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Abstract

Urban Embodied Agents (UrbanEAs) are emerging to actively interact with complex, large-scale city
environments and generate vast, heterogeneous data streams, moving beyond the single-vehicle of
existing autonomous driving. However, urban environments present distinct challenges, including
environmental variability, limited observability, and interaction complexity. These challenges hinder
the effectiveness of existing embodied agents, which have focused on controlled indoor environments,
and expose the inherent limitations of relying on single-domain data. Therefore, establishing a
comprehensive data lifecycle to fuse multidomain data from terrain, aerial, and space is a strategy for
developing actionable embodied capabilities from raw urban streams. Distinct from existing surveys
that follow a model-centric paradigm for urban computing or autonomous driving, we systematically
propose and review a comprehensive Data Lifecycle from a multidomain data perspective, which
is critical for the UrbanEA. First, we propose a unified framework containing four key stages of
this lifecycle: Data Perception, Data Management, Data Modeling, and Task Application. Next, we
establish a taxonomy for each stage of the lifecycle. Specifically, we detail the evolution from static data
storage to active agent memory, and analyze integration strategies designed to bridge multidomain
gaps. We demonstrate how UrbanEAs empower downstream tasks, including Urban Scene Question-
Answering (SQA), Vision-Language Navigation (VLN), and Human-Agent Collaboration (HAC).
Finally, we outline the social impact of the data lifecycle of UrbanEA and open research problems with
the future directions. Our survey provides a roadmap for designing the robust, high-performance data
frameworks essential for these UrbanEAs.

Keywords: data lifecycle; smart cities; embodied agent;data analytics and data science

1. Introduction

Modern cities are complex systems, dynamically interwoven with physical elements (such as
buildings and roads), social structures, economic activities, and environmental factors [1,2]. They are
not only the cornerstones of modern civilization but are also continuously evolving, driven by cultural,
economic, and technological advancements [3]. Contemporary cities have evolved beyond being
collections of physical spaces to become hubs of diverse information sources, composed of Internet of
Things (IoT) devices, geospatial data, and sensor data [4,5].

Against this backdrop, the concept of the Urban Embodied Agent (UrbanEA) [6] has emerged.
It is an intelligent system (such as an autonomous vehicle, robot, or virtual avatar) that possesses a
physical or virtual body to directly perceive, reason about, and execute actions within complex urban
environments. By leveraging these core capabilities, such agents are envisioned to help address critical
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urban problems, including human-aware assistance and interactive services. UrbanEA represents an
extension of digital urban computing agents and autonomous driving: moving beyond the digital
analysis of the former (e.g., traffic flow models) and the point-to-point mobility of the latter, UrbanEA
leverages diverse physical forms to treat the city as an interactive semantic space, utilizing common-
sense reasoning to understand social intentions and execute complex tasks directly in the physical
world [7].

To fulfill this vision, the UrbanEA’s core capability lies in its data lifecycle, which defines the
entire pipeline from data perception to embodied application. As shown in Figure 1, this pipeline
contains the following stage:

1.  Data Perception. The agent perceives multimodal data from multidomain (handheld, vehicle,
drone, satellite) to comprehensively perceive the physical world, marking the starting point of
the data lifecycle [8].

2.  Data Management. Task-driven data architectures organize massive, heterogeneous urban
perception data to the memory of the UrbanEAs.

3. Data Modeling. In this stage, the data modeling strategies address the data gaps and construct a
unified urban cognition.

4. Task Application. The structured data, after being processed through modeling, supports

advanced UrbanEA tasks such as Urban Scene Question-Answering (SQA), Vision-Language
Navigation (VLN), and Human-Agent Collaboration (HAC), and generates a positive social
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Figure 1. Overview of the proposed multidomain data lifecycle for Urban Embodied Agents, from perception to
social impact.

Despite its importance, successfully implementing this end-to-end data lifecycle in urban settings
remains insufficient. Existing embodied agent research focuses on indoor environments [9], which
are relatively controlled, limited in scale, and structurally stable, while urban settings are different.
Therefore, UrbanEA presents unique data-centric challenges that impact every stage of this lifecycle:

1.  Environmental Variability. Urban environments are inherently dynamic and uncertain, unlike
controlled indoor settings. Data Perception in outdoor scenes must handle dramatic variations
in illumination (diurnal cycles, sunlight-shadow contrasts) and challenging weather conditions
(rain, snow, fog), all of which degrade perception performance.

Limited Observability. Urban environments are vast, but individual sensors have limited
coverage. Any single domain sensor (e.g., a vehicle-mounted camera or LiDAR) suffers from
blind spots and occlusions due to its limited field of view and detection range. This results in
spatially incomplete perceptual information, making it impossible to achieve a globally consistent
scene understanding during Data Modeling.

Interaction Complexity. An urban environment is beyond a collection of physical spaces but a
complex social environment composed of numerous intelligent agents. The behavior of these
agents is not simple physical motion but is driven by a multi-layered set of rules. Their behavior
follows both explicit rules (e.g., traffic laws) and implicit social norms (e.g., driving habits, pedes-
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trian etiquette, intentions signaled through body language). Understanding these interactions
requires interpreting subtle cues like posture, gaze, and intent, which are far harder to capture
and model during the Data Modeling and Task Application stages than simple physical motion.

These challenges highlight the complexity of the data lifecycle in urban environments, making it
difficult for single-domain data to comprehensively capture the scene. To address these limitations,
utilizing multidomain data for UrbanEA has emerged as a promising strategy [13,17,18]. By integrating
perspectives from diverse domains—such as a vehicle’s terrain perception, a drone’s aerial view, and a
satellite’s global map—the system can mitigate the limitations of individual sensors and reduce blind
spots to construct a more spatially complete scene understanding.

