weather conditions, air quality indices and traffic jam indices for April

2015. The weather data were collected by the Shanghai Meteorological Bureau,

the air quality index data were collected by the Shanghai Environmental Protection

Bureau, and the traffic jam index data were collected by the Shanghai Urban and

Rural Construction and Traffic Development Academy. The dataset was released

by the organizing committee of the Shanghai Open Data Apps (Season information

technology Co. Ltd. Shanghai open data apps (2015).5). We aim to predict the

traffic index, which contains a total of 2160 time points and 68 spatial regions.

Baseline Models for Comparison: We compare the proposed I2DRNN with six represen-

tative models:

• Gaussian Process (GP) model [104]: GP model is a classical time series model for

prediction. The feature used for prediction is the same as the x in our model.

• Long Short-Term Memory (LSTM) network [48]: LSTM network is a represen-

tative RNN model explicitly designed to capture both short-term and long-term

memory.

• Fast-Slow Recurrent Neural Network (FS-RNN) [90]: FS-RNN is a multi-scale

RNN that further learns complex transition functions between successive time steps.

• Low-Rank Tensor Learning (LRTL) [6]: LRTL is a novel low-rank tensor learning

framework for multivariate spatio-temporal analysis that can conveniently incorpo-

rate various properties in spatio-temporal data.

4https://cdiac.ess-dive.lbl.gov/ftp/ushcn_daily
5http://soda.datashanghai.gov.cn/
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• Spatio-Temporal Residual Network (ST-ResNet) [150]: ST-ResNet is a state-of-the-

art deep neural network model for spatio-temporal prediction. Because our data are

not grid data, we use a fully connected layer in place of the convolution layers.

• Dual-Stage Attention RNN (DA-RNN) [101]: DA-RNN is a state-of-the-art RNN

model for time series prediction that incorporates the input attention and temporal

attention. We extend the model to multivariate version for spatio-temporal predic-

tion.

Experimental Settings: We implement our model using the Pytorch [96] and use the

LSTM cell [48] as the recurrent unit. We train our model using Adam optimizer [61]

with backpropagation through time (BPTT) [131] with the step size of 0.001. The size

of hidden units in each layer is 90 and the number of layers is 3 in the experiments on

three datasets. The size of hidden units in LSTM, FS-RNN, ST-ResNet, and DA-RNN is

the same as that in our model. For each dataset, we normalize the data to the range of

[0, 1]. We use the data in the first 64% of time points for training, the following 16% for

validation, and the final 20% for testing. We use two standard criteria for performance

evaluation: the RMSE and the mean absolute error [21]:

MAE =

∑T test

t=1 |ŷt − yt|
N ∗ T test

.

The GP model is learned by a stable deterministic algorithm implemented in Scikit pack-

age [97], and the results of the best kernel combination (RBF and dot-product kernels)

are reported. The best performance are reported for all models. For the disease prediction

task, we use principal component analysis to reduce the dimension of external features

while reserving 99.9% of the energy. For LSTM, FS-RNN, ST-ResNet, DA-RNN, and

I2DRNN, we repeat the experiment 10 times with random initialization of the neural net-

work and report the average result.

Results: Table 5.2 shows the performance of the aforementioned seven methods on the

three real-world PSTA tasks. The results of the proposed I2DRNN are listed in the last
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column. As can be seen, I2DRNN performs the best among all models. Specifically,

I2DRNN outperforms LRTL because LRTL uses the linear autoregressive model to cap-

ture the temporal dependency, while I2DRNN uses the recurrent structure, which has

more powerful representation capacity. Compared with ST-ResNet, I2DRNN integrates

all available information rather than predefining a few attributes to be fed into the model,

and it thus captures the multi-scale dependency of spatio-temporal data in a more com-

prehensive way. By incorporating the all-hidden-output connections and the feedback

structure, I2DRNN further improves the capacity of spatio-temporal dependency learning

and thus performs better than LSTM, FS-RNN, and DA-RNN.

5.2 Result Analysis and Interpretation

In addition to the quantitative evaluation on the performance of I2DRNN, we further ana-

lyze its learning behavior and interpret its learning results in the real-world context.

5.2.1 Analysis of I2DRNN’s Learning Behavior

The MI between hidden layers and the input layer on three real-world tasks is shown in

Figure 5.2. The MI between the first layer and the input layer is high in small time lags

and decays quickly as the time lag increases, which indicates that the lower layer tends

to capture the short-range dependency. The MI between the second and third layers of

I2DRNN and the input layer is relatively high when the time lag is large, which indicates

that the higher layer tends to capture the long-range dependency.

In the spatial context, we calculate the correlations among various locations at various

scales. As shown in Eq. (3.3.8), the hidden units can be regarded as the hidden common

factors of the output variables. Figure 5.3(a) recalls the architecture of the proposed

I2DRNN. Accordingly, we can calculate the correlations among various locations that

arise from these common factors at the l-th scale (l = 1, 2, 3) using the output weights of

I2DRNN in the l-th layer: Covl = Vl→OVl→OT . Figure 5.3(b) shows the correlations

among the top 20 of the 50 United States in terms of the number of scarlet fever cases,

55



and Figure 5.3(c) shows the correlations among the various states in terms of temperature.

The dynamic processes over these regions are self-correlated at the fine scale and that they

tend to form some block-wise correlations at the coarser scales.

5.2.2 Interpretation of I2DRNN’s Learning Results

For illustration purposes, we interpret the learning results of our model for the traffic pre-

diction task in Figure 5.3(d), as an example. First, similar to the results for the disease

and climate tasks shown in Figs. 5.3(b) and 5.3(c), the traffic jam indices among various

regions on the traffic prediction task also demonstrate the fine-scale correlations in the

bottom layer and coarser-scale correlations in the higher layers, as shown in the left col-

umn of Figure 5.3(d). Moreover, we show the top 5 correlated regions to Xujiahui district

on the traffic prediction task in the middle column of Figure 5.3(d). The correlated regions

at the low level are near Xujiahui, while those at the higher levels are relatively distant.

This result indicates that our model can learn the spatio-temporal dependency at varying

scales by using different layers, which helps to make spatio-temporal predictions.

To further mine the underlying mechanism that generates such traffic patterns, we col-

lect the point-of-interest (POI) data in each region and count the number of POIs in 19

categories defined by the Baidu Map API SDK: food, hotel, shopping place, life ser-

vice, beauty, tourist attraction, entertainment, sport, education, culture, medical service,

car service, transportation, finance, real estate, corporation, government, doorway and

natural features. We then normalize the counts along each category and use Isometric

Projection [18] to identify the most attributes that make the greatest contribution to shap-

ing these traffic patterns. Isometric Projection learns a linear projection W ∈ <19×ls from

the POI feature space to a low dimension space with the dimension of ls where the dis-

tances between locations are similar to those in the left column of Figure 5.3(d). Finally,

the summation of the weights for each category could be regarded as the importance of

this category in shaping the spatial correlation in the corresponding scale. The spatial

distribution of the most important attribute is shown in the right column of Figure 5.3(d).
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The ten locations of the attributes that make the greatest contribution to the largest POI

counts are shown as red points on the map.

The discovered scales display a strong resemblance to the real-world context and conform

to observations of the physical world. We notice that the attribute that makes the greatest

contribution to the first scale (corresponding to the bottom hidden layer) is tourist attrac-

tion, that to the second scale (corresponding to the middle hidden layer) is real estate, and

that to the third scale (corresponding to the top hidden layer) is shopping place. Tourist

attractions are usually positioned near one another at central locations within a city, so

they can be reached conveniently by many people and are much more densely populated

than real estate districts, which can be seen across the city in various regions. Yet, when

compared to shopping places, which are widely distributed on every street corner in the

city, real estate districts are more compact than the shopping places.

5.3 Validation of Necessary and Sufficient Configurations

We validate the necessary and sufficient configurations of our model as derived from our

information-theoretic analysis on both synthetic datasets and real-world PSTA tasks.

5.3.1 Synthetic Datasets

To validate our results on datasets with dependency at various complexity levels, we use

the Fractional ARIMA(p, d, q) model to generate D long-range dependent time series.

Obviously, larger D indicates greater complexity of the dependency. We set p = 0.9, d =

0.1, q = 0 and D = 20, 40, 60 in our experiment. For each D, we measure the time-

lagged MI and determine the range of hidden size accordingly. Without loss of generality,

we set the number of layers to 2. Following the work in [123], we use the bin method to

estimate the MI.

As shown in Table 5.3, the best configurations corresponding to the minimum RMSE

on the test dataset always fall within the recommended interval, that is, the range be-

57



tween the necessary and sufficient configurations, thus validating the effectiveness of our

information-theoretic analysis.

5.3.2 Real-World PSTA Tasks

We further evaluate the effectiveness of our information-theoretically derived model con-

figurations on disease prediction, climate forecast, and traffic prediction tasks used in

Section 5.1.2. The numbers of layers of I2DRNN used for these three datasets are 1, 3,

and 2, respectively.

Figure 5.4 shows the configuration-capacity on the three tasks (the top row), as well as the

first- and second-order derivatives of the curve (the middle and bottom rows, respectively).

The range between the necessary configuration and the sufficient configuration is shaded

in green, and the best configuration with respect to the test performance is highlighted

with a vertical red line. As with synthetic datasets, the best configurations always fall

within the recommended interval for all tasks. This fact is consistent with the results of

our information-theoretic analysis, which provides a way to answer an open question in

deep learning, that is, how to determine the range of desirable configurations of a certain

model with respect to the given learning datasets.

5.4 Summary

In this chapter, we have conducted extensive experiments on validation of learning be-

havior and performance of the proposed I2DRNN. We have shown that the I2DRNN

model outperforms both classical and state-of-the-art models on all datasets and PSTA

tasks. More importantly, we have readily validated that the proposed model captures the

multi-scale spatio-temporal dependency, which is meaningful in the real-world context.

Furthermore, we have demonstratd the effectiveness of information-theoretic analysis by

showing that model configuration that corresponds to the best performance on a given

dataset always falls into the range between the necessary and sufficient configurations.
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Figure 5.2: MI between hidden layers and the input layer in various time lags, I(hlt;Xt−lag), on (a)
disease prediction task, (b) climate forecast task, and (c) traffic prediction task. The lower layers
tend to capture the shorter dependency, while the upper layers tend to capture longer and coarser
dependency.

Table 5.3: Necessary, sufficient, and the best configurations of I2DRNN corresponding to different
Ds in the synthetic Fractional ARIMA datasets.

D 20 40 60

Necessary Configuration 160 320 500

Sufficient Configuration 500 1000 1400

The Best Configuration 280 560 1000
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Figure 5.4: Necessary, sufficient, and the best configurations of I2DRNN on (a) disease prediction
task, (b) climate forecast task, and (c) traffic prediction task. Top row: Curves of model config-
uration vs. learning capacity. The range between the necessary configuration and the sufficient
configuration is shaded in green, and the best configuration with respect to the test performance is
highlighted as a vertical red line. Middle row: First-order derivative of the configuration-capacity
curve. Bottom row: Second-order derivative of the configuration-capacity curve.
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Part II

Further Issues in Practical PSTA
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Chapter 6

Incomplete Data Imputation

This chapter presents the method for addressing the incomplete data issue in predictive

spatio-temporal analytics. Following an introduction of the background, the related work,

and the specific problem and issues to be addressed, we develop a novel machine learn-

ing method dubbed Heterogeneous Neural Metric Learning (HNML) to infer the missing

data in the target variable utilizing the heterogeneous data sources. We empirically val-

idate the effectiveness of our developed machine learning solution on a representative

infectious disease, malaria. We use the 2005-2009 malaria case reporting data collected

from the malaria endemic China-Myanmar border region. To systematically evaluate the

performance of our method, we test it under three data missing patterns (spatial missing,

temporal missing, and spatio-temporal missing) resulted from three common surveillance

strategies with different levels of missing rates (from 10% to 50%). We also compare

our method with the existing inference methods (including both the classical and the

state-of-the-art methods). The results demonstrate that our method makes inferences on

the unobserved malaria cases with higher accuracy, indicating its effectiveness in restor-

ing the integrity of case reporting data with missing case data with heterogeneous data

sources.
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6.1 Introduction

The spatio-temporal data are often incomplete due to various reasons, such as high cost of

collection [85], sensor failure [102], or unstable transmission [69]. The data incomplete-

ness makes it difficult to monitor and analyze the real-world spatio-temporal dynamics.

For example, due to the insufficient resources and manpower, the observations and records

of infection cases are inevitably missing in some locations and time. Taking malaria, one

of most serious infectious diseases, as an example. For eliminating malaria, the WHO

has called for countries to establish nation-wide epidemiological intelligence strategies to

engage in effective surveillance for malaria early detection and prevention [136], which

requires lots of experienced public health workers. However, the human resources are

very insufficient particularly in remote and poor regions [142], making infection case

data missing in some locations and time. The consequence of incompleteness in infec-

tious disease data could be serious as the missing data bring difficulties to the accurate

risk assessment and timely disease control.

To efficiently implement the surveillance strategy, officials need to ensure real-time re-

porting of case data [19]. The persistent problem of incomplete case reporting data and

the complexity of disease-related risk factors can be formulated as follows: Given the

incomplete case reporting data, how can the heterogeneous data sources for complex

disease-related risk factors be used to effectively restore the integrity of case reporting

data, i.e., estimate missing values, such that the number of infection cases in unobserved

time periods and locations can be accurately inferred?

However, these data source are usually heterogeneous, which poses big challenges to

integrating these data sources in the spatio-temporal analytics. We use the word ”hetero-

geneous” to emphasize four unique characteristics of the spatio-temporal modeling:

1. Various intrinsic properties: For example, in malaria transmission modeling, the

temperature and rainfall dataset describe the environmental property, while the

social-economic dataset characterizes the property of human activities.
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2. Various roles in shaping epidemiology dynamic: The temperature and rainfall play a

role in vector reproduction, which triggers the epidemiological transmission within

one location. While the social-economic activity determines the inter-location trans-

mission.

