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Abstract

Accurate spatial-temporal prediction of network-based travelers’ requests is crucial for the
effective policy design of ridesharing platforms. Having knowledge of the total demand
between various locations in the upcoming time slots enables platforms to proactively prepare
adequate supplies, thereby-increasing the likelihood of fulfilling travelers’ requests and
redistributing idle drivers to areas with high potential demand to optimize the global supply-
demand equilibrium./This_paper delves into the prediction of Origin-Destination (OD)
demands at a fine=grained spatial level, especially when confronted with an expansive set of
local regions. While this task holds immense practical value, it remains relatively unexplored
within the research community. To fill this gap, we introduce a novel prediction model called
OD-CED, which comprises an unsupervised space coarsening technique to alleviate data
sparsity and an encoder-decoder architecture to capture both semantic and geographic
dependencies. Through practical experimentation, OD-CED has demonstrated remarkable
results. It achieved an impressive reduction of up to 45% reduction in root-mean-square error
and 60% in weighted mean absolute percentage error over traditional statistical methods
when dealing with OD matrices exhibiting a sparsity exceeding 90%.

Keywords: Encoder-Decoder, Fine-grained Spatial Level, Origin-Destination Prediction,
Ride-sharing Platforms, Space Coarsening
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1 Introduction

Spatial-temporal processes have gained prominence in contemporary statistics and data
science, driven by its extensive applications across fields like climate modeling, traffic
management, public health surveillance (Wikle & Zammit-Mangion 2023). For instance,
dynamic Origin-Destination (OD) matrices are pivotal in quantifying the flow between
various spatial entities over time. However, analyzing and predicting OD matrices at a fine-
grained spatial scale involving numerous locations present significant challenges within the
research community (Zhang et al. 2021, Wang et al. 2019, Ke et al. 2021). Ride-sourcing
platforms such as Uber exemplify this complexity. When a city area is divided into N
locations, the OD demand flows during each time interval across these locations generate an
N x N matrix. This matrix illustrates the travel requests between any pair of spatial cells,
offering a fine-grained view of traffic movements. Such detailed OD matrices are crucialfor
developing more effective transportation strategies, as they provide comprehensive.micro-
level traffic insights, enabling precise traffic condition forecasts. However, the task of
predicting large-scale, fine-grained OD matrices introduces three key challenges:

Scalability. The OD matrix grows dramatically with the number of spatial divisions N. For
instance, analyzing traffic data across hundreds of locations can yield an @D matrix with
hundreds of thousands of flows. Addressing these large matricesrequires scalable prediction
models, a challenge that many advanced methods struggle with:zAs'spatial complexity
increases, scalability issues arise, including rising memory requirements and decreased
computational efficiency.

Data Sparsity. Adopting a fine-grained spatial approach-often leads to a decrease in average
demands at both individual locations and across flows, thereby heightening the issue of data
sparsity. In the ridesharing industry, segmented urban areas frequently exhibit near-zero
customer requests between distant or unrelated-locations for the majority of the time,
resulting in skewed OD demand distributions: This accentuates the challenges posed by
irregular traffic patterns and lessens the effectiveness of identifying and leveraging patterns
or group structures within OD data.

Semantic and Geographical Dependencies. Both semantic and geographical dependencies
play crucial roles in OD. prediction. Higher semantic dependence often leads to larger travel
demands. For instance, two locations such as a residential area and a business district may be
semantically correlated;-even if they are geographically distant. Conversely, geographically
adjacent cells are ' more likely to share similar traffic patterns due to similarities in their points
of interest (POIs)peven if the semantic dependency is weak in this scenario. However many
current prediction methods overlook these two dependencies, which can make their forecasts
less accurate.

1.1 Related work

OD data has been extensively studied by statisticians (Medina et al. 2002, Hazelton 2008, Ma
& Qian 2018), focusing on estimating OD matrices or understanding commuting and
migration patterns. We categorize these methods based on the data used.



One category employs data aggregation methods, which combines diverse sources like Call
Detail Records (CDR) (Calabrese et al. 2011), mobile cellular signaling data (Janzen et al.
2016), and check-in data (Fekih et al. 2021). Another category uses models like the gravity
(Pourebrahim et al. 2018) and radiation (Liu et al. 2020) models to link OD matrices with
factors like population, socioeconomic variables, land types, and distances.

Much research focuses on OD estimation, often using Bayesian modeling Vardi (1996).
Other methods include Bayesian inference (Tebaldi & West 1998), information-theoretic
approaches (Zhang et al. 2005), and feature reduction models (Lakhina et al. 2004), applied
in fields like internet anomaly detection (Papagiannaki et al. 2003).

This paper addresses OD forecasting, predicting future OD matrices based on historical data.
Traditional methods focus on OD estimation or matrix completion and are not suited for
forecasting. Models like ARIMA and Support Vector Regression (SVR) are limited due to
inefficiency and lack of spatial correlation capture. Advanced methodologies are needed,for
efficient predictions capturing spatial dependencies.

