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As pivotal drivers of smart cities, mega-mobility systems integrate large-scale transportation networks,
communication nodes, and energy circuits into a coupled multinetwork system. Urban megasystems
epitomize the grand challenge of “organized complexity”, exhibiting characteristic features such as
adaptive openness, nonlinear dynamics, hierarchical organization, and emergent properties. Analytical
investigations, constrained by the rigid separation of macro- and microlevel paradigms, struggle to
capture the nonlinear interdependencies across levels that define mega-mobility systems. In this review,
we systematically advance macro—micro integration with feedback (MMIF) as a transformative paradigm
for analyzing urban mega-mobility systems, synthesizing the state-of-the-art developments in typical
constituent subsystems under this unified perspective. The MMIF paradigm bridges the gap between
theoretical abstraction and empirical practice, contributing to scientifically sound urban development
by harmonizing emergent patterns with granular behavioral dynamics. Building upon this paradigm, we
investigate the key methods and technologies empowered by artificial intelligence that enable MMIF and
critically analyze the enduring challenges and prospective research directions. As urban mobility systems
increasingly serve as test beds for complexity science, the MMIF paradigm using artificial intelligence
promises to reshape interdisciplinary collaboration, offering a blueprint for building intelligent, adaptive,
and human-centric cities.
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Introduction

Warren Weaver'’s systematic categorization of “organized com-
plexity” and Philip W. Anderson’s seminal proclamation that
“more is different” catalyzed the emergence of complex systems,
a transdisciplinary paradigm investigating how microscopic
interactions generate macroscopic phenomena [1]. This para-
digm shift has found a highly practical application in the study
of urban mobility systems, a key area of social development
(see Fig. 1). Mega-mobility systems, characterized by human
activities, are archetypal nonlinear megasystems integrating
large-scale transportation networks, communication nodes,
and energy circuits in a deeply coupled multinetwork structure
[2]. As Stephen Hawking observed, the 21st century heralds
the era of complexity science [3], and mega-mobility systems
stand as both a theoretical laboratory for exploring irreducible
complexities and a frontier of smart city evolution [4].
Current analytical approaches to urban mobility systems remain
bifurcated into macroscopic and microscopic methodologies, each
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with distinct epistemological foundations and practical limita-
tions [5]. Macroscopic analyses adopt a top-down perspective
to capture city-scale phenomena. Systems science, from this
viewpoint, involves global observation across multinetwork
layers. Its core philosophy is rooted in emergence theory: when
the collective behavior of system components exceeds critical
thresholds, discrete interactions coalesce into novel qualitative
features that go beyond simple linear aggregation [6]. This essen-
tial property of “the whole being greater than the sum of parts”
drives researchers into statistical mechanics and network topol-
ogy analysis. In contrast, the microscopic perspective originates
from adopting bottom-up reductionist strategies to decode sys-
tem fundamentals. Its methodological framework focuses on
constructing elemental dynamical equations, rigorously describ-
ing individual state transitions through Markov chains, strategy-
updating rules in game theory, or potential field equations in
multibody systems, thereby elucidating the microfoundations
of emergent collective behaviors [7]. This approach prioritizes
system heterogeneity, which includes spatial correlations in
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Fig. 1. Mega-mobility system in cities with its typical constituent subsystems.

particle clusters, the fractal characteristics of behavioral prefer-
ences, and the propagation modes of nonequilibrium fluctua-
tions. These elements form the basic units for understanding
systemic evolution [8]. The dual perspectives in studying mobility
systems resemble the wave—particle duality in quantum mechan-
ics, forming inseparable complementary projections within the
cognitive continuum, each perspective capturing essential aspects
of reality that become mutually exclusive when observed
through singular frameworks, yet inherently unified in the
object of study.

To bridge this scale divide, multiscale modeling [9] (which
relies on one-way information flow—either bottom-up param-
eter passing or top-down field imposition) and hybrid-fidelity
modeling [10] (which integrates high- and low-accuracy mod-
els to balance cost and precision) have each emerged as power-
ful frameworks. However, they often operate in isolation.
Multiscale methods struggle to manage model uncertainty,
and hybrid-fidelity approaches may ignore nonlinear feedback
across scales. Macro-micro integration with feedback (MMIF)
combines these strengths by embedding hybrid-fidelity models
within a multiscale hierarchy, enabling dynamic, bidirectional
feedback between macro- and microlayers. This integrated
perspective employs an indispensable role in smart cities.
For instance, neglecting cross-scale interaction may inten-
sify traffic oscillations [11] and reduce control efficiency
[12] in transportation subsystems. In communication sub-
systems, macrolevel states can be utilized to guide microlevel
strategies [13], achieving coordinated, closed-loop optimiza-
tion across scales. This review uniquely focuses on resolving
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this macro-micro mismatch through feedback modeling, rather
than treating the 2 scales as disjoint analytical systems. Systemic
incoherence arises when models at different scales yield con-
tradictory predictions. For example, in transportation sys-
tems, macroscopic traffic flow models based on fluid dynamics
analogies, such as the Lighthill-Whitham-Richards equa-
tions, effectively predict congestion waves yet fail to account
for the microscopic heterogeneity of driver decision-making
during accidents or route diversions [14]. The persistent divide
between macro- and microscale analyses engenders 3 funda-
mental issues in developing smart cities, comprising theoreti-
cal incompleteness, falsifiability vacuumization, and causal
emergence blur:

o Theoretical incompleteness. Macroscopic studies idealize
cities as uniform entities. These assumptions create logi-
cal contradictions when explaining emergent anomalies.
Conversely, microscopic investigations prioritize indi-
vidual behavior but fail to reveal how such behaviors
coalesce into city-level patterns.

« Falsifiability vacuumization. Macromodels rely on ide-
alized parameters that lack empirical grounding, reduc-
ing theories to speculative formalisms. Meanwhile,
microresearch drowns in stochastic noise (e.g., random
deviations in individual decisions), rendering models
computationally intractable. Both approaches create
unfalsifiable systems, meaning that discrepancies can be
perpetually “fixed” by supplementing new parameters
or data granularity, eroding scientific accountability.
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o Causal emergence blur. Macroperspectives attribute urban
dynamics to top-down laws (e.g., population growth),
erasing pivotal local triggers (e.g., a metro station sparking
regional transformation). Micromodels detect granular
events but cannot distinguish isolated incidents from
systemic risks. This fragmentation blinds researchers
to cross-scale causation; i.e., critical “butterfly effects”
between scales are lost, while localized noise masquerades
as meaningful signals, crippling predictive and interven-
tion capacities [15].

Urban mobility systems are neither fully deterministic
machines nor purely chaotic aggregates. As a typical complex
megasystem, their operational logic is intertwined with the
dynamic coupling of microlevel individual behaviors and
macrolevel structural evolution, exhibiting prominent char-
acteristics such as openness, nonlinearity, hierarchical nesting,
and emergence. Dual-scale blindness mirrors trying to map
a fractal with Euclidean geometry, losing resolution when
zooming in, and overlooking systemic patterns when zooming
out. Breaking the limitations of single-scale analysis and con-
structing organic connections between macrolevel laws and
microlevel mechanisms through iterative feedback, enabling
disturbances at one scale to recalibrate behaviors at the other
scale, has become key to solving the challenges of urban
mobility. In the context of artificial intelligence (AI), a resolu-
tion lies in the macro-micro integration that simultaneously
encodes large-scale stability and amplifies microscale “tipping-
point” dynamics through cascading feedback across trans-
portation, communication, and energy networks that comprise
the mega-mobility system in smart cities [16]. In this review,
we undertake a comprehensive discussion of the MMIF
paradigm empowered by Al for analyzing mega-mobility
systems in smart cities. We systematically elaborate on the
essential characteristics and modeling logic of typical constituent
subsystems and provide an interdisciplinary perspective as well
as a viable methodological protocol for investigating other com-
plex multinetwork systems.

The remainder of this paper is organized as follows: Nature
of Mega-mobility Systems in Cities introduces the MMIF para-
digm for analyzing mega-mobility systems and delineates its
essential attributes through the perspective of complexity sci-
ence. Against the backdrop of Al-powered urban intelligence
advancements, Cutting-Edge AI Methods and Technologies in
MMIF for Analyzing Mega-mobility Systems investigates the
cutting-edge methods and technologies that contribute to the
MMIF paradigm. Typical Constituent Subsystems and the Role
of MMIF further presents a systematic deconstruction and
analysis of typical constituent subsystems. Challenges and
Perspectives discusses the remaining challenges and future
opportunities, while Conclusions draws conclusions.

Nature of Mega-mobility Systems in Cities

To effectively understand and manage urban environments and
mobility systems, MMIF has become essential in addressing
their multifaceted nature. Macro-micro integration facilitates
advancements across 3 interrelated aspects: modeling, which
abstracts and represents system dynamics across scales; algo-
rithms, which process and optimize interactions among diverse
components; and simulation, which provides testable, repro-
ducible environments for validating urban policies and human
behaviors. In practice, the operation of MMIF follows a cyclic
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workflow that logically connects its components. First, mod-
eling provides structural abstractions at different scales: mac-
rolevel models describe citywide patterns, and microlevel
formulations capture the detailed behaviors of individual
agents. Second, algorithms act as computational drivers, rang-
ing from global optimization at the macroscale, to decision
rules at the microscale. Third, simulation integrates these ele-
ments into testable environments, enabling policy scenarios to
be examined under reproducible conditions. Finally, feedback
loops transmit information bidirectionally, whereby macrolevel
system states influence local behaviors, while microlevel varia-
tions accumulate upward to reshape overall system dynamics.
This iterative process—modeling, algorithm design, simulation,
and cross-scale feedback—constitutes the operational logic of
MMIE, ensuring that urban mobility systems can be studied
and managed in a coherent manner. As shown in Fig. 2, these
components are not isolated but are logically connected through
feedback loops and directional interactions, collectively forming
the foundation for exploring and intervening in smart cities.