However, as shown in Table 1, existing reviews tend to adopt a task-centric or model-centric
perspective, such as foundation models [12,19] or the graph neural network [10], which may not fully
align with the requirements of this multidomain approach. Specifically, urban computing surveys
primarily focus on digital agents designed for passive analytical tasks, such as traffic and weather
prediction. In these frameworks, data is often treated as static inputs for offline reasoning, rather
than the interactive streams required by physical agents to actively perceive and intervene in the
world. Meanwhile, although existing embodied agent surveys discuss physical interaction, they
generally focus on controlled indoor environments, leaving the dynamic gaps inherent in complex,
city-scale environments largely unaddressed. Therefore, a systematic review covering the end-to-end
lifecycle, from data perception to final application, for UrbanEA is still needed. To fill this gap, we
present the first comprehensive survey on the data lifecycle for UrbanEA. Our research focuses on the
entire pipeline, investigating how to efficiently store, query, and fuse this complex data to support
downstream embodied agent applications. Our contributions are summarized as follows:

1) Unified Data Lifecycle Framework. We propose a systematic framework that organizes the
existing UrbanEA research into an end-to-end pipeline. Unlike existing surveys that focus on isolated
tasks or specific domain data, our framework integrates Data Perception, Management, Modeling,
and Application, providing a holistic view of how urban data flows from raw sensors to an embodied
agent.

2) Fine-grained Multi-stage Taxonomy. We establish a taxonomy for each stage of the lifecycle to
clarify technical boundaries. Specifically, we categorize perception by modalities and domains, classify
management by storage structure and capability, and taxonomy modeling strategies based on the
specific domain gaps in the real world.

3) Forward-looking Research Roadmap. We identify cross-stage challenges and synthesize them
into a strategic roadmap spanning Method-level, System-level, and Societal-level dimensions. By
extending the discussion beyond technical metrics to broader social impacts, we aim to provide insights
that may inspire future research in the UrbanEA community.

Table 1. Comparison with existing surveys for the model-centric urban computing survey and indoor embodied
agent survey.

. Multidomain Embodied Data . .
Survey Year Venue City Platform Data Agent Life-cycle Primary Perspective
Jin etal. [10] 2023 IEEE TKDE v Model-centric
Ragl‘“[‘la;‘]‘et 2023 IEEETITS v Model-centric
Yang et al. [3] 2024 IEEE TKDE v v Model-centric
Zj}a‘[‘lngt 2024 ACMKDD v v Model-centric
Cengiz et 2025 Information v v Model-centric
al. [4] Fusion
Zou et al. [13] 2025 h”lfI(:)rn}atlon v v Model-centric
usion
Song et al. [14] | 2025 IEEE TKDE v Model-centric
Yao et al. [15] 2025 IEEE TITS v Model-centric
Mao et al. [16] 2025 IEEE TITS v Data-centric
OurWork | - - v v v v Data-centric
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The rest of the survey is organized as follows: Sec. 2 reviews the urban sensing and simulation
in data perception. Sec. 3 discusses the pipeline for data management. Sec. 4 surveys data modeling
techniques to bridge key multidomain data gaps. Sec. 5 presents downstream task applications, and
Sec. 6 explores the broader social impacts. Sec. 7 discusses future outlook and open challenges. Sec. 8
finally concludes the paper.

2. Data Perception

2.1. How to Perceive the City?
2.1.1. Vision Perception

For the visual sense ability, we divide it into the following main categories [20]. The multidomain
data captures distinct aspects of the environment, often complementing each other. We visualize the
vision perception in the terrain domain as the example, as shown in Figure 2.

e RGB Images: These are standard color images, akin to what a human eye or a typical camera
perceives. They are rich in texture, color, and semantic information, making them invaluable for
tasks like object recognition, classification, and scene understanding (e.g., identifying road signs in
autonomous driving, describing visual elements in spatial description) [21]. An RGB image can be
represented as a three-dimensional tensor, denoted as Irgp € Zg—gWX3. Its dimensions are the image
height H, width W, and 3 color channels (Red, Green, Blue). However, they are 2D projections and are
sensitive to lighting conditions, lacking direct information about the 3D structure or distance to objects.
o Depth Images: Unlike RGB images that capture color, depth images encode distance information.
Each pixel value typically represents the distance from the sensor to the corresponding point in the
scene. A depth image can be represented as a 2D matrix, denoted as Ip.ps, € RE *W Tts dimensions
are the image height H and width W. The value at each pixel (1, v) is a scalar representing the distance
from the sensor to that point in the scene. This provides explicit geometric cues crucial for obstacle
avoidance, navigation, and 3D reconstruction, often used in drone operation and robot tasks [22].

e Lidar Point Clouds: Light Detection and Ranging (Lidar) sensors actively emit laser beams and
measure the reflected light to create a sparse but accurate 3D map of the surroundings. A Lidar point
cloud is an unordered set of points, denoted as Pr;par = {p1, P2, PN} i = (X0, yi,2i,0;) € RE Tt
consists of N points, where N is variable. Each point p; contains at least its coordinates (x,y,z) in 3D
space. It often includes reflection intensity, i, as well. These point clouds provide precise geometric
structure and distance measurements over considerable ranges, largely independent of ambient light.
While excellent for geometry, they typically lack the rich color and texture information found in RGB
images.