3. Various availabilities: The temperature dataset is generally easy to obtain from the

satellite remote sensing, which covers a large spatial region in a high resolution.

However, the social-economic dataset is recorded manually, which is difficult to

collect, especially in the remote area.

4. Various spatio-temporal resolutions: The spatial and temporal resolutions of tem-

perature dataset are 1 kilometer (km) and daily, respectively. While the social-

economic dataset is collected in the town-level spatial resolution and annually tem-

poral resolution.

Such distinct characteristics in the heterogeneous data sources make it difficult to analyze

the influence of different factors on the infectious disease spread.

Often, in order to restore the integrity of the case reporting data, a spatio-temporal mod-

eling strategy would be adopted to accommodate the disease infections across both time

and geographical locations by reflecting complex dual-dimensional correlations. There

are some classical machine learning methods that capture the spatial, temporal, or spatio-

temporal correlations of data, such as Kriging [137] (spatial method), Gaussian process

(GP) [129] (temporal method), and K-nearest-neighbor (KNN) imputation [15] (spatio-

temporal method). However, these may not be sufficient for restoring the integrity of case

reporting data in infectious diseases, as they only consider the target variable itself (in our

scenario, this would be the number of reported cases), while ignoring disease-related risk

factors, which have been shown to be closely related to the transmission and spread of

infectious diseases and should be taken into consideration.

Several recent machine learning approaches have been proposed that take advantage of

external information to help inference [151]. These methods are well-grounded and have
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performed well across various inference tasks. However, they also require completeness

in historical observations of the target variable (here again, the target variable means the

number of reported cases). Again, the infectious disease surveillance data cannot satisfy

this prerequisite, especially for the hard-to-reach areas, and are therefore not directly

applicable to our task.

In this chapter, we tackle this problem by first proposing a model based approach to

integrate the heterogeneous data source in the infectious disease modeling. Then to re-

store the integrity of case reporting data using both the incomplete reported cases and

the underlying disease-related risk factors for inferring the number of infectious disease

cases in unobserved locations, we develop a novel machine learning method dubbed Het-

erogeneous Neural Metric Learning (HNML). Unlike existing spatio-temporal methods

for missing data estimation, which only model static spatio-temporal correlations for the

target variable, our method recovers missing data using both the target variable and the

underlying disease-related risk factors, thus making the estimation more reliable. Com-

pared with other approaches that incorporate external information to help with inference,

our method does not hold a strong assumption about the completeness of historical data,

which makes the proposed method more useful in the practical setting under considera-

tion.

6.2 Problem Statement

Before introducing our method, we formally define the problem of missing spatio-temporal

data estimation. Let Y ∈ <N×T denote the case reporting data collected in N locations

during T time steps, Yt ∈ <N denote the reported cases in time t, and Yi
t is the ith ele-

ment of Yt. LetW ∈ <DW×N×T and X ∈ <DX×N×T denote the attributes of temporally

and spatially related risk factors, respectively. Furthermore, X = {X1, . . . ,Xt, . . . ,XT},

where Xt ∈ <DX×N represents the attributes at time t, and Xi
t ∈ <DX is the ith row.

The same representation applies forW = {W1, . . . ,Wt, . . . ,WT}. There are temporal

correlations between Yi
t and Yi

t−1 and spatial correlations between Yi
t and Y∼it , where
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∼ i indicates all other locations except location i. The spatio-temporal correlations are

hidden and should be estimated from the target variable Y and attributesW and X . Note

that in our scenarios, some data in Y could be missing.

The spatio-temporal missing data estimation problem is defined as follows. Let Ym
t and

Yo
t denote the missing and observed values of the target variable, respectively, at time

t. The length of the vectors in different time steps may be various, depending on the

missing pattern. The goal of missing data estimation is to accurately estimate the values

of the target variable in unobserved locations Ym
t , based on the available observations

Y[1:t] and the attributes W[1:t],X[1:t]. The mathematical notations used in this work are

summarized and explained in Table 6.1.

6.3 Methods

To restore the integrity of case reporting data using both the incomplete reported cases and

the underlying disease-related risk factors to infer the missing numbers of infection cases,

we develop a machine learning method called Heterogeneous Neural Metric Learning

(HNML). Figure 6.1 illustrates the idea behind our method. As shown in Figure 6.1(a),

given incomplete historical data, HNML integrates different disease-related risk factors

from heterogeneous data sources, such as environmental, geographical, and socioeco-

nomic factors, to restore the integrity of the case map and infer the number of infection

cases in unobserved locations. In the maps shown in Figure 6.1(a), t indicates the time

point, the gray indicates missing data, and the red indicates available data. The intensity

of the red indicates the number of infection cases in a specific location/region, with higher

intensity corresponding with larger numbers. Figure 6.1(b) shows the detailed structure

of HNML. Specifically, HNML utilizes disease-related risk factors to learn an embedding

for each location; the learned embeddings are used to characterize the correlations be-

tween different locations. HNML then integrates the incomplete historical data and the

correlations between different locations to restore the integrity of case reporting data and

make inferences on unobserved data via regression.
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Table 6.1: Notations and descriptions

Symbols Meanings
Y Incidences collected in N locations during T time steps
N Number of locations
T Length of time steps
Yt Incidences collected in N locations at time point t
Yi

t the i-th element of Yt

W ,X Covariate data for temporal correlations and spatial correlations
DW , DX Number of attributes in covariate data for temporal correlations and spatial correla-

tions
Wt, Xt Attribute of covariate data for temporal correlations and spatial correlations at time

step t
xi
t Covariate data of location i for spatial correlations at time step t

Y[1:t] Incidences collected in N locations from time step 1 to time step t
Ym

t ,Y
o
t The missing and observed values of the target variable at time t.

W[1:t],X[1:t] Attribute of covariate data for temporal correlations and spatial correlations from time
step 1 to time step t

µ ν Temporal and spatial components in the incidences data
µt,νt Temporal and spatial components in the incidences data at time step t
νi
t spatial components in the incidences of location i at time step t

εt Noise component in the incidences data
Z N ×N inter-location transition matrix to be estimated.
B N × DW matrix representing the coefficients of influence from risk factors to the

number of infection
Kh Kernel function for spatial correlations
K Spatial covariance matrix
Kji The (j, i)th element of spatial covariance matrix
d(xj ,xi) Parametric distance function that measures the distance between two feature vectors.
I(j) Indicator function which indicating which type of feature space that location j belongs

to.
G Linear mapping for metric learning
A Positive semi-definite rescale matrix.
σI(j)(·) Nonlinear mapping for location j
Θ The parameters in the neural networks
emb.j Embedding representation of location j in metric learning
eemb.j Extra embedding representation of location j in metric learning
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Figure 6.1: Illustration of Heterogeneous Neural Metric Learning (HNML) for inferring the current
number of infection cases in unobserved locations from incomplete historical data and heteroge-
neous data sources. (a) Given the incomplete historical data, HNML integrates different disease-
related risk factors from heterogeneous data sources, such as environmental, geographical, and
socioeconomic factors, to infer unobserved infection cases in different locations. (b) The detailed
structure of the HNML. HNML utilizes disease-related risk factors to learn an embedding for each
location; the learned embeddings are used to characterize the correlations between different loca-
tions. As an example for illustration here, HNML learns two mappings from two types of feature
space, i.e., source 1 + 2 and source 2 + 3, to the common space. HNML then integrates the in-
complete historical data and the correlations between different locations to restore the integrity of
case reporting data and make inferences for unobserved data via regression.
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6.3.1 Integration of External Factors via HNML

In this subsection, we introduce our method for incorporating various data sources on

location-specific disease-related risk factors. Mathematically, the target variable is rep-

resented as the linear combination of a temporal effect, a spatial effect, and a noise

term:

Yt = µt + νt + εt, εt ∼ N(0, σ∗2I), (6.3.1)

where µt ∈ <N is a vector representing a temporal dynamic process and νt ∈ <N is a

vector representing the spatial component on different locations.

Epidemiological dynamics of disease transmission

Various diseases transmission models have been studied for different diseases. To assess

the malaria transmission potential among the locations, we consider the inter-location

transmission and disease-related risk factors, such as environmental and demographic

factors, in the temporal dynamic. Following the malaria transmission model developed

in [154], the temporal correlations are related to the location-specific attributes as fol-

lows:

µt = f(B,Y) = Yt−1Z + BWt−1, (6.3.2)

where B = {B,Z}, B is the coefficients of influence from risk factors, and Z ∈ <N×N is

the inter-location transmission matrix.

In the empirical epidemiology domain, the notion of vectorial capacity (VCAP) is used

to assess malaria transmission potential. VCAP is defined as “the number of poten-

tially infective contacts an individual person makes, through vector population, per unit

time [82].” The VCAP was adapted from the basic reproductive number calculated based

on the Macdonald model [81]. In the traditional model, the value of VCAP is related

to the equilibrium mosquito density per person, the expected number of bites on human
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beings per mosquito per day, the probability of a mosquito surviving through one whole

day, and the entomological incubation period of malaria parasites. Based on the study of

Ceccato et al. [20], all these parameters are dependent on human population Pi, as well

as dynamically-changing temperature (T ) and rainfall (R) in each individual town. As

mentioned in [110], the values of relevant parameters are based on a certain degree of

assumptions and estimates, and they could be adjusted when more accurate values are

available. For flexibility and generalization of our proposed method, we adapt the data-

driven way to estimate the epidemiological dynamic of disease transmission.

Spatial correlations

The spatial correlations between different locations is modeled in form of Nadaraya-

Watson estimator [93]:

νit =

∑N
j=1,j 6=iKji ∗ νjt∑N
k=1,k 6=iKki

, (6.3.3)

where νit is the ith element of νt, representing the spatial component of location i at

time step t, Kji = Kh(d(xjt ,x
i
t)) is the (j, i)th element of spatial covariance matrix K,

and Kh(d(xjt ,x
i
t)) is a kernel function for measuring the closeness/similarity between

two locations in terms of their attributes. For simplicity, we omit the time index of the

attributes (for example, xj := xjt ). The spatial effect term in a specific location is the

weighted average of those in corresponding locations. For instance, if two locations have

similar attributes, their spatial variations would exhibit the same trend. By assuming

that similar locational attributes indicate a high probability of experiencing similar spatial

effects, we can use the Gaussian kernel with adjusted distance input:

Kh(d(xj,xi)) =
1

σ′
√

2π
exp(−d(xj,xi)

σ′2
). (6.3.4)

In previous studies, only geographical distance was utilized to determine the closeness

across locations. With external information for the location profile, we use the metric

learning technique to learn an appropriate distance function with higher-dimension at-
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tributes. In linear metric learning, a linear mapping, encoded as a matrix G, is learned

such that the learned distance is ||Gxj − Gxi||2. In fact, a general Mahalanobis distance

would be learned: dA(xj, xi) = (xj −xi)TA(xj −xi), where A is a positive semi-definite

matrix.

We consider a more general nonlinear distance function:

d(xj,xi) = ||σI(j)(xj)− σI(i)(xi))||2, (6.3.5)

where I(j) and I(i) are indicators function indicating which type of feature space that lo-

cation belongs to (e.g., I(j) = i indicates jth location belong to ith features), and σI(j)(·)

and σI(i)(·) are nonlinear mappings for location j and i, respectively. We learn a function

that maps input patterns into a target space such that the l2 norm in the target space ap-

proximates the “semantic” distance in the input space. Recent studies have demonstrated

the effectiveness of deep embedding [151, 133]. We thus consider σI(j)(·) as a nonlinear

mapping from the feature space of location j to the common space. In most of the existing

methods, the feature for each sample is complete. However, because of the difficulty of

data collection or system error in real-world applications, some data sources are not avail-

able in certain locations. Thus we need to learn a unique mapping for each feature space

onto the common space. In our learning framework, the nonlinear distance is formulated

as:

d(xj,xi) = ||emb.j − emb.i||2,

s.t. emb.j = σI(j)(xj), emb.i = σI(i)(xi),
(6.3.6)

where emb.j and emb.i are the embedding representation of location j and i respectively,

and σI(j)(·) and σI(i)(·) are modeled using neural networks. The framework of our method

is shown in Figure 6.1(b).

Remarks. Although the temporal effect and the spatial effect are integrated without a

hyper-parameters adjusting the relative weights of these two effects, the relative weights
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of spatial and temporal effects could be considered as being automatically learned in our

algorithm. Assume we introduce a hyper-parameter α for the relative weights of spatial

and temporal effects into the spatio-temporal model:

Yt = αµt + (1− α)νt + εt, εt ∼ N(0, σ∗2I), (6.3.7)

where 1 ≥ α ≥ 0. Substituting Equations (6.3.2) and (6.3.3) into Equation (6.3.7), we

have: Yt = Yt−1Zα + αBWt−1 + (1 − α)νt + εt. We could redefine the parameters

as Zα := Zα, Bα := αB, and ναt := (1 − α)νt, which are equivalent to the previous

parameters Z, B, and νt, respectively. Thus the relative weights of spatial and temporal

effects could be automatically optimized in our algorithm to fit the training data.

Spatial correlations with unknown factors

In real-world infectious disease spread, there may be unknown factors that affect the

dynamics of the target variable but are not covered by the heterogeneous data sources.

Neglecting these factors may limit the power of the data-driven disease model. Taking

the unknown risk factors into consideration, we learn an extra representation for each

location:

d(xj,xi) = ||emb.j − emb.i||2,

s.t. emb.j = [σI(j)(xj); eemb.j], emb.i = [σI(i)(xi); eemb.i].
(6.3.8)

The eemb.i is an extra representation vector to be estimated for location i for spatial

covariance. The proposed method for considering the unknown factors (referred to as

HNML-UF) is illustrated in Figure 6.2.

