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S1. Input features to DQN
Table S-1 describes the input features to DQN, collected from both global and local observations, to reflect the comprehensive status of the simulator. Inspired by (Oda & Joe-wong, 2018), the global inputs consist of six features, indicating the bike and slot availabilities and locations of rebalancing vehicles across all grids, as well as the future demands. The first five features could be directly processed from the observed states. The last feature is calculated via a neural network based predictive model, detailed in S2. The global observations have therefore six stacked feature planes with size  (aligned with the gridded service region in Section 4.1.), where each pixel in the plane corresponds to a feature of that grid. The local inputs consist of 13 features, depicting the time information as well as the relative location information observed within the reachable area of a rebalancing vehicle in a timeslot. The local observations have therefore 13 stacked feature planes with size  (aligned with the reachable stations defined in Section 4.2.1.). The global and local inputs will be processed by a convolutional neural network described in S3.

Table S-1. Representations of the system in the input layer of the neural network.
(A) The global observation inputs with plane size  depict the observation from global system’s perspective.
	Input
	Feature
	Number of planes
	Description

	Global
	Bikes in rebalancing vehicles
	1
	Number of bikes carried by a rebalancing vehicle in this grid; otherwise filled with 0

	
	Slot in rebalancing vehicles
	1
	Number of slots in a rebalancing vehicle in this grid; otherwise filled with 0

	
	Future rebalancing vehicles
	1
	Number of available rebalancing vehicles assigned to visit in this grid in the next time slot

	
	Bikes in stations 
	1
	Number of bikes parked in the station in this grid; otherwise filled with 0

	
	Docks in stations 
	1
	Number of docks in the station in this grid; otherwise filled with 0

	
	Future demands
	1
	Predicted number of net demands in the station of this grid in the next time slot



(B) The local observation inputs with plane size depict the time information and observation from a rebalancing vehicle’s perspective.
	Input
	Feature
	Number of planes
	Description

	Local
	Day of month
	2
	Constant planes filled with sine/cosine of the day of the month

	
	Day of week
	2
	Constant planes filled with sine/cosine of the day of the week

	
	Minute of day
	2
	Constant planes filled with sine/cosine of the minute of the day

	
	Position 
	1
	The center is filled with 1 to indicate the position of this rebalancing vehicle, otherwise filled with 0

	
	Global coordinates 
	2
	Constant planes filled with normalized horizontal/vertical coordinates of this rebalancing vehicle from the global aspect

	
	Local coordinates 
	2
	Constant planes filled with normalized horizontal/vertical coordinates of this rebalancing vehicle from the local aspect 

	
	Distance 
	1
	Distance from other grids to the center 

	
	Legal map
	1
	Filled with 1 if this grid has installed a bike station and has not been assigned to visit by other rebalancing vehicles, otherwise filled with 0



S2. Demand prediction model
We employed Divvy’s historical trip data to train a demand prediction model to assist in DQN’s Q-value estimation and therefore reducing the errors in such estimation. The predictive model is based on neural network adopted from (Burda et al., 2018) and it generates future demand features for global inputs, which is a preparatory step before the learning process of DQN in Section 4.2.3.  Similar to the DQN architecture, we implemented a convolutional neural network (CNN) but with less layers to process BSS features for this demand prediction model (Ke et al., 2019; Oda & Joe-wong, 2018; Qiao et al., 2021). It outputs the approximation of the next hour’s demands  across stations.  Specifically, the CNN architecture of the prediction model is presented in Fig. S-1. The input layers comprise nine stacked matrices while each matrix has a size of , which conforms to the gridded service region of BSS. The nine input layers include (1) the actual demand at each station in the previous timeslot (one layer), (2) the inventory level of the stations (the number of bikes and docks, respectively) (two layers), and (3) the time information (the sine and cosine for the day of the month, the day of the week, and the hour of the day, respectively) (six layers). The input layers first convolve two 3×3 filters with 64 and 128 dimensions, respectively. This is followed by another two filters, one of 1×1 size with 64 dimensions, and the other of 1×1 size with a single dimension. Finally, the layer  feeds to two dense layers, which contain 4096 and 2601 units each. The final layer with 2601 units is reshaped to a matrix with size 51×51, where each pixel represents the expected net demand value in the corresponding grid for the next timeslot. 
[bookmark: _Ref68924137][bookmark: _Toc71995832][image: ]Fig. S-1. Convolutional neural network architecture for demand prediction.
We trained the prediction model using Divvy's third quarter data in 2018 (three months). The training process and training data are independent from the held-out data employed for DeepBike training and testing. This separation prevents the DeepBike training data from leaking to prediction model to ensure the DeepBike model learns to generalize instead of memorizing the training data patterns. Prediction model is trained in a supervised manner where the net demand of the subsequent timeslot served as the ground truth. The loss function is set to be Mean Square Error (MSE) while the optimizer is Adam (Kingma & Ba, 2017). All layers were activated by the commonly used rectified linear unit (ReLU) activation functions. We reserved the first three weeks of each month for training, and the final week for validation. The validation results reached an accuracy of 92.07 %.

S3. Processing the DQN
DeepBike model aims to estimate the Q-values of rebalancing actions given the collected features. Given the complexity of spatial-temporal features, we leveraged the convolutional neural network as inspired by (Silver et al., 2016). As shown in Fig. 3, two channels of inputs described in S1 are passed through the convolutional layers and fully connected layers to nonlinearly estimate the Q-values. The global observation inputs firstly utilized average pooling with the pool size of 2, to down-sampling feature planes. This extracts the low-level feature representation so as to reduce the computation complexity (Goodfellow et al., 2016). Then the first and second hidden layers convolved the filters of size  with the dimensionality of 64 and 128, respectively. Both layers used exponential linear unit (ELU) activation. Likewise, the local observation inputs entered the convolutional layers, which have 64 filters of size  and ELU activation. Convolved global and local observation inputs were stacked and then entered two convolutional layers with 64 and 1 filters of size . The final output layer is composed of  units, configured into a two-dimensional Q-value table of size . 
S4. Detailed vehicle routing trajectory results
We illustrate the trajectory results of 16 rebalancing vehicles under different rebalancing strategies on a selected representative day (Tuesday, Sept. 24th, 2019) to reflect their rebalancing patterns, from Fig. S-2 through S-5.
[image: ]
Fig. S-2. An illustration of routing trajectory under DeepBike strategy on Tuesday.
[image: ]
Fig. S-3. An illustration of routing trajectory under LDD-MIP strategy on Tuesday.
[image: ]
Fig. S-4. An illustration of routing trajectory under GOAH strategy on Tuesday.

[image: ]
Fig. S-5. An illustration of routing trajectory under Greedy strategy on Tuesday.
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