Urban mobility systems are not merely agglomerations of
components; they are characterized by 4 features that define
their behaviors and structures, i.e., openness, nonlinearity, hier-
archy, and emergence. These features interact dynamically
across macro- and microscales, shaping both the stability and
adaptability of urban environments. The interplay of these char-
acteristics underlies the need for MMIF in both theoretical
studies and real-world applications.

Openness

The openness of urban mobility systems refers to the continu-
ous exchange of matter, energy, information, and resources
between the system and its external environment. As one of
the most essential characteristics, openness enables systems
to continuously adapt to environmental changes, thereby
maintaining dynamic equilibrium and evolutionary capacity.
In MMIF, this feature is reflected in how microscopic agents
respond to macroscopic environmental conditions. For instance,
individual vehicle behaviors (e.g., speed adjustments) are influ-
enced by macroscopic traffic conditions, while these microlevel
decisions collectively shape emergent traffic flow patterns [9].
This interplay underscores the importance of integrating mac-
rolevel insights with microlevel actions in the MMIF frame-
work, allowing for a more comprehensive understanding of
how urban mobility systems adapt and evolve in response to
external stimuli. By leveraging AI-driven analyses, MMIF can
enhance the responsiveness of urban mobility systems, ensur-
ing that they remain resilient and efficient in the face of chang-
ing conditions.

Nonlinearity

Nonlinear systems are those that do not satisfy the principle of
superposition, meaning that the system’s output changes are
not proportional to its input changes. In other words, the whole
does not equal the algebraic sum of its parts. Nonlinearity rep-
resents one of the most fundamental characteristics of urban
mobility systems and thus is naturally embedded in MMIE where
minute changes in initial conditions may trigger substantial
changes or abrupt transitions in macroscopic system behaviors.
For example, minor disruptions like sudden braking can
propagate in a nonlinear fashion, creating widespread traffic
congestion, and localized panic reactions in a crowd can rap-
idly escalate into chaotic stampedes [17]. From a computational


https://doi.org/10.34133/research.0982

Research

&

Physical modeling

[ \J
2

Large-scale computing

o\
[V /A
(I
Data processing

-

Openness

A&

Step 2
Algorithm

%

Machine learning

~

Sos,
C )
Generative agent

J

Emergence

Fig. 2. Macro—micro integration with feedback (MMIF) and its integral cutting-edge artificial intelligence (Al) methods and technologies.

perspective, nonlinearity often increases the difficulty of solving
large-scale problems, as analytical tractability is precluded and
algorithmic complexity is amplified. While some structured
nonlinearities can be reformulated into linear equivalents,
many real-world nonlinear interactions—such as agent interac-
tions with feedbacks or chaotic dynamics—remain funda-
mentally hard to approximate or scale. By integrating both
macrolevel patterns and microlevel interactions, MMIF can
effectively capture the inherent nonlinearity of urban mobility
systems, enabling more accurate predictions and interventions
that account for the complex interdependencies between indi-
vidual behaviors and collective outcomes.

Hierarchy

The hierarchical organization of urban mobility systems involves
the composition of multiple interrelated subsystems distributed
across different levels; each subsystem maintains distinct struc-
tural and functional properties while contributing to higher-
order system behaviors. This architectural layering enables
functional integration and coordination across scales, which is
key to MMIE, thus enhancing both the stability and adaptability
of the overall system. Through a feedback loop between levels,
lower-level entities (e.g., individual vehicles) interact to give
rise to macrolevel configurations (e.g., network flows), while,
in turn, higher levels impose top-down constraints that regulate
microlevel dynamics [9]. In MMIE, this hierarchical structure
is essential for facilitating coordinated control between macro-
and microscales, allowing for the dynamic adjustment of strate-
gies based on real-time feedback.

Emergence
Emergence refers to the rise of novel system-level behaviors or
properties that are neither present in, nor predictable from, the
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characteristics of individual components. It typically results from
the nonlinear interactions, feedback loops, and self-organizing
processes distributed across the system. At the core of this con-
cept lies the notion, which underpins MMIF, that the collective
dynamics of microscopic elements can generate coherent mac-
rolevel patterns. Studies on agent-based simulation have dem-
onstrated that aggregated mobility patterns in urban areas can
emerge from decentralized decision-making processes by indi-
vidual drivers [18]; this phenomenon cannot be fully under-
stood by analyzing each driver and exemplifies the emergence
of global complexity from local interactions. In other words,
the macrolevel regularities are not imposed externally but
instead arise organically from within the system, reinforcing
emergence as a fundamental mechanism in MMIE By effec-
tively integrating macro- and microperspectives, MMIF cap-
tures the essence of emergent behaviors, allowing for a deeper
understanding of how local interactions can lead to coherent
macro-impacts, such as traffic congestion or efficient public
transportation usage.

Cutting-Edge Al Methods and Technologies in
MMIF for Analyzing Mega-mobility Systems

In the context of openness, nonlinearity, hierarchy, and emer-
gence of urban mobility systems, recent methodological and
technological advancements in Al have largely facilitated the
MMIF realization to meet the modeling, computation, optimi-
zation, and control needs posed by the smart city initiative.
These cutting-edge AI methods and technologies, featuring
heterogeneous data fusion [19], large-scale intelligent comput-
ing [20], knowledge-data co-driven modeling [21], and genera-
tive large language models (LLMs) [22], have revolutionized
our ways of understanding and analyzing urban mobility
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systems. They are tailored to exploit the interdependence of dif-
ferent scales, enabling adaptive responses, real-time forecasts,
and emergent pattern discoveries. As a result, they serve as cru-
cial tools for bridging microlevel decisions (e.g., individual
mobility demand and choices) with macrolevel outcomes (e.g.,
congestion patterns and infrastructure resilience).

Multisource heterogeneous data

acquisition and fusion

The openness of mega-mobility systems demands a technologi-
cal framework capable of integrating multidimensional data
streams to bridge the gap between microlevel behaviors and
macrolevel phenomena. MMIF clearly illustrates the closed
loop between microlevel actions and macrolevel responses.
Traditional single-source modeling approaches often fail to
capture the interactions between individuals and groups, result-
ing in marked deviations between simulated outcomes and the
actual dynamic evolution of the system [23]. Such limitations
manifest in urban challenges like traffic congestion, energy
fluctuations, and information silos. By positioning MMIF as
the core, data ingestion, model inference, and control decisions
are ensured to operate within a continuous feedback loop. The
integration of multisource heterogeneous data-spanning physi-
cal sensors, social platforms, traffic signals, and environmental
monitors serves not only to expand the scope of perception but
also to construct a semantically aligned representation of the
open urban system. These efforts constitute the data layer of
MMIE, enabling real-time capture of both macrodynamics and
microbehaviors. By establishing interconnectivity across previ-
ously siloed transportation subsystems, these technologies offer
the foundational scaffolding for open-system modeling and
macro-micro integration.

Multisource heterogeneous data fusion technologies provide
arobust data foundation for MMIF modeling by constructing
cross-spatiotemporal-scale correlation networks [24]. This
framework incorporates multimodal data sources, including
physical sensors (e.g., smart meters and roadside detectors),
virtual sensing (e.g., mobile signaling and social media foot-
prints), and environmental parameters (e.g., 3-dimensional
terrain models and real-time meteorological data), forming
a comprehensive perceptual architecture. To overcome the
challenges of integrating heterogeneous data, state-of-the-art
research employs multi-level processing techniques. In the pre-
processing stage, adaptive filtering algorithms [25], spatiotem-
poral interpolation [26], and knowledge distillation methods
[27] are used for noise reduction, missing data imputation, and
resolution alignment. At the feature fusion level, techniques
such as dynamic graph neural networks [28], tensor decompo-
sition [19], and knowledge graphs [29] are employed for dimen-
sionality reduction and unified feature representation. These
enable the coupling analysis of discrete transportation patterns,
energy networks, and social behavior dynamics. These methods
feed into MMIF, where model outputs are continuously com-
pared with the observed microbehavior to improve subse-
quent predictions. The core advantage of this technology lies
in its multisystem cross-validation mechanism, which enhances
modeling completeness and decision robustness. For instance,
spatiotemporal consistency analysis corrects systemic biases in
single data sources, while cross-domain validation reveals cas-
cading the propagation pathways of complex events. Finally,
MMIF leverages this validated knowledge to adaptively opti-
mize urban mobility strategies in real time. These methods not
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only improve the accuracy of MMIF modeling but also establish
a theoretical foundation for resilience optimization and
adaptive control in urban mobility systems, embodying the
technological evolution logic of “holistic perception-global
deduction-global coordination” in open systems. A concrete
example of the application of multisource data fusion in urban
traffic is a spatiotemporal method [30], which fuses real-time
Global Positioning System (GPS) trajectories, loop detector
data, and environmental parameters. The data-driven frame-
work achieved a 15-min prediction horizon for citywide conges-
tion events with over 92% accuracy, notably outperforming
single-source models. Notably, it enabled proactive traffic man-
agement interventions, reducing average delay times by 18%
during peak hours in a metropolitan test bed.

Large-scale intelligent computing

The nonlinear dynamics of urban mobility systems (e.g., sto-
chastic traveler behavior, cascading phase transitions in energy
networks, and chaotic information diffusion) pose 2 computa-
tional challenges: precise resolution of microlevel heteroge-
neous interactions and extraction of macrolevel patterns from
ultralarge-scale systems. This section situates large-scale intel-
ligent computing within the MMIF framework, emphasizing
how MMIF leverages high-performance architectures to realize
continuous macro-micro inference and feedback refinement.
Traditional models, constrained by the balance between com-
putational efficiency and accuracy, often resort to quasi-static
assumptions or mean-field approximations, leading to micro-
level distortion and macrolevel resolution loss. To faithfully
simulate nonlinear interdependencies, the deployment of
large-scale intelligent computing frameworks enables dynamic,
real-time inference of multi-agent behaviors and system-level
emergent phenomena. These technologies directly correspond
to the nonlinear characteristic by facilitating the accurate cap-
ture of feedback loops, stochastic perturbations, and nonequi-
librium dynamics.