6.3.2 Inference on Unobserved Data

Lasso regression is used to learn the temporal autoregressive model, which incorporates

variable selection and sparse structure using L1 regularization. The loss function of the
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Figure 6.2: Illustration of Heterogeneous Neural Metric Learning with Unknown Factors (HNML-
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indicated as the red rectangle, is to be estimated for each location.
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kernel model is given as: Ls =
∑

t ||νit − ν̂it||2, where ν̂it is the estimated value obtained

via regression model. The derivative with respect to emb.i is given as follows:

∂Ls
∂emb.i

=
∑
t

(ν̂it − νit)
∑
j

(ν̂jt − νjt)Kij(emb.i− emb.j). (6.3.9)

The neural mapping is learned via error back-propagation. To integrate the spatial and

temporal learning processes, an alternating algorithm is developed. The loss function is

formulated as follows:

L(B,Θ) =
∑
i

∑
t

||Yi,t − (f(B,Y))i −
∑N

j=1,j 6=iKji ∗ νjt∑N
k=1,k 6=iKki

||22, (6.3.10)

where the subscript i represents the i-th element of a vector and Θ is the parameter in the

neural network model used to calculate spatial covariance K. The alternating algorithm

aims to decrease the loss by optimizing matrices B and Θ alternatively. The details are

shown in Algorithm 2. As mentioned above, the EM algorithm is used to reduce the bias

caused by missing values. The missing values are first imputed using statistical methods,

e.g., the Mean method. Then, the following two steps are performed alternatively: i)

learning the spatio-temporal model on the complete dataset, and ii) imputing the missing

values based on the learned spatio-temporal model. Finally, missing values in the target

variable, i.e., Ym
t , are estimated by combining the spatial and temporal effects: Ym

t =

µm
t + νmt .

6.4 Experimental Evaluation

6.4.1 Synthetic Datasets

We evaluate the performance of our method on a systematically designed synthetic dataset.

6.4.1.1 Synthetic Dataset Generation

The synthetic dataset is systematically generated as follows:
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1. Temporal component: First, a first-order autoregressive model was used to simulate

the temporal correlations µt = Yt−1β, β ∈ RN×N . We included a seasonal evolu-

tion matrix, β = βo +H ∗ st, where st is a seasonal indicator that can be treated as

the temporal correlation attributes.

2. Spatial component: Without loss of generality, we assumed there are two types

of risk factors, each of which consists of D attributes. To simulate dynamic spa-

tial closeness effect, for each data source, we divided the locations into g groups,

C = {C1, · · · , Cg}. For locations in each group, the corresponding attributes were

sampled from the group-specified distribution: (X i)d ∼ N(mg, σg), i ∈ Cg. In

this way, we could quantify the ground-truth similar locations of each location.

We sampled each element of the first row of the input matrix of neural model

W k ∈ <D×hidden size, k ∈ {1, 2} using the uniform distribution U(0, 1) and sam-

pled each element of the other rows using a normal distribution N(0, 0.01), i.e.,

only the first attribute of each factor plays an role in shaping spatial patterns. The

location-specific attributes were fixed in each period but varying between different

periods, which implies that the strength of correlations in different periods were

slightly different. In our simulation, when entering a new period, we resampled

each attribute value (X i
p)d ∼ N((X i

p−1)d, σV ).

3. Unknown factors: We randomly selected 50% of the locations, and the second risk

factor of the selected locations would be missing in the training and test phases.

4. We ran the dynamic model to generate the time series data.

6.4.1.2 Design of Evaluations

We conduct a series of experimental evaluations to systematically assess the performance

of our method. Specifically, we:

1. Explore three common real-life data missing patterns: We vary the synthetic infec-

tious disease data to generate training data with different missing patterns. Here,
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each variation is created by deliberately withholding a portion of the data from the

original complete dataset. This creates datasets that resemble the missing data pat-

terns found in real world contexts and that can be used to model a restoration of

data integrity.

Infection cases from a few randomly selected locations are removed to simulate a

real-life spatial missing (S-M) pattern, while random infection cases from various

time points are removed to mimic a real-life temporal missing (T-M) pattern. Infec-

tion cases are also withheld randomly along both spatial and temporal dimensions

to imitate a real-life spatio-temporal missing (ST-M) pattern. The formal setting of

three real-life missing patterns are given as follows:

• Spatial Missing (S-M): We randomly select MissingRate ∗ N locations,

where MissingRate denotes the missing rate, and N is the total number of

locations. The target variable in the selected locations will be considered as

missing.

• Temporal Missing (T-M): In each year (i.e., 12 months), a time window con-

taining (MissingRate) ∗ 12 successive timeframes is randomly selected for

each location. The target variable in the selected time window will be consid-

ered as missing.

• Spatio-Temporal Missing (ST-M): The target variable in the location i at time

t will be considered as missing if rit < MissingRate, where rit ∼ U(0, 1).

2. Test our method at five different levels of missing rates: To evaluate the robustness

of our method, we set five levels of missing rates for the observed data, from a small

portion to a large part: MissingRate = 10%, 20%, 30%, 40%, 50%. Higher missing

rate indicates less observed data, which brings more challenge to the inference task

as the information obtained from the highly incomplete data could seriously distorts

the true distribution of the complete data.
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3. Compare our method with four representative inference methods: We select Krig-

ing [137], Gaussian process (GP) [129], Mean imputation [8], K-nearest-neighbor

(KNN) imputation [15] for comparison. Kriging is a classical spatial method that

maps the propagation of information across geographical space and uses the map-

ping of spatial correlations to recover missing information. Temporal Gaussian

process is a classical temporal method that recovers data via a vertical mapping be-

tween reported cases across time frames. K-nearest-neighbor imputation and Mean

imputation are the classical imputation methods for numerical spatio-temporal data.

In the spatio-temporal content, KNN selects the close locations in one time frame

by measuring the similarity of data in the previous time frames.

The performance of each method is evaluated in terms of the mean average error (MAE):

MAE = 1
NT

∑N
i=1

∑T
t=1 |yit − ŷit|, where yit is the ground-truth and ŷit is the estimated

number of infected cases in location i at time t.

6.4.1.3 Results

The performance of all the methods is evaluated in terms of the mean average error

(MAE). Table 6.2 showed the results of all the methods under different missing patterns

and missing rates. Our method outperformed the existing methods in all the scenarios.

Moreover, HNML-UF consistently performed better than HNML, indicating the capacity

of HNML-UF in modeling unknown factors. The estimation errors of our methods in-

crease with increasing missing rates, as less information is available. While the results

of some methods, such as MEAN and GP in the spatial missing scenario, do not follow

this pattern, because these two methods totally fail to capture the varying spatio-temporal

patterns and their imputation errors are related to the scale of the data.

6.4.2 Real-World PSTA Task

We empirically validate the effectiveness of our developed machine learning solution us-

ing the 2005-2009 malaria case reporting data collected from Yunnan, a malaria-endemic

province located in the China-Myanmar border region (as shown in Figure 6.3), because
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Algorithm 2: Spatio-temporal imputation via Heterogeneous Neural Metric Learning
(HNML)

Input: Incomplete spatio-temporal incidences data Y; Attributes X ,W .
Output: Learned parameter {B,Θ}
Initial ν ∈ <N×T ,; while not converged do

while not converged do
/* Update temporal component */ Estimate B from Y − ν; Update µ
from new B;
/* Update spatial component */ Estimate Θ from ν = Y − µ; Update ν:

νit =
∑N
j=1,j 6=iKji∗ν

j
t∑N

k=1,k 6=iKki

end
/* Impute the missing values */ Ym

t = µm
t + νmt

end

Table 6.2: Performance evaluation (in terms of MAE) of our method and existing inference methods
with different missing patterns and varying missing data rates on the synthetic dataset. The best
result for each scenario is underlined and highlighted in bold.

Settings Methods
Missing Scenario Missing

Rate
MEAN KNN Kriging GP HNML HNML-UF

Spatial Missing
(S-M)

10% 375.6039 177.7385 297.777 398.7544 97.05 62.517
20% 346.2893 139.8661 248.6494 338.8848 101.8695 72.193
30% 387.2942 380.8944 277.9886 359.9933 122.4672 74.741
40% 348.5383 617.2814 273.77 375.9479 140.3443 91.113
50% 416.0005 1149.678 328.5861 394.9021 187.1743 124.112

Temporal Missing
(T-M)

10% 325.129 125.592 111.543 225.647 71.051 42.537
20% 440.142 189.881 269.803 308.184 111.664 68.174
30% 400.975 713.908 338.288 336.046 158.075 92.478
40% 325.621 1231.705 293.901 318.671 166.553 96.395
50% 1649.822 2442.283 351.284 394.571 253.294 166.743

Spatio-Temporal
Missing (ST-M)

10% 427.586 193.991 92.341 273.68 111.048 90.887
20% 410.324 174.425 170.611 277.04 120.203 97.039
30% 295.855 216.095 206.119 251.484 111.509 75.346
40% 407.164 509.054 248.883 295.662 155.104 106.152
50% 312.014 772.923 243.901 237.75 170.459 99.316
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(a) China-Myanmar border (c) 18 towns in 
Tengchong county

Figure 6.3: Mapping of 18 counties in Yunnan province on the China-Myanmar border. (a) and (b)
highlight the area in Yunnan province on the China-Myanmar border, covering 18 counties. (c)
enlarges a specific county (Tengchong County, including 18 towns) from (b).
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malaria is one of most serious infectious disease and the Yunnan province is a typical

region in the phase toward malaria elimination.

6.4.2.1 Scenario Description

The population’s cross-border activities may result in imported cases of malaria in the

border area, which can trigger local infections [110, 111, 142]. It is therefore crucial to

effectively implement the active surveillance strategy in the area to assess malaria risks

for different locations. Given that China has entered the malaria elimination phase, it

is essential that imported infections are taken into account, as imported cases currently

dominate the total number of infection cases.

Figures 6.3(a) and (b) illustrate the area in Yunnan province on the China-Myanmar bor-

der. It can be observed that along the over 2,000 kilometers long borderline, many vil-

lages are situated in mountainous areas with ecological environment that is perfect for

the reproduction of malaria vectors. Not to mention the high proportion of mobile pop-

ulation between Yunnan province and Myanmar, doing businesses and acting as carriers

who could easily bring infectious diseases from one side of the border to the other. Fig-

ure 6.3(c) shows the map of Tengchong, a county located in Yunnan that has long been

considered as one of the most at-risk regions prone to malaria epidemics and one of the

top priorities in the malaria elimination initiative [130, 29].

Tengchong comprises 18 townships with around 660, 000 residents distributed in a moun-

tainous area of approximately 5-6 thousand square kilometers. The small surveillance

team from the Tengchong Center for Disease Control (CDC), however, is only able to

allocate a few staff members to conduct case surveys. The lack of resources dedicated

to comprehensive surveillance inevitably leads to inefficacies and inaccuracies in case re-

porting. In practice, the patterns of missing case reporting data can be multifaceted [120].

For instance, in sentinel surveillance, qualified agents, with suitable laboratory facilities

and experienced staffs, identify and report all incidences of disease within target loca-

tions. Incidence data can be continuously collected in carefully selected locations while
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the infection case data could be missing for other locations/regions (e.g., townships in

a county) for entire periods of time (referred to as spatial missing). On the other hand,

surveillance activities may be carried out during certain potential high-risk periods, while

the infection case data could be missing for other time points/intervals (e.g., weeks or

months) in all of the locations/regions (referred to as temporal missing). In the hybrid

random surveillance strategy, the infection case data could also be missing along both

spatial and temporal dimensions (referred to as spatio-temporal missing). Regardless of

the reasons and patterns, missing data are always undesirable, as even a small proportion

of missing data can affect the validity of research results [42, 117, 98, 92].

In addition to the aforementioned challenges, various disease-related risk factors affect

disease transmission. For the underlying disease-related risk factors, we collected envi-

ronmental attributes (temperature and rainfall) and geographical attributes (latitude and

longitude) for each of the 62 towns. To incorporate socioeconomic activity, we collected

22 attributes (summarized in Table 6.3). However, these socioeconomic attributes are

only available for the 18 towns in Tengchong. We adapt a model based approach to inte-

grate the risk factors into the malaria incidence modeling. Figure 6.4 shows how the data

of different risk factors are integrated into our model.

6.4.2.2 Design of Evaluations

To implement the active surveillance, the local CDC should visit towns house by house

to enquire whether there is/was an infection case, which is extremely time and manpower

consuming. However, as the human resources are very limited particularly in the remote

and poor regions, only partial infection cases could be timely reported. The spatial and

temporal coverage of infection surveillance depends on the surveillance strategies, such as

sentinel surveillance, periodic surveillance or random surveillance, adopted by the local

CDC.

To understand the capacity of our method in inferring the number of malaria cases in

unobserved locations, a study has been conducted to evaluate disparities between our
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Socioeconomic factors

Malaria 
Incidences

Per capita arable land
Per capita food production
Per capita meat production
Per capita government revenue
Personal income

Epidemiological 

dynamics 

Imported infection 

dynamics 

Figure 6.4: Schema of Integrating Heterogeneous Data Source

Table 6.3: Summary of the underlying risk factors considered in this study, including 2 environ-
mental attributes, 2 geographic attributes, and 22 socioeconomic attributes.

Environmental Temperature, Rainfall

Geographic Latitude, Longitude

Socioeconomic

Total households, Total population, Agricultural population, Nat-
ural population growth rate, Rural households, Rural population,
Number of rural employees, Number of village groups, Year-
end cultivated area, Total food production, The production of
crops sown in spring, The production of crops sown in tenth lu-
nar month, Per capita production of food, Total production of
meat, Year-end pig-sacrifice livestock on hand, Year-end fat pig
slaughter, Year-end large domestic animals, Agricultural machin-
ery power, Financial general budget income, Financial general
budget expenditure, Per capita income of farmers, Current value
of agricultural production
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method’s estimates of infected cases and the observed cases based on historical data. For

the purpose of evaluation, we establish a ground-truth that features a specified number of

infected cases within defined spatial and/or temporal boundaries as a reference. Specifi-

cally, we collected the monthly case reporting data from 62 towns in Yunnan from 2005

to 2009. Of the 62 towns, 18 are from Tengchong County while the remaining 44 border

or are in close proximity to Tengchong. The case reporting data from 2009 are used as

the ground-truth for evaluating the performance of our method’s inferences.