Existing computational OD forecasting methods generally fall into two distinct categories.
The first category conceptualizes the OD matrix as a single image and utilizes Convolutional
Neural Networks (CNNs) for capturing spatial-temporal closeness, asseentinsreferences (He
et al. 2016, Zhang et al. 2016, 2017, Ma et al. 2017, Liu et al. 2019). Arnotable advancement
in this category is the integration of Recurrent Neural Networks(RNNs)with CNNs,
enabling more effective capture of long-term spatial-temporalcorrelations. ConvLSTM (Shi
et al. 2015), initially developed for weather forecasting, has'notably achieved success in
traffic flow predictions. Further improvements include the integration of non-local modules
with ConvLSTM (Liu et al. 2019) and the introduction of a look-up convolution layer, termed
LC, for enhanced learning of time-series traffic.patternsy(Lv et al. 2018).

The second category, exemplified by (Wang et al. 2019, Zhang et al. 2021), approaches the
OD matrix as a fully connected weightedbidirectional graph, employing Graph Neural
Networks (GNNs) to discern dynamic.traffic patterns. Innovations in this category include
combining Graph Convolutional Netwoerks (GCNs) and CNNs to capture spatio-temporal
interactions, as in STGCN (Lu et‘ak,2020), and the development of multi-GCN architectures
(Chai et al. 2018, Geng et al. 2019, Lu et al. 2020). Techniques such as ASTGCN (Guo et al.
2019) and STGNN (Wangs=Ma,Wang, Jin, Wang, Tang, Jia & Yu 2020) incorporate spatio-
temporal attention for impreved GEN embedding, while SFGNN (Song et al. 2020) forms a
spatio-temporal fusion graph:Other notable approaches include the use of self-adaptive
adjacency matrices«(Wu et al. 2019), Adaptive Graph Convolutional Recurrent Networks
(Bai et al. 2020), and the STSGCN (Li & Zhu 2021) for learning dynamic spatial-temporal
correlations. However, a significant limitation of these methods, across both categories, is the
dramatic increase In spatiotemporal complexity as N grows, posing scalability challenges in
effectively handling large-scale OD matrices.

1.2 Contributions

To tackle the aforementioned challenges, we introduce a novel lightweight OD prediction
model called the Coarseing-E ncoder-D ecoder network for fine-grained O rigin-D
estination data (OD-CED). As shown in Fig 2, the OD-CED framework comprises two
primary stages:



* Preprocess Stage. We transform N fine-grained cells into M coarse-grained super-cells to
significantly reduce computational demands (M < N) while preserving the essential spatial-
temporal dependencies. Through a strategic two-step Label Propagation (LP) process, cells
exhibiting similar OD patterns are merged into larger clusters, thereby enhancing the
framework’s robustness against irregular traffic demands.

 Learning Stage. We utilize a hierarchical embedding architecture to capture semantic and
geographical dependencies. An encoder learns the representations of super-cells through a
multi-head self-attention network and the decoder predicts fine-grained cells by estimating
the similarity between each fine-grained cell and its corresponding super-cells.

In particular, the new method tries to address three critical questions: (Q1) How can we
reduce prediction errors for OD flows with typically non-zero values, given that the model
often yields sparse predictions due to the prevalence of zero values across most spatio-
temporal locations? (Q2) How can we accurately predict exceptional or extreme non-zere
demands, which may arise when fine-grained spatial divisions result in less evident periodic
patterns? (Q3) How can we utilize both semantic and geographic information to better
understand traffic patterns of OD demands? These questions drive the methodelogical
development outlined in Section 3.

The main contributions of this paper are as follows: (i) We are the first'to address large-scale
fine-grained OD prediction with extremely sparse data. (ii) We propose a novel method to
merge fine-grained cells into super-cells, reducing OD matrix'size'while maintaining
dependencies. (iii) We design an encoder-decoder model to capture global dependencies
effectively. (iv) We develop a permutation-invariant madule toslearn super-cell level
representations.

2 Fine-grained origin-destination data in‘ridesharing

In this section, we analyze two real-world industrial datasets collected from a ridesharing
company to highlight the challenges posed by fine-grained OD flows. In both datasets, each
day is divided into 24 one-hour, nen-overlapping time intervals, and the city area is
partitioned into N local regionssThedatasets record the number of customer travel requests
between each origin-destination (OD) pair within each time interval. Here, each OD flow
represents the total demand between two spatial locations per hour. Below is a brief overview
of the two datasets.

City-C: This anonymized dataset, released by the ridesharing company, contains historical
ride-hailing.orders,from November 1 to November 30, 2016, in City C. The urban area is
divided into 632"hexagonal cells, each covering approximately 1.2 square kilometers. The
dataset records hourly ride-hailing orders between any two cells. The sparsity ratio of City-C
i 99.15%.

City-S:. Collected internally from June 1 to November 30, 2021, this dataset spans a longer
duration (180 days) compared to City-C (30 days). In City-S, each local region covers
2.1km?, with 638 segments in total. The dataset exhibits a slightly lower sparsity ratio of
98.02%, indicating higher overall travel demand than City-C.