Recent advances in intelligent computing address these chal-
lenges through synergistic innovations in heterogeneous paral-
lel architectures [31]. Spatial decomposition strategies partition
urban systems into physically meaningful submodules [20]
(e.g., traffic network zones and virtual power grid units),
enabling distributed and parallel computing via the message
passing interface. Graphics processing unit (GPU)-accelerated
matrix operations optimize tensor computations, reducing the
complexity of agent-based simulations from exponential to
near-linear scales by transforming micro-interaction rules into
parallelizable matrix operations [32]. This spatial-partitioning
and data-parallel architecture forms the computational back-
bone of MMIF, alleviating the double curse of dimensions in
macro-micro modeling. Additionally, cloud-edge collabora-
tive computing further extends computational boundaries
through MMIF dynamic resource allocation, balancing work-
loads between edge nodes and cloud supercomputers to enable
real-time state inference under communication latency con-
straints. For instance, the efficacy of large-scale intelligent com-
puting is evidenced by a recent study focusing on urban traffic
flow simulation. Researchers developed a GPU-accelerated
framework based on the Regional Scale Traffic Simulation
Framework to parallelize an agent-based model of vehicle
movements across a city-scale network [32]. By transforming
micro-interaction rules into parallelizable matrix operations,
the simulation complexity was reduced from an exponential to
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anear-linear scale. Experimental results demonstrate that the intel-
ligent computing framework is capable of completing simulations
of 2.82 million trips in just 6.28 min on a single GPU machine
equipped with 5,120 CUDA cores (Tesla V100-SXM2).

Knowledge-data co-driven modeling

The multilayered nature of urban mega-mobility system calls
for the MMIF modeling framework, which achieves both physi-
cal interpretability and data-driven adaptability. Traditional
single-paradigm approaches face a fundamental trade-oft:
purely mechanistic models oversimplify system heterogeneity,
while purely data-driven models lack credibility in predicting
critical phase transitions due to their black-box nature [21]. To
reconcile this trade-off, hybrid modeling strategies offer a struc-
turally coherent way to reflect system hierarchy. By explicitly
aligning macrolevel laws with microlevel flexibility, these meth-
ods naturally preserve the multi-level interdependencies among
transportation subsystems.

Current breakthroughs in MMIF focus on multimodal fusion
mechanisms. One approach embeds conservation laws and
constitutive equations as structural constraints in machine
learning models, e.g., incorporating hard physical constraints
in neural networks or soft conservation constraints in loss func-
tions [33]. Another strategy constructs a bi-level framework,
where neural networks predict macrotrends, while physics-
based solvers model micro-interactions [34]. This “white-box—
black-box” architecture enhances cross-scale consistency, enabling
synergistic prediction of microtrajectories (e.g., vehicle move-
ments) and macrophenomena (e.g., traffic congestion). For
instance, a physics-informed deep learning framework was
developed that combined second-order traffic flow models and
neural networks to solve the traffic state estimation problem
[35]. When applied to a large urban network, this hybrid model
achieved a higher accuracy in reconstructing and predicting
traffic densities under low-data observability conditions com-
pared to a purely data-driven baseline while also ensuring that
predictions adhered to fundamental traffic flow principles.

Generative agents and causal reasoning by LLMs

The dynamic evolution of urban transportation systems inher-
ently embodies a dialectical unification of an MMIF process
between microscopic individual interactions and macroscopic
patterns. For instance, generative agents employ deep self-
attention mechanisms to model the behavioral patterns of mas-
sive microscopic entities (e.g., vehicles and pedestrians), thereby
uncovering implicit correlations between individual decisions
and collective order, known as the phenomenon of emergence
in MMIF [36]. Within this context, the paradigm of coarse-
grained governance has emerged: rather than pursuing precise
control over every microscopic entity, it extracts the statistical
regularities of group behaviors. When governance granularity
aligns with the system’s intrinsic correlation length, information
loss at the microlevel does not reduce efficiency but enhances
decision robustness by filtering noise and closing MMIF loops
in self-organizing critical states.

MMIF further combines generative models and causal rea-
soning technologies within a novel methodological framework.
This is particularly valuable in emergency management sce-
narios, where high uncertainty and sparse historical data neces-
sitate the inference of emergent patterns and latent decision
logic, thereby enhancing system robustness and adaptability.
Confronted with incidents such as accidents or extreme weather
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events, conventional models lack analytical capabilities.
Transformer-based generative models extract the latent vari-
ables of individual mobility patterns (e.g., risk aversion coef-
ficients and route-switching thresholds) through self-attention
mechanisms and construct emergent dynamics equations for
multi-agent interactions. This generation—emergence bidirec-
tional mapping mechanism enables regional traffic capacity
metrics to dynamically reflect cumulative microscopic behav-
iors. Cutting-edge research is integrating counterfactual rea-
soning into urban mega-mobility system analysis frameworks.
Causal discovery algorithms powered by LLMs facilitate vul-
nerability node prediction through comparisons between real-
world states and intervention-based counterfactual scenarios.
Such capabilities empower decision-makers to preemptively
identify critical infrastructure weaknesses. Explainable Al tech-
nologies further reveal microscopic parameter sensitivity map-
pings, thereby providing quantitative foundations for resilient
urban design. This MMIF paradigm shift transforms complex-
ity science from passive observation into active emergence
design. Future systems will not only predict critical phenomena
but also induce the desired macroscopic order through proac-
tive information granularity modulation, forging a pathway for
urban emergency response in extreme scenarios.

Typical Constituent Subsystems and
the Role of MMIF

Over the past decade, macro-micro integration has systemati-
cally incorporated cutting-edge insights from complexity sci-
ence, computer science, and cyberphysical systems, offering
actionable solutions. This section investigates the paradigm of
macro-micro integration within 3 critical domains of subsys-
tems: urban transportation, communication, and energy sys-
tems (see Table 1).

Mobility-oriented urban transportation subsystem
The urban transportation system plays important roles in the
operation of an urban mega-mobility system, which undertakes
the flow of goods and the commuting of residents. As a typical
complex system, the urban transportation subsystem includes
3 components: multimodal transportation, logistics and supply
chains, and intelligent control infrastructure. The multimodal
transportation system meets the travel needs of residents, the
logistics and supply chain system support the material metabo-
lism cycle, and the intelligent control infrastructure forms a
digital control center (see Fig. 3). The complexity of a complex
transportation system reflects its cross-scale butterfly effect
[37], indicating the necessity of coupling macro- and micro-
levels for research.

o Multimodal transportation. Multimodal transportation
combines public transit, private vehicles, shared mobil-
ity, and pedestrian travel, forming the core infrastruc-
ture of urban transport networks. Key challenges that
multimodal transportation faces include difficulties in
integrating data across transportation modes, insufficient
infrastructure compatibility, and the low attractiveness
of public transportation.

From the perspective of macroscopic objectives, due
to the deepening adoption of transit-oriented develop-
ment concepts and sustainable principles, optimizing and
coordinating public transportation is a primary goal. The
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Table 1. Typical constituent subsystems of an urban mega-mobility system

Subsystems Components

Macrolevel focus

Microlevel objectives

Typical applications

Multimodal
transportation

*Urban travel structure
+Real-time congestion

Logistics and supply ~ <Demand forecasting
chains *Resource allocation
Urban transportation
subsystem Intelligent control «Traffic state prediction
infrastructure *Regional coordination
Wireless *Network topology

Core network

Urban communication
subsystem

Generation and
transmission

Distribution and
consumption

Urban energy
subsystem

«Spectrum utilization

*Network coverage
«Spectrum capacity

«Facility spatial layout
*Power grid capacity
planning

+Peak-shaving and
load-shifting strategies
«Transportation—energy
coupling optimization

+Individual travel chain
*Road section capacity

*Route optimization
+Last-mile scheduling

«Traffic safety
«Signal control

*Resource allocation
+Device performance

Channel characteristics

eInterference suppression

+Charging behavior
Implementation of V2G
function

+SOC real-time feedback
*Bidirectional V2X power
exchange

«Traffic flow prediction
+Public traffic network
optimization

«Last-mile delivery
optimization

*Emergency network design
+Parking behavior simulation
+Adaptive signal optimization

+5G cellular network
*V2X

eInternet of Things
+Edge computing

*Demand forecasting of the
OD matrix

*Dynamic electricity price
guidance

+Optimal configuration of
charging stations
*Bidirectional feedback
system

5G, fifth generation; V2X, vehicle-to-everything; V2G, vehicle-to-grid; OD, origin—destination; SOC, state of charge

Mobility-oriented urban transportation subsystem

Logistics and supply chains

Demand forecasting

a N

Route optimization

Resource allocation

Multimodal transportation

Urban travel structure Individual travel chains

Travel behavi

/ Intelligent control infrastructure \

Regional coordination

Signal control

\ Last-mile scheduling / vpb-hased p

K Traffic state prediction Intersection modely

macroscopic fundamental diagram serves as a core tool,
extended to bimodal systems to analyze the cumulative
impacts of competing transportation modes on network
capacity. Existing studies also utilize a bimodal network
to analyze the velocity distribution and traffic flow char-
acteristics of different modes of transportation [38]. At
the microscopic level, the individual travel chain is criti-
cal. Data sources for these chains include travel surveys,
GPS data, automated fare collection systems, and mobile
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Fig. 3. Analysis of the transportation subsystem in the context of MMIF. MFD, macroscopic fundamental diagram.

signaling data. Analytical methods include statistical

regression models [39], discrete choice models [40], struc-

tural equations [41], and machine learning [42].