Consistent with synthetic experiments, we systematically evaluated the performance of

our method with

1. Three common real-life data missing patterns: spatial missing (S-M), temporal

missing (T-M), and spatio-temporal missing (ST-M). Figure 6.5(a) illustrates an

example of the S-M pattern in 18 towns in Tengchong County, Figure 6.5(b) illus-

trates an example of the T-M pattern, and Figure 6.5(c) illustrates an example of the

ST-M pattern.

2. Five different levels of missing rates: MissingRate = 10%, 20%, 30%, 40%, 50%.

3. Four classical inference methods: Kriging [137], Gaussian process (GP) [129],

Mean imputation [8], and K-nearest-neighbor (KNN) imputation [15].

In this real-world spatio-temporal disease dataset, we further compare our methods with

four state-of-the-art spatio-temporal imputation and prediction methods as follows.

1. ST-ResNet [150]: ST-ResNet, originally developed to forecast the crowd flow within

city, is able to collectively incorporate many factors for spatio-temporal prediction.

ST-ResNet require the complete history data for input. In the experiments, we com-

plete missing values in the history data using the estimated values by ST-ResNet.

2. Generative Adversarial Imputation Nets (GAIN) [146]: GAIN is the state-of-art

method for missing value imputation. Beside a generator to generate the missing

value, GAIN incorporate a discriminator which attempts to classify the actually ob-
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served components and imputed components. In this way, the generator is focused

to learn to generate according to the true data distribution.

3. Spatio-temporal Imputation via Kernel-based Learning (STI-KL) [120]: STI-KL

incorporates underlying risk factors for missing data imputation, while it assumes

that the effects from underlying risk factors could be linearly combined, and the

disease-related risk factors in different locations should be homogeneous.

4. Spatio-temporal multiview-based learning method (ST-MVL) [145]: ST-MVL in-

fers missing values by considering the spatial and temporal correlations among the

target value from both global and local views.

We set the hidden size as 32 and number of ST-block as 2 for ST-RestNet; the hidden size

as 32 and number of layers as 2 for GAIN; the hidden size as 10 and number of layers as

1 for HNML, as the neural model in HNML only account for spatial correlation.

6.4.2.3 Results

Evaluation on 18 Towns in Tengchong with Homogeneous Attributes We first evalu-

ate the performance of our method by comparing it with other baseline and state-of-the-art

inference methods on 18 towns in Tengchong County. Both HNML and HNML-UF are

our methods. HNML-UF models the unknown factors while HNML does not. The at-

tributes of the underlying risk factors collected from these 18 towns are homogeneous,

i.e., the environmental, geographic, and socioeconomic factors are complete The results

are shown in Table 6.4. Our method was found to outperform the others in most sce-

narios, indicating that considering underlying risk factors is useful in inferring infectious

disease dynamics with missing data. Moreover, we observe that HNML and HNML-UF

perform similarly in this evaluation. The information available for underlying risk factors

in these 18 towns are complete, and thus the unknown factor module in our method does

not necessarily further improve the inference accuracy. In our algorithm, we first estimate

the parameters for the temporal effect. Note that when the data are temporally missing,

it is more challenging to estimate the temporal component in one location, making the
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inference of spatial effect unstable as the spatial effect and temporal effect are linearly

integrated. In this case, with less parameters, HNML produces more robust and accu-

rate estimation. When the temporal dynamic could be estimated relatively accurately,

HNML-UF could better estimate the spatial effect.

Evaluation on 62 Towns In and Outside Tengchong with Heterogeneous Attributes

We then evaluate the performance of our methods and other imputation methods on the

62 towns (all in Yunnan province). For the 18 towns in Tengchong, the information on

environmental, geographic, and socioeconomic factors is complete, whereas the 44 towns

outside Tengchong have complete information for environmental and geographic factors

but information for the 22 socioeconomic factors is entirely missing. Table 6.5 reports

the results of the different methods. Note that the method STI-KL [120] is not applicable

to the case of heterogeneous attributes, as it requires the homogeneity of disease-related

risk factors in different locations. Similar to the previous evaluation, our method outper-

forms the others in terms of the inference accuracy in most scenarios. However, unlike

the previous evaluation, in which HNML and HNML-UF perform similarly, in this eval-

uation HNML-UF consistently outperforms HNML in each scenario. In this evaluation,

information for socioeconomic factors is missing for most of the towns; this makes the

attributes of each town heterogeneous. Unlike HNML, which directly infers the disease

dynamics based on the data with missing attributes, HNML-UF utilizes the unknown fac-

tor module to model the missing socioeconomic factors for the 44 towns based on the

available information, and then uses the completed factors to infer the disease dynamics.

As the missing socioeconomic factors are reasonably estimated via the unknown factor

module and utilized for imputation, it is not surprising that HNML-UF achieves higher

accuracy then HNML.

The above experiments demonstrate that incorporating the underlying risk factors as ex-

ternal resources via a machine learning method is helpful for inferring infectious dis-

ease dynamics when data are missing. We now examine the effect of integrating varying

amounts of underlying risk factors for missing value imputation. Specifically, we consider
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(a) Spatial Missing (S-M) (b) Temporal Missing (T-M) (c) Spatio-Temporal Missing (ST-
M)

Figure 6.5: Illustration of examples of three missing patterns, i.e., Spatial Missing, Temporal Miss-
ing and Spatio-Temporal Missing, in the real-world malaria surveillance at Tengchong, a malaria
endemic county in the Yunnan province of China, which borders Myanmar [120]. The data marked
in red are observed while those marked in gray are missing. (a) Spatial Missing (S-M), (b) Tem-
poral Missing (T-M), and (c) Spatio-Temporal Missing (ST-M).

Table 6.4: Performance evaluation (in terms of MAE) of our method and existing inference methods
with different missing patterns and varying missing data rates on 18 towns in Tengchong with
homogeneous features from underlying risk factors. The best result for each scenario is underlined
and highlighted in bold.

Settings Methods

Missing
Mode

Missing
Rate

MEAN KNN Kriging GP ST-
MVL

GAIN ST-
ResNet

STI
-KL

HNML HNML
-UF

Spatial
Missing
(S-M)

10% 2.36 2.26 3.06 2.74 2.14 3.93 1.89 1.76 1.51 1.52

20% 2.43 2.29 2.55 2.39 2.29 2.16 2.24 1.59 2.01 1.51
30% 2.81 2.72 3.12 3.36 1.87 2.48 2.48 1.66 1.94 1.40
40% 2.7 2.61 2.71 2.49 1.92 2.79 2.06 2.18 2.04 2.75

50% 2.93 3.89 2.94 2.72 1.79 3.05 2.82 1.72 2.56 1.62

Temporal
Missing
(T-M)

10% 2.20 1.71 2.07 1.85 1.92 2.72 1.82 1.60 1.50 1.70

20% 2.10 1.89 2.00 1.99 1.92 2.54 1.85 1.74 1.54 1.92

30% 2.44 2.91 2.38 2.31 2.39 2.93 2.19 2.29 2.08 2.21

40% 2.66 4.68 2.62 2.38 1.97 3.20 2.47 2.61 2.33 2.51

50% 5.21 10.44 2.51 2.42 1.89 3.13 2.43 2.99 2.58 2.83

Spatio-
Temporal
Missing
(ST-M)

10% 2.53 1.94 2.33 2.56 1.85 3.38 1.79 2.02 1.93 1.75
20% 2.94 2.46 2.84 2.82 2.00 3.45 1.89 2.46 2.03 1.82
30% 2.94 2.93 2.83 2.92 2.15 3.54 1.82 2.23 2.00 1.84

40% 2.62 3.04 2.57 2.52 2.03 2.65 2.00 2.11 2.05 1.89
50% 2.82 5.22 2.78 2.76 2.07 2.00 1.90 2.60 2.12 1.99
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Table 6.5: Performance evaluation (in terms of MAE) of our method and existing inference methods
with different missing patterns and varying missing data rates on 62 towns (18 in Tengchong and
44 outside Tengchong) in Yunnan province, with heterogeneous features from underlying risk
factors. The best result for each scenario is underlined and highlighted in bold.

Settings Methods

Missing
Mode

Missing
Rate

MEAN KNN Kriging GP ST-
MVL

GAIN ST-
ResNet

HNML HNML
-UF

Spatial
Missing
(S-M)

10% 0.724 0.647 0.740 1.599 0.976 1.90 0.709 0.623 0.556
20% 0.716 1.050 0.701 1.476 0.844 1.28 0.909 0.734 0.594
30% 0.713 1.452 0.713 1.437 0.819 1.23 0.740 0.727 0.604
40% 0.737 1.654 0.747 1.316 0.747 1.10 0.726 0.652 0.610
50% 0.728 1.496 0.764 1.186 0.799 1.09 0.758 0.734 0.712

Temporal
Missing
(T-M)

10% 0.702 0.941 0.683 1.608 0.818 0.96 0.722 0.645 0.609
20% 0.803 1.695 0.786 1.287 0.858 1.31 0.740 0.744 0.720
30% 0.770 1.821 0.780 1.036 0.792 1.09 0.682 0.716 0.707

40% 0.791 2.837 0.796 1.032 0.869 1.23 0.736 0.752 0.720
50% 2.018 3.691 0.790 0.840 0.874 1.26 0.672 0.707 0.705

Spatio-
Temporal
Missing
(ST-M)

10% 0.741 0.579 0.745 1.608 0.846 1.32 1.112 0.719 0.563
20% 0.736 0.705 0.714 1.595 0.853 1.63 0.755 0.652 0.546
30% 0.749 0.798 0.742 1.260 0.850 1.48 0.677 0.699 0.572
40% 0.742 1.004 0.747 1.118 0.817 1.30 0.660 0.670 0.631
50% 0.740 1.512 0.739 0.967 0.860 1.11 0.665 0.676 0.655

10% 20% 30% 40% 50%
Missing Rate

0.5

0.6

0.7

0.8

M
A

E

10% 20% 30% 40% 50%
Missing Rate

0.6

0.65
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0.75

0.8

10% 20% 30% 40% 50%
Missing Rate

0.5

0.6

0.7

0.8

Environmental Factors + Geographical Factors + Partial Social-Economic Factors + Unknown Factors
Environmental Factors + Geographical Factors + Partial Social-Economic Factors
Environmental Factors + Geographical Factors

Figure 6.6: The effect of integrating varying underlying risk factors in missing value imputation. If
the unknown factor module in our method is turned off, incorporating only the environmental and
geographical factors in the model has a comparable performance to incorporating environmental,
geographical, and socioeconomic factors; if the unknown factor module is turned on, incorporating
the extra socioeconomic factors obviously enhances performance.
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three levels for the amount of factors to be incorporated:

1. We use only the environmental and geographical factors for all of the 62 towns,

and use HNML (i.e., the unknown factor module is turned off) for missing value

imputation (the results are marked as green lines in Figure 6.6);

2. We use the environmental factors, geographical factors, and socioeconomic factors

for the 18 towns in Tengchong, and the environmental and geographical factors for

the remaining 44 towns, and use HNML (i.e., the unknown factor module is turned

off) for missing value imputation (the results are marked as blue lines in Figure 6.6);

3. We use the environmental factors, geographical factors, and socioeconomic factors

for the 18 towns in Tengchong, and the environmental and geographical factors

for the remaining 44 towns, and use HNML-UF (i.e., the unknown factor module

is turned on) for missing value imputation (the results are marked as red lines in

Figure 6.6).

We observe that if the unknown factor module in our method is turned off, adding extra

socioeconomic factors does not necessarily improve performance. If the unknown factor

module in our method is turned on, then incorporating the extra socioeconomic factors

obviously enhances performance.

We further use the Friedman’s test and Holm’s test to analyze the performance of dif-

ferent approaches in this challenging 62-town inference task. Following [27], we first

count the the mean ranks for different methods: MEAN (4.5), KNN (7.3), Kriging (4.4),

GP (7.6), ST-MVL (5.9), GAIN (7.7) , ST-ResNet (3.3), HNML (3.0), HNML-UF (1.2).

Using Matlab statistic toolbox, the Friedman test statistic is 93.5168 and the p-value is

8.9673e-17. Thus we reject the null hypothesis (8.9673e − 17 < 0.1), which means the

performance of these methods are significantly different. Then we use Holm’s test for

post-hoc tests with confidence level α = 0.1. We compare HNML-UF with other meth-

ods. Table 6.6 illustrates the Holm’s step-down procedure. We can reject the first 7 null

hypotheses, but we cannot reject the 8th hypothesis, which means HNML-UF significantly
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outperforms the other methods except HNML.

