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Multi-level Attention Networks for Multi-step Citywide Passenger Demands Prediction






                              ABSTRACT
For the emerging mobility-on-demand services, it is of great significance for predicting passenger demands based on historical mobility trips to achieve better vehicle distribution. Prior works have focused on predicting next-step passenger demands at selected locations or hotspots. However, we argue that multi-step citywide passenger demands encapsulate both time-varying demand trends and global statuses, and hence are more beneficial to avoiding demand-service mismatching and developing effective vehicle distribution/scheduling strategies. And we find that adaptations of single-step methods are unable to achieve robust prediction with high accuracy for further steps. In this paper, we propose an end-to-end deep neural network model to the prediction task. We employ an encoder-decoder framework based on convolutional and ConvLSTM units to identify complex features that capture spatio temporal influences and pickup-drop off interactions on citywide passenger demands. We introduce a multi-level attention model (global attention and temporal attention) to emphasize the effects of latent citywide mobility regularities and capture relevant temporal dependencies. We evaluate our proposed method using real-world mobility trips (taxis and bikes) and the experimental results show that our method achieves higher prediction accuracy than the state-of-the-art approaches.

                                    CHAPTER-1
                                INTRODUCTION
Each public transport mode such as buses, trains, light rails, and ferries often plays an irreplaceable and integral role in the public transport system and operation of the city. How to design efficient and reliable public transport services is a fundamental and critical problem for cities. Estimating travel demand of various modes of public transit is a critical component to addressing the mentioned problem. Better demand forecasting allows one to better accommodate the public transit demand (e.g., provide sufficient service frequency and design stop/station spacing to reduce waiting, crowding, and improve the attractiveness of public transit services) and improve public transit service efficiency (e.g., efficient and effective routing and scheduling of transit services).However, the development stages/levels of different public transit modes in a city or region often differ. For instance, Figure 1(a) displays the proportion of stations for the four different modes collected from the Greater Sydney area. The number of bus stations is far more than the other three modes. Moreover, Figure 1(b) displays an example of the geographical distribution of some public transportation stations. Consistent with the proportions shown in Figure 1(a), the covered urban area by the bus stations covers those covered by stations of other public transit modes and the stations of these modes are distributed sparsely. The sparseness of the stations in relation to the train, light rail, and ferry, which often limits the accuracy of demand prediction. From the spatial view, the sparse distribution of stations lacks the features to characterize the local spatial dependencies among the stations. From the semantic view, with limited stations, it is harder to model correlations among stations sharing similar temporal patterns. Thus, we propose to utilize the rich demand data from buses to improve demand prediction for the other three modes considering that demand patterns of different modes may exhibit a certain level of similarity in the same or similar areas. On the one hand, the demand is influenced by the functions of the regions, thus the stations of different transportation modes could share similar demand patterns. On the other hand, near regions may have similar demand patterns which leads to analogous demand trends for various modes. This indeed inspires us to utilize the massive data from station-intensive modes (e.g., buses) to improve the demand prediction for station-sparse sources in our work.
In the literature, there has been a long line of studies in traffic data prediction. Traditional methods in the area employ time-series models such as Auto-Regressive Integrated Moving Average (ARIMA) and its variants for traffic flow forecasting .These models are less capable to take the non-linear temporal relations into ac-count. In recent years, deep learning models have been explored for capturing non-linear temporal dependencies to forecast the traffic demand. These methods mainly utilized Long-Short Term Memory (LSTM) and Gated Recurrent Unit (GRU) or temporal convolution module to capture the complex non-linear temporal dependencies. However, these methods only focused on one target transport mode with intensive stations/regions. It is hard for these works to handle station-sparse sources for precise pre-diction. And they were not able to explore the correlations among different transport modes which have great potential to improve the forecasting performance. Although Ye et al. co-predicted the demand of two transportation modes, their method requires the same level of region coverage for the sources, which lacks the applicability to predict the demand of station-sparse sources. In practice, since the development levels/stages of different cities and modes of transport are uneven, the sparseness of stations/regions for some modes may lead to less accurate and unsatisfactory demand forecasting. Different to all of these existing works, we focus on forecasting the demand of the station-sparse transportation modes and aim to boost the prediction accuracy by considering the demand patterns of different transport modes in one target city and adapting the knowledge learned from the station-intensive source to the station-sparse sources. To take advantage of the information from a station-intensive source for demand prediction in relation to station-sparse sources, this study proposes Memory-Augmented Multi-task Recurrent Network (MATURE) for station-level demand forecasting in the public transit systems. Specifically, a general multi-task learning framework is constructed for multi-mode demand co-prediction based on LSTM. To capture more accurate temporal correlations and enable the knowledge adaption, we further augment an external memory module to LSTM of each public transit mode for enhancing the ability to capture the long-and-short term information. The extracted temporal knowledge can be stored in the external module and shared by other transport modes that classic LSTM cannot achieve efficiently. After that, utilizing the stored in-formation in the memory module, we design a knowledge adaption mechanism consisting of a boost vector and an eliminate vector to drop the unnecessary features and decide which information should be adapted from the station-intensive transport mode to the station-sparse transport modes. By optimizing the sources jointly, MATURE is capable to adapt appropriate information from the station-intensive mode (e.g., bus) to station-sparse modes (e.g., train, light rail, and ferry) and thus improve the prediction performance of station-sparse transport modes. We validate MATURE on a large-scale real-world dataset collected from the Greater Sydney area including four types of public transport, i.e., bus, train, light rail, and ferry, where the bus contains much intenser information. The comprehensive comparisons with several state-of-the-art methods demonstrate the effectiveness of the proposed model.