« Logistics and supply chains. Logistics and supply chains
integrate logistics resources and supply chain man-
agement technologies to achieve full-chain coordina-
tion from raw material procurement, production, and
warehousing to last-mile delivery. The main challenges
it faces are multiobjective, cross-scale optimization of
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logistics networks, requiring balanced consideration of
supply-demand equilibrium, the network structure, and
route allocation. In addition, the connection with mul-
timodal transportation is also a key factor as the trans-
portation time and cost depend on traffic congestion and
stochasticity.

At the macroscopic level, understanding the dynamic relation-
ship between logistics demand and economic factors is criti-
cal. System dynamics models [43], origin—destination-service
models [44], and machine learning [45] are widely used. Urban
logistics network optimization includes structural optimiza-
tion, resource allocation, and facility distribution. Methods
like complex network theory [46] and mixed-integer linear
programming models [47] are commonly applied. From the
perspective of microscopic objectives, research addresses
transport route optimization and multimodal logistics sched-
uling. Last-mile delivery is a key challenge, with crowdsourced
logistics offering solutions. Some studies proposed routing
algorithms for assigning delivery tasks to temporary drivers

(such as commuters in the city). The rise of the low-altitude

economy also provides new ideas for terminal distribution

problems.

o Intelligent control infrastructure. Intelligent control
infrastructure is a multi-level, multimodule integrated
framework, focusing on multidimensional collabora-
tive optimization and dynamic regulation. The intelli-
gent control infrastructure emphasizes signal control
optimization, traffic flow dynamics regulation, urban
parking management, and guidance of complex traffic
networks to achieve the purpose of alleviating traffic
congestion, constructing a global perception-decision—
control closed loop.

At the macroscopic scale, research focuses on macroscopic
regional coordination and boundary control. Hierarchical
control strategies combine upper-layer regional boundary
tflow regulation with lower-layer local signal optimiza-
tion [48]. Deep learning [49] and reinforcement learning
[50] are applied for traffic state modeling, prediction and
decision optimization. Deep reinforcement learning pro-
vides generalization abilities for diverse traffic scenarios.
From the perspective of microscopic objectives, research
addresses vehicle behavior simulation and signal control
optimization. Beyond traditional transportation modes,
autonomous vehicle technology is a growing focus [51].
Investigations of road environment impacts on autono-
mous vehicle safety and interactions between autonomous
vehicles and human-driven vehicles aim to enhance mixed
traffic safety and efficiency.

MMIF for the mobility-oriented urban
transportation subsystem
Single-scale analysis risks an incomplete understanding of
urban mobility systems, exemplified by overlooking micro-
scopic individual behavior on macroscopic traffic patterns.
Parameter inconsistencies across scales may induce falsifiabil-
ity vacuums, while neglecting multiscale interactions obscures
cross-level causation (e.g., causal emergence ambiguities).

A multi-level collaborative framework is urgently needed
to couple macroscopic and microscopic layers. Macro-micro
integration of multimodal traffic aims to integrate macroscopic

Wang et al. 2025 | https://doi.org/10.34133/research.0982

traffic dynamics and microscopic behavioral models. Key
research areas include parameter consistency [52], multidimen-
sional travel behavior modeling [53], and traffic system simu-
lation [54]. With the continuous iteration and evolution of
generative Al, LLMs can better adapt to massive traffic flow
data, capture spatial-temporal correlation, and provide solu-
tions for MMIF modeling in multimodal traffic systems through
multimodal data fusion, generative simulation, and cross-scale
attention mechanism. In the research of logistics and supply
chains, isolated macroscopic or microscopic studies lead to
imbalanced resource allocation and inefficiency. MMIF empha-
sizes optimizing system-wide efficiency and resource allocation
by linking global system behavior with individual actions.
Beyond technical efficiency, MMIF should aim to create social
outcomes such as reduced travel times, improved safety, and
ensuring fair access to transportation services, especially for
marginalized communities [55,56]. As for intelligent control
infrastructure, focusing solely on the macroscopic level exac-
erbates traffic oscillations [11], reduces control strategy effi-
ciency [12], and increases safety risks in mixed traffic between
autonomous vehicles and human-driven vehicles [57]. Thus,
integrating both levels is critical.

With the MMIF paradigm, the transportation subsystem
exhibits bidirectional dependencies on both communication
and energy subsystems. Communication subsystems supply
real-time data for dynamic routing and congestion mitigation,
while travel patterns shape network load and coverage require-
ments. Similarly, transportation electrification introduces spa-
tiotemporally varying charging demands on the grid, whereas
energy availability and pricing directly influence travel behavior
and mode selection.

Mobility-oriented urban communication subsystem
As a core subsystem of the urban mega-mobility system, the
mobility-oriented urban communication subsystem integrates
road traffic networks with modern communication technolo-
gies, including wireless systems (fourth-generation/fifth-gen-
eration cellular networks and vehicle-to-everything [V2X]) and
core network systems (the Internet of Things and edge comput-
ing), thereby forming the backbone of mobility intelligence.
Its design and operation should incorporate both macrolevel
architecture and microlevel technical details to ensure effi-
ciency and stability [58]. Based on this, MMIF bridges the gap
between macrometrics and microperformance, enabling pre-
cise prediction, optimized design, and enhanced system per-
formance and adaptability (see Fig. 4).

Given the time-varying characteristics and dynamic net-
work topology of the transportation subsystem and commu-
nication subsystem (wireless system and core network system),
mobility intelligence requires an MMIF paradigm that synchro-
nizes vehicle and base station information, balances user flows,
and mitigates environmental interference. Accurately spatial-
temporal paradigm of network topology enables efficient
resource allocation, enhances stability, and improves overall
communication efficiency [59]. At the macrolevel, optimization
focuses on network coverage, spectrum allocation, and capac-
ity. For example, high-speed vehicles and frequent handovers
demand adaptive base station placement considering interfer-
ence-aware spectrum management to maximize spectrum
efficiency and minimize service disruptions. Therefore, mac-
rolevel optimization must jointly address deployment, load
balancing, and dynamic spectrum utilization. At the microlevel,
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Fig. 4. Analysis of the mobility-oriented urban communication subsystem.

research targets signal propagation characteristics [60], radio-
frequency device performance [61], and protocol layer mecha-
nisms [62] within the wireless system. By fine-tuning parameters
such as signal-to-noise ratio, bandwidth allocation, and trans-
mit power, interference is reduced and throughput is improved.
Together, optimization at both the macro- and microlevels
forms a synergistic framework: macrostrategies (network lay-
out, core system architecture, and spectrum management)
establish the interference landscape, while microlevel adjust-
ments and feedback enhance capacity and coverage.

MMIF for the mobility-oriented urban

communication subsystem

The mobility-oriented urban communication subsystem is a
complex engineering system, which is composed of billions of
equipment terminal devices (such as onboard units and road-
side units) interconnected through heterogeneous networks
(cellular networks and V2X communication). Its topology
presents the dual characteristics of a scale-free and small-world
network: the degree distribution follows a power law, and the
average path length increases only slowly as the network scales.
Single-scale communication modeling methods face 3 impor-
tant challenges arising from theoretical incompleteness, falsifi-
ability vacuumization, and causal emergence blur. Theoretical
incompleteness arises when microlevel models (such as the
Rayleigh fading model) fail to capture the network-level quality-
of-service degradation caused by a small number of anomalous
devices; falsifiability vacuumization is due to the fact that
statistical methods, while adept at characterizing channel
behavior through large amounts of measurement data, lose
their applicability in new environments due to their reliance
on specific datasets; and causal emergence blur occurs when
local events (such as city-level base station failures) are misin-
terpreted as global algorithm failures, or when microlevel opti-
mization measures such as terminal power-saving modes trigger
macrolevel instability, thereby blurring clear causal relation-
ships. Given such structural complexity, there is an urgent need
tor MMIF models.

Mobility intelligence employs an MMIF paradigm. Speci-
fically, it guides microlevel strategies (e.g., V2X channel alloca-
tion and roadside unit power control) based on macrolevel road
network states (e.g., regional traffic flow and communica-
tion spectrum utilization) [13]. For instance, by coupling the
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macroscopic fundamental diagram with the communication
bandwidth in the core network system, the system can forecast
congested zones and adjust signal timing and V2X resource
scheduling in advance. At the microlevel, vehicles interact with
multisource sensing and communication units to exchange local
state information (position and speed) with nearby edge servers.
These updates drive iterative refinements of the MMIF para-
digm, ensuring that local traffic dynamics are captured in detail
while still optimizing overall network performance. Moreover,
communication subsystems must also reflect societal factors,
such as user trust in the system and the social impact of com-
munication disruptions or delays, which may have a cascading
effect on public perception and system adoption [63,64]. In
recent years, the MMIF paradigm has increasingly leveraged
heterogeneous data fusion and large-scale intelligent computing
to achieve real-time perception and coordinated control in com-
plex urban environments. This computing framework tightly
combines core-network system, cloud, and edge resources in a
distributed agent architecture. The cloud leverages its central-
ized processing and storage capabilities to generate city flow
forecasts by integrating multisource data, while edge nodes
carry out low-latency computations to minimize communica-
tion overhead and facilitate microlevel control [65].

By combining these elements, the MMIF paradigm captures
local dynamics and ensures efficient, scalable coordination
across the urban mega-mobility and communication system.
The communication subsystem operates as the neural layer
connecting transportation and energy systems. It enables real-
time data exchange for traffic management, coordinates energy
distribution and electric vehicle (EV) charging schedules, and
provides feedback channels that synchronize vehicle flow with
power demand. By modeling these dependencies jointly, the
MMIF paradigm supports scalable and adaptive cross-domain
coordination.