6.5 Summary

In this chapter, we have developed a machine learning method for making inferences

based on incomplete data to support decision-making in infectious disease control and

prevention. Specifically, we have presented a machine learning method that incorpo-

rates location-specific attributes of underlying disease-related risk factors collected from

heterogeneous data sources. To evaluate the performance of our method, we conducted

experiments based on a real-world dataset, i.e., the Yunnan malaria dataset. We com-

pared the results of our method with several representative inference methods under three

typical scenarios in which data points are missing. Our method displayed statistically

significant improvements over existing alternatives, supporting our claim that underlying

disease-related risks, such as environmental, geographic, and socio-economic factors, can

provide useful information about infectious disease transmission patterns and should be

considered when inferring the current/future number of infectious disease cases in unob-

served locations.
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i Method z p α/(k − i)
1 GAIN 8.185 2.220E-16 0.013
2 KNN 8.096 6.661E-16 0.014
3 GP 7.566 3.841E-14 0.017
4 MEAN 5.710 1.131E-08 0.020
5 Kriging 3.677 2.360E-04 0.025
6 ST-MVL 3.500 4.649E-04 0.033
7 ST-ResNet 1.998 0.0457 0.050
8 HNML 1.556 0.1198 0.100

Table 6.6: Holm’s step-down procedure for analyzing the performance of HNML-UF against other
methods.
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Chapter 7

Hidden Interaction Mining

This chapter presents the method for inferring hidden interaction in predicting spatio-

temporal analytics. The interaction may occur at different scales, for example, interaction

between individual entities or between groups of entities. We propose two methods for

learning with these two types of interactions, respectively. For the entity-scale interaction,

we aim to infer the interaction network and validate the effectiveness of inference through

the accuracy of estimated network. For the mesoscale interaction, we explicitly model the

mesoscale interaction network and validate the effectiveness of learning through the per-

formance of predictive analytics. First, to enhance the inference performance, we propose

a novel method called Motif-Aware Diffusion Network Inference (MADNI), which aims

to mine the motif profile from the node observations and infer the underlying network

based on the mined motif profile. The mined motif profile and the inferred network are

alternately refined until the learning procedure converges. Extensive experiments on both

synthetic and real-world datasets validate the effectiveness of the proposed framework.

Moreover, we show the generalizability of MADNI by analyzing the relations between

mesoscale motif prior in our framework and other high level structural priors such as

community and scale-free properties in the existing works. Second, we propose a novel

method, named Mesoscale Anisotropically-Connected Learning (MACL), to discover the

mesoscale interaction. We evaluate the effectiveness of our method through predictive an-
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alytics. Experimental results on a real-world prediction task demonstrate that our method

can be trained more accurate than existing methods by mining and utilizing the mesoscale

interaction. Moreover, our method is flexible to incorporate new covariates and target

variables of varying spatial dimensions, without sacrificing the prediction accuracy.

7.1 Introduction

The interaction among entities are ubiquitous, such as disease spread among contiguous

people and gene-gene regulation. Taking the interaction network of the diffusion pro-

cesses as an example. The diffusion processes over networks are widely encountered in

various real-world application, such as information propagation over social networks and

disease spread over contact networks. In many scenarios, the underlying diffusion net-

works are hidden [105, 106]; what we observe is only the states of nodes observed over

time. For example, in the information propagation process, we may observe the time when

a blog posts a piece of information. Therefore, inferring the underlying networks based

on the observations of node states has received much attention recently [37, 105, 106].

Moreover, the hidden interaction play important roles in shaping the dynamics on nodes.

Therefore, it is also important to mine the hidden interaction in the predictive analyt-

ics.

The interaction may exist at different levels, for example, interactions may occur between

individual entities or between groups of entities. How to inferring and learning with the

hidden interaction at different levels is of great importance but challenging. In this chap-

ter, we proposed two methods for tackling the problem of learning individual interaction

and mesoscale interaction, respectively. Since we usually obtain ground-truth label for

entity interactions, especially the diffusion network, but not the mesoscale interactions.

Therefore, we aim to infer the entity-scale interaction network. For the mesoscale interac-

tion, we explicitly model the mesoscale interaction network and validate the effectiveness

of learning through the performance of predictive analytics.

First, for inferring the entity-scale interaction network, motivated by the distinct proper-
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ties in interaction networks, incorporating the structural prior (e.g., community structure

prior [50] and scale-free property prior [121, 5]) in the network inference procedure has

been proved effective in improving the performance of network inference [45, 91]. Net-

work motifs, which are regarded as the building blocks of networks [4, 87], occur fre-

quently in many real-world networks and play a key role in analyzing the network struc-

tures and interpreting the network functionalities. For example, as an important mesoscale

structure characterizing the local network connectivity, motif patterns have been used in

node influence estimation [60], network classification [86] and community detection [14].

Moreover, motif patterns have contributed to analyzing the functionality of the gene reg-

ularization network [35].

Despite the great role of motifs in characterizing the network structures and functionali-

ties, to the best of our knowledge, no existing work exploits this kind of network building

block in diffusion network inference. In order to address this unexplored yet important

issue, we propose a novel framework called Motif-Aware Diffusion Network Inference

(MADNI), which takes the network motifs into account when inferring the underlying dif-

fusion networks. The diffusion process may be observed in individual level or metapop-

ulation level, e.g., we may observe the time when a blog posts a piece of information

while we may observe the time series of aggregated incidences in some subpopulations

in infectious disease spread. Therefore, we derive two network inference models in our

framework for inferring the individual level diffusion network and the metapopulation

level diffusion network, respectively.

Second, for learning with hidden mesoscale interaction network, we are interested in min-

ing the interaction among groups of entities in the large-scale systems. In such scenarios,

a large volume of data are generally collected from numerous spatial locations over a

historical period [138]. For example, citywide traffic flow data are collected during the

past weeks or months for traffic condition prediction in different district or streets [150].

The nationwide or even global climatic data of the past years or decades are collected

for climate forecast [80]. Moreover, in a dynamic environment, new covariates and new
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target variables in varying spatial locations arrives sequentially [143]. Given such a large

volume of spatio-temporal data in a dynamic environment, on the one hand, it is desired

to efficiently train reliable spatio-temporal models. On the other hand, the structure of the

designed spatio-temporal models should be flexible to incorporate new covariates and to

expand for making predictions on new dimensions of the target variables (i.e., the new

spatial locations), because retraining the entire model for new covariates or the target

variables on new spatial locations is computationally expensive or even infeasible.

The recurrent neural network (RNN) based spatio-temporal models are commonly used in

spatio-temporal modeling [70, 144]. For capturing the temporal correlation among data,

the RNN incorporates the covariates in the previous time steps and then generate a final

hidden representation for future forecast. For capturing the dependency among differ-

ent sequences, e.g., the traffic conditions in the nearby districts, conventionally, the RNN

concatenates the multiple sequences as multivariate input. However, there are two limita-

tions in the current RNN-based models for mining large-scale mesoscale in. First, when

learning with a large-scale dataset, as the network size of a RNN is quadratically related

to the hidden size, it is difficult to train an RNN with large hidden size for incorporating

all necessary information when the number of spatial locations is large [31, 65]. Second,

when learning in a dynamic environment, the structure of RNN is unable to dynamically

expand to incorporate new covariates or to predict the target variables with varying spa-

tial dimensions. Therefore, we aim to develop a novel RNN-based model, which can be

trained efficiently and expanded flexibly, for mining hidden mesoscale interaction.

7.2 Problem Statement

Let G = (V , E) be a directed interaction network, where V denotes the set of N nodes

(representing the individuals, Blog sites or locations) and E denotes the set of edges (rep-

resenting the directed influence from one node to another). Generally, the edges in E are

represented by an N × N influence matrix A, where the (j, i)th entry of A, Aj,i, is the

influence rate from node j to node i.
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We focus on inferring the hidden diffusion network in this part. Figure 7.1(a,b) show

an instances of individual-level directed diffusion network for illustration. The diffusion

process may be observed in the individual level or meta-population level, i.e., the nodes

in G could be individuals or subpopulations. For clear presentation, let O be the ob-

servation of diffusion process in general , D be the observation of individual diffusion

process and Y be the observation of metapopulation level. In the individual level dif-

fusion, D := {tc, c = 1, ..., C} consists of C cascade. As illustrated in Figure 7.1(c),

each cascade tc is a collection of observed infection time stamps within a population

during a time interval of length T and can be represented as an N -dimensional vector

tc := (tc1, · · · , tcN), where tcn ∈ [0, T ] ∪ {∞} indicates the infection time of node n in

cascade c. The symbol ∞ labels users that are not infected during observation window

[0, T ]. In the meta-population level diffusion, consider the observation data Y ∈ <N×T+

over N subpopulations and T time steps. Each element Yt,i indicates the number of new

infections at time step t and subpopulations i. Given the above diffusion observation, we

aim to infer the underlying relations between nodes on G, i.e., the transmission matrix A,

by maximizing the likelihood of observations.

max
A

L(O|A),

s.t. Aj,i ≥ 0, j, i = 1, · · · , N,
(7.2.1)

In predictive learning with mesoscale interactions, let X be the set of covariate data and

X[t−tl:t] be the covariate data from time step t− tl to t. We aim to learn the mapping func-

tion parameterized by θ, fθ : X[t−tl:t] → yt, where tl is the time length of the features.

For simplicity, we denote X[t−tl:t] as xt and x
(d)
t as the dth dataset, d = 1, . . . , D. The

predictive spatio-temporal analytics problem becomes more challenging when predicting

with large-scale datasets, i.e. N and |X | are large. Moreover, in a dynamic environ-

ment, new data, X n and Yn, arrive sequentially. We need to timely adapt the model,

f
′

θ : [xt,x
n
t ] → [yt,y

n
t ], to incorporate the new covariates and to predict the new target

variables.
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The notations used in this chapter are listed in Table 7.1.

7.3 Methods

7.3.1 Motif-Aware Diffusion Network Inference

In this part, we first present our framework, Motif-Aware Diffusion Network Inference

(MADNI) for inferring diffusion networks with the mined structural motif profile. Fig-

ure 7.1 schematically illustrates the idea and procedure of the proposed framework. Given

the diffusion observations on an underlying diffusion network, MADNI first mines the fre-

quencies of different motif patterns as the motif profile of the underlying network. Then

the inferred diffusion network is updated via regularized learning with mined motif prior.

The motif mining and regularized learning are alternately operated until the inferred net-

work converges. MADNI jointly explores the intrinsic motif property and diffusion edges

of the underlying diffusion network for improving the accuracy of the inferred diffusion

network.

7.3.1.1 Motif Counting

In this work, we focus on the closely connected triangle motifs (Motifs 1-7), as shown in

the Figure 7.1(d). A motif pattern with k nodes is a non-isomorphic, connected subgraph

frequently appearing in a large network. Figure 7.1(d) shows all seven closely connected

triangle motif patterns.

We count the frequencies of Motif 1-7 as the motif profile of the diffusion networks. Let

Zm ∈ <N×N be the motif counting matrix of G for a certain motif pattern m, where Zm
i,j

indicates the number of instances of motif m containing the edge (i→ j) [14]. We detect

the motif m from the transmission matrix A and count Zm
i,j for each edge. This process is

denoted as Zm = P(A,m) and illustrated in Figure 7.1(d).

There are simple solutions for calculating the motif counting matrix Zm for these seven

motif patterns, as shown in Table 7.2.

97



Table 7.1: Notations and descriptions.
Notations Descriptions
G Diffusion network
V Set of nodes in diffusion network G
E Set of edges in diffusion network G
A Transmission matrix
Aj,i The (j, i)th entry of A, indicating the transmission rate from node j to node i
N Number of nodes
O Diffusion observation
T Length of observation time

L(O|A) Likelihood of diffusion observation given the transmission matrix
r(z) Regularization function
R(·) Motif prior regularization
Zm Motif counting matrix in terms of motif m

P(A,m) Motif counting process on A in terms of motif m
ZM Motif counting matrix in terms of motif setM

P(A,M) Motif counting process on A in terms of motif setM
D Observation data in the individual level

tc := (tc1, · · · , tcN ) Observed infection time of N nodes in cth individual level cascade
C Number of individual level cascades

f(tci |tcj , Aj,i) Transmission function
S(tci |tcj , Aj,i) Survival function
H(tci |tcj , Aj,i) Hazard function

Y Observation data in the metapopulation level
Yt,i Observed infection data at time step t and subpopulation i
λt,i Infection intensity at time step t and subpopulation i
X Covariate Data
h State of mesoscale cluster
m Message from neighborhood cluster
G() Message generation function
F() State Update function

Table 7.2: Motif counting calculation for seven types of triangle motifs used in motif-aware diffu-
sion network inference framework. B = A◦AT ,U = A−B, in which ◦ indicates the Hadamard
(entry-wise) product

Motif Matrix Calculation

M1 Z1 = (U ·U) ◦UT

M2 Z2 = (B ·U) ◦UT + (B ◦U) ◦UT + (U ·U) ◦B

M3 Z3 = (B ·B) ◦UT + (B ◦U) ◦B + (U ·B) ◦B

M4 Z4 = (B ·B) ◦B

M5 Z5 = (U ·U) ◦U + (B ◦UT ) ◦U + (UT ·U) ◦U

M6 Z6 = (U ·B) ◦U + (B ◦UT ) ◦UT + (UT ·U) ◦B

M7 Z7 = (UT ·B) ◦UT + (B ◦U) ◦U + (U ·UT ) ◦B
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Figure 7.1: Schematic illustration of the proposed motif-aware diffusion network inference
(MADNI). (a) An example of the individual level diffusion network. (b) An enlarged part of
the diffusion network in Figure 1(a) for algorithm illustration. (c) The observed cascades on the
underlying diffusion network shown in Figure 1(b). For each cascade, only the infection time of
the influenced nodes (the red nodes) are observed, such as t1 = {t11, t12, · · · t113}. (d) The motif
profile is mined from the cascade data by estimating the frequency of various motif patterns in
the underlying diffusion network. (e) The underlying diffusion network is inferred via regularized
learning with motif prior. The mined motif profile and the inferred network are alternately refined
until the inferred network converges. (f) The diffusion network will be inferred by the MADNI
framework.
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7.3.1.2 Motif Prior Regularization

Different types of networks exhibit distinct motif frequency profiles [86]. In order to

incorporate the motif prior into network inference, we propose an edge-centered reg-

ularization to adjust the motif frequency profile of the estimated network. The main

idea is that if an edge is forming a high-frequency motif, light penalty will be assigned

to it. Specially, the counting of an edges over the target motif set are accumulated:

ZM =
∑

m∈M Zm =
∑

m∈MP(A,m) = P(A,M). We adopt the inverse reweighted

regularization function: r(z) = 1
z+1

. Based on the motif counting matrix, the reweighted

regularization can be constructed for learning the network with significant frequent motif

patterns:

R(P(A,M)) = ‖M ◦A‖1 =
N∑

j,i=1

|r(ZMj,i ) · Aj,i|

=
N∑

j,i=1

| Aj,i
ZMj,i + 1

|,

(7.3.2)

The motif patterns in M could be selected as significant motifs detected from the net-

works or based on prior knowledge. In this work, seven closely connected triangle motif

patterns, shown in Figure 7.1, are considered as the empirical studies have revealed that

these motif patterns appear frequently and play special roles in social networks [75].

