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PAPER

Modelling Behavior for the Optimization of Mobile 
Interactions and Supply–Demand Alignment 
for Sharing Economy Platforms

ABSTRACT
Shared mobility platforms rely on mobile terminals to support large-scale service sched-
uling. However, the limited computational resources of mobile devices and the reliance of 
existing approaches on trajectory data alone have resulted in insufficient demand percep-
tion accuracy and elevated supply–demand matching latency, primarily because dynamic 
user interaction behaviors have been overlooked. To address these limitations, a progressive 
and integrated framework encompassing mobile sensing, behavior modeling, and edge- 
assisted matching was developed to enable fine-grained user behavior modeling and real-
time supply–demand optimization in shared mobility environments. Mobile interaction 
entropy and conditional interaction entropy were introduced to quantify the degree of oper-
ational disorder and the temporal regularity of user behaviors, respectively. A lightweight 
dual-stream attention network was designed to fuse trajectory-based spatial features with 
interaction-behavior features, thereby facilitating accurate short-term travel demand pre-
diction. A weighted loss function was incorporated to strengthen the fitting performance of 
difficult-to-predict scenarios. Within an edge computing architecture, dynamic contextual 
matching criteria were established through online metric learning with positive-definite con-
straints, while locality-sensitive hashing was employed to accelerate candidate retrieval and 
achieve millisecond-level supply–demand matching. Furthermore, a closed-loop edge–cloud 
collaborative updating mechanism was developed to balance local environmental adaptabil-
ity with global model generalization.
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1	 INTRODUCTION

The widespread adoption of mobile intelligent terminals has accelerated the rapid 
expansion of sharing-economy services [1–3], including shared mobility services 
[4, 5] and on-demand delivery platforms [6]. Platform operations have increasingly 
been centered on user interaction, state perception, and service dispatching through 
mobile devices. Consequently, the massive scale and highly dynamic nature of  
supply–demand interactions have imposed more stringent requirements on the time-
liness and accuracy of platform scheduling. At present, shared-service dispatching 
systems remain largely dependent on cloud-centric centralized computing architec-
tures. However, mobile terminals are inherently constrained by limited computa-
tional resources, energy sensitivity, and restricted communication bandwidth. Under 
such conditions, processing paradigms based on long-distance data transmission and 
centralized cloud inference [7, 8] have been found to be insufficient for satisfying the 
low-latency scheduling requirements associated with highly concurrent service envi-
ronments. Furthermore, supply–demand decision-making mechanisms implemented 
by existing platforms are primarily driven by the mining of user travel demand from 
global positioning system trajectory data alone [9, 10]. Dynamic interaction behaviors 
generated on mobile devices, including clicking, page refreshing, and vehicle-type 
switching, are generally overlooked. As a result, latent demand characteristics, such 
as waiting anxiety and decision uncertainty, cannot be effectively represented, 
thereby increasing the likelihood of demand estimation errors and matching failures.

Substantial progress has been achieved in recent years in the areas of mobile behav-
ior analysis, travel demand prediction, and supply–demand matching. Nevertheless, 
significant limitations remain in the practical deployment of these approaches within 
mobile shared-economy environments. From the perspective of user behavior mod-
eling, existing mobile behavior analysis methods have primarily focused on general 
human–computer interaction scenarios [11]. Dedicated quantitative frameworks 
capable of characterizing the transient and irregular operational patterns observed 
in shared mobility services have not yet been fully established. Consequently, tempo-
ral dependency relationships embedded within user behaviors cannot be adequately 
captured. In addition, spatial trajectory information and dynamic interaction behav-
iors are commonly modeled independently, resulting in the loss of intrinsic correla-
tions between these complementary information sources and limiting the accurate 
identification of uncertain travel demand [12]. From the perspective of demand pre-
diction, mainstream multimodal deep learning models are often characterized by 
complex network architectures and substantial inference overhead, rendering them 
unsuitable for deployment on resource-constrained mobile terminals. Moreover, 
refined fusion mechanisms specifically designed for temporal interaction behavior 
features remain insufficiently explored. As a consequence, model adaptability to rap-
idly changing operational environments remains limited [13–15].