Mobility-oriented urban energy subsystem

The urban energy subsystem is a key subsystem for building
intelligent, green, and resilient cities within an urban mega-
mobility system. It breaks the traditional boundaries of inde-
pendent operation between urban transportation system and
energy system, achieving overall optimization through bidirec-
tional interaction (see Fig. 5). Based on the MMIF framework,
urban transportation—energy integration represents a sustainable
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Fig. 5. Analysis of the energy subsystem in the context of MMIF.

synergy that goes beyond simple combination, achieving deep
integration through bidirectional coupling that enhances both
environmental sustainability and system efficiency. Current
research mainly focuses on various individual aspects of the
coupling between urban transportation and energy subsys-
tems, including the estimation of charging demand [66]
and the impact of the urban mobility system on the energy
network [67].

In the mobility-oriented urban energy subsystem, the road
network-energy network synergy has established a bidirectional
real-time feedback loop for traffic behavior decision-making and
energy network responses, addressing the decoupling dilemma
of “travel-energy supply” through multi-level data fusion. At
the macrolevel, the focus of the research is on system evolution
and impact assessment, minimizing traffic delays and energy
losses [68]. For instance, it predicts the spatiotemporal distribu-
tion of EV charging demand at the city scale based on big data
related to travel (origin-destination matrix and travel chains)
[69]. Simultaneously, it optimizes the spatial layout, capacity
planning of large-scale EV charging infrastructure (fast-charging
stations, battery-swapping stations, and slow-charging piles),
and the expansion and upgrading of the power grid in a coor-
dinated manner. Meanwhile, the research at the microlevel
emphasizes guiding and modeling individual behaviors, includ-
ing travel behavior [70] and charging behavior [71].

MMIF for the mobility-oriented urban energy subsystem

The MMIF framework facilitates sustainable synergy by creat-
ing feedback loops that simultaneously optimize mobility effi-
ciency and energy sustainability, demonstrating how integrated
planning can achieve environmental and economic co-benefits.
The mobility-oriented urban energy subsystem exemplifies sus-
tainable synergy through its multi-level integration approach,
where transportation and energy systems coevolve to create
solutions that are environmentally responsible, economically
viable, and socially beneficial. The complexity of the integrated
urban transportation and energy subsystem arises from its
dynamic coupling. It manifests as a multi-level nested structure:
the microlevel dynamics of vehicle battery charging and dis-
charging emerge as macrolevel load peak and valley charac-
teristics through aggregation effects [72], while macrolevel
power grid frequency fluctuations or electricity price signals,
in turn, constrain microlevel charging behavior choices [73].
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Single-level investigations face substantial limitations when
confronted with this complexity.

The core mechanism of MMIF for mobility-oriented urban
energy subsystem lies in establishing a bidirectional real-time
feedback loop between travel behavior and energy network
response. This approach leverages multilayer data fusion to
address the decoupling dilemma of travel-energy supply. In the
top-down pathway, based on predicted macro-charging demand,
rapid-charging station prices are dynamically adjusted to induce
individual micro-path choices that avoid high-price congestion
areas [74]. In the bottom-up pathway, real-time data feedback
from individual vehicle battery state of charge is incorporated
into the macromodel to calibrate spatiotemporal charging
demand and congestion propagation paths [75]. In recent years,
macro-micro integration has been widely applied to vehicle-
grid integration [76]. Vehicle-grid integration is not only about
connecting EVss to the grid but also about combining macrolevel
electric power demand management with microlevel individual
vehicle charging and discharging behaviors to achieve efficient
energy utilization and optimized scheduling. At the macrolevel,
the grid can dynamically adjust electricity prices based on real-
time load and renewable energy generation, encouraging users
to charge during off-peak hours to balance electricity supply and
demand; at the microlevel, vehicle owners can use smart charg-
ing systems to choose the best charging time and method and
even feed energy back to the grid from their vehicle’s battery
during peak times, creating a bidirectional flow of energy.
Additionally, human charging behavior is heterogeneous, driven
by range anxiety, price sensitivity, and daily routines, leading to
stochastic grid load fluctuations [77]. Social dynamics influence
EV adoption and charging behavior, while demand-response
participation depends on convenience, incentives, and environ-
mental awareness [78].

This macro—micro integration modeling not only enhances
the flexibility and stability of the grid but also creates economic
benefits for EV users, driving the development of sustainable
urban mega-mobility. The energy subsystem forms the power
foundation for both transportation electrification and com-
munication infrastructure operations. It must dynamically
adapt to transportation-driven charging demands while
ensuring stable power supply for communication networks.
Conversely, predictive grid management relies on communica-
tion networks for coordination and leverages transportation

10


https://doi.org/10.34133/research.0982

Research

patterns for demand forecasting, demonstrating the deep inter-
dependence among all 3 subsystems in achieving sustainable
urban development.

Challenges and Perspectives

Building upon the demonstrated success of MMIF in urban
mega-mobility systems, it is evident that this paradigm has
proven instrumental in decoding nonlinear dynamics, cross-
scale feedback, and emergent behaviors in smart cities. Through
concrete implementations ranging from data-driven modeling
of traffic congestion to cascading failure prediction in power
grids, MMIF has unlocked new levels of analytical depth and
system-wide optimization.

However, the practical realization of these advancements
across domains reveals a shared set of scientific, technological,
and ethical challenges. These challenges arise from efforts to
ensure the reliability of models that simulate emergent and
nonlinear urban phenomena, deploy scalable and interoper-
able computing infrastructures under real-time constraints,
and safeguard the social fairness and transparency of auto-
mated decisions. The following sections explore these chal-
lenges while outlining future opportunities to extend the
MMIF toward more robust, adaptable, and ethically grounded
urban intelligence.

Scientific challenges

As MMIF transitions from experimental tools to operational
engines for urban mega-mobility systems, the scope of their
objectives expands: from modeling complexity to enabling
anticipation and supporting transparent, system-wide interven-
tions. Realizing this vision demands addressing the current
limitations in adaptability, generalization, and interpretability
that constrain MMIF in dynamic, high-dimensional urban
environments. These challenges are most evident in 3 areas:
the verification of complex system behavior, the granularity
of mesoscopic modeling, and the consistency of macro-micro
model coupling.

o Verification and interpretability of complex urban sys-
tems. Due to the inherent nonlinearity, emergence, and
dynamic nature of urban mega-mobility systems, MMIF
encounters substantial challenges in terms of validation
and interpretability. MMIF modeling and simulation
often rely on extensive assumptions and parameter set-
tings, making it difficult to guarantee reproducibility and
reliability in real-world systems [79]. Meanwhile, with
the widespread application of data-driven methods such
as AI and machine learning, the “black-box” nature of
models is becoming increasingly prominent, limiting the
transparency and credibility of decision-making [80].

« Granularity and mesoscopic modeling. Existing MMIF
models often struggle with determining the appropri-
ate granularity for different subsystems. While micro-
scopic models focus on individual agents and macroscopic
models capture aggregated trends, mesoscopic modeling
remains underdeveloped. A major challenge is design-
ing mesoscopic models that can effectively bridge the
gap between macro- and microscales while maintaining
computational feasibility. One approach is to incorpo-
rate agent-based modeling with statistical aggregation
techniques, enabling a more seamless transition between
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scales [81]. Additionally, data-driven mesoscopic models
can leverage clustering techniques and dimensionality
reduction methods to extract representative patterns
from large-scale agent simulations [82]. To avoid poten-
tial ambiguity, we briefly clarify the 3 analytical tiers rel-
evant to mega-mobility systems. The macrolevel captures
system-wide dynamics, such as city-scale traffic flow
patterns, while the microlevel focuses on individual-
agent behaviors, such as vehicle driving maneuvers.
Between them, a mesolevel scale can be recognized,
typically addressing corridor or district-scale interac-
tions. As an illustrative case, in transportation, conges-
tion analysis at the mesolevel can be modeled using the
cell transmission model, which explicitly captures the
propagation of queues and bottlenecks across corridors.
This lies between the fundamental diagram at the mac-
rolevel, which aggregates flow-density—speed relation-
ships, and car-following models at the microlevel, which
reproduce stop-and-go waves and driver interactions.
Similar bridging logic can be extended to other infra-
structures. Introducing the mesolevel offers conceptual
completeness and indicates how the MMIF framework
can be extended to incorporate intermediate interactions
when required, thereby strengthening its adaptability to
diverse urban contexts.

o Inconsistency in macro-micro model coupling. The
differences in temporal, spatial, and granularity scales
between macro- and micromodels often lead to cou-
pling inconsistencies. While macromodels emphasize
overall trends, micromodels capture individual behav-
iors, resulting in potential scale-mapping distortions and
accuracy loss during coupling. For instance, in travel
demand forecasting for transportation systems, macro-
models focus on regional flow predictions, while micro-
models simulate individual travel chains. The differences
in spatial and temporal resolution between the 2 may
lead to simulation biases [83]. To ensure simulation reli-
ability, strict consistency requirements must be enforced
between macro-micro simulation tools, primarily across
2 critical dimensions. Firstly, network information con-
sistency necessitates preserving higher-fidelity infor-
mation within low-resolution macroscopic networks.
The core challenge lies in modifying conventional mac-
roscopic models and algorithms to maintain topolog-
ical completeness and attribute accuracy during scale
transitions. Secondly, mathematical model consistency
requires maintaining derivational equivalence between
frameworks. Through rigorous analytical derivation, this
ensures that the macrolevel impedance function mod-
els remain mathematically reconcilable with microlevel
models, thereby guaranteeing theoretical coherence across
modeling hierarchies [53].

Technological bottlenecks

The technical implementation of MMIF across urban domains
is impeded by infrastructure-level constraints that limit
real-time performance, scalability, and interoperability. While
recent progress in data fusion and intelligent computing has
expanded the theoretical capabilities of MMIE, translating these
advances into operational, real-time systems has proven far
more difficult.
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« Deployable systems for real-time use. While many state-
of-the-art algorithms demonstrate superior performance
in controlled simulation environments, their integration
into real-time operational systems is often hindered by
platform incompatibilities, code generalizability issues,
and the lack of modular software architectures [84]. For
instance, deep-reinforcement-learning-based algorithms
require constant state updates and tight coupling with data
streams in the decision-making phase, yet many exist-
ing transportation management platforms still lack the
real-time responsiveness needed to support such control
strategies.