7.3.1.3 Inference

We aim to find the diffusion network such that the likelihood of diffusion observation

given the mined motif profile is maximized. Thus as illustrated in Figure 7.1(e), we

incorporate the motif prior regularization into the diffusion network learning. The dif-

fusion process may be observed in the individual level [105, 106] and metapopulation

level [154, 127]. In this subsection, we describe the network inference model in both the

individual level and meta-population level. The entire procedure of the proposed MADNI

framework is provided in Algorithm 3.
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Inferring Individual Level Diffusion Networks

The likelihood of diffusion observation in individual level is calculated as follows.

Pairwise Transmission Likelihood. Let f(tci |tcj, Aj,i) be the transmission likelihood

from node j to node i, which is related to the infection time interval 4t = (tcj − tci)

and the transmission rate Aj,i. The exponential parametric likelihood model is adopted:

f(tci |tcj, Aj,i) = Aj,i exp−Aj,i(t
c
i−tcj) if tcj < tci , and 0 otherwise because a node can only be

infected by a previous infected node. The survival likelihood of edge (j → i), denoted

as S(tci |tcj, Aj,i), is the probability that node i is not infected by node j by time tci . The

survival likelihood is calculated as: S(tci |tcj, Aj,i) = 1−F (tci |tcj, Aj,i), where F (tci |tcj, Aj,i)

is the cumulative function of the transmission likelihood.

Likelihood of A Cascade. The likelihood of the observed infections tc = (tc1, · · · , tcN) is

calculated as:

f(tc;A) =
∏
tci≤T

∏
tcm>T

S(T |tci , Ai,m)
∏

k:tck<t
c
i

S(tci |tck, Ak,i)×
∑
j:tcj<t

c
i

H(tci |tcj, Aj,i),

where H(tci |tcj, Aj,i) =
f(tci |tcj ,Aj,i)
S(tci |tcj ,Aj,i)

is the hazard function.

Network Inference. We aim to search A that maximizes the likelihood of cascade obser-

vation D. In our framework, the networks are estimated through maximizing the regular-

ized likelihood function as follows.

max
A

(
L(D|A)−R(P(A,M))

)
= max

A

(∑
c∈C

log f(tc,A)−R(P(A,M))
)
,

s.t. Aj,i ≥ 0, j, i = 1, · · · , N,

(7.3.3)
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where L(D|A) is the likelihood function of observation given the network topology

and R(P(A)) is the regularization term. We can use ADMM or projected gradient de-

scent [38] to enforce A to be nonnegative. Thus the matrix gradient in terms of A is

written as ∂L
∂A
−M. The additional computational bounden of adding the regularization

term is just the addition of a N ×N matrix. The gradient for edges pointing to node k in

the cascade where node k is uninfected is

∂Lc

∂Aj,k
= T − tcj, (7.3.4)

and the gradient for edges pointing to node k in the cascades where node k is infected

is:
∂Lc

∂Aj,k
= (tck − tcj)−

1∑
l:tcl<t

c
k
Al,k

. (7.3.5)

Summating the above term over all cascades gives the gradient for edges pointing to node

k. Starting from a plain prior, i.e., Z = 0N×N , we update the network structure and the

motif counting matrix alternately until the inferred network structure remains unchanged,

as illustrated in Figure 7.1(d, e). The synthetic experiment in Section 7.4.1.1 shows that

inferred network structures will remain unchanged after a few number of iterations.

Inferring Meta-population Level Diffusion Networks The likelihood of diffusion ob-

servation in the metapopulation level is calculated as follows. Assuming homogeneous

mixing within each location, the incidence series Yi = {Y1,i, · · · , YT,i} could be mod-

eled using classical SIR differential equation model [82]. In the discrete time steps, the

diffusion model can be approximated by a Poisson process [127].

Yt,i ∼ Poisson(λt,i), λt,i = ϕYt−1,i, (7.3.6)

where ϕ is the transmission rate. The infection time series in different locations are cor-

related due to the underlying diffusion network over those locations. Thus to consider the
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network effect, the intensity model is rewritten as follow:

lnλt,i =
N∑
j=1

Aj,i lnYt−1,j. (7.3.7)

We aim to search the transmission rates that maximize the likelihood of observations.

Thus the network inference problem is formulated as follows.

max
A

(
L(Y|A)−R(P(A,M))

)
s.t. Aj,i ≥ 0, j, i = 1, · · · , N.

(7.3.8)

For the meta-population model, the gradient in terms of an element in A is

∂L

∂Aj,i
=

T∑
t=2

(λt,i − Yt,i) lnYt−1,j. (7.3.9)

The gradient based optimization method is used to optimize the proposed objective func-

tion. Similar to the individual diffusion network inference, starting from a plain prior,

i.e., Z = 0N×N , we update the network structure and the motif counting matrix alter-

nately.

7.3.1.4 Computational Complexity Analysis

In this subsection, we analyze the computational complexity of the proposed framework.

For each iteration of diffusion network learning and motif profile updating, the compu-

tational demand comes from two parts: motif counting matrix calculation and structure

inference. Assume there are r edges in the graph and the maximum degree is Dmax. For

each edge e, the cost of motif counting isO(Dmax) and thus the cost of motif counting for

all edges is O(rDmax). In the individual level network inference, the network structure is

inferred via an iterative way, in which the complexity in each iteration is O(N2C). If the

maximum number of iterations in network structure learning is Ni, then the complexity

of network structure learning is O(NiN
2C). As O(NiN

2C) � O(rDmax) holds in gen-

eral, the total computational cost of the proposed framework is O(NiN
2C). Similarly, in
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the metapopulation level network inference, the total computational cost of the proposed

framework is O(NiN
2T ).

7.3.1.5 Relation with Other Structure Priors

In this subsection, we discuss the relations between motif and two representative network

structures.

Relation with Community Structure Prior

Some real-world networks are modular networks, i.e., there are dense connections be-

tween the nodes within the same communities but sparse connections between nodes in

different communities. In order to accurately learn a network with modularity property,

some methods based on structural community prior are proposed, which basically detect

the communities and penalize the edges between communities. The nodes within one

community are more easier to form close triangles. Thus by using close triangle motif

patterns, our motif-based network inference method could also penalize the between-

community edges, since the penalties on edges between communities are heavier than the

penalties on edges within blocks.

Lemma 1. In a random network with community structure, let Nd denote the expected

number of triangles involving edge (i→ j) when two nodes i and j are in different blocks

and Ns denote the expected number of triangles involving edge (i→ j) when two nodes

i and j are in the same block, then we have Nd < Ns.

Proof. Assume a random ER modular network model with two blocks and the number

of nodes in each block is N/2. Let the connection probability within blocks is pi and the

connection probability between block is po, pi > po. Then the probability of one node

forming a triangle consists of edge (i→ j) when two nodes i and j are in different blocks

is pipo, and the probability of one node forming a triangle consists of edge (i→ j) when

two nodes i and j are in the same block is 1
2
pipo+ 1

2
pipi. Obviously, pipo < 1

2
pipo+ 1

2
pipi.

Thus Nd < Ns.
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Based on Lemma 1, we have the following theorem.

Theorem 1. In the motif-based network inference framework, the penalties on edges

between communities are greater than the penalties on edges within communities.

Relation with Scale-free Prior

A scale-free network is a network whose degree distribution follows a power law distri-

bution. The basic idea of learning a scale-free network is to incorporate a log l0 norm in

the objective function, in which the degree of node i is represented as the l0 norm and

could be approximated using l1 norm. If the fan motif, as shown in Figure 7.2, is used in

the motif-based network inference framework, the motif count is the degree of the center

node minus one. Further, instead of inverse regularization function r(z) = 1
z+1

, the ex-

ponential regularization function r(z) = exp−z
γ is adopted in our analysis. The penalty

of log regularization and the exponential motif regularization on nodes with different de-

grees is plotted in Figure 7.2. The exponential motif regularization could approximate the

log regularization. Our simulation results demonstrate that the inferred networks of these

two methods are similar.

7.3.2 Mesoscale Anisotropically-Connected Learning

We first group the dataset into clusters (which refers to the mesoscale) along the spatial

dimension according to the spatial adjacency, so that the target variables of the spatial

locations in the same cluster are closely related to each other. We develop individual

RNN-based prediction module for each cluster. The features extracted from multiple co-

variates in one cluster are fused as that cluster’s state information. Moreover, the state

information in nearby clusters may also benefit the prediction, but the influence of dif-

ferent nearby clusters may not be homogeneous. Therefore, we design an information

exchange mechanism, which is anisotropic (i.e., the information exchange is neither sym-

metric nor homogeneous) to allow the prediction modules leveraging information from

nearby clusters to enhance the prediction accuracy. We use different weights to combine

information from different nearby clusters. Furthermore, we develop a local updating
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Algorithm 3: The procedure of Motif-Aware Diffusion Network Inference (MADNI)
framework.

Input: The diffusion observation O
Output: The inferred network Â
InitializeM and ZM

while not converged do
Â← arg maxA

(
L(O|A)−R(ZM)

)
ZM ← P(Â,M)

end
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Figure 7.2: The penalty of different regularization functions, used in scale-free network inference,
on nodes with different degrees.
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strategy to expand the learning model so that new covariates can be incorporated and the

target variables with varying spatial dimensions can be predicted. Figure 7.3 illustrates

the procedure of our method.

7.3.2.1 Spatial Clustering

In order to achieve efficient training, as illustrated in Figure 7.3(a), we first group the

locations into several clusters and then build a recurrent prediction module for each clus-

ter: we can group the locations based on the spatial adjacency or mutual information

correlation. Assume we group N locations into g clusters and construct the adjacency

graph, G =< V,E >, |V | = g, for these g clusters. There might be multiple covariate

datasets collected in one cluster. Thus we use the LSTM [48] to extract the feature for

each covariate dataset d:

s
(d)
t = LSTM(x

(d)
t ). (7.3.10)

where s
(d)
t is the extracted feature from one data set x

(d)
t for predicting yt. In doing so,

we can model the complex interactive among locations within one cluster, as often they

are spatially close or semantically similar. We use the hidden state at the last time step as

the feature extracted from one dataset. Then we can aggregate the information from the

input data for each location:

h0
n,t =

∑
d∈Sn

s
(d)
t , (7.3.11)

where Sn is the set of datasets inputted into the n-th cluster.

7.3.2.2 Anisotropically-Connected Learning

In order to improve the prediction accuracy of predictive model for each cluster, we further

consider the mesoscale correlation between the clusters, i.e., the data in the nearby clusters

is also informative for predicting the target variable. As illustrated in Figure 1(b), we build

up a mechanism for exchanging the information among clusters by passing the message
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(d) Incremental Learning

-- New Cluster 

Figure 7.3: Illustration of the proposed MACL. (a) First, the locations are grouped into several
clusters based on the spatial adjacency. Then the mesoscale connectivity among the clusters is
constructed by linking the clusters with their K closest clusters. Section 7.3.2.1 shows the details
of spatial clustering and connecting procedure. (b) During the learning, the features of the data in
the same cluster and the state information from the neighborhood clusters are utilized to update
the state representation for prediction. The scenario that the state information is forwarded L =
2 times is illustrated. Section 7.3.2.2 shows the details of the formulations. (c) In a dynamic
environment, when incorporating new covariates in the existing cluster, only prediction modules
of the clusters within the distance of 2 need to be updated, i.e., training the modules in the dashed-
border box with new covariates via error back-propagation, avoiding the retraining of the entire
model. (d) In a dynamic environment, when the new covariates are collected in a new cluster, the
mesoscale connections are added and the local update is applied. Section 7.3.2.3 shows the details
of incremental learning procedure.
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to the neighborhoods:

ml
n,t =

∑
i∈Nn
Gn,i(hl−1

i,t ), (7.3.12)

where N n is the neighborhoods of cluster n and Gn,i(·) is the specific information map-

ping from cluster i to cluster n. Then we update the state of one cluster as:

hln,t = Fn([ml
n,t,h

l−1
n,t ]), (7.3.13)

whereFn(·) is the update function of cluster n. Note that if such message exchange could

be operated for L times, one cluster could receive the information from other clusters

within the distance of L . Finally, the output for target variable estimation is calculated

as:

ŷn,t = On(hLn,t), (7.3.14)

where On(·) is the output function for cluster n.

7.3.2.3 Incremental Learning

For timely expansion, we develop an incremental learning strategy based on the mesocale

connected structure developed above. The incremental learning strategy consists of the

following two steps.

Model Extension. We will introduce the extension strategies in the following two sce-

narios:

New Covariate From Existing Cluster. In the covariate expansion, i.e, a new covari-

ate dataset from the existing cluster is collected to facilitate the prediction, we learn a

new RNN for the new covariate as shown in Eq. (7.3.10). Then we could treat it in the

way as other covariates in this cluster and fuse all covariates for prediction, as shown

in Eq. (7.3.11). Figure 7.3(c) illustrates the procedure of adding new covariate from the

109



existing cluster.

New Covariate and Target Variable From New Cluster. In this case, as illustrated in

Figure 7.3(d), we first add this cluster into G and link this new cluster to other existing

clusters. Then we add and learn new LSTM model, message exchanging function, update

function, and output function for the new cluster.