From the perspective of supply–demand matching, conventional matching algo-
rithms generally rely on fixed distance metrics [16, 17]. Such static criteria cannot 
adapt effectively to dynamic spatiotemporal variations in traffic conditions, ser-
vice capacity distribution, and user demand patterns. Furthermore, centralized 
matching architectures are frequently associated with excessive communication 
and inference delays, making it difficult to satisfy the millisecond-level real-time 
scheduling requirements of large-scale platforms. From the perspective of edge-side 
data processing, most existing studies have not optimized data transmission mech-
anisms for mobile devices [18, 19]. Raw sensing data are typically uploaded directly 
to remote servers, resulting in substantial redundant transmission overhead. 
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Consequently, terminal energy consumption and communication resource utiliza-
tion are significantly increased, which is inconsistent with the fundamental design 
principles of lightweight mobile computing systems.

To address the aforementioned limitations, a series of methodological innovations 
is developed around mobile behavior quantification, feature fusion, dynamic match-
ing, retrieval acceleration, and system-level optimization. Mobile interaction entropy 
and conditional interaction entropy are introduced as quantitative metrics to enable 
accurate characterization of interaction irregularity and temporal behavioral patterns 
in shared mobility environments. A lightweight dual-stream attention network is 
designed to facilitate the adaptive fusion of multimodal features derived from spatial 
trajectories and interaction behaviors, thereby improving demand prediction accu-
racy while maintaining strict control over model complexity and inference overhead. 
A dynamic contextual matching criterion is established through edge-based online 
metric learning, and positive-definite matrix constraints are incorporated to overcome 
the limitations of conventional fixed-distance metrics in dynamically evolving travel 
scenarios. Furthermore, a hashing-based retrieval strategy compatible with dynamic 
metrics is introduced to substantially reduce matching complexity, thereby enabling 
millisecond-level real-time matching at the network edge. An end–edge–cloud collabo-
rative closed-loop optimization architecture is constructed to simultaneously preserve 
local contextual adaptability and global model generalization capability, ensuring sta-
ble long-term system evolution and continuous performance enhancement.

2	 METHODOLOGY

2.1	 Overall system architecture

To address the challenges associated with resource-constrained mobile termi-
nals, highly dynamic user demand, and real-time supply–demand matching in 
sharing economy environments, an integrated hierarchical framework is developed 
that progressively incorporates mobile terminal sensing, behavior modeling, and 
edge-enabled matching. In addition, a collaborative end–edge–cloud closed-loop 
feedback mechanism is introduced to support continuous system adaptation and 
optimization. The proposed architecture is designed through a layered optimiza-
tion strategy that explicitly addresses the constraints encountered throughout the 
entire mobile service lifecycle. At the mobile terminal layer, lightweight acquisition, 
temporal synchronization, and compressed preprocessing of multisource behav-
ioral and sensing data are performed to minimize terminal energy consumption 
and communication overhead at the data source. At the behavior modeling layer, 
dynamic interaction irregularities exhibited by users are quantitatively character-
ized. By integrating dual-modal information derived from spatial trajectories and 
interaction behaviors, accurate modeling and intensity prediction of time-varying 
travel demand are achieved. At the edge matching layer, an adaptive contextual 
matching criterion is established through online metric learning, and low-latency 
intelligent dispatching is realized through the integration of efficient retrieval 
algorithms. Furthermore, a closed-loop optimization mechanism combining local 
incremental updating at edge nodes with global parameter calibration in the cloud is 
incorporated. Through this design, dynamic adaptation to regional operational con-
texts is preserved while maintaining strong global model generalization capability. 
Consequently, the integrated objectives of lightweight and low-overhead operation 
on mobile terminals, highly responsive scheduling at edge nodes, and high-accuracy 
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supply–demand matching across the entire service network are simultaneously 
achieved. The overall technical architecture is illustrated in Figure 1.