                                  CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

Existing methods for passenger demands prediction have been focused on anticipating next-step passenger demands for a particular set of locations such as taxi stands, bike stations and hot spots. However, we argue that multi-step citywide passenger demands prediction is considerably more beneficial to nowadays MOD services due to the following two reasons. First, multi-step passenger demands indicate the varying demand trend, which is useful to avoid impulsive vehicle scheduling responses in the presence of temporary demand fluctuation. In contrast, short-term passenger demands prediction results are typically shortsighted and more likely to cause unnecessary vehicle scheduling back and forth. Second, the large volume of vehicles are widespread in the whole city. Citywide passenger demands are expected to encapsulate global statuses and hence are more informative in terms of achieving better vehicles distribution. Limitations of proposed is Intuitively, partial passenger demands in sub-areas are insufficient to generate an effective global solution to citywide vehicle distribution or scheduling.


2.1.1 DRAWBACKS OF EXISTING SYSTEM 
To achieve high prediction accuracy, different prediction models have been proposed, e.g., a hierarchical prediction model and a multi-similarity-based inference model, and a data stream ensemble framework that combines weighted time-varying Poisson model with the traditional ARMA model. Some works addressed the problem of predicting single-step citywide passenger demands.
As predicting citywide passenger demands can be viewed as a kind of spatiotemporal data prediction problem, prediction models for spatiotemporal data are also feasible to passenger demands prediction.

2.2. PROPOSED SYSTEM 
In this, the problem of predicting multistep citywide passenger mobility demands (i.e., pickup and drop-off) accurately. The key technical challenge of this problem is to deal with (1) complex spatio temporal influences on passenger demands, and (2) interactions between pickups and drop-offs. Specifically, passenger demands in a region are typically correlated with the demands in its surrounding region and the demands in a region could be affected by its statuses in previous time. We propose a novel multi-task multi-graph learning approach to enable the joint prediction of multi-modal ride-hailing demands as well as other spatial-temporal joint prediction tasks. 
Two multi-task learning methods, namely RCT learning and MLR learning, are proposed to share knowledge across the MGC networks for different prediction tasks.
We conduct extensive experiments on the actual ride-hailing dataset in Manhattan which contains both solo and shared ride services. 
We show that the proposed approach outperforms the state-of-art algorithms, and the use of multi-task learning structures can improve predictive accuracy indifferent spatial-temporal prediction tasks.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
In this paper, the pro-posed global attention model helps to disclose the impact of representative historical citywide demands on next-step city wide demands. 
As ARMA only explores temporal dependencies and VAR captures linear spatio interdependencies, the poor prediction performance indicates the limitations of using spatiotemporal features only. 
This demonstrates that global attention model is able to enhance multi-step prediction performance while can be easily incorporated into neural network models.







                                 

                               CHAPTER 5

CONCLUSION
In this paper, we study the problem of predicting multi-step city wide passenger demands. The   main technical challenge is to enforce the complex spatiotemporal influences, pickup-drop off interactions and latent citywide demand regularities into future prediction. We solve the problem by introducing a multi-level attention-based encoder-decoder deep learning approach. We employ convolutional and ConvLSTM units in both encoder and decoder. We learn global attention and temporal attention to emphasize the effects of representative city wide demand patterns and capture temporal dependencies on each-step prediction during the decoding phase. Our experiments on two real-world datasets (taxi and bike mobility trips) demonstrate that our proposed approach out performs the state-of-the-art prediction approaches and the multi-level attention model can effectively improve the accuracy for multi-step prediction.
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