Local Update. In both scenarios, only the nearest L step neighbourhoods need to be

updated, i.e., we fix the parameters in other modules while just train the modules of these

neighbourhood, which avoids the retraining of the entire model. Traditional RNN needs

to learn h2 +hN +hI parameters while our model just needs to learn (2h2 +hN +hI)/g

parameters, where g is the number of clusters. In the online update module, we just need

to learn (h2 + hN + hI)/g2 parameters for each influenced module. Thus our approach

achieves much faster training speed for new covariate and target variable, compared with

traditional RNN.

7.4 Experimental Evaluation

7.4.1 Fine-Scale Network Inference

7.4.1.1 Validations on Inferring Individual Level Diffusion

We first evaluate the performance of our framework in individual level diffusion network

inference using both the synthetic and real-world datasets. We measure the performance

in terms of Precision, Recall and F1 score [45].

Experiments on Synthetic Networks

In this part, we evaluate the performance of our framework on synthetic networks and cas-

cades. We first construct a synthetic network with N nodes and then generate C cascades

using the exponential diffusion model on the network as the observations [105]. In the
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proposed framework, the algorithm of NETRATE is employed to maximize
(
L(O|A) −

R(Z)
)
, where R(Z) is a fixed term. We choose NETRATE [105] as the baseline method,

because it explores the global convexity of the network inference problem.

Comparison with Baseline

We first evaluate the performance of the proposed framework on inferring the motif-

dense network, in which the network with certain motif patterns occurring frequently.

The motif-dense network is generated from a random motif network model, which enu-

merates all three-node combinations and assigns a specific motif to each combination

with a certain probability. Here we choose the feed-forward loop motif, i.e., Motif 5 illus-

trated in Figure 7.1(d), for our experiment, as it is a commonly observed motif in social

networks [86]. Figure 7.4(a) shows the Precision and Recall of the baseline method and

those of MADNI after different number of iterations. It can be seen that the proposed

framework achieves significant improvement over the baseline method with only one it-

eration, which validates the effectiveness of taking the motif into consideration when

inferring the structured networks. Furthermore, the performance of proposed framework

can be further improved after each iteration, and the learning procedure quickly converges

in only three iterations.

Performance Improvement with Random Edges

After having evaluated the performance of proposed framework on the motif-dense net-

work, we further test our framework on the networks consisting of both significant motifs

and random edges. Specifically, we generate the target network by combining a motif-

dense network with a random network. The proportion of random network is indicated

by a parameter ρ, where ρ = 0 indicates the completely motif-dense network, which is

used in our previous experiment; while ρ = 1 indicates the completely random network.

The F1 score improvement ratio of MADNI over the baseline method with varying ρ is

shown in Figure 7.4(b). Here the improvement ratio is defined as (F1m − F1b)/F1b,

where F1m is the F1 score of MADNI and F1b is the F1 score of the baseline method. It

can be observed from the figure that the improvement ratio increases along with the more
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Figure 7.4: Comparison result. (a) Performance (in terms of Precision and Recall) comparison be-
tween MADNI and the baseline NETRATE [105]. MADNI significantly outperforms the baseline
method with only one iteration. The performance of MADNI is further improved after each iter-
ation, and the learning procedure quickly converges in only three iterations. (b) F1 improvement
ratio of MADNI over the baseline method with varying proportion of random edges, ρ. MADNI
outperforms the baseline even if the target network is close to a random network (ρ = 0.9). When
the target network becomes more structured, i.e., ρ becomes smaller, the improvement ratio be-
comes more significant.
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significant motif pattern in the underlying network.

Adaptivity over Various Motif Patterns

In order to show that generalization of the proposed framework, we examine the per-

formance of our framework on inferring the networks with different types of frequently

occurred motifs. Specifically, we consider all the seven close connected triangle motifs in

this experiment. We generate the cascades using the Exponential and Rayleigh cascade

models (in which the transmission model f(tci |tcj, Aj,i) = Aj,i(t
c
i−tcj) exp−

1
2
Aj,i(t

c
i−tcj)2) [105]

and set ρ = 0.5. The comparison results are shown in Figure 7.5. MADNI consistently

performs better than the baseline over networks with different types of frequently oc-

curred motifs, which demonstrates the adaptivity of the proposed framework over various

motif patterns.

Experiments on Real-World Network

In this part, we evaluate the proposed framework on a real-world email communication

network of an European Research Institute consisting of 320 nodes and 3031 edges [67].

Similar to the synthetic experiment in Section 7.4.1.1, we generate C (= 1000, 4000,

10000) cascades on the network as the observation.

In this experiment, we compare the proposed framework with seven methods: NET-

INF [37], NETINF with community structure prior, NETINF with scale-free prior, NE-

TRATE [105], NETRATE with community structure prior, NETRATE with scale-free

prior, and CENI [51]. Here NETINF and NETRATE are classical network inference meth-

ods, community and scale-free structure are representative structural priors, and CENI

is a state-of-the-art network inference algorithm. We further consider employing NET-

INF to learn the diffusion network. Therefore, in this experiment, we name the methods

generated from the proposed framework as MADNI-I (corresponding to NETINF) and

MADNI-R (corresponding to NETRATE), respectively.

Table 7.4 lists the performance of aforementioned nine methods under different numbers

of cascades. The proposed methods outperform the other algorithms in all the situations,
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Figure 7.5: Performance (in terms of F1) comparison between MADNI and the baseline NE-
TRATE in (a) Exponential and (b) Rayleigh cascades on the synthetic networks with different
types of closely connected triangle motifs.

114



which indicates that the motif prior is powerful in characterizing the complex structure of

real-world networks.

Experiments on Real-World Cascades

In this part, we evaluate the performance of the proposed framework on a real informa-

tion cascade dataset, i.e., MemeTracker dataset [66]. MemeTracker collects the quotes

and phrases posted by the mass medium and Blog sites. This dataset contains 1.5 million

news articles and Blog from August 2008 to May 2009. The articles may include hy-

perlinks of their sources and thus the information propagation can be tracked by the flow

of hyperlinks. A site publishes a piece of information with a corresponding hyperlink.

Sites that receive this piece of information would publish similar information and link to

their sources. Thus a collection of hyperlinks with time stamps could be regarded as a

hyperlink cascade. We construct the hyperlink cascades from top 500 mass media and

Blog sites. The total number of cascades is 11262. Figure 7.6 demonstrates the motif

frequency of the real email communication network (Figure 7.6(a)) and the real Meme-

Tracker diffusion network (Figure 7.6(b)), the community structure of the email network

(Figure 7.6(c)) and the degree distribution of the email network (Figure 7.6(d)).

We test the performance of the proposed methods as well as NETINF, NETINF + Com-

munity structure, NETINF + Scale-free, NETRATE, and CENI with 4000 cascades and all

the 11262 cascades, respectively. As shown in Table 7.5, the proposed methods achieve

better results than other five algorithms, which demonstrates the effectiveness of modeling

the motif-prior in the network inference procedure.

Moreover, in order to analyze the running time of proposed framework, we further con-

struct the hyperlink cascades from top N,N ∈ {100, 300, 500, 1000, 3000, 5000}, mass

media and Blog sites, and run on the cascades dataset to infer the diffusion network. The

running time is shown in Table 7.6. As we have to infer N2 parameters with C cascades

on the diffusion network, the running time grows along with the network size and cascade

size in (N2C). The inference process could be finished in reasonable time.
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Table 7.4: F1 scores of different diffusion network inference methods in the real-world network
experiments

Methods Number of Cascades

C = 1000 C = 4000 C = 10000

NETINF 0.5675 0.8040 0.8333

NETINF + Community structure 0.5944 0.8041 0.8363

NETINF + Scale-free 0.6121 0.8044 0.8397

NETRATE 0.6636 0.7900 0.8350

NETRATE + Community structure 0.6385 0.7900 0.8351

NETRATE + Scale-free 0.6426 0.7901 0.8431

CENI 0.3390 0.8058 0.8517

MADNI-I 0.6287 0.8188 0.8464

MADNI-R 0.6685 0.7998 0.8600

Table 7.5: F1 scores of different diffusion network inference methods in the real-world cascade
experiments.

Methods
Number of Cascades

Sub (C = 4000 ) All (C = 11262)

NETINF 0.2414 0.3879

NETINF + Community structure 0.2425 0.3460

NETINF + Scale-free 0.2730 0.3800

NETRATE 0.2455 0.2608

CENI 0.2538 0.2873

MADNI-I 0.2746 0.3885
MADNI-R 0.2472 0.2959

Table 7.6: Running time of MADNI in inferring diffusion networks with different sizes on Meme-
Tracker dataset.

Network Size N 100 300 500 1000 3000 5000

Cascade Size C 1572 6748 11262 18958 34783 43066

Runtime (in second) 1.7 51.8 220.7 1480.7 23892.5 70592.5
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Figure 7.6: Network statistics. (a) The motif frequency of the real email communication network
and the real MemeTracker diffusion network. (b) Community structure of the email network. (c)
The degree distribution of the email network.
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7.4.1.2 Validations on Inferring Meta-Population Level Diffusion

We validate the performance of our framework in meta-population level diffusion us-

ing real-world epidemic data. We use the malaria incidence data in Tengchong, Yunnan

Province, China [154]. Malaria is transmitted from infected persons to susceptible per-

sons via female anopheles mosquito bites [82]. The malaria incidence at a given time

point is temporally related to the infections at the previous time points. Moreover, empir-

ical studies have revealed the effects of population movement on the spread of mosquito-

borne infectious diseases [115, 132], The intra-location transmission and inter-location

transmission lead to the spatio-temporal correlation of the disease incidences. However,

the disease diffusion routines are usually hard or even impossible to track. Therefore,

we need to infer the underlying diffusion network based on the incidences observed in

different locations. Tengchong is a county consists of 18 towns in the high risk of malaria

epidemic. This malaria dataset is collected from year 2005 to year 2011 and the inci-

dences in 18 towns are aggregated in months.

Since the underlying diffusion network is unknown, we validate the inference methods

in terms of the forecasting performance. When we aim to predict the incidences in one

year (e.g., 2009), we use the incidences in all previous years (e.g., 2005-2008) as the

training data. We can calculate the mean absolute value of the prediction error (MAE) as:

MAE =
∑T

t=1

∑N
i=1 |yi,t − ŷi,t|/(N ∗ T ) and the improvement ratio as

(MAEb −MAEm)/MAEb, where MAEm is the MAE of our method and MAEb as

the MAE of the baseline method. The performance of the baseline Poisson regression and

that of our method are shown in Table 7.7. Our method achieves averagely 20% improve-

ment compared with the baseline method. Figure 7.7 shows the motif counting matrices

of the inferred meta-population malaria diffusion network. Motif 4 appears much more

frequently in the inferred diffusion network, which indicates that there are several mutual

connected influential nodes. This result is consistent with the simulation result of geo-

metric network model, in which the interactions decay with distance between nodes [53].

118



Table 7.7: Mean absolute error (MAE) of forecasting on the real-world Malaria dataset.

Year Poisson
Regression

Poisson Regression +
Motif Prior

Improvement
Ratio

2009 2.2750 1.6831 26.02%

2010 1.6593 1.4585 12.10%

2011 1.1413 0.9111 20.17%

nz = 0 nz = 5 nz = 0

nz = 16 nz = 14 nz = 5

nz = 46

Figure 7.7: The dot plot of motif counting matrix for the inferred meta-population malaria diffusion
network.
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7.4.1.3 Validation on Relation of Motif Prior with Other Structure Priors

We investigate the generalization of motif prior by applying our method to estimating

the modular networks and the scale-free networks. We generate the random modular

networks with size N = 128 as the ground-truth networks. Figure 7.8 shows an instance

of the modular network as well as the inferred networks from our method in different

iterations. As shown in Figure 7.8, the modularity of inferred network increases in the

learning procedure, which indicates that by using triangle motifs (Motifs 1-7), our method

is capable of inferring diffusion networks with community structure.

We also generate the scale-free network using preferential attachment model as the ground-

truth network. Figure 7.9 shows the degree distributions of an instance of scale-free net-

work, the corresponding inferred network with log l1 norm and the inferred network from

our method. As shown in Figure 7.9, our method with exponential regularization function

and fan motif could also produce an inferred network with power-law degree distribution,

which is close to one inferred with log l1 norm.

7.4.2 Predictive Analytics with Mesoscale Interaction

In this section, we evaluate the proposed method in efficient training with large-scale

datasets and timely expansion with new covariates and target variables.

We use the traffic crowd flows data1 in Beijing from Jul. - Oct. 2013 [150] in 1, 024

locations. We use the inflow and outflow in the previous time steps to predict the inflow

of each location at the current time step. We use the data at the first 70% time steps for

training and the remaining 30% for testing.

We group the locations into 20 clusters and construct the connections between clusters

based on spatial coordinates. We link each cluster to K = 2 closest clusters. We mea-

sure the prediction accuracy using the rooted mean square error (RMSE): RMSE =

1
TN

∑T
t=1

∑N
n=1 ||ynt − ŷnt ||. We implement the models in Pytorch and conduct the ex-

1available at https://github.com/lucktroy/DeepST/tree/master/data
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100

Figure 7.8: Plot of modular networks and corresponding Q scores of the ground-truth network, the
inferred network in first interaction and the inferred network in final iteration. The modularity of
inferred network increases after refining by MADNI.

Figure 7.9: Degree distributions of the ground-truth network, the inferred network with log l1 norm
and the inferred network with fan motif in our framework. The scale-free property of the underly-
ing diffusion network can be mined by MADNI with fan motif. The slope of these three power-law
distributions are −1.6572, −0.9957 and −1.1022, respectively.
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periments on the cluster with CPU Core i7-4771 3.50GHz, GPU RTX 2070 and 32GB

Memory.

7.4.2.1 Evaluation on Efficient Training

We first show the importance of reducing the number of parameters on the fast learning.