Fig. 1. Progressive integrated architecture for mobile terminal behavior sensing and supply–
demand matching

2.2	 Layer I: Lightweight multisource data acquisition and preprocessing 
on mobile terminals

This layer serves as the sensing foundation of the overall framework, where 
synchronized acquisition, temporal calibration, and lightweight preprocessing of 
multisource heterogeneous data are performed. The primary objective is to ensure 
that data collection and transmission remain compatible with the energy and 
bandwidth constraints of mobile terminals. To achieve this objective, embedded 
lightweight data acquisition modules are deployed within both user-side and service- 
provider-side mobile applications. Three categories of information are synchronously 
collected at a fixed sampling frequency of 10 Hz: touch interaction events, terminal 
sensing states, and application runtime logs. Through this design, user operational 
behaviors, spatial mobility states, and service interaction processes are comprehen-
sively captured. To address temporal misalignment and random noise commonly 
present in raw sensing data, noise reduction is performed using a Kalman filter-
ing algorithm, while temporal synchronization across heterogeneous data sources 
is achieved through a global timestamp alignment mechanism. Subsequently, stan-
dardized dynamic user behavior sequences are constructed using a sliding time- 
window strategy. The resulting sequence is defined as:

	 Su(t) = {(e1, t1, s1), (e2, t2, s2),…}	 (1)

where, ek denotes the event type associated with the k-th terminal interaction, 
tk represents the corresponding occurrence timestamp, and sk denotes the sensing- 
state vector composed of geographic coordinates, movement velocity, and device 
orientation. Collectively, these variables provide a comprehensive representation 
of users’ temporally evolving travel behaviors. To avoid the communication redun-
dancy and excessive energy consumption associated with direct transmission of raw 
sensing data, window-based aggregation and differential encoding compression are 
performed locally on mobile terminals. Redundant information is eliminated by 
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aggregating repetitive temporal features within each window and encoding only the 
differences between consecutive observations. As a result, the volume of uplink data 
transmission is substantially reduced. While preserving the integrity of behavioral 
sequence representations, the computational burden, device energy consumption, 
and communication overhead imposed on mobile terminals are effectively mini-
mized. Consequently, high-quality and low-overhead data inputs are provided for 
subsequent behavior quantification modeling and real-time matching at edge nodes.

2.3	 Layer II: Behavior modeling and demand prediction based on mobile 
interaction entropy and a dual-stream attention network

In shared mobility environments, decision uncertainty and waiting anxiety fre-
quently induce irregular interaction behaviors. Such latent demand characteris-
tics cannot be effectively captured through conventional trajectory data alone. To 
quantitatively characterize the degree of interaction irregularity and the dynamic 
evolution of user behaviors, a two-dimensional interaction entropy quantification 
framework is established based on fixed-length sliding time windows, thereby 
enabling a fine-grained mathematical representation of user behavior. Within the 
time interval [t-Dt, t], the occurrence frequencies of different interaction events are 
first calculated. The degree of behavioral disorder within the current window is 
then measured through mobile interaction entropy, which is defined as:

	 H t p t p t
u
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( ) ( ) ( )
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�
� log 	 (2)

where M denotes the total number of interaction event categories supported by 
the platform, and pi(t) represents the probability of occurrence of the i-th interac-
tion event within the current time window. Although mobile interaction entropy 
effectively characterizes the static distribution of interaction behaviors, temporal 
dependency relationships among successive events cannot be captured. To address 
this limitation, conditional interaction entropy is further introduced to quantify the 
dynamic dependencies and behavioral transition patterns embedded within inter-
action sequences. Conditional interaction entropy is formulated as:
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where, qj,i(t) denotes the joint probability that an interaction event of type j is 
immediately followed by an interaction event of type i within the current time 
window, and L is equal to the total number of event types. The two entropy mea-
sures are subsequently concatenated and fused to construct a user-specific behav-
ioral feature vector capable of simultaneously representing interaction irregularity 
and temporal behavioral evolution.