These datasets feature fine-grained spatial resolution, unlike traditional OD data that
aggregate flows over large, homogeneous city zones (e.g., residential, commercial, or
industrial areas). Figure 1 (b) and (d) illustrate the differences between coarse- and fine-
grained spatial divisions in City-S, with heatmaps of daily traffic outflow. Figure 1 (a) and (c)
present the corresponding OD matrices, highlighting the increased sparsity at finer spatial
scales.

Fine-grained partitioning significantly increases OD data sparsity by subdividing large areas
into smaller cells. For example, Figure 1 (e) shows high traffic volumes between a residential
area and industrial zones at a coarse level. However, when divided into finer cells (Figure 1
(f) and (g)), demand becomes fragmented, disrupting temporal periodicity and leading to
sparse traffic patterns. This poses significant challenges for traditional OD prediction
methods, which often rely on stable periodic trends.

The irregular traffic patterns in these datasets violate the assumptions of many conventional
statistical and deep-learning approaches, making it difficult to apply standard prediction
models effectively. Addressing the complexities of fine-grained OD flows requires novel
methodologies capable of robust learning and prediction under high sparsity and irregular
demand distributions.

3 Spatio-temporal prediction model

In this section, we present the detailed architecture of the OD-CED'model. As shown in
Figure 2, OD-CED comprises two main stages: the preprocessing stage and the learning
stage. In the preprocessing stage, we propose a novel non-parametric down-sampling method
to perform space coarsening, merging the original N fine-grained cells into M coarse-grained
super-cells to mitigate sparsity issues. In the learning stage, we introduce a novel OD
embedding module to capture both the in-flow and out-flow information of super-cells. We
design a specialized cross-shaped receptive field to precisely quantify the semantic
relationships among super-cells. The encader takes the concatenation of the learned OD
embedding and some external POl embedding as input to refine the representations of super-
cells, which are fed into the decoder along with a trainable embedding table of cells.

3.1 Problem statement
We first introduce some important notations and formally define the prediction problem.

« Cells. We divide the entire urban area into N non-overlapping hexagonal local regions,
referred to @§*cells?/denoted by G ={0,,0,,....9y } . The coverage area of each cell is
defined by its/center’s longitude, latitude, and cell radius.

« Super-cells. Super-cells are sub-regions formed by merging multiple cells together, where
the resulting regions have arbitrary shapes and share no common cells. The set of super-cells

obtained from G is denoted as S = {Sl, Syyeeer Sy } where M << N . We propose a novel space
coarsening method to perform the merging of cells to form super-cells.

+ OD Matrix. The cell-level OD Matrix at time slot t is defined as X, = (x, (i, j)) e R™",
where x,(i, J) € R represents the total traffic demand from cell i to cell j. Similarly, the OD



Matrix at the super-cell level is defined as X e R"*", representing the traffic demand
among the M super-cells at time slot t. For convenience, we define the series of OD Matrices
between time slot t, and t, asan OD tensor X, , =[X,, X ;... X, ]e R ™ ‘and

s
L+l

similarly, we let X;, =[X¢, X
OD tensor.

. X; ]e RM M) he the corresponding super-cell level

« POI Matrix. We categorize points of interest (POIs) into p different categories and
represent the POl information at the super-cell level using a binary matrix

P* =(p°(i, j)) e R™®. The matrix element p°(i, j) is equal to 1 if a POI of category j (such
as a restaurant or a cinema) is present in super-cell i, and 0 otherwise.

« Sparsity rate of OD Matrix. The sparsity rate of an origin-destination (OD) tensor
Xy, € RN N4 s the proportion of zero elements in the tensor, given by:

N N -4
ZZ Z H(Xi,j,t =0)
S = i=1 j=1 t=1 ’ (l)
N 2(tz _tl)
where I(x; ;, =0) is an indicator function that returns 1 if x ; is zero, and 0 otherwise.

The OD prediction problem involves forecasting the future OD demands X for the next

t+lt+7

7 time slots time slots based on past OD data X, 3.

3.2 Zero-Inflated Negative Binomial (ZINB) Distribution

In this study, we formulate the OD prediction problem in this paper as a non-parametric
estimation problem of zero-inflated negativebinomial (ZINB) distribution, as inspired by
Zhuang et al. (2022). As discussed‘in‘Section 2, Fine-grained OD data are often characterized
by significant sparsity, manifesting as an overabundance of zero counts. The ZINB
distribution effectively addresses zero inflation by integrating a new parameter with an NB
distribution. This integration allows the model to account for the excess zeros while capturing
the variability in the countdata. Formally, we assume that for each tand all t+1<s<t+r,
the conditional distributions of x (i, j) ’s given historical OD tensor X, _,.,, are independent

and each x.(i, j) follows a ZINB distribution

(i 1)+ (=7, 1) fye (00, §), p.GL ) %G 1) =0,

2
(L= D) fuo (G0 i, G 0,2, B))e %G ) >0, P

f g (Xs @, NI Xt—K+1,1) = {

Here, f,; denotes the negative binomial distribution characterized by shape parameters
n.(i, J) and p.(i, j), while z(i, j) represents the probability of an excess zero occurring.
The parameters (i, j), n.(i, j), and p,(i, j) are modeled as functions of the historical OD
tensor X, ., and are estimated using neural networks. This parameterization enables the



model to learn complex, non-linear relationships within the data, thereby enhancing its
capacity to handle the sparsity inherent in OD datasets.