¢ Radar Point Clouds: Radar sensors use radio waves instead of light. Radar data is also a set of points,
denoted as Pgyg.r = {d1, d2, ...,dM},dj = (xj, Yi,zj, ij,vyj,vzj) € RO, Tt consists of M detections, where
M is typically much smaller than the number of Lidar points, N. (vx, vy, v;) is the velocity vector of
the detection. Similar to Lidar, they can generate point clouds representing detected objects. Radar’s
key advantage is its robustness in adverse weather conditions (rain, fog, snow), where Lidar and
cameras might struggle. However, Radar typically provides lower resolution and less detailed shape
information compared to Lidar or cameras [15,23].
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(a) RGB Images (b) Depth Images

(c) Lidar Point Clouds (d) Radar Point Clouds

Figure 2. Vision perception for Urban Embodied Agents. We visualize some cases in Carla Simulators [24].

2.1.2. Multi-Sensory Perception

In urban settings, multi-sensory technology, which integrates auditory (e.g., traffic sounds, water
features), tactile (e.g., pavement textures, wind), even olfactory (e.g., floral scents, garbage odor), and
thermal (e.g., temperature), is being applied to smart city fields like environmental monitoring [25] and
public security [26,27]. Complementing these environmental modalities, kinematic and localization
sensors, such as Inertial Measurement Units (IMU) and Global Positioning Systems (GPS), provide
critical proprioceptive states and geospatial contexts, enabling agents to anchor their perceptions
within the dynamic urban frame.

Sensing within environments is multi-sensory, extending well beyond the visual sensing [28].
To this end, efforts focused on combining audio and visual information, with various works aiming
to train agents that can both see and hear by using integrated audio-visual simulations [29-33]. The
domain of visual-tactile learning focuses on building realistic tactile simulation systems to allow agents
to understand the world through physical interaction [34-38]. Multiply [39] proposes a multi-sensory
sensing simulator. This platform incorporates a wide array of interactive data—including visual, audio,
tactile, and thermal information—directly into large language models, thereby establishing a direct
and powerful correlation among words, actions, and percepts.

2.2. Where to Perceive the City?

The urban perception requires a system capable of synergistically processing information from
different observational dimensions [13,40,41]. We divide the urban perception based on the data
domain, including handheld, vehicle, drone, plane, and satellite as shown in Figure 3. These platforms
demonstrate spatio-temporal heterogeneity, resulting in a dynamic gap as discussed in Section 4.1.3.
These platforms constitute the sensing infrastructure of urban computing systems. UrbanEA lever-
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ages these classic urban data sources (e.g., street view imagery, remote sensing) but requires higher
frequency and lower latency to support embodied control.

e Handheld. The data from handheld devices is designed for close-quarters mapping and typically
has a shorter range. For example, some professional handheld scanners have a flexible scanning range
from 0.4 to 10 meters, making them ideal for detailed exterior facade work [42]. The terrain handheld
scanners can achieve accuracies around 5-10 mm. The use of handheld devices for data acquisition
suffers from low efficiency, limited coverage, and data inconsistencies caused by manual handling, as
the sim-to-real fidelity gap discussed in Sec 4.1.2.

e Vehicle. These systems are designed for efficient corridor mapping and possess a range optimized
for capturing roadside features from a moving vehicle [43,44]. The vehicle systems experience a slight
reduction in accuracy compared to handheld static scanners, but they still deliver exceptional results
suitable for most urban mapping tasks, capturing high-density data within 30 meters to 100 meters of
the vehicle’s path. In urban environments, tall buildings lead to GPS signal drift, while pedestrians
and other vehicles create dynamic obstructions. These deficiencies may introduce the dynamic gap as
discussed in Sec 4.1.3.

e Drone. Drones operate in a unique low-altitude domain, which allows them to achieve exceptionally
high spatial resolutions with both photogrammetric and LiDAR sensors. For most professional urban
mapping applications, drones can easily achieve a Ground Sample Distance (GSD) between 1 cm and
5 cm per pixel [45]. While its high flexibility is an advantage, it also causes variations in scale and
perspective, posing a challenge for precise camera pose estimation.

e Plane. For urban mapping projects, the aerial plane typically delivers a GSD in the range of 5 cm to
30 cm. A GSD of 5-15 c¢m is sufficient for creating highly detailed and geometrically accurate city-wide
3D models at LOD2 (differentiated roof structures) and LOD3 (architectural models with major facade
elements). At this resolution, it is possible to clearly identify individual buildings, roads, vegetation,
and major infrastructure elements [46]. However, it is difficult to capture fine terrain-level details.

o Satellite. Satellites operate from low Earth orbit at altitudes that dwarf aerial platforms, yet tech-
nological advancements have enabled them to achieve remarkable spatial resolutions [47,48]. The
commercial constellations offer panchromatic imagery with a native spatial resolution of approxi-
mately 30 cm. Although it provides wide coverage, it suffers from the spatio-temporal resolution with
cloud-based occlusion, which may introduce the viewpoint gap.

Sensing Spatial Temporal Typical
Range Resolution Resolution Tasks

Detailed facade modeling,

Handheld |}  0.4m-10m Accuracy: <lcm Real-time to second-level .
Crack detection

Street mapping,

Vehicle - 2cm— i inute-
Ol Im-100m  Accuracy:2cm—Scm  Real-time to minute-level Road asset identification

(D) Local 3D reconstruction,

Drone (}g) 50m-100m  GSD:lcm—Scm/px Minutes to hours e
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road net mapping
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Satellite ‘\Sy >10km GSD:30cm—50cm/px Seconds to weeks TR —

Figure 3. Comparison between multidomain data in Urban Embodied Agents.

2.3. City Scene Simulators

The development of robust and reliable perception for outdoor environments relies on the
simulation environments when the Internet agent is towards an embodied agent [49]. Existing indoor
simulators [50-53] collect data from the handheld camera or scan sensors. Compared to indoor settings
where controlled experiments can be collected from handheld cameras or scanner sensors, outdoor
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environments present challenges for real-world experimentation due to their complexity, dynamic
nature, and safety concerns [54]. We classify the city simulators based on the perceptual capabilities an
agent requires to move from observation to action:

Table 2. Comparison with existing Urban Embodied Agent simulators.