User travel behavior is characterized by two heterogeneous modalities, namely 
spatial mobility trajectories and terminal interaction behaviors. Dynamic travel 
demand cannot be comprehensively represented through single-modality feature 
modeling alone. To address this limitation, a lightweight dual-stream attention 
network is constructed, in which feature extraction is performed independently 
for the spatial trajectory stream and the interaction behavior stream, while adap-
tive cross-modal fusion is achieved through a cross-attention mechanism. Owing 
to its compact architecture, the proposed model can be effectively deployed under 
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the computational constraints of resource-limited mobile terminals. For the spatial 
stream, the urban road network is partitioned into uniform grid cells of 200 m × 200 m. 
User location coordinates recorded at different time steps are mapped onto the 
corresponding grid cells, resulting in a spatiotemporal feature tensor defined as 
X
u

spatial T N
gÎR

× ×2. A lightweight graph convolutional network is employed to capture 
spatial correlations within the road network and the spatiotemporal mobility pat-
terns of users. For the interaction behavior stream, discrete interaction events are 
transformed into unified embedding representations, generating a temporal feature 
sequence X

u

act T d
eÎR × , where the embedding dimension is set to (de = 64). A lightweight 

Transformer architecture consisting of only two encoder layers and four-head 
self-attention is adopted. Through this design, temporal behavioral dynamics can be 
effectively captured while maintaining a minimal parameter footprint and compu-
tational overhead. To exploit the complementary information contained in the two 
modalities, a cross-attention module is introduced. Spatial features are treated as 
query vectors, whereas interaction behavior features are utilized as key and value 
vectors. Through adaptive learning of cross-modal correlation weights, a global fea-
ture representation fu(t), which simultaneously incorporates spatiotemporal infor-
mation and user-specific behavioral characteristics, is finally output.

To enable quantitative prediction of short-term travel demand, a travel demand 
intensity prediction module is constructed based on the fused multimodal feature 
representation. High-level feature mapping is performed through a two-layer fully 
connected network, and the predicted travel demand intensity at the subsequent 
time step is obtained through sigmoid-based normalization. The prediction function 
is defined as:

	 ˆ ( ( ) )r t W ReLU W f t b b
u u
( ) ( )

2 1 1 2
� � � � � �� � 	 (4)

where, W1 and W2 denote the weight matrices of the two fully connected lay-
ers, b1 and b2 represent the corresponding bias vectors, and s denotes the sigmoid 
activation function. Conventional static loss functions exhibit limited capability in 
modeling highly dynamic scenarios characterized by substantial behavioral irregu-
larity and rapidly evolving travel demand patterns. Consequently, a weighted binary 
cross-entropy loss function is introduced based on conditional interaction entropy. 
Through adaptive weighting, higher training priority is assigned to samples associ-
ated with elevated behavioral uncertainty. The loss function is formulated as:

	 L w r r r r
demand

u

u u u u u
� � � � �� [ ( ) ( )]ˆ ˆlog 1 log 1 	 (5)

where, ru denotes the ground truth demand label of the user. The weighting fac-
tor is computed as w H t

u u

cond� �1 ( )2� , where a is a hyperparameter controlling the 
weighting gain. Through this mechanism, training weights are adaptively adjusted 
according to the real-time behavioral irregularity of individual users. This improves 
predictive accuracy and generalization robustness under complex and dynamically 
evolving travel scenarios.

2.4	 Layer III: Edge-side supply–demand matching optimization based 
on online metric learning and locality-sensitive hashing acceleration

In shared mobility environments, geographic locations, traffic conditions, user 
demand, and service capacity continuously evolve over time. Consequently, fixed 
distance metrics are unable to accurately characterize matching suitability under 
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dynamically changing spatiotemporal conditions. To address this challenge, an 
extended feature representation is constructed by integrating multidimensional 
information, including user and driver locations, travel demand intensity, order 
acceptance propensity, and traffic condition coefficients. Based on this represen-
tation, a context-aware matching criterion is established through a time-varying 
Mahalanobis metric. The corresponding distance function is defined as:

	 d u v p p M t p p
u v u v

( , ) ( )� � �( ) ( ) 	 (6)

where, pu and pv denote the extended feature vectors of the user and driver, 
respectively, and M(t) represents a symmetric positive-definite metric matrix of 
the same dimensionality. The parameters are continuously updated over time. The 
matrix can adaptively adjust the weights of individual feature dimensions according 
to real-time scenarios, enabling the measurement results to accurately reflect the 
matching cost under the current environment and thereby achieve effective adapta-
tion to dynamic travel scenarios.