» Robustness and runtime safety. Urban environments are
inherently noisy, with unexpected incidents such as sen-
sor failures, cyberattacks, or abnormal demand surges.
However, most current models do not offer built-in fault
tolerance, online error correction, or graceful degrada-
tion mechanisms [85]. Without rigorous mechanisms to
ensure system resilience, such as redundancy-aware con-
trol, online anomaly detection, or adversarial robustness
training, intelligent decision-making systems may fail
silently or generate erratic outputs under stress, under-
mining stakeholder trust.

+ Cross-system data standardization. An urban mega-mobil-
ity system often involves multisource data from transporta-
tion, energy, communication, and other domains. Although
multisource data fusion methods are increasingly sophisti-
cated, their real-world implementation is often fragmented
across agencies and vendors with incompatible data sche-
mas, access controls, or update frequencies. Differences in
format, timestamps, and spatial resolution hinder effective
data fusion. Data fragmentation and inconsistency limit
the accuracy and generalization ability of coupled models.
This results in information silos that prevent the formation
of a unified digital infrastructure. Efforts such as Mobility
Data Specifications are still at early stages and face resis-
tance from legacy systems and institutional inertia [86].
Moving forward, promoting cross-system data standard-
ization and unified interface design will be essential to
enhance interoperability.

o Generative Al reliability and sustainability. Despite their
powerful generative and causal reasoning capabilities,
LLM-based generative agents are prone to illusion
risk—wherein models generate plausible but incorrect
or misleading outputs—especially under data sparsity
or distribution shifts common in urban mobility con-
texts [87]. This poses important challenges for reliability
in safety-critical applications such as emergency traffic
management or energy grid control. Moreover, the sub-
stantial computational and energy demands of training
and deploying large-scale generative models present a
sustainability bottleneck, conflicting with the green and
low-carbon goals of smart cities [88]. Future efforts should
focus on developing energy-efficient architectures, robust
uncertainty quantification methods, and hybrid models
that integrate symbolic reasoning to mitigate these risks
while maintaining performance.

Societal and ethical dilemmas
As MMIF is increasingly embedded into real-world urban gov-
ernance systems, it introduces a new layer of societal and ethical
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risks. These arise primarily from the deep reliance on large-
scale, fine-grained data such as travel trajectories, communica-
tion logs, and energy usage patterns, which elevates concerns
about privacy infringement, data security, and surveillance.
Beyond privacy, the growing use of automated, data-driven
decision-making mechanisms in areas such as transportation
relocation and urban resource allocation exposes systemic vul-
nerabilities in fairness and transparency. Algorithmic biases
embedded in model training or objective functions may result
in unequal service distribution, amplifying existing urban
inequalities [89]. Moreover, the opaque nature of many Al-driven
models limits public understanding and oversight, potentially
eroding institutional trust. In the future, introducing ethical
evaluation mechanisms and regulatory frameworks will be
necessary to ensure the fairness and controllability of model-
driven decisions. Beyond privacy and fairness, MMIF must
integrate behavioral models [90] (e.g., prospect theory) and
participatory governance to address human factors, prevent
sociotechnical gaps, and ensure that systems are smart, socially
sustainable, and human centric [91].

Future endeavors

The core objectives of MMIF are to capture complexity, enable
anticipation, and support transparent intervention. The further
development of MMIF in urban mega-mobility systems will
require a reorientation of research priorities toward flexibility,
generalizability, and interpretability. This will require rethink-
ing model architectures and research paradigms to accommodate
dynamic urban conditions, support autonomous yet explainable
control, and enable coordination across interdependent sub-
systems. The next phase of development will be shaped by these
converging priorities: enhancing model adaptability through
online learning and transfer mechanisms, leveraging Al for
scalable system optimization, advancing theories of explainable
emergence, and institutionalizing interdisciplinary collabora-
tion and regulatory co-design to ensure deployment feasibility
and societal alignment.

« Enhancing adaptability and generalization capabilities.
Future MMIF models will need stronger adaptability
and generalization capabilities to cope with the dynamic
changes in urban transportation systems. This includes
incorporating adaptive modeling, transfer learning,
and online optimization mechanisms, enabling models
to quickly generalize across different scenarios while
reducing reconstruction costs [92]. Additionally, by
implementing dynamic feedback mechanisms, models
will be able to self-calibrate and optimize in real-time
environments [84].

o Al-driven complex system optimization. Al will sustain
its critical function in advancing smart urban ecosys-
tems [93]. By leveraging multi-agent distributed rein-
forcement learning and automated machine learning
techniques, MMIF models can achieve autonomous
scheduling and resource optimization in large-scale
urban environments [94]. Additionally, causal discov-
ery algorithms are becoming increasingly important for
identifying hidden mechanisms in urban mega-mobility
systems with numerous interacting elements, especially
in domains where controlled experiments are impracti-
cal. Integrating causal inference with machine learning
could enable AI to automatically extract interpretable
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causal structures from high-dimensional data, offering
physically meaningful explanations for otherwise black-
box models. This convergence of AI-driven optimization
and causal reasoning has the potential to transform our
ability to model, predict, and manage complex, intercon-
nected systems in a scientifically rigorous and explainable
manner.

« Explainable decision and emergence. In the context of
a mega-mobility system with deep coupling of various
networks, a fundamental frontier challenge lies in the
quantitative characterization of emergent phenomena
and causal architectures. Current theoretical explora-
tions include causal emergence criteria based on effec-
tive information, partial information decomposition
frameworks, and synergetic information clusters in the
mega-mobility system [95]. Future breakthroughs may
yield universal emergence laws analogous to thermody-
namics’ entropy principle, capable of predicting condi-
tions under which autonomous macroscopic regularities
emerge. Concurrently, causal discovery algorithms will
play a pivotal role in extracting hidden mechanisms from
the observational data of urban mobility systems, which
involve highly stochastic and socially influenced human
behaviors. These systems share key challenges with socio-
biological domains, where controlled experimentation
is typically infeasible. The synergistic integration of
causal inference with machine learning is anticipated
to automatically distill interpretable macroscopic causal
networks from intricate datasets in the mega-mobility
context. This convergence promises to endow black-box
models with physics-grounded interpretations, bridging
data-driven patterns with first-principles understanding
through causal emergence theory [96].

o Interdisciplinary collaboration and policy guidance.
Research on urban mobility systems involving multi-
ple networks will increasingly rely on interdisciplinary
collaboration and policy guidance. Moving forward,
promoting the deep integration of urban science,
data science, social science, and policy research will
be essential for tackling cross-domain challenges [97].
Additionally, government-led standardization and pol-
icy guidance will be necessary to facilitate data shar-
ing, regulate algorithms, and promote technological
deployment, thereby enhancing the feasibility and
impact of models in real-world management.

Conclusions

In the era of Al-driven rapid iteration for smart cities, the inves-
tigations of urban mega-mobility systems embody a pivotal
frontier in 21st-century science. This review article establishes
the core paradigm of MMIF, which organically combines the
emergent properties at the macrolevel with the behavioral
mechanisms of microlevel individuals. By introducing continu-
ous, bidirectional feedback between these scales, MMIF trans-
forms macro- and microperspectives into a self-consistent,
co-adaptive modeling cycle, enabling cities to sense, respond,
and reorganize dynamically. We hope that the MMIF paradigm
will inspire researchers and practitioners to collectively redefine
the urban systems: not as a collection of problems to be solved
but as a complex living entity to be understood, shaped, and
coevolved.

Wang et al. 2025 | https://doi.org/10.34133/research.0982

Acknowledgments

Competing interests: The authors declare that they have no
competing interests.

References

1. Anderson PW. More is different: Broken symmetry and
the nature of the hierarchical structure of science. Science.
1972;177(4047):393-396.

2. Basu S, Bale CSE, Wehnert T, Topp K. A complexity approach
to defining urban energy systems. Cities. 2019;95:102358.

3. Mainzer K. Challenges of complexity in the 21st century. An
interdisciplinary introduction. Eur Review. 2009;17(2):
219-236.

4. Becker KH, Bello JP, Porfiri M. Complex urban systems: A
living lab to understand urban processes and solve complex
urban problems. Eur Phys ] Spec Topics. 2022;231(9):
1595-1597.

5. Saeedi S. Integrating macro and micro scale approaches in the
agent-based modeling of residential dynamics. Int ] Appl Earth
Obs Geoinf. 2018;68:214-229.

6. Walloth C. Emergent nested systems: A theory of understanding
and influencing complex systems as well as case studies in urban
systems. Cham (Switzerland): Springer; 2016. Chapter 2,
Emergent systems: Nested, fast, and slow; p. 13-27.

7. Yang], Ye X, Trivedi R, Xu H, Zha H. Learning deep mean field
games for modeling large population behavior. arXiv. 2017.
https://doi.org/10.48550/arXiv.1711.03156

8. Chaudhry QA. An introduction to agent-based modeling
modeling natural, social, and engineered complex systems
with NetLogo: A review. Complex Adapt Syst Model.
2016;4(1):Article 11.

9. Khan A, Aslam S, Aurangzeb K, Alhussein M, Javaid N.
Multiscale modeling in smart cities: A survey on applications,
current trends, and challenges. Sustain Cities Soc.
2022;78:Article 103517.

10. Rohit B. Accurate machine learning in materials
science facilitated by using diverse data sources. Nature.
2021;589(7843):524-525.

11. FengS$, Wei S, Zhang ], Li Y, Ke J, Chen G, Zheng Y, Yang H.
A macro-micro spatio-temporal neural network for traffic
prediction. Transport Res C Emerg Technol. 2023;156:

Article 104331.