3.3 Prepossessing

The preprocessing module is build upon the Label propagation method (Zhou et al. 2003)
and comprises four main steps: labeling, construction of transition matrices, propagation, and
cell merging. The motivation behind this module is rooted in the observation that only a few
cells exhibit high traffic volumes for most of the time, acting as “dense cells”. Meanwhile,
the majority of cells have extremely sparse traffic demands, interacting with only a small
fraction of these dense cells. Thus, each dense cell can be considered the center of a
community with the “sparse cells” in the same community being the most related oness A fter
space coarsening, we group each dense cell with nearby sparse cells that share close-traffic
relationships, forming the upper-level super-cell.

« Labeling. Given the historical OD data from time t =1 to time 7, we calculate a flow

T | N N
statistics f, = %‘12{2 X i +me} for each cell g,, which is the'mean Value of OD

t=1| j=1 k=1
flows associated with g, over the 7, time slots. We can obtain ‘. =[fy, fopr-- o fny]
satisfying f,, < f, <...<f, byre-ordering the N elements in 'k =[f, f,,..., f ]. Let g
be the cell corresponding to f;, for i=1,...,N . Basedon F_, the N cells can be divided into
two parts: the first N —M cells of F', which have near-zero volumes for all the in- and out-

flows, form a sparse set G, = {g(N_M),..., g(N)} , and‘the remaining M cells form a dense set

Gy ={Guy: - Yoy | » Which includes all the-dense cells.

We first assign a unique label to each of the M dense cells in G, such that any two of them
would not fall into the same community. The corresponding initialized labeling matrix of G,
is denoted by Y, =[Vy, ¥y, s Yot =1 € R™™ , where each y, is an one-hot labelling
vector for g, with only thed-thielement being 1. Since all the N —M “sparse cells” in G, are
unassigned to any community at the beginning, we initialize their labeling matrix as a zero
matrix Y, =0 i € R" ™. Thus, the initial labeling matrix Y° for all the N cells is the
concatenationef. Y, “and Y, , denoted by:

YO =[Y|T YUT]T Z[IT OT]T e RNVM. (3)

« Transition Matrices Construction. We introduce two transition matrices that represent the
probability of both cells j and i belonging to the same community from two different
perspectives. One is a semantic transition matrix T*™ e R"™ for measuring the traffic
connections among cells. Cells connected by large OD flows usually tend to share similar
traffic patterns, and are more likely to be categorized into the same community.



The other is a geographic transition matrix T % for capturing the geographic adjacency.
Based on the first law that everything is related to everything else but nearby things are more
related than distant things (Tobler 1970, Zhu et al. 2018), geographically adjacent cells
usually share certain kinds of common traffic patterns and it is reasonable to merge them

together. Thus, from the geographic perspective, the probability of g; belonging to the same

community with g; is defined as T.5° =1(dis(g;,9;) < I)/{Z]I(dis(gi,gj) <1)}, where dis
j=1

denotes the geographic distance between the centers of two cells and | is a pre-defined

threshold. In practice, we let | be slightly larger than twice the cell radius to make 'I]?f°

between g, and each of its six neighboring cells be 1/6 and others be 0.

This design ensures that each community contains only one dense cell. Dense cells,
representing urban residential, work zones, and entertainment venues in practice, exhibit
distinct traffic patterns, not only in volume but also in their phases, with obseryved.periadicity.
By avoiding amalgamating these cells into larger communities, which would consist,of
multiple dense cells, the design preserves the model’s ability to discern nuanéed traffic
patterns within the OD matrix. This configuration is essential for accurately capturing the
intricate dynamics of traffic flow within and between these communities.

« Propagation. Given the initial labeling matrix Y° and T*™ and T%° defined above, we
infer the labels of sparse cells through a five-step labeling propagation procedure as follows:

Step 1: Set Y**™ =Y° and Y®9° =Y°. Step 2: Labelling Update: For the n-th iteration,
Y™ =T MY " gnd Y™ =T %Y " Step 3: Label Fusion: Y" = aY "*" + BY ™% with
a+ B =1. Step 4: Reset the first M rows of Y " towbe @an identity matrix. Step 5: Repeat Steps
2 to 4 until convergence to obtain the labelling matrix Y =[Y,"Y]". Step 6: Apply row-wise

Argmax operator to Y to get the final clustering results Y .

Note that in Step 3, we set « = #=0.5"to/ensure that both semantic and geographical

transitions equally contribute tosthe labeling propagation, facilitating the convergence of the
algorithm.

In Step 4, to prevent merging.dense cells, we reset the first M rows of Y" to an identity
matrix at the end of each iteration. This ensures that each resulting community contains only

one dense cell. In Step 6, we apply row-wise Argmax to Y to obtain Y = (\fiyj) , Where
Y, =1(Y,; S MaXgy i, Yi) . This assigns each sparse cell to the community that is most
related to from both semantic and geographical perspectives.