Environment | Year | Kinematics | Platform | Category | Modality | Data Source | Engine
\ | | | | RGB Depth Radar Lidar | |
Cityscapes [55] ‘ 2016 ‘ X ‘ Terrain ‘ gg s;— ‘ v X X X ‘ Street View ‘ -
CARLA [24] ‘ 2017 ‘ v ‘ Terrain ‘ C{gi;d' ‘ v v v v ‘ Vehicle ‘
xView [56] ‘ 2018 ‘ x ‘ Aviation ‘ (Epe“‘ ‘ v X x x ‘ Satellite ‘ -
00p
TouchDown [57] ‘ 2019 ‘ X ‘ Terrain ‘ ?gs;- ‘ v X X X ‘ Street View ‘ -
Nuscenes [58] ‘ 2020 ‘ X ‘ Terrain ‘ gp en- ‘ v X v v ‘ Vehicle ‘ Nuscenes-
0op Kit
W . Open-
aymo [59] 2020 X Terrain Loop v X v v Vehicle Waymax
KITTI-360 [60] ‘ 2022 ‘ X ‘ Terrain ‘ (Eggg‘ ‘ v X x v ‘ Vehicle ‘ :
STPLS3D [61] ‘ 2022 ‘ X ‘ Aviation ‘ ?gsg' ‘ X X X v ‘ Drone ‘ -
SensatUrban [62] ‘ 2022 ‘ X ‘ Aviation ‘ gg s;_ ‘ X X X v ‘ Drone ‘ -
UrbanBIS [63] ‘ 2023 ‘ x ‘ Aviation ‘ ?gg;' ‘ v x x v ‘ Drone ‘ -
Aerial VLN [64] ‘ 2023 ‘ v ‘ Aviation ‘ (Eggg' ‘ v v x X ‘ Drone ‘
. Closed-
GRUTopia [65] 2024 v Terrain Loop v X X X Virtuality Isaac Sim
OpenUAV [66] ‘ 2024 ‘ v ‘ Aviation ‘ gg s;— ‘ v v X X ‘ Drone ‘
UnrealZoo [67] ‘ 2024 ‘ v ‘ Terrain ‘ Cﬁgi;d' ‘ v X X X ‘ Virtuality ‘ UE4/5
MetaUrban [68] ‘ 2025 ‘ v ‘ Terrain ‘ Cﬁgzepd— ‘ v v X v ‘ Virtuality ‘ Gym
UE 4,
- Closed- Google
OpenFly [69] 2025 v Aviation Loop v v X v Drone Earth,
GTAV

2.3.1. Open-Loop Simulator

In this category, simulators function as replay platforms for real-world data logs. Their primary
role is to evaluate the sensing system. These evaluations range in complexity, from semantic under-
standing that answers the question, “What is it?” Open-Loop Simulator can be divided into unimodal
simulators and multimodal simulators. Unimodal simulators represent the foundational layer of
virtual environment design, focusing on generating data for a single sensor modality. The goal is to
train and validate specific sensing algorithms in a controlled manner for terrain and aerial simulation
domains, such as StreetLearn [70], Cityscapes [55], xView [56], SensatUrban [62], UrbanBIS [63], and
STPLS3D [61]. The multimodal simulator involves the integration of multiple, synchronized sensor
streams. This is designed to replicate the comprehensive sensor suites of outdoor vision sensing, allow-
ing for the development and testing of algorithms that create a more robust and reliable world model
by combining the strengths of different modalities, such as Nuscenes [58], Waymo [59], KITTI-360 [60],
Aerial VLN [64].

2.3.2. Closed-Loop Simulator

This paradigm completes the sensing-action cycle. By enabling an agent’s behaviors to interact
with the simulation world, these simulators are equipped to evaluate the agent’s capability: guiding

s). Distributed under a Creative Commons CC BY license.
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action based on sensing. They move beyond passive observation to address the interaction problem for
an autonomous agent: “How should I react to it?” This simulator focuses on the active, full-stack valida-
tion, testing the entire sensing-to-action loop and allowing for the evaluation of complex behaviors [71].
For terrain-based systems, including GRUTopia [65], UnrealZoo [67], and MetaUrban [68], leverage
powerful physics and rendering engines like Isaac Sim and UE4/5, moving beyond sensing tasks.
These environments simulate complex and dynamic weather phenomena (rain, fog, snow), realistic
diurnal cycles with changing illumination, and intricate multi-agent interactions. In aviation-based
simulation, like OpenUAV [66], and OpenFly [69] facilitate intricate interactions with the environment.
A key evolution lies in the fidelity of control. This allows for the simulation of smooth, physically
plausible flight dynamics, enabling agents to perform complex maneuvers and precise navigation that
mimic real-world dexterity.

2.4. Discussion

Simulators are essential tools for showing the urban perception environment and developing
UrbanEAs. However, existing simulators suffer from the sim-to-real gap. This gap manifests in two
key areas: physical realism, such as accurately modeling sensor noise or complex weather and lighting
effects, and behavioral realism, which involves simulating unpredictable human behaviors like varied
driving habits or pedestrian movements. The core challenge is how to effectively quantify and reduce
this gap. One of the future directions is to establish a Real-to-Sim-to-Real reinforcement loop [54].
This means using high-fidelity data from the real world to build and continuously refine the next
generation of simulators, which in turn can train more capable agents.