12. Gu Z, Safarighouzhdi E Saberi M, Rashidi TH. A macro-
micro approach to modeling parking. Transp Res B Methodol.
2021;147:220-244.

13. Zhang CE Zhang QY, Wang Y, Qiu K, Wu BJ, Li CC. Proposal
for 60 GHz wireless transceiver for the radio over fiber system.
Opt Laser Technol. 2014;56:146-150.

14. Lighthill MJ, Whitham GB. On kinematic waves II. A theory
of traffic flow on long crowded roads. Proc R Soc Lond Series A
Math Phys Sci. 1955;229(1178):317-345.

15. Lorenz EN. Deterministic nonperiodic flow. In: Hunt BR,

Li TY, Kennedy JA, Nusse HE, editors. The theory of chaotic
attractors. New York (NY): Springer; 2004. p. 25-36.

16. Yang T, Zhang Y. Urban systems science and cross-scale
dynamics: A conceptual framework to advance integrated
planning and governance. Trans Plan Urban Res. 2025;4(1):
https://doi.org/10.1177/27541223251325264

17. Helbing D. Traffic and related self-driven many-particle
systems. Rev Mod Phys. 2001;73(4):1067.

13


https://doi.org/10.34133/research.0982
https://doi.org/10.48550/arXiv.1711.03156
https://doi.org/10.1177/27541223251325264

Research

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Batty M. Cities and complexity: understanding cities with
cellular automata, agent-based models, and fractals. Cambridge
(MA): The MIT Press; 2007.

Borsoi RA, Usevich K, Brie D, Adali T. Personalized coupled
tensor decomposition for multimodal data fusion: Uniqueness
and algorithms. IEEE Trans Signal Process. 2024;71(7):
2189-2200.

Liu Z, Xie S, Zhang H, Zhou D, Yang Y. A parallel computing
framework for large-scale microscopic traffic simulation based
on spectral partitioning. Trans Res Part E Logist Trans Rev.
2024;181:Article 103368.

Wang J, Li Y, Gao RX, Zhang F. Hybrid physics-based and
data-driven models for smart manufacturing: Modelling,
simulation, and explainability. ] Manuf Syst. 2022;63:381-391.
XuELiY, Jin D, LuJ, Song C. Emergence of urban growth
patterns from human mobility behavior. Nat Comput Sci.
2021;1(12):791-800.

Gallotti R, Sacco P, De Domenico M. Complex urban systems:
Challenges and integrated solutions for the sustainability and
resilience of cities. Complexity. 2021;2021(1):1782354.

Zhang L, Xie Y, Xidao L, Zhang X. Multi-source heterogeneous
data fusion. 2018 International Conference on Artificial
Intelligence and Big Data (ICAIBD); 2018 May 26-28;
Chengdu, China.

Diniz PS. Adaptive filtering: Algorithms and practical
implementation. New York (NY): Springer; 1997.

Li L, Revesz P. Interpolation methods for spatio-temporal
geographic data. Comput Environ Urban Syst. 2004;28(3):
201-227.

Moslemi A, Briskina A, Dang Z, Li ]. A survey on knowledge
distillation: recent advancements. Mach Learn Appl.
2024;18:Article 100605.

Xing J, Wu W, Cheng Q, Liu R. Traffic state estimation of
urban road networks by multi-source data fusion: Review and
new insights. Phys A Stat Mech Appl. 2022;595:Article 127079.
Chen Z, Wan Y, Liu Y, Valera-Medina A. A knowledge graph-
supported information fusion approach for multi-faceted
conceptual modelling. Information Fusion. 2024;101:

Article 101985.

Liu JG, Huang J, Sun R, Yu HT, Xiao RD. Data fusion for
multi-source sensors using GA-PSO-BP neural network. IEEE
Trans Intell Transp Syst. 2021;22(10):6583-6598.

Dai E, Hossain MA, Wang Y. State of the art in parallel

and distributed systems: Emerging trends and challenges.
Electronics. 2025;14(4):677.

Jiang X, Sengupta R, Demmel J, Williams S. Large scale multi-
GPU based parallel traffic simulation for accelerated traffic
assignment and propagation. Transp Res Part C Emerg Technol.
2024;169:104873.

Wang T, Yi Y, Yao J, Xu Z-QJ, Zhang T, Chen Z. Enforcing
physical conservation in neural network surrogate models for
complex chemical kinetics. Combust Flame. 2025;275:

Article 114105.

Liu C, Wang Z, Liu Z, Huang K. Multi-agent reinforcement
learning framework for addressing demand-supply imbalance
of shared autonomous electric vehicle. Transp Res Part E Logist
Transp Rev. 2025;197:Article 104062.

Shi RY, Mo ZB, Di X. Physics-informed deep learning

for traffic state estimation: A hybrid paradigm informed

by second-order traffic models. 35th AAAI Conference

on Artificial Intelligence/33rd Conference on Innovative
Applications of Artificial Intelligence/11th Symposium on

Wang et al. 2025 | https://doi.org/10.34133/research.0982

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

Educational Advances in Artificial Intelligence; 2021 Feb 2-9;
virtual.

Yuan B, Zhang J, Lyu A, Wu J, Wang Z, Yang M, Liu K, Mou M,
Cui P. Emergence and causality in complex systems: A survey
of causal emergence and related quantitative studies. Entropy.
2024;26(2):108.

Chen X]J, Qin GY, Seo T, Yin JY, Tian Y, Sun J. A macro-micro
approach to reconstructing vehicle trajectories on multi-

lane freeways with lane changing. Transport Res C Emer.
2024;160:20.

Fu H, Wang Y, Tang X, Zheng N, Geroliminis N. Empirical
analysis of large-scale multimodal traffic with multi-sensor
data. Transp Res Part C Emerg Technol. 2020;118:
102725-102842.

Zhu P, Guo Y. Telecommuting and trip chaining: Pre-
pandemic patterns and implications for the post-pandemic
world. Transp Res Part D: Transp Environ. 2022;113:
103524-103636.

Ho CQ, Mulley C. Multiple purposes at single destination:

A key to a better understanding of the relationship between
tour complexity and mode choice. Transp Res A Policy Pract.
2013;49:206-219.

Rafiq R, McNally MG. A structural analysis of the work tour
behavior of transit commuters. Transp Res A Policy Pract.
2022;160:61-79.

Stanitsa A, Hallett SH, Jude S. Investigating pedestrian
behaviour in urban environments: A Wi-Fi tracking

and machine learning approach. Multimodal Transp.
2023;2(1):100049.

Mangla SK, Kazancoglu Y, Ekinci E, Liu MQ, Ozbiltekin M,
Sezer MD. Using system dynamics to analyze the societal
impacts of blockchain technology in milk supply chainsrefer.
Transport Res E-Log. 2021;149:Article 102289.

Lu W, Zhang Y, Xu J, Yuan Z, Li P, Zhang M, Vu HL. Exploring
spatiotemporal heterogeneity of urban green freight delivery
parking based on new energy vehicle GPS data. Transport Res
E Log. 2025;193:25.

Sakai T, Alho AR, Bhavathrathan BK, Dalla Chiara G,
Gopalakrishnan R, Jing PY, Hyodo T, Cheah L, Ben-Akiva M.
SimMobility Freight: An agent-based urban freight simulator
for evaluating logistics solutions. Transport Res E Log Transp
Rev. 2020;141:102017.

Yang YT, Liu EJ, Chen Y, Meng X, Wang T, Wang H, Zhi D,
Song D, Wang H. Assessing the resilience of urban truck
transport networks under the COVID-19 pandemic: A case
study of China. Transport Res E-Log. 2025;197:104087.

Zhu ], Ma C, Shi Y, Yang Y, Guo Y, Yang X. Asynchronous
decentralized traffic signal coordinated control in urban road
network. Comput Aided Civ Inf Eng. 2024;40(7):895-916.
Thodi BT, Ambadipudi SVR, Jabari SE. Fourier neural operator
for learning solutions to macroscopic traffic flow models:
Application to the forward and inverse problems. Transport
Res C Emer Technol. 2024;160:104500.

Zhang YC, Su R. An optimization model and traffic light
control scheme for heterogeneous traffic systems. Transport
Res C Emer Technologies. 2021;124:102911.

Shi HT, Chen DJ, Zheng N, Wang X, Zhou Y, Ran B. A deep
reinforcement learning based distributed control strategy

for connected automated vehicles in mixed traffic platoon.
Transport Res C-Emer. 2023;148:104019.

Wang X, Huang ], Tian Y, Sun C, Yang L, Lou S, Lv C, Sun C,
Wang F-Y. Parallel driving with big models and foundation

14


https://doi.org/10.34133/research.0982

Research

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

intelligence in cyber-physical-social spaces. Research.
2024;7:0349.

Ho CQ, Hensher DA, Wang SB. Joint estimation of mode and
time of day choice accounting for arrival time flexibility, travel
time reliability and crowding on public transport. ] Transp
Geogr. 2020;87:102793.

Wang ZL, Liu ZY, Cheng QX, Gu ZY. Integrated self-
consistent macro-micro traffic flow modeling and calibration
framework based on trajectory data. Transport Res C Emer.
2024;158:104439.

Nurul Habib KM, Day N, Miller E]J. An investigation of
commuting trip timing and mode choice in the Greater
Toronto Area: Application of a joint discrete-continuous
model. Transp Res A Policy Pract. 2009;43(7):639-653.

Chen JC, Tao SY, Teng SY, Chen YY, Zhang H, Wang FY.
Toward sustainable intelligent transportation systems in
2050: Fairness and eco-responsibility. IEEE Trans Intell Veh.
2023;8(6):3537-3540.

Liu CX, Liu LB, Peng ZH, Wu H, Wang FH, Jiao HZ, Wang J.
Planning public electric vehicle charging stations to balance
efficiency and equality: A case study in Wuhan, China. Sustain
Cities Soc. 2025;124:106314.