To enable autonomous optimization of the metric matrix, online metric learn-
ing is performed at edge nodes using historical matching records. Parameter con-
vergence is guided through triplet-based constraints. Drivers involved in successful 
matches are treated as positive samples, whereas candidate drivers who were not 
selected are treated as negative samples. Subsequently, a corresponding contrastive 
loss function is designed as follows:

	 L d u v d u v
metric

u v v T

� � �
� � �

� �
( , , )

2 2max 0, , ,� �
( ( ) ( ) )� 	 (7)

Where T denotes the triplet set obtained through batch sampling, and g is the 
margin the parameter used to control the separation between positive and negative 
samples. Incremental parameter optimization is performed through stochastic gra-
dient descent, and the metric matrix is updated according to:

	 M t M t L
M metric

( 1) ( )� � ��� 	 (8)

where, h denotes the learning rate. To preserve the positive-definite property 
of the matrix, Cholesky decomposition is applied to M(t) such that M = LL, and 
the lower triangular matrix L is subsequently updated within the manifold space. 
To further limit computational and storage overhead at edge nodes, only matching 
records generated within the most recent ten-minute time window are retained for 
model updates.

When the size of the driver pool becomes large, exhaustive search over all candi-
date drivers introduces substantial computational latency and is unable to satisfy the 
real-time requirements of intelligent dispatching. To address this limitation, a ded-
icated locality-sensitive hashing strategy is designed for the dynamic Mahalanobis 
metric. A family of random-projection hash functions is employed to partition fea-
ture representations into hash buckets. The hash function is defined as:

	 H h x
a x b

w
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( )
�

��
�
��

�
�
�

�
�
�

	 (9)

where, a is the random vector that follows a Gaussian distribution with cova-
riance matrix M-1, b is the offset uniformly sampled from the interval [0, w], and 
w denotes the hash-bucket width parameter. Multiple hash tables are deployed to 
perform feature mapping. During the retrieval stage, distance computations are 

https://online-journals.org/index.php/i-jim


	 124	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 20 No. 14 (2026)

Ma

performed only among driver candidates located within the same hash buckets. As 
a result, the computational complexity of candidate retrieval is reduced from linear 
complexity to approximately logarithmic complexity. After candidate filtering, the 
final matching decision is determined according to a predefined distance threshold. 
When executed on edge nodes, the entire workflow maintains an end-to-end latency 
of less than 5 ms, thereby effectively ensuring the real-time performance of platform 
scheduling.

3	 EXPERIMENTAL EVALUATION AND RESULTS ANALYSIS

3.1	 Experimental setup and dataset description

The experimental platform was implemented using an end–edge–cloud hierarchi-
cal deployment architecture comprising mobile terminals, edge-computing nodes, 
and cloud servers. Mobile-side testing was conducted on representative Android and 
iOS devices. The computational capabilities of these devices were consistent with 
those of commercially available consumer-grade mobile terminals, while their oper-
ating power consumption remained within the typical range observed in practical 
mobile deployment environments. Edge nodes were deployed on computing units 
associated with 5G base stations and were equipped with low-latency processing 
and local caching capabilities. Cloud servers were configured with high-performance 
processors and were responsible for global data aggregation and baseline model cal-
ibration. The software environment was established on the Linux operating system. 
Model training and inference were implemented using the PyTorch deep learning 
framework, while computationally intensive algorithmic components were opti-
mized and compiled in C++ to improve execution efficiency at edge nodes.