3. Data Management

UrbanEAs operate in a continuous loop of sensing, reasoning, and acting. As detailed in Section 2,
this process generates a data deluge characterized by extreme heterogeneity (structured logs vs.
unstructured point clouds), high velocity (100Hz+ IMU streams), and semantic ambiguity. Existing
raw data streams are ill-suited for direct consumption by downstream tasks: data modeling algorithms
(Section 4) fail when timestamps are misaligned; safety-critical planning (Section 5) falters without
explicit object relationships; and long-term learning requires historical replay capabilities that transient
streams cannot provide [93,94].

Unlike traditional autonomous driving or drone vision systems that primarily operate as passive
data collectors, UrbanEAs introduce three properties that reshape data management requirements [95,
96]. First, interactivity: agents continuously interact with the environment and with humans, creating
closed-loop data streams where actions alter future observations, demanding data systems that support
replay and counterfactual reasoning beyond static retrieval [96]. Second, sociality: agents operate
within human social contexts, requiring data representations that capture not only spatial but also
social relationships such as cooperative intentions and normative constraints [97,98]. Third, action-
awareness: agents must tightly couple sensory records with decision logs and motor commands to
support planning, experience replay, and continual learning [99]. These properties mean that UrbanEA
data management is not merely a scaling problem, but a qualitative shift in what must be stored, how
it must be organized, and how it must be queried. The following subsections examine each layer in
detail (with representative systems summarized in Table 3). Moreover, we illustrate these challenges
using the running example in Figure 4: an ego-agent navigating a rainy intersection with occlusions,
involving sensor noise (rain), multi-source asynchronous data (vehicle sensors vs. RSU), and social
reasoning about right-of-way.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 4. The example in the real-world scenario using DBs for the UrbanEAs.
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Table 3. Comparative Evaluation of Storage Architectures for Urban Embodied Agents.

Architecture | Core Abstraction | Core Capabilities ‘ Performance Profile | Typical Systems
Heterogeneity IS{:II::SI(:S:SI ng:l;z}tj < 'I:::llaor.a ! LRtead Th Writﬁ ¢ Scalability
ysis atency roughpu
Data Lakes | Raw Files | v X X X | High High High | Lambda Arch. [72], Kappa Arch. [73], Lakehouse [74]
Multi-model DBs |  Unified Model | v v v v | Variable Medium Medium | Sinew [75], NoAM [76], UniBench [77]

Graph DBs | Nodes & Edges | X v X X |  Low Low High | Neo4j [78], JanusGraph [79], nSKG [80], Sg-CityU [81]
Vector DBs \ High-dim Vectors \ X X v X \ Low Low High \ FAISS [82], Milvus [83], HNSW [84], PQ [85]
Time-Series DBs \ Time/Value Pairs \ X X X v \ Low High High \ Gorilla [86], Apache IoTDB [87], TimescaleDB [88]
Spatio-Temporal DBs | Time/Spatial Info | X v X v | Variable Medium High | MobilityDB [89], PostGIS [90], TrajMesa [91], TMan [92]
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3.1. From Static Datasets to Interactive Data Ecosystems

Traditional autonomous driving and drone systems rely on a publish-once paradigm: sensors
record data during collection campaigns, which is then released as static datasets for offline training.
UrbanEAs, by contrast, demand data ecosystems that continuously ingest, organize, and serve the het-
erogeneous data streams generated through ongoing agent-environment interaction. This subsection
traces the evolution from static datasets to dynamic platforms capable of supporting interactive data
lifecycles.

3.1.1. Data Lakes

The evolution of UrbanEA data management begins with existing autonomous simulators such
as NuScenes [58] and Waymo Open Dataset [59], which establish the baseline practice of organizing
multidomain streams (cameras, LIDAR, radar) via relational metadata with temporal indexing, global
identifiers, and standardized coordinate transformations for cross-modal data integration.

However, while these datasets excel at providing synchronized data for offline training, they
represent an open-loop paradigm: static, post-collection dissemination that cannot capture the interactive
nature of UrbanEAs. When an embodied agent interacts with a pedestrian or coordinates with other
agents, the resulting data is inherently closed-loop. The agent’s actions alter the environment, which
in turn shapes future observations. Static datasets cannot represent such bidirectional causality, nor
can they store the social context (e.g., cooperative intentions, right-of-way negotiations) that governs
these interactions.

This limitation motivated the development of Data Lake architectures [100,101], which adopt a
schema-on-read philosophy: raw data is ingested in its native format without predefined schemas,
with structure imposed only at query time [74,100]. This design shifts the paradigm from publish once
to continuously sense and govern, accommodating the continuous, evolving data streams generated
by interactive agents.

For UrbanEA, Data Lakes offer three strategic advantages: (1) maximized raw data retention with
full lineage tracking, enabling reprocessing as perception models evolve; (2) real-time streaming ingestion
supporting continuous closed-loop operation; (3) multi-zone governance enforcing quality standards
from raw sensors through decision logs to social interaction records. In the intersection scenario,
the data lake retains raw assets together with calibration metadata and the agent’s decision history,
preserving the complete interaction context for fusion and auditing.

Beyond batch-oriented data lakes, the shift toward live data ecosystems has spawned dynamic
map platforms that continuously fuse crowdsourced observations into a shared, real-time world
representation. LiveMap [102] demonstrates a crowdsourcing architecture where edge-computing
nodes aggregate vehicle sensor uploads into a real-time dynamic map, achieving sub-second update
latency for urban intersections. SIM-LDM [103] further standardizes this concept through a Local
Dynamic Map (LDM) framework layered into static infrastructure, semi-static topology, transient
objects, and highly dynamic agent states—a decomposition that naturally aligns with the multi-zone
governance model of data lakes while supporting the real-time demands of interactive agents.