+ Cell Merging. In this step, all the N cells are divided into M communities and each
community represents a super-cell. Based on Y , we can finally build the coarsened OD
tensor X, =X, %, Y x, Y e R" ™% of length 7, where x; denote i-mode product of

tensor X, . with matrix Y for ie{l,2}*. Thus, each flow in Xs, is the summation of a



group of OD flows in X, ;. , making ng0 much smaller in terms of the size of tensor, yet
much denser than X, ;. .

Our space coarsening module offers two advantages over traditional downsampling methods.
First, it retains the original traffic pattern by reducing dimensions at the cell level, unlike
methods like mean or max pooling, which can merge unrelated OD flows and alter the data
structure. Second, our method accounts for both geographic and semantic dependencies,
whereas traditional approaches often ignore semantic relationships among OD flows.

For example, in Figure 3 (b), g, and g, are geographically distant cells, yet they share

similar traffic patterns due to a common OD neighbor g, . Conversely, g, and g, are close

to each other, but their traffic patterns can differ significantly when there are few traffic
demands between them. Figure 3 (a) illustrates that some conventional spatial clustering
methods based solely on geographic relationships fail to merge g, with g., whereas our

method successfully groups them together by considering their high semantic dependence.

3.4 OD Embedding

We present a novel OD embedding module illustrated in Figure 4(b) to'learn feature vectors
for each super-cell, capturing both traffic flow and Point of Interest (POI) information. For

each super-cell s, , we define one origin matrix O, = X, (i;) &R and one
destination matrix D, = X, (-i,-) e R, where Oincludes all the coarsened OD flows
starting from s, and D, includes the ones ending at's,. We multiply O, and D, by two
weight matrices W° e R¢ and W¢ e R**?, respectively, to learn temporal representations,
leading to two embedded matrices O, =OW° e R and D, = DW* e R™** . Each row of
éi (or Iﬁi) is a d-dimensional feature vector, encoding the temporal information of the
corresponding coarsened OD flows related to”s, .

Let 6! e R® be the r-th row of Oy, d¥e R¢ be the r-th row of D., and

N, xd

Q:[ql,...,qu]T eR™

the similarity score bétween6! and q; and that between ci,i and q; as

be a setof N, randomly initialized learnable queries. We define

o __OMOLANS g O
rj Ny : N N ’

> exp(6;"q,) > exp(d,"q,)

k=1 k=1

respectively. A larger similarity score represents higher importance of 6! or dr‘ to the super-
cell s;. The final traffic flow representation of s; is defined as

M

Ng L M Ne
-85 $ 5 a0

r=1 j=1 r=1 j=1



which takes all the coarsened OD flows related to s; into consideration. By applying this
aggregation process to all the M super-cells, we can finally obtain a traffic feature matrix
B = [ecs)d,l’eSd,Z""’e;d,M ]T eRM™.

This design offers two main advantages. Firstly, the architecture entails a fixed number of
learning parameters. However, employing a simple aggregation method like a weighted sum

M . M AL
of all the related OD flows, such as e, ; = > w’6} + > w/d; requires 2M parameters. This
r=1 =1
leads to a linear increase in parameters with the number of cells, resulting in computational
inefficiency as the dataset grows.

Secondly, the aggregation process is permutation invariant such that the learned
representation of each super-cell depends solely on the traffic demands of all related QD
flows and remains unchanged regardless of their order in the input matrices (i, and“6. Thus,
re-ordering the M rows of the coarsened OD matrix does not change the value of the learned
feature vector when w° and w’ are provided. However, for the naive weighted sum, ifiwe

exchange any two rows of éi and 6i , then the output e, ; changes accordingly, which is
unreasonable.

To incorporate POI information, we multiply the super-cell level ROl'matrix P* e RM** by a

weight matrix W, ; € R” to get the POI representation E 4= PW,; € R™*, and the final

OD embedding for each super-cell is computed as E* £E5, %E>, € R".

poi

3.5 OD Encoder-Decoder

The OD Encoder-Decoder, depicted in Figure4(a), serves as the core learning module of the
proposed method. Utilizing the OD embedding E*, the encoder discerns geographical
dependencies among super-cells,sand itS output is subsequently fed into the decoder to derive
representations of fine-grained cells:

OD Encoder. The core of-the ODB-Encoder utilizes a multi-head self-attention (MHSA)
architecture (\Vaswani et al¢2017)."Each head assesses spatial-temporal similarities among
super-cells and refines their representations accordingly. By integrating information from
diverse representation subspaces, the multi-head design enhances expressive capabilities,
leveraging the low-rank and sparse nature of individual heads (Wang, Li, Khabsa, Fang &
Ma 2020).

We assume that all the h heads share the same architecture, but allow them to have different
parameters. For each head i e{l,...,h}, the input E® is projected by three weight matrices

WS e R, W e R™, and W/ e R™™ | respectively, to get Q ¢ = EWS",

Kig = EWST, and V, o = EWJT, where d, =d, =d, =L%J . Then, the output of the i-th

H H enc Qi E K|TE
head H, is given by H™ = softmax| —== |V, .

Jd



In this case, the j-th row of H™ represents a weighted sum of the rows in V, . , where the
weights correspond to the similarities between the j-th row of Q, . and the rows of K, ..