Figure 7.10 shows the training time of LSTM model with varying number of hidden

units and parameters. We can see that the training time is quadratically related to the

number of hidden units and linearly correlated with the number of parameters. Thus,

reducing the number of parameters and number of hidden units can significantly reduce

the computation time of training LSTM.

Then we evaluate the efficiency of the proposed method. Figure 7.11 shows the training

time of our proposed model and LSTM (left) and the testing RMSE of different methods

(right). Without loss of generality, all the models are trained with SGD optimizer with

the same learning rate. Orthogonal to our work, there are some studies working on using

graph convolution neural networks to model spatial correlation [148], among which the

message passing network (MPNN) [33] is most similar to our model. In our method, we

set the information to be exchanged among clusters for 1 time (MACL-L1) and 2 times

(MACL-L2). The results show that our method is trained faster and converges quicker to

a better result than the baseline LSTM and the state-of-the-art MPNN. Comparing with

LSTM, our method decomposes the large-scale predictive task into several interactive

sub-tasks and trains a smaller model for each sub-task, which makes the models can be

trained easier. Comparing with MPNN, our method provides more flexibility in modeling

the heterogeneous connections by learning an unique weight parameter for each connec-

tion.

7.4.2.2 Evaluation on Timely Expansion

In this subsection, we evaluate the expansion in two scenarios: sequentially arriving new

covariates and target variables in new location.
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Figure 7.10: Running time of LSTM in 1,000 back-propagation iterations with varying numbers of
hidden units (a) and parameters (b). The number of parameters in 1-layer LSTM is 4h2 + 4hd,
where h is the number of hidden units and d is the input size.

0 200 400
0

20

40

60

80

# of hidden units

Tr
ai

ni
ng

tim
e

(s
) LSTM

MACL

0 200 400

20

40

60

Epoch

Te
st

R
M

SE

MACL-L1
MACL-L2

MPNN
LSTM

(a) (b)

Figure 7.11: Comparison results on training efficiency and effectiveness. (a) Comparison of training
time between LSTM and the proposed framework in 1,000 back-propagation iterations with vary-
ing number of hidden units. (b) Comparison of test performance among the proposed framework,
MPNN, and LSTM. In our methods, MACL-L1 exchanges the information among the clusters 1
time and MACL-L2 exchanges the information 2 times.
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First we test the effectiveness of incorporating new sequentially arriving covariates. We

partition the data of each region into 5 groups and input one group of data for each location

in certain epoch to simulate the sequentially arriving covariate data. Figure 7.12 (left)

shows the performance of our method with the sequentially updating way and that with

the batch updating. It can be observed from the experimental results that even in the

sequentially updating scheme, our model could achieve similar performance as the batch

updating version, in which all datasets arrive before the training.

Then we test the efficiency of timely updating when a new target location is explored. We

first train the entire network with all clusters except one. Then we expand the model to

incorporate this new cluster and we measure the performance of our method in predicting

on this new cluster. Figure 7.12 (right) shows the performance using the locally updating

strategy vs. the entirely updating strategy. The experimental result shows that the lo-

cally updating strategy produces better results in a shorter time than the entirely updating

strategy.
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Figure 7.12: Experimental result on dynamic environment. (a) The vertical bars indicate the epochs
in which one new covariate dataset is inputted. The performance of the sequential update version,
after it converges, is comparable to that of the batch update version. (b) New locations are added
for a trained model. In the entire update version, the entire network is updated after the new
location is added; while in the local update version, the partial network is updated. The local
update version achieves lower RMSE with shorter training time.
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The above results shows that the spatial mesoscale anisotropically-connected structure is

able to achieve fast local expansion and effective local update, without loss of perfor-

mance.

7.5 Summary

In this chapter, we presented a novel MADNI method, which mines the motif patterns of

the underlying diffusion network and incorporates the uncovered motifs into the network

inference procedure via a reweighted motif regularization. By taking the network motifs

into consideration, the proposed method achieves better performance than other structural

priors on both synthetic and real-world datasets. The experimental results show that our

proposed motif based method achieves better performance than those of other methods

that consider other structure priors, such as community and scale-free. Such improvement

may result from the expressiveness and flexibility of the motif structure, i.e., motif is

highly related to other well-known macro-scale network priors. We have further discussed

and validated such relation to demonstrate the expressiveness and flexibility of the motif

structure prior.

Then we introduced a novel method for learning with hidden mesoscale interaction in the

large-scale dynamic environment. The experimental results demonstrated that our model

can be trained faster than existing methods while achieving lower prediction error. More-

over, with the local updating and expansion strategy, our method is flexible to incorporate

new covariates and target variables of varying spatial dimensions.
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Chapter 8

Conclusions and Future work

This chapter concludes the thesis and suggests directions for future study.

8.1 Conclusions

Learning the complex, multi-scale dependency among spatiotemporal data is difficult in

PSTA, but its importance in tackling many real-world challenges is growing dramatically.

In this thesis, we addressed this challenge by answering the following key question: Given

a specific learning task and the corresponding dataset, how should one design an appro-

priate learning model and theoretically determine its desired configuration by analyzing

its learning behavior and quantifying its learning capacity so that the useful information

contained in the data can be effectively extracted to yield outstanding predictive perfor-

mance?

We comprehensively and systematically investigated this problem and offered a set of

solutions. Specifically, we tackled this problem from four key aspects: model design,

theoretical analysis, systematic validation, and practical applicability.

First, we presented our I2DRNN model to incorporate data from heterogeneous sources

and to use the hierarchical recurrent structure to characterize the complex spatio-temporal
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dependency on varying scales to make predictions.

Second, to provide a scientifically sound guarantee for the designed model, we introduced

an information-theoretic framework to prove I2DRNN’s learning capacity in a theoretical

manner and to analytically derive the necessary and sufficient configurations of I2DRNN

with respect to the given datasets.

Third, to demonstrate the effectiveness of the designed model and the correctness of

the information-theoretic analysis, we conducted a comprehensive validation of synthetic

datasets and real-world PSTA tasks with complex spatio-temporal dependency.

Fourth, to enhance the practical applicability of the designed model, we further explored

two challenging issues in practical PSTA, i.e., missing data and hidden interaction, and de-

veloped corresponding solutions for data imputation and hidden interaction mining.

More specifically, the main contributions of this thesis can be summarized as follows:

1. First, we developed a novel I2DRNN model that can explicitly model the multi-

scale dependency of spatio-temporal data. To leverage the multi-scale information,

the Input module of I2DRNN first incorporates data from heterogeneous sources.

The Hidden module of I2DRNN then processes the information in an interactive

manner between layers. Finally, the Output module of the I2DRNN integrates the

information from various scales to make predictions. By doing so, the developed

I2DRNN model can capture and quantify the integrative effects of heterogeneous

spatio-temporal data on various scales.

2. Second, we proposed an information-theoretic framework for model capacity char-

acterization. Specifically, the framework allows us to analyze the learning behavior

of I2DRNN by theoretically deducing the learning capacity of each component in

terms of capturing the multi-scale information. Based on quantitative characteriza-

tion of the model’s capacity to capture the multi-scale spatio-temporal dependency,

the proposed framework provides quantifiable guidance to answer an open question
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in deep learning: given a learning dataset, how should one determine the necessary

and sufficient configurations of a certain designed deep learning model to achieve

the desired learning performance?

3. Third, we systematically validated the effectiveness of the developed I2DRNN model

and the correctness of our information-theoretic analysis by designing and con-

ducting a series of experiments for a set of synthetic datasets with multi-scale de-

pendency and three representative real-world PSTA tasks with heterogeneous data

sources: disease prediction, climate forecasting, and traffic prediction. The exper-

imental results demonstrated the superiority of I2DRNN over existing models in

terms of its prediction accuracy on all datasets and PSTA tasks. We also analyzed

the learning behavior of I2DRNN by interpreting the multi-scale spatio-temporal

dependency captured by I2DRNN in a real-world context. Moreover, we validated

the correctness of our information-theoretic analysis by showing that the model

configurations that achieved the best performances always fell into the interval be-

tween the derived necessary and sufficient configurations on all datasets.

4. Fourth, we addressed the important issues of incomplete data and hidden interaction

in practical PSTA. For the issue of incomplete data, we developed a heterogeneous

neural metric learning method to estimate missing values via integration of het-

erogeneous covariates. We evaluated our method’s performance with a real-world

malaria data set. The results showed that incorporation of the underlying disease-

related risk factors allowed extra information on malaria transmission patterns to be

obtained and inference accuracy to be enhanced. For the issue of hidden interaction,

we presented the novel methods MADNI and MACL to extract the primitive mo-

tif structure and the mesoscale interaction of the hidden network, respectively. The

comprehensive experimental results showed that the MADNI method outperformed

the representative network inference methods that consider other existing structural

priors, while the MACL method achieved better prediction and lower training costs

than existing methods.
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In summary, this thesis represents an important effort to demonstrate a specific method to

design, analytically understand, and systematically validate an effective learning model

to capture the complex dependency among heterogeneous spatio-temporal data. We de-

veloped a comprehensive framework to learn complex spatio-temporal dependency in

real-world scenarios, as illustrated in Figure 8.1. More importantly, we provided quantifi-

able guidance for learning model architecture design and real-world decision support for

social good.

Heterogeneous neural 

metric learning

Interactively and 

integratively connected 

DRNN

Motif-aware and 

mesoscale anisotropically

connected learning 

Pre-processing

Predictive analytics

Post-analysis

Figure 8.1: Complete framework for learning complex spatio-temporal dependency developed in
this thesis.

8.2 Future Work

Following the work presented in this thesis, it is worthwhile to note the following possible

extensions:

1. Information capacity characterization of other representative deep architectures: In

this thesis, we presented an information-theoretic framework for quantitative char-

acterization of models’ capacity in spatio-temporal dependency learning. We ana-

lyzed the capacity of the classical RNN model and the proposed I2DRNN model.

Along this direction, we plan to extend the current study to other representative

deep architectures that can incorporate spatiotemporal data with other formats. For
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example, we will generalize the proposed information-theoretic framework to ana-

lyze the learning capacity of convolutional neural networks and graph convolutional

neural networks, which can incorporate spatial grid data and graph data, respec-

tively. By doing so, we expect that the generalization of the proposed framework

can provide a unified guideline for the design of deep learning models.

2. Restoration of data integrity in other real-world scenarios: In this thesis, we de-

veloped a heterogeneous neural metric learning method to infer missing data for

malaria transmission modeling. As discussed in the thesis, this method possesses

great potential for generalization to other PSTA tasks. Therefore, we plan to extend

our method to more applications with spatio-temporal data. Moreover, we plan a

theoretical analysis and systematic evaluation of the robustness of imputation and

the benefit to the downstream predictive analytics tasks.

3. Characterization of higher-order interactions in PSTA: In this thesis, we demon-

strated the effectiveness of the motif prior in characterizing the interaction network

structure. In fact, the basic motif patterns and the dynamic model of the nodes can

be further extended to capture more complex spatio-temporal patterns. Therefore,

we plan to generalize our study from closed triangle motifs to more complex motifs

and from a simple dynamic model to the I2DRNN to better describe the dependency

and communications among real-world spatiotemporal data.
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[22] K. Cho, B. Van Merriënboer, C. Gulcehre, D. Bahdanau, F. Bougares, H. Schwenk,

and Y. Bengio. Learning phrase representations using rnn encoder-decoder for sta-

tistical machine translation. In Proceedings of the 2014 Conference on Empirical

Methods in Natural Language Processing, pages 1724–1734, 2014.

[23] J. Chung, S. Ahn, and Y. Bengio. Hierarchical multiscale recurrent neural

networks. In The 5th International Conference on Learning Representations.

https://openreview.net/forum?id=S1di0sfgl, 2017.

[24] J. Chung, C. Gulcehre, K. Cho, and Y. Bengio. Gated feedback recurrent neu-

ral networks. In Proceedings of the 32nd International Conference on Machine

Learning, pages 2067–2075, 2015.

[25] J. Collins, J. Sohl-Dickstein, and D. Sussillo. Capacity and trainability in recurrent

134



neural networks. In The 5th International Conference on Learning Representa-

tions. https://openreview.net/forum?id=BydARw9ex, 2017.

[26] T. M. Cover and J. A. Thomas. Elements of Information Theory. John Wiley &

Sons, 2012.
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Disentangling factors of variations using few labels. In International Conference

on Learning Representations, 2019.

[80] A. C. Lozano, H. Li, A. Niculescu-Mizil, Y. Liu, C. Perlich, J. Hosking, and

N. Abe. Spatial-temporal causal modeling for climate change attribution. In Pro-

ceedings of the 15th ACM SIGKDD International Conference on Knowledge Dis-

covery and Data Mining, pages 587–596, 2009.

[81] G. Macdonald. Theory of the eradication of malaria. Bulletin of the World Health

Organization, 15:369–87, 1956.

[82] S. Mandal, R. R. Sarkar, and S. Sinha. Mathematical models of malaria-a review.

Malaria Journal, 10(202):10–1186, 2011.

[83] M. Mathieu, J. Zhao, P. Sprechmann, A. Ramesh, and Y. LeCun. Disentangling fac-

tors of variation in deep representations using adversarial training. In Proceedings

of the 30th International Conference on Neural Information Processing Systems,

NIPS’16, page 5047–5055. Curran Associates Inc., 2016.

[84] Y. Matsubara, Y. Sakurai, W. G. van Panhuis, and C. Faloutsos. Funnel: auto-

matic mining of spatially coevolving epidemics. In Proceedings of the 20th ACM

141



SIGKDD International Conference on Knowledge Discovery and Data Mining,

pages 105–114, 2014.

[85] S. A. McDonald, B. Devleesschauwer, N. Speybroeck, N. Hens, N. Praet, P. R.

Torgerson, A. H. Havelaar, F. Wu, M. Tremblay, E. W. Amene, and D. Döpfer.
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