3.1.2. Multi-Model Databases

UrbanEAs generate data spanning fundamentally different structures, including structured meta-
data (relational), spatial and social relationships (graph), sensor streams (time-series), and increasingly,
interaction logs and decision records. Multi-model databases [104,105] address this heterogeneity by
supporting diverse data models within a unified system [106-108], enabling cross-model queries such
as “retrieve all agents (relational) that were spatially near (graph) the incident location during the last 5 minutes
(time-series)” as single atomic operations without cross-system coordination [109,110]. For UrbanEA,
this unification is particularly valuable because interactive and socially situated scenarios inherently
require simultaneous access to heterogeneous data: in the rainy intersection, a unified query can jointly
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express occlusion constraints, agent priority relations, and associated sensor slices within the relevant
time window.

3.2. Representing Spatial and Social Semantics

A distinctive challenge for UrbanEA data management is the need to represent not only physical
and spatial semantic, but also social semantics: the intentions, norms, and interactive dynamics
that govern behavior in shared urban spaces [97,111]. Traditional autonomous driving systems
largely ignore this social layer, representing scenes purely through spatial coordinates and object
categories. UrbanEAs, by contrast, must reason about why a pedestrian hesitates at a crosswalk or
why an ambulance has priority, demanding richer semantic representations in their underlying data
substrates [95,112].

3.2.1. Graph Databases

Traditional data models struggle to natively express the complex relationships that govern urban
systems [113-115], a limitation known as the semantic gap: raw data lacks the explicit relational
context required for high-level reasoning [11,116]. Graph-based architectures bridge this gap by
modeling entity relationships as graphs, where nodes represent entities and edges encode their
relationships [98,117,118]. For UrbanEA, we argue that the standard scene graph formulation G =
(V, E) must be extended to a socially augmented scene graph that explicitly separates spatial and social
relation types:

Gsocial = (Vr Espa U Esoc, AV/ -AE) (1)

where V is the set of entity nodes (vehicles, pedestrians, infrastructure elements), Espa € V X V denotes
spatial relation edges (e.g., occludes, located_on_lane, in_front_of), Eso.c € V x V denotes social and
normative relation edges (e.g., yields_to, has_priority, cooperates_with), and Ay : V — R%, Ap : E — R%
are attribute functions mapping nodes and edges to feature vectors encoding properties such as
velocity, intent probability, and norm compliance. This formulation makes explicit a key distinction:
Espa edges are derivable from geometric perception, whereas Esoc edges require higher-level social
reasoning—understanding that an ambulance has legal priority, or that a pedestrian’s hesitation signals
uncertainty about crossing intent. Figure 5 illustrates this distinction using our running intersection
example.
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Figure 5. Socially augmented scene graph for the intersection scenario. Solid edges: spatial relations (Espa);
dashed red edges: social relations (Esqc).

Two complementary graph paradigms have emerged. Scene graphs follow a bottom-up ap-
proach, generated from sensor inputs to capture immediate context: Sg-CityU [81] decomposes 3D
environments into object-centric representations, while T2SG [119] models road-level topology as
lane connectivity graphs [81,119]. Knowledge graphs (KGs) adopt a top-down, ontology-driven
approach [98,120,121]; nSKG [80] transforms nuScenes into ~43 million RDF triples through formal
ontology and systematic instance mapping. Importantly, recent KGs have begun encoding social
semantics: the Connected Traffic Data Ontology (CTDO) [111] formalizes right-of-way rules, traffic
norms, and vehicle connectivity as ontological relations, while Cities KG [112] maintains a city-scale
dynamic geospatial KG with semantic 3D interfaces. This dichotomy reflects a trade-off: scene graphs
prioritize speed for real-time tactical decisions, while KGs prioritize semantic richness for strategic
reasoning [122].

Graph-based architectures also enable advanced reasoning through graph neural networks
(GNNs) [123]; spatio-temporal GNNSs jointly model spatial topology and temporal dynamics for
tasks such as trajectory forecasting [10], as exemplified by SemanticFormer [124] which leverages
nSKG’s semantic meta-paths for multi-modal prediction. From a systems perspective, graph databases
such as Neo4j [78] and JanusGraph [79] support multi-hop traversal queries via SPARQL and
Cypher [98,113,118,120]. Recent work has further demonstrated that graph-structured world models
can directly drive multi-agent planning. De Vos et al. [125] show that semantic graph world models can
automatically configure multi-agent Model Predictive Controllers, where the graph encodes inter-agent
constraints and coordination requirements. Holmberg et al. [126] propose a KG translation layer that
converts high-level mission specifications into spatiotemporally grounded multi-agent path plans by
reasoning over dynamic urban knowledge graphs. These results demonstrate that graph databases for
UrbanEA are evolving from passive knowledge repositories into active computational substrates for
planning and coordination.

3.2.2. Vector Databases

Relational models rely on exact, token-based queries, making them ill-suited for the vague, natural
language queries that characterize human-agent interaction [92,127]. Vector databases address this
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by encoding multidomain data into high-dimensional vectors and leveraging Approximate Nearest
Neighbor (ANN) search algorithms [82,84,85,128] for rapid, content-based semantic retrieval. The core
operation measures semantic similarity between a query vector Q and data vectors D;, often using
cosine similarity [129]:

, y_ Q-D;
sim(Q.Di) = oo @

The system returns items with the highest similarity scores [130]. In the intersection scenario, retriev-
ing similar rainy intersection segments helps interpret degraded visuals when occlusion and glare
lower confidence. This capability is essential for supporting Scene Question Answering (SQA) tasks
(Section 5), where humans query agents in natural language, driving the adoption of vector databases
for interactive visual scene retrieval [81,131-133]. Beyond standalone retrieval, vector databases have
become a critical component of agent-centric memory systems through the Retrieval-Augmented
Generation (RAG) paradigm. In this architecture, the agent encodes its accumulated experiences
(observations, interaction episodes, spatial maps) into a vector store and retrieves relevant context
at inference time to augment LLM-based reasoning [95,134]. This transforms vector databases from
passive indexing systems into active cognitive components that shape how agents recall, reason, and
plan—a theme we develop further in Section 3.4.