Experimental data were collected from real-world mobile-terminal records 
obtained from a large-scale shared mobility platform. Data acquisition was con-
ducted continuously over a 90-day period and covered a diverse range of travel 
environments, including central business districts, residential areas, and transpor-
tation hubs. The dataset contained operational records from more than 20,000 users 
and over 3,000 active drivers. Comprehensive information was included, compris-
ing touch interaction events, multisource sensor time-series data, application run-
time logs, and ground-truth order records. The dataset was partitioned into training, 
validation, and testing subsets using a ratio of 7:1:2. The training set was utilized for 
iterative model optimization, the validation set was employed for hyperparameter 
tuning, and the testing set was reserved for unbiased assessment of model gener-
alization capability. Through this experimental design, the reliability and practical 
relevance of the evaluation results were ensured.

3.2	 Validation of mobile interaction entropy

To evaluate the representational capability of mobile interaction entropy and condi-
tional interaction entropy for dynamic user behavior characterization, as well as their 
contribution to travel demand prediction, a series of comparative experiments was 
conducted using different feature combinations. The contributions of the two entropy- 
based indicators were quantitatively assessed through feature ablation studies.

As illustrated in Figure 2, the lowest predictive performance was observed when 
only trajectory features were utilized. Under this configuration, the prediction accuracy 
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reached only 82.36%, while the mean absolute error remained as high as 0.187, 
indicating that spatial location information alone is insufficient to fully characterize 
complex travel demand patterns. After the incorporation of basic interaction statisti-
cal features, the prediction accuracy was improved by 3.43 percentage points, and the 
mean absolute error was reduced to 0.142. These results suggest that terminal inter-
action behaviors provide valuable complementary information beyond trajectories. 
However, because only shallow statistical descriptors were employed, the underlying 
behavioral patterns could not be adequately captured. A substantial improvement 
in predictive performance was achieved after the introduction of mobile interaction 
entropy and conditional interaction entropy features. Compared with the trajectory- 
only configuration, prediction accuracy was increased by 9.09 percentage points, 
while the mean absolute error was reduced by more than 60%. Furthermore, relative 
to the configuration combining trajectories and basic interaction statistical features, 
an additional improvement of 5.66 percentage points in accuracy was achieved, 
accompanied by a further reduction in prediction error. The observed performance 
gains provide clear evidence that mobile interaction entropy and conditional interac-
tion entropy effectively capture user behavioral irregularity and temporal behavioral 
dependencies embedded within interaction sequences. Consequently, latent demand 
characteristics that cannot be identified through conventional statistical descriptors 
are successfully represented. These entropy-based indicators constitute critical fea-
tures for improving demand prediction accuracy in dynamic scenarios.

Fig. 2. Comparison of demand prediction performance under different feature combinations

3.3	 Performance comparison of the lightweight dual-stream 
attention network

To evaluate the comprehensive advantages of the proposed lightweight dual-
stream attention network in terms of prediction accuracy, model size, and mobile-
side inference efficiency, three representative prediction models were selected as 
benchmark methods and compared under identical experimental conditions.
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As shown in Table 1, the single-stream convolutional neural network model 
and the standard Transformer model were constrained by their limited ability. 
Consequently, the highest prediction accuracy achieved by these baseline models 
was only 88.63%. In addition, model sizes exceeding 2000 KB and inference laten-
cies greater than 12 ms were observed in both cases, indicating limited suitability for 
deployment on resource-constrained mobile terminals. Although the non-lightweight 
dual-stream fusion model benefited from multimodal feature fusion and achieved 
an accuracy of 90.12%, substantial computational redundancy remained. As a result, 
the model size reached 2945 KB, and the single-sample inference latency increased 
to 15.48 ms. The proposed lightweight dual-stream attention network achieved the 
best overall performance among all evaluated approaches. A prediction accuracy of 
91.45% was obtained, while substantial reductions in both model size and inference 
latency were simultaneously achieved. The model size was reduced to only 896 KB, 
corresponding to a reduction of 69.1%–74.9% relative to the competing approaches. 
Furthermore, the single-sample inference latency was decreased to 3.25 ms, rep-
resenting less than one-fifth of that required by the standard Transformer model. 
These results demonstrate that the streamlined network architecture and cross-
modal attention mechanism effectively preserve the benefits of dual-modal feature 
fusion while substantially reducing computational complexity. Consequently, an 
improved balance between prediction accuracy and mobile-terminal deployment 
constraints is achieved.