WuJ, Gao B, Gao ], YuJ, Chu H, Yu Q, Gong X, Chang Y,
Tseng HE, Chen H, et al. Prospective role of foundation models
in advancing autonomous vehicles. Research. 2024;7:0399.

Yin L, Cao JM, Ni Q, Ma YZ, Li S. Design and performance
analysis of multi-scale NOMA for future communication-
positioning integration system. IEEE ] Sel Areas Commun.
2022;40(4):1333-1345.

Ma YY, Ota K, Dong MX. Multi-RIS deployment location
optimization for coverage enhancement in outdoor

wireless communication networks. IEEE Trans Veh Technol.
2024;73(10):15332-15344.

Akter R, Doan VS, Huynh-The T, Kim DS. RFDOA-

Net: An efficient ConvNet for RF-based DOA estimation

in UAV surveillance systems. IEEE Trans Veh Technol.
2021;70(11):12209-12214.

Gujral S, Sarma S. Power minimization in multi-antenna
transmitter aided bidirectional tag-to-device communications
for IoT. IEEE Trans Veh Technol. 2022;71(12):13105-13119.
Wu T, Zou YL, Jiang YH. Secrecy throughput optimization
and precoding design in adaptive transmit antenna selection
systems with limited feedback. IEEE Trans Veh Technol.
2022;71(11):11693-11702.

Yang Z, Xia L, Cui J], Li X, Wu Y, Dong Z, Ding Z. User
fairness optimization of IRS-assisted cooperative MISO-
NOMA for ITS with SWIPT. IEEE Trans Intell Transp Syst.
2024;25(7):6861-6872.

Abdeljabar S, Eltokhey MW, Alouini MS. Sum rate and fairness
optimization in RIS-assisted VLC systems. IEEE Open |
Commun Soc. 2024;5:2555-2566.

Lan GH, Lee S, Zhou Y. Communication-efficient algorithms
for decentralized and stochastic optimization. Math Program.
2020;180(1-2):237-284.

Zhang X, Chan KW, Li H, Wang H, Qiu J, Wang G. Deep-
learning-based probabilistic forecasting of electric vehicle
charging load with a novel queuing model. IEEE Trans Cybern.
2021;51(6):3157-3170.

Bagalini V, Zhao BY, Wang RZ, Desideri U. Solar PV-
battery-electric grid-based energy system for residential
applications: System configuration and viability. Research.
2019;2019:3838603.

Wang et al. 2025 | https://doi.org/10.34133/research.0982

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

Qian T, Shao C, Li X, Wang X, Shahidehpour M. Enhanced
coordinated operations of electric power and transportation
networks via EV charging services. IEEE Trans Smart Grid.
2020;11(4):3019-3030.

Li H, Du Z, Chen L, Guan L, Zhou B. Trip simulation based
charging load forecasting model and vehicle-to-grid evaluation
of electric vehicles. Autom Electric Power Syst. 2019;43(21):
88-96.

Ashkrorf P, Correia GHA, van Arem B. Analysis of the effect of
charging needs on battery electric vehicle drivers’ route choice
behaviour: A case study in the Netherlands. Transp Res Part D
Transp Environ. 2020;78:102206.

Shi X, Xu'Y, Guo Q, Sun H, Gu W. A distributed EV navigation
strategy considering the interaction between power system and
traffic network. IEEE Trans Smart Grid. 2020;11(4):3545-3557.
Mhaisen N, Fetais N, Massoud A. Real-time scheduling for
electric vehicles charging/discharging using reinforcement
learning. 2020 IEEE International Conference on Informatics,
IoT, and Enabling Technologies (ICIoT);

2020 Feb 2-5; Doha, Qatar.

Li R, Wu Q, Oren SS. Distribution locational marginal pricing
for optimal electric vehicle charging management. IEEE Trans
Power Syst. 2014;29(1):203-211.

Lu Z, QiJ, Zhang J, He L, Zhao H. Modelling dynamic demand
response for plug-in hybrid electric vehicles based on real-time
charging pricing. IET Gen Trans Distrib. 2017;11(1):228-235.
Guo Q, Xin S, Sun H, Li Z, Zhang B. Rapid-charging
navigation of electric vehicles based on real-time

power systems and traffic data. IEEE Trans Smart Grid.
2014;5(4):1969-1979.

Powell S, Cezar GV, Min L, Azevedo IML, Rajagopal R.
Charging infrastructure access and operation to reduce the
grid impacts of deep electric vehicle adoption. Nat Energy.
2022;7(10):932-945.

Sovacool BK, Axsen J. Functional, symbolic and societal
frames for automobility: Implications for sustainability
transitions. Transport Res A Pol. 2018;118:730-746.

Li Z, Ouyang MG. The pricing of charging for electric vehicles
in China—Dilemma and solution. Energy. 2011;36(9):
5765-5778.

Orsini C, Dankulov MM, Colomer-de-Simdn P, Jamakovic A,
Mahadevan P, Vahdat A, Bassler KE, Toroczkai Z, Boguiia M,
Caldarelli G, et al. Quantifying randomness in real networks.
Nat Commun. 2015;6:8627.

Saeed W, Omlin C. Explainable AI (XAI): A systematic meta-
survey of current challenges and future opportunities. Knowl
Based Syst. 2023;263(Suppl C):110273.

Kim Y, Choi S, Park ], Yeo H. Agent-based mesoscopic urban
traffic simulation based on multi-lane cell transmission model.
Proc Comput Sci. 2019;151:240-247.

Dong L, Huang Z, Zhang J, Liu Y. Understanding the
mesoscopic scaling patterns within cities. Sci Rep.
2020;10(1):21201.

Gustafsson L, Sternad M. Bringing consistency to simulation

of population models-Poisson simulation as a bridge between
micro and macro simulation. Math Biosci. 2007;209(2):361-385.
Vlachas PR, Arampatzis G, Uhler C, Koumoutsakos P.
Multiscale simulations of complex systems by learning their
effective dynamics. Nat Mach Intell. 2022;4(4):359-366.
Ting-Ting Gao GY. Autonomous inference of complex
network dynamics from incomplete and noisy data. Nat
Comput Sci. 2022;2(3):160-168.

15


https://doi.org/10.34133/research.0982

Research

86.

87.

88.

89.

90.

91.

Zack R. A data standard for new mobility. Institute Transp Eng
ITE J. 2019;89(6):26-28.

Messeri L, Crockett M]J. Artificial intelligence and

illusions of understanding in scientific research. Nature.
2024;627(8002):49-58.

de Vries-Gao A. Artificial intelligence: Supply chain
constraints and energy implications. Joule. 2025;9(6):101961.
Rahwan I, Cebrian M, Obradovich N, Bongard J, Bonnefon J-F,
Breazeal C, Crandall JW, Christakis NA, Couzin ID,

Jackson MO, et al. Machine behaviour. Nature. 2019;568(7753):

477-486.

Geng BC, Brahma S, Wimalajeewa T, Varshney PK,
Rangaswamy M. Prospect theoretic utility based human
decision making in multi-agent systems. IEEE Trans Signal
Process. 2020;68:1091-1104.

Moon MJ. Searching for inclusive artificial intelligence

for social good: Participatory governance and policy
recommendations for making AI more inclusive and benign
for society. Public Adm Rev. 2023;83(6):1496-1505.

Wang et al. 2025 | https://doi.org/10.34133/research.0982

92.

93.

94.

95.

96.

97.

Zhuang F, Qi Z, Duan K, Xi D, Zhu Y, Zhu H, Xiong H, He Q.
A comprehensive survey on transfer learning. Neurocomputing.
2021;109(1):43-76.

XuY, Liu X, Cao X, Huang C, Liu E, Qian §, Liu X, Wu Y,
Dong E, Qiu C-W, et al. Artificial intelligence: A powerful
paradigm for scientific research. Innovation. 2021;2(4):100179.
Himeur Y, Elnour M, Fadli F, Meskin N, Petri I, Rezgui Y,
Bensaali F, Amira A. AI-big data analytics for building
automation and management systems: A survey, actual challenges
and future perspectives. Artif Intell Rev. 2023;56(6):4929-5021.
Williams PL, Beer RD. Nonnegative decomposition

of multivariate information. arXiv. 2010. https://doi.
org/10.48550/arXiv.1004.2515

Gao J, Buldyrev SV, Stanley HE, Havlin S. Networks formed
from interdependent networks. Nat Phys. 2012;8(1):40-48.
Cristina Cornelio SD, Austel V, Josephson TR, Goncalves J,
Clarkson KL, Megiddo N, El Khadir B, Horesh L. Combining
data and theory for derivable scientific discovery with AI-
Descartes. Nat Commun. 2023;14(1):1777.

16


https://doi.org/10.34133/research.0982
https://doi.org/10.48550/arXiv.1004.2515
https://doi.org/10.48550/arXiv.1004.2515

	Analyzing Mega-mobility Systems in Smart Cities: A Macro–Micro Integration with Feedback Paradigm Empowered by Artificial Intelligence
	Introduction
	Nature of Mega-mobility Systems in Cities
	Openness
	Nonlinearity
	Hierarchy
	Emergence

	Cutting-Edge AI Methods and Technologies in MMIF for Analyzing Mega-mobility Systems
	Multisource heterogeneous data acquisition and fusion
	Large-scale intelligent computing
	Knowledge–data co-driven modeling
	Generative agents and causal reasoning by LLMs

	Typical Constituent Subsystems and the Role of MMIF
	Mobility-oriented urban transportation subsystem
	MMIF for the mobility-oriented urban transportation subsystem

	Mobility-oriented urban communication subsystem
	MMIF for the mobility-oriented urban communication subsystem

	Mobility-oriented urban energy subsystem
	MMIF for the mobility-oriented urban energy subsystem


	Challenges and Perspectives
	Scientific challenges
	Technological bottlenecks
	Societal and ethical dilemmas
	Future endeavors

	Conclusions
	Acknowledgments
	References