3.3. Synchronizing Perception, Decision, and Action

UrbanEAs operate in a tight perception-decision-action loop: sensory data informs decisions, de-
cisions drive actions, and actions alter the environment to produce new sensory data [135]. Managing
this temporal coupling requires data architectures that not only store high-frequency streams but also
maintain the causal ordering between perception events, decision points, and action executions—a re-
quirement that extends beyond the traditional time-series analytics inherited from IoT and monitoring
applications.

3.3.1. Time-Series Databases

In UrbanEA, time-series databases serve two roles that reflect the distinct demands of embodied
agents [136]. The first is managing high-frequency sensor streams. Vehicles, drones, and robots
generate continuous data including IMU readings (100+ Hz), GPS trajectories (10 Hz), LIDAR scans
(10-20 Hz), and vehicle dynamics (50+ Hz) [58,59]. Systems such as Gorilla [86], Apache IoTDB [87],
and TimescaleDB [88] provide the write throughput, compression, and in-database analytics required
for city-scale ingestion and real-time monitoring.

The second, and more distinctive for UrbanEA, is recording the complete action-perception loop
of interactive agents. Unlike passive data collection in traditional autonomous driving, embodied
agents continuously generate closed-loop interaction trajectories that must be logged as coherent
time-series. We formalize such a trajectory as:

T
T= {(St/ at, Ot41, Te41, Cf)}t:o (3)

where s; is the agent’s internal state, a; is the executed action, 0;41 is the resulting observation (causally
influenced by a;), 7411 is the outcome reward or safety metric, and c; encodes the social context at deci-
sion time (e.g., applicable traffic norms, inferred intentions of nearby agents). Traditional time-series
databases store only observation sequences {o; }; UrbanEA demands the full quintuple T with causal
links preserved, enabling action-conditioned queries such as “retrieve all episodes where a; = yield and
ri+1 < g " for experience replay, debugging, and offline reinforcement learning. EmbodiedCity [137]
exemplifies this by logging an agent’s full trajectory, observations, actions, and rewards over entire
interactive episodes. In multi-agent scenarios studied in DriveLM [133], synchronized time-series
logs of all agents’ states and decisions are crucial for understanding emergent social behaviors and
training coordination strategies. In the intersection scenario, event-centric time windows around
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critical moments (e.g., urgent braking, yielding to the ambulance) organize ego-state streams together
with the agent’s decision history for fusion and audit.

3.3.2. Spatio-Temporal Databases

Spatio-temporal databases are critical for the simultaneous management of both spatial and
temporal dimensions, a requirement that pure time-series databases do not fully address [138-141].
Hybrid systems integrating spatial and temporal extensions (e.g., PostgreSQL with PostGIS and
Timescale) have demonstrated effective query performance for urban sensor data [142,143].

For UrbanEA, the primary value lies in managing the trajectories and mobility patterns of multiple
interacting agents in shared urban spaces. Urban trajectories of vehicles, drones, and pedestrians are
inherently spatio-temporal objects, and their interactions—yielding, following, avoiding—require joint
spatial and temporal reasoning. Specialized systems like MobilityDB [89] provide native support for
moving objects, enabling queries such as “find all agents that passed through region R between time tq
and tp"” or “compute the speed profile of agent A over the last hour” [144]. More recently, the integration
with foundation models for spatio-temporal data has enabled in-database prediction and real-time
forecasting directly on data streams [19,145-147]. In the intersection scenario, alignment operators
synchronize the RSU-detected ambulance trajectory with the ego timeline, producing per-timestamp
bundles that couple sensor data with social context for downstream data modeling. Despite these
capabilities, current spatio-temporal systems remain designed for passive analytics rather than active,
closed-loop data management [96]; native support for action-conditioned queries and real-time cross-
agent state synchronization remain open challenges [125,126].

3.4. Memory for UrbanEAs

The preceding subsections reviewed data architectures originally developed for passive data
analytics that are now being adapted for UrbanEAs. However, a growing body of work argues that
embodied agents require agent-centric memory architectures—integrated data substrates that unify
the storage, retrieval, and reasoning capabilities that an agent needs across its entire lifecycle [96,99].

3.4.1. Multi-Layer Memory Stacks

Drawing inspiration from human cognitive architecture, several recent systems organize agent
memory into hierarchically structured layers. Synthesizing these approaches, Figure 6 illustrates a
unified multi-layer memory architecture for UrbanEA agents, organized along two primary dimen-
sions: persistence and abstraction. This architecture facilitates a cognitive transition from raw, transient
sensor data to persistent, high-level symbolic knowledge.

At the lowest level of abstraction and persistence is the sensory memory, which directly ingests
raw data streams from multidomain urban sensors (e.g., cameras, depth sensors, LiDAR, radar, GPS,
and IMUs). Because this sensory data experiences fast decay within milliseconds to seconds, the system
employs attention filtering to extract only task-relevant features before passing the information upward.
Following this is the working memory, acting as the real-time active processing hub. It maintains the
current task context, tracks active interaction partners, and manages a short-term episodic buffer. This
layer serves as a dynamic bridge between perception and action, continuously interacting with the
agent’s planner to execute immediate tasks.