Table 1. Comprehensive performance comparison of different prediction models

Model Accuracy (%) F1-score (%) Model Size (KB) Single-Sample Inference 
Latency (ms)

Single-stream convolutional neural network model 84.21 83.96 2186 12.36

Standard Transformer model 88.63 88.41 3572 18.72

Non-lightweight dual-stream fusion model 90.12 89.95 2945 15.48

Proposed lightweight dual-stream attention network 91.45 90.69 896 3.25

3.4	 Comparative evaluation of dynamic online metric learning 
for supply–demand matching

To evaluate the effectiveness of the proposed dynamic contextual metric matrix 
and online metric learning strategy in supply–demand matching optimization, the 
proposed approach was compared with three representative matching methods. 
Algorithmic performance was assessed from the perspective of practical dispatch-
ing effectiveness.

Table 2. Performance comparison of different matching algorithms

Matching Algorithm Matching 
Success Rate (%)

Average Rriver Empty-
Travel Distance (m)

Average User 
Waiting Time (s)

Total Global 
Matching Cost

Euclidean distance matching 83.27 896.35 28.64 1.000

Fixed Mahalanobis distance matching 86.53 742.68 22.31 0.826

Static metric learning matching 88.19 685.42 19.57 0.753

Proposed dynamic online metric 
learning matching

93.74 512.83 11.42 0.518
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The quantitative results presented in Table 2 clearly demonstrate the advantages 
of the dynamic metric strategy. When Euclidean distance was employed, only spatial 
proximity was considered during the matching process. Consequently, the lowest 
matching success rate was observed, while both average driver empty-travel dis-
tance and average user waiting time reached the highest values among all evalu-
ated methods. The corresponding total global matching cost was normalized to a 
baseline value of 1.000. Performance improvements were achieved after the incor-
poration of multidimensional feature representations through fixed Mahalanobis 
distance matching and static metric learning. Matching success rates were increased 
by 3.26 and 4.92 percentage points, respectively. However, because the underlying 
metric parameters remained fixed after training, adaptation to continuously evolv-
ing conditions could not be effectively achieved. The proposed dynamic online 
metric learning approach achieved the best overall performance across all evalua-
tion metrics. A matching success rate of 93.74% was obtained, corresponding to an 
improvement of 10.47 percentage points relative to Euclidean distance matching. In 
addition, the average driver empty-travel distance was reduced to 512.83 m, repre-
senting a reduction of more than 42%. The average user waiting time was shortened 
from 28.64 s to 11.42 s, while the total global matching cost decreased substantially to 
0.518. These results indicate that the continuously updated metric matrix is capable 
of dynamically adjusting feature weights in response to changes in traffic conditions 
and supply–demand distributions. As a consequence, spatiotemporal variations in 
shared mobility environments can be more effectively accommodated, leading to 
substantial improvements in dispatching efficiency and overall service quality of 
the platform.

3.5	 Ablation study of core modules

To systematically evaluate the necessity and effectiveness of the proposed meth-
odological components, an ablation study was conducted by progressively removing 
individual core modules from the complete framework. Through this experimental 
design, the contribution of each module to overall system performance could be 
quantitatively assessed.

Fig. 3. Ablation results of core modules in terms of prediction accuracy and matching success rate
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The quantitative results presented in Figure 3 and Table 3 provide clear evi-
dence of the functional role and contribution of each core module. When con-
ditional interaction entropy was removed, prediction accuracy decreased by 
3.19 percentage points, while the matching success rate declined by 3.59 percent-
age points. Simultaneously, the total global matching cost increased from 0.518 
to 0.643. These results indicate that conditional interaction entropy constitutes a 
critical component for capturing temporal behavioral dependencies and improv-
ing the accuracy of travel demand estimation. The largest performance degra-
dation was observed after removal of the cross-modal attention module. Under 
this configuration, prediction accuracy decreased to 87.53%, while the matching 
success rate dropped to 89.42%. These findings demonstrate that adaptive fusion 
of spatial trajectory features and interaction behavior features represents the 
principal mechanism through which effective multimodal behavior modeling 
is achieved.