Subsequently, we multiply the concatenation of the h heads by a weight matrix
d

h| = [xd
W™ eR M to obtain the output MHSA(E®) =[H™,...,H*W?° of this MHSA module.

Specifically, we apply layer normalization (LN) to the input E® and utilize a residual block
design to enhance optimization efficiency (Narang et al. 2021). Therefore, the final

architecture of the MHSA module is as E* = MHSA(LN (E®))+E® and E* is then fed into a
feed-forward network (FFN) to get the final output E* = FFN(LN(E*))+E®". The FFN here
is simply a two-layer fully connected network with ReLU. E* ={¢;,é;,...,6}, | here encodes
pairwise semantic relationship between super-girds.

OD Decoder. The decoder utilizes a randomly initialized trainable embedding matrix
E? e R along with the output of the OD encoder E° to learn the representations of fine-

grained cells. Incorporating E° enables the OD-CED model to capture theTong=term
characteristics of fine-grained cells through end-to-end training with the entire dataset. The
decoder employs a Multi-Head-Cross-Attention (MHCA) module, which*measures spatial-
temporal similarities between super-cells and fine-grained cells, aggregating the embedding
of related super-cells to obtain the representation of the target fine-grained cell.

For each head i e{l,...,h}, we project E° with WQ"ff e R%“% to obtain the embedding
Q. = E°W;5° of fine-grained cells. Similarly, we projecti&* with W, e R** and
W, e R to obtain the embeddings V, , = EW\and K, , = E'W, of super-cells,

where d, =d, =d, :{%J . We then re-weight V; , using the similarity between K; , and

. KT
Q. to derive the output of the i-th head .H ™ = {Y ® softmax (MHVLD :

Jd

softmax(Q, , K/, //d ) e R™™ computes the similarity between the features of the N fine-

grained cells and those of the M super-cells. The Y €{0,13"*" from the Propagation step

indicates whether a fine-grained cell belongs to the same community as a super-cell, and its
dot product'with the.softmax term helps to downplay weak connections among cells.
Consequently, the‘representations of each fine-grained cell are influenced by its neighbors
within the same community.

h 9 xd
We then multiply the concatenation of the h heads with a weight matrix W e R M to get

the output MHCA(E®, E®) =[H*, ..., HF W=,

The residual mechanism, along with LN is applied, and the final representation E° of each
fine-grained cell g is obtained as follows,



EY = MHCA(LN(E®),LN(E*))+E® and E®=FFN(LN(E®))+LN(EY). (6)

The complexity of the OD Decoder is (N xM) =~ Q(N), as M is much smaller than N in

practice and can be ignored. This makes our OD-CED model more scalable and
computationally efficient compared to most existing OD prediction methods. Moreover, by

introducing the cell embedding table E°®, we eliminate direct computations at the original
fine-grained level, further reducing the computational complexity.

3.6 Optimization and Prediction

Using the spatial-temporal representations of fine-grained cells, denoted as E9 e R, and

super-cells, represented as ES e RM as input, we employ a neural network with linear
transformations and 1x1 convolutions to predict

{n.Q, j), p.(@, ), 7. (i, j);t+1<s<t+7,1<i, j < N} of the ZINB distribution as defined in

Section 3.2. The final optimization of the full OD-CED model parameterized with é.is'to
T

minimize the negative log-likelihood —Zlog(L(X

t=1

| xt—K+1,t;0)) ' Where

t+1,t+7

L(Xi10.0 | Xi_ks11) Is the conditional likelihood function of X, .. given X7, defined as
follows,

a N N - - - - - - - -
L(Xt+l,t+r | Xt—K+1,t) :HHH fZINB (Xs (I! J)' ns (I’ J)i ps('! J)!ﬂ—s(ll J)) (7)

s=1 i=1 j=1

Upon obtaining 6, we naturally obtain estimators<for.n.(i, j), p.(i, j), and 7z.(i, j) .

Subsequently, we utilize these estimators to predictithe future OD tensor X e RVN

t+1t +r

based on X. ., leveraging the expectation of the conditional mean as follows,

1

X _)—1)ﬁs(i,j) fore t%1<s<t +7 and 1<i, j<N. (8)
P, )

(1 1) =(

4 Real Analysis

In this section, we conduct comprehensive experiments on two fine-grained OD datasets
City-C and(City-Syas‘described in Section 2, to evaluate the proposed method. To better
illustrate the advantages of our approach in addressing the challenges mentioned in the
introduction, we compare OD-CED with a diverse set of baseline methods, including two
traditional statistical approaches—Historical Average (HA) and Linear Regression—four
convolution-based deep learning models—CSTN (Liu et al. 2019) and MRSTN (Noursalehi
et al. 2021)—and several representative GCN-based spatio-temporal graph models, such as
GEML (Wang et al. 2019), STGCN (Song et al. 2020), ASTGCN (Guo et al. 2019),
STSGCN (Li & Zhu 2021), STZINB-GNN, and STTD.