When the Cholesky-based positive-definite constraint was disabled, the stability 
of metric matrix optimization deteriorated slightly, resulting in a marginal decline 
across performance metrics. However, the overall impact remained limited. In con-
trast, removal of the locality-sensitive hashing-based retrieval acceleration mod-
ule produced almost no change in prediction accuracy or matching success rate. 
However, the end-to-end latency increased dramatically from 4.96 ms to 28.75 
ms. The findings indicate that locality-sensitive hashing-based retrieval accelera-
tion has a negligible influence on modeling accuracy but plays a decisive role in 
ensuring low-latency operation of the system. Taken together, the ablation results 
demonstrate that the proposed modules perform complementary yet distinct 
functions within the overall architecture. Through their coordinated operation, 
a unified framework characterized by high prediction accuracy, low latency, and 
strong robustness is achieved, thereby confirming the necessity of all core design 
components.

Table 3. Ablation study results of core modules in terms of accuracy, matching performance, 
and system efficiency

Experimental Configuration Accuracy  
(%)

Matching 
Success Rate (%)

End-to-End 
Latency (ms)

Total Global 
Matching Cost

Complete model 91.45 93.74 4.96 0.518

Without conditional interaction entropy 88.26 90.15 4.92 0.643

Without the cross-modal attention  
module

87.53 89.42 4.89 0.671

Without the Cholesky-based positive-
definite constraint

90.12 91.28 5.01 0.585

Without locality-sensitive hashing-
based retrieval acceleration

91.39 93.69 28.75 0.521

4	 CONCLUSION

To address the challenges posed by highly dynamic user demand, resource-con-
strained mobile terminals, and the limited adaptability of conventional supply–
demand matching mechanisms in sharing economy environments, an integrated 
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optimization framework incorporating mobile terminal sensing, behavior model-
ing, and edge-enabled supply–demand matching was developed. Furthermore, an 
end–edge–cloud collaborative closed-loop feedback mechanism was introduced 
to enable continuous system optimization. A two-dimensional interaction entropy 
quantification framework based on mobile interaction entropy and conditional 
interaction entropy was established to characterize user behavioral irregular-
ity and temporal behavioral dependencies. Through this design, the limitations 
of conventional travel demand identification approaches that rely exclusively 
on trajectory information were effectively overcome. A lightweight dual-stream 
attention network was subsequently constructed to facilitate efficient dual-modal 
feature fusion between spatial trajectories and terminal interaction behaviors. 
As a result, travel demand prediction accuracy was substantially improved while 
maintaining strict control over computational complexity and inference overhead 
on resource-constrained mobile terminals. A dynamic contextual matching cri-
terion was established through online metric learning at edge nodes. Real-time 
adaptive updating of the metric matrix was achieved through positive-definite 
constraints. In addition, a locality-sensitive hashing-based algorithm adapted to 
the dynamic metric was incorporated to substantially reduce retrieval latency, 
thereby enabling millisecond-level real-time dispatching. Experimental evalu-
ations conducted across multiple real-world scenarios demonstrated that the 
proposed framework significantly improved travel demand prediction accuracy 
and supply–demand matching success rates. Simultaneously, reductions in driver 
empty-travel distance, user waiting time, mobile-terminal energy consumption, 
and communication overhead were achieved. Moreover, superior long-term oper-
ational stability was observed when compared with conventional dispatching 
strategies.

The proposed framework advances the theoretical foundations of dynamic 
user behavior quantification and intelligent supply–demand matching in mobile 
shared-service environments. The limitations associated with traditional static fea-
ture modeling and fixed-metric matching approaches are effectively addressed. The 
resulting lightweight, low-latency, and highly adaptive end–edge–cloud collabora-
tive scheduling paradigm provides a practical foundation for intelligent dispatching 
optimization in shared mobility platforms. In addition, the proposed framework can 
be readily extended to a broad range of mobile sharing economy services, including 
on-demand urban delivery and local service platforms.
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