All models use the previous k =6 time intervals to predict the next one. For deep learning
methods, we employ the Adam optimizer with an initial learning rate of 0.004 (halved every



50 epochs), a batch size of 32, and a maximum of 100 epochs. The embedding dimension and
number of aggregation queries are set to d =64 and Q, =32, respectively. We partition each

city into M =60 super-cells—roughly one-tenth of the total number of fine-grained cells.
This proportion was not the result of extensive tuning; rather, it is an empirical, balanced
choice that preserves dense flows while keeping computation and memory within budget.
The embedding dimension in Section 3.4 was set to d =64, and the number of aggregation
queries to Q, =32. The initial learning rate was 0.004, halved every 50 epochs, with a fixed

batch size of 32.

Model performance is evaluated using three standard metrics: Root Mean Square Error
(RMSE), Weighted Mean Absolute Percentage Error (WMAPE), and Common Part of
Commuters (CPC). Following previous works (Liu et al. 2019, Yao et al. 2018), we compute
these metrics only over non-zero OD flows, as zero-demand entries carry no practical
meaning in real mobility systems. We adhere to the approach outlined in prior studies (Liu et
al. 2019, Yao et al. 2018) for computing the three metrics using non-zero OD demands., This
choice is motivated by the fact that flows with no traveling records hold no significance in the
ridesharing industry.

Because GCN-based methods explicitly construct localized spatio-temporal graphs where
each node corresponds to an O-D pair, their memory complexity grows-quadratically with
the number of cells. For our fine-grained datasets, this results in an adjacency matrix of size
679° x 6797, containing approximately 1.76x10" entries—requiring.over 350 GB of GPU
memory even under fp16 precision. Therefore, these GCN-hased'models can only be
evaluated on sampled subsets of the data, while all other'metheds, including OD-CED, are
trained and tested on the full datasets. The results onthe full datasets are summarized in
Table 1, and those for GCN-based approaches on sampled subsets are presented in Table 2.

Table 1 presents the prediction results of each compared method. OD-CED outperforms all
other methods in both datasets, with moressignificant improvement observed in City-S due to
its larger data size. The superior performance of OD-CED can be attributed to two key
factors. First, the space coarsening module effectively reduces computation costs and
addresses data sparsity by grouping,fine-grained cells into super-cells. Second, the OD
Embedding module and the Encoder-Decoder capture both pairwise semantic relationships
between regions and global.geographic patterns. HA consistently performs poorly as it
ignores data variations. Although'OLSR and LASSO show slight improvements over HA,
they fail to effectively Capture'the spatial characteristics of OD data, which are crucial for
accurate OD prediction (Wang et al. 2019). CSTN and MRSTN show a significant increase in
both wWMAPESs and RMSEs, leveraging CNNSs to extract spatial features. However, the
improvementin thessparser dataset City-C is much less significant compared to City-S. This
suggests that traditional CNNs are not well-suited for OD data, as there are no meaningful
relationships between spatially nearby OD flows in an OD matrix.

Table 2 further compares OD-CED with representative GCN-based models on the data
subsets where those methods can be executed feasibly. OD-CED consistently outperforms all
graph-based baselines across both datasets. Compared with STSGCN and ASTGCN, OD-
CED achieves substantial improvements in all three metrics, confirming its ability to capture
temporal dependencies and O-D structural interactions without explicit graph construction.
While GEML attains the second-best performance, its advantage arises mainly from its
hybrid architecture combining GNNs and skip-LSTM layers. Despite using over 30 times



more parameters, GEML’s WMAPE remains 29% higher than that of OD-CED, highlighting
the superior efficiency of our model. Recent variants such as STZINB-GNN and STTD,
which attempt to model zero-inflated distributions or temporal dynamics, also lag behind
OD-CED due to limited scalability and incomplete modeling of spatial dependencies.
Overall, these findings demonstrate that OD-CED’s unified encoder—decoder design
effectively integrates spatial semantics and temporal flow dynamics, achieving both higher
accuracy and stronger generalization across cities of different scales.

To further illustrate why OD-CED outperforms GEML in practice, we conduct a minor case
study comparing the prediction results of OD-CED and GEML for two randomly selected
days in City-C and City-S. Figures 5(a) and 5(b) depict the ground truths in the first column,
followed by the predictions of OD-CED and GEML in the subsequent columns. It’s observed
that OD-CED exhibits greater sensitivity to extremely large OD demands, leading to an
overall more accurate prediction outcome compared to GEML.

To highlight the training efficiency of OD-CED, we compare the training time,of€ach
method against its model size. Table 3 presents the computation time of each method.for one
training epoch on a V100 GPU. OD-CED is significantly more efficient than the otherfour
methods due to its lightweight design. Even the second-best approach, GEML, requires
roughly twice as much training time. Given the necessity for real-timgsmodel.updates in
dynamic platforms, the proposed OD-CED stands out as a practical cheice.

To further validate the robustness of OD-CED, we perform assensitivity analysis on the
number of super-cells M, which controls the granularity of Spatialicoarsening. The
corresponding results and discussions are presented in the supplementary material (see
“Sensitivity Analysis on the Number of Super-cells M.”).

5 Conclusion

In this paper, we propose a novel prediction medel OD-CED for large-scale fine-grained OD
data, while addressing three main challenges+We propose a novel space coarsening module
to group small fine-grained cells together to highly increase the computation efficiency and
preserve the data structure. The.QD Embedding module captures semantic and geographical
dependencies in a global waybased on a well-designed permutation invariant operator. At
last, a novel Encoder-Decoder isiintroduced to predict the fine-grained OD matrices by
utilizing the spatial-temparal information obtained in the coarsened space. Some empirical
results show that OD-CED can exhibit great improvement over existing methods, especially
when the OD data’is extremely sparse.



SUPPLEMENTARY MATERIAL

The online supplementary materials contain the following components:
 Supplementary.pdf (PDF File) : Additional definitions and extended experimental results.
« Code (ZIP files): python scripts for model training, prediction, evalutation.

« Data (folder): Simulated origin—destination matrices generated for model validation and
reproducibility.

* README (TXT): Documentation describing the folder structure, environment, and usage
instructions.

All materials are available at the JCGS supplementary materials webpage accompanying this
article.

Notes

! The n—mode (matrix) product of a tensor X e R">**!v with.a matrix U e R>" is
denoted by X' x, U and is of the size I, x...x1 ,xJ x| ., x. &4 Elementwisely, we have

In

(X%, U )il“.in,ljiml...iN = Z Xii, i i j -

ih=1
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Figure 1: (a) OD matrix for 297 selected cells in City-S; (b) outflow counts from,these cells
in (a) over a single day; (c) OD matrix for 1111 selected cells in City-S; (d) outflow counts
from these cells in (c) over a single day; (e) Temporal trends of an OD flow between
residential and industrial areas at a coarse-grained level, compared to fine-grained spatial
divisions in (f) and (g).
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Figure 2: The architecture’of OD=CED, consists of a Preprocessing Stage and a Learning
Stage. In the Preprocessing Stage, a space coarsening procedure is applied to adaptively
merge fine-grained cells into coarse-grained super-cells. In the Learning Stage, an encoder-
decoder networkds employed for coarse-grained encoding and fine-grained decoding.
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Figure 3: (a) Cell merging based on geographical closeness. Cells clustered together are
assigned the same color; (b) Directed OD flows between cells; and (c) Clustering result by
our method which jointly considers geographic and semantic dependence.
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Figure 4: (a) The main architecture of the OD Encoeder-Decoder module and (b) The
architecture of the OD Embedding module:



(]

o ° T ° o
: T E E o
% : , N = ; o § 25 " J . B>
RS . W e = e S N
g : g 2
15 15 15 (a)
g -10 § 10 8 10
§ -5 § -5 § -5
§ gt e 2
0 100 200 300 400 500 600 1] 100 200 300 400 500 600 /] 100 200 300 400 500 600
Ground Truth OD-CED GEML

= ) iy ° [re—
40 ‘ 40 |= 40

g g - - g -

s 2 30 g e k30 g o s 30

~ . ~ ¥ ”
) / X ,'/

& oA 20 % 27 20 20 b)
o o o

. : 10 e 10 \

§ *

: ~ 8 - \

g g g

o 100 200 300 400 500 600 o 100 200 300 400 500 600 o 100 200 300 400 500__ 6

Ground Truth OD-CED GEML ()

Figure 5: (a) The prediction results of the OD-CED and GEML fo Nov. 14); (b)
The prediction results of the OD-CED and GEML for City-S ( Dec.

X

&
OQ’Q
S



Table 1: Prediction performance of all the compared methods on the test data across City-C
and City-S, evaluated by Root Mean Square Error (RMSE), Weighted Mean Absolute
Percentage Error (WMAPE), and Common Part of Commuters (CPC).

City-C City-S
Method

WMAPERMSE|CPC |wWMAPERMSE|CPC

HA 0.813 |1.442|0.348|0.821 [1.435|0.355

OLSR |0.822 |(1.419/0.324/0.816 |1.351|0.333

LASSO |0.807 |1.424|0.359/0.813 |1.349|0.337

CSTN |0.782 |1.370(0.354/0.721 [1.217|0.451

MRSTN (0.788 (1.380|0.351/0.766 |1.253|0.464

OD-CED|0.411 |0.905(0.776/0.323 |0.740|0.889

Table 2: Quantitative comparison of OD-CED and representative GCN-based baselines

City-C City-S
Method

WMAPERMSE|CPC |(WMAPERMSE|CPC
GEML 0.645 (1.210/0.665|0.590 |1.095(0.715

STGCN 0.681 |1.337(0.488|0.596 |1.210|0.674

ASTGCN 0.682 |1.368(0.647/0.601 |1.052|0.688

STSGCN 0.663 |1.348|0.619|0.58340.972/|0.712

STZINB-GNN|0.701 |1.486|0.556/0.623 1.157|0.605

STTD 0.797 |1.420(0.337/0.797 |1.440/0.359

OD-CED 0.432 |0.958(0.791/0.341 |0.782|0.918

Table 3: Number of Parameters and Training time of one epoch for each compared method

CSTN | MRSTN |GEML STGCN|OD-CED

# of Params (in millions) |0.54M [0.67M [2.9M |1.6M [0.1M

Training Time (in seconds)|1222.13s5/1602.14s39.635(28.815(|22.12s
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