Occupying the highest level of symbolic abstraction is the long-term memory, which is partitioned
into three specialized sub-modules backed by dedicated database systems. First, Episodic memory
records timestamped events and interaction traces, natively supported by time-series and spatio-
temporal databases; Second, Semantic Memory encodes structural concepts and relational norms,
managed by graph and multimodal databases; Third, Procedural memory archives learned action
policies and skills, leveraging vector databases and data lakes. The information flow within this
architecture operates in a dynamic loop: valuable interactions are consolidated upward into long-term
memory, while relevant historical experiences and semantic rules are retrieved downward to augment
the working memory, providing the necessary context for complex urban interactions.
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Several recent works validate the efficacy of this hierarchical design. For instance, Han et al. [95]
apply this three-layer stack to LLM-powered urban agents, demonstrating how it allows agents to
balance the speed of short-term reactive decisions with the depth of long-term strategic reasoning.
Similarly, RoboMemory [99] instantiates this hierarchy for physical embodied systems. Crucially, it
extends the episodic memory to record not only sensor observations but also the agent’s decisions
and their outcomes, enabling experience replay and lifelong learning—capabilities fundamentally
absent from conventional databases. Finally, the Grounded Memory system [135] demonstrates that
such multi-layer architectures can operate in real-time, maintaining coherent context across extended
human-agent interaction sessions.
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Figure 6. Multi-layer memory architecture for UrbanEA agents, with each long-term memory type backed by a
specialized database system.

3.4.2. Embodied Retrieval-Augmented Generation

A complementary line of work extends Retrieval-Augmented Generation (RAG) from its origins
in text-based QA to spatially grounded, embodied settings. Embodied-RAG [134] constructs a non-
parametric memory as a hierarchical semantic forest—a multi-resolution spatial graph where nodes
represent locations at varying granularities (rooms, corridors, specific objects) and are annotated with
multimodal observations. When the agent receives a query, retrieval in such systems goes beyond the
pure semantic similarity of conventional vector databases (Eq. 2) to incorporate spatial and temporal
context. We characterize this as context-aware embodied retrieval:

m* = arg 7rnréa/\>/<l [ a-sim(q, m)+p- prox(gagentr Cm)

semantic spatial (4)
+ 7y -rec(t, ty) }
N————

-’
temporal

where sim(g, m) measures semantic similarity between query g and memory node m, prox(£agent, /m)
captures spatial proximity to the memory’s grounded location, rec(t, t,, ) favors recently observed mem-
ories, and «, 3, v are task-dependent weights. This formulation captures the shift from disembodied
retrieval (only a # 0) to embodied retrieval jointly conditioned on where, when, and what—effectively
turning accumulated exploration into a queryable spatial database with explicit spatial structure.
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Mind Palace [148] extends this to long-horizon active question answering, maintaining a per-
sistent spatial memory of explored environments and reasoning over it to plan where to explore
next—demonstrating how agent memory can drive not just retrieval but also planning and action.

3.4.3. From Databases to Agent Memory

These agent-centric architectures share a common insight: the data substrates for embodied
agents must go beyond the store-and-query paradigm of traditional databases to support active memory
management—deciding what to remember, what to forget, and how to organize accumulated experience
for efficient future use [96]. Table 4 highlights the key distinctions. For UrbanEA specifically, the
convergence of these agent memory systems with the urban data architectures reviewed earlier
suggests a natural integration path: data lakes and spatio-temporal databases provide the scalable
storage backbone, graph databases encode the relational and social semantics, vector databases enable
semantic retrieval, and agent memory frameworks orchestrate these components into a coherent
cognitive substrate [95]. Realizing this integration remains an open challenge that we discuss further
below.

Table 4. Comparison of traditional database approaches and agent-centric memory architectures for UrbanEA.

Dimension Traditional DBs Agent Memory
Data lifecycle Store & query Remember, forget, consolidate
Action coupling Passive recording Closed-loop logging
Retrieval mode Exact / ANN search Context-aware, goal-driven
Spatial grounding Coordinate indexing Hierarchical semantic maps
Social context Absent Norms, 1nter1.t10ns, interaction
history

3.5. Discussion

This section has surveyed the data management architectures underpinning UrbanEA, from
storage systems inherited from traditional urban computing to emerging agent-centric memory sub-
strates. Our central argument is that UrbanEA data management is shaped by three distinctive
properties—interactivity, sociality, and action-awareness—that demand a qualitative shift beyond pas-
sive, analytics-oriented databases toward active, closed-loop data systems capable of logging actions
as first-class data, encoding social semantics, and coordinating state across multiple agents [95,96,99].
Looking forward, we identify two converging trends. The first is an evolution from static datasets
to dynamic data platforms that support continuous upload, annotation, querying, and simulation,
moving toward living urban data ecosystems [50,97,102]. The second is the concept of data as a
queryable world model: as agent memory architectures mature [134,148], the managed data asset itself
becomes an implicit, inferable world model that blurs the boundaries between raw data, structured
information, and actionable knowledge [40,149].

4. Data Modeling

Data in UrbanEA involves more than a passive feed from a single domain. It requires active per-
ception to construct a coherent u urban environment model. This process is essential, not merely as the
assembly of puzzle pieces for visual completeness, but to instantiate an actionable cognitive substrate
that resolves inconsistencies between sources and fills the blind spots of individual sensors. Only
through this process can a scattered collection of data become a logical and navigable urban tapestry
capable of supporting agent interaction. Without effective modeling, the UrbanEA is restricted to
disjointed and potentially contradictory perceptual cues, limiting its ability to plan and act safely [150].

However, constructing such a unified environmental representation presents challenges stem-
ming from the heterogeneity of multidomain data [13,14]. While the previous section detailed the
preparation of individual data streams, this section explores how to integrate them into a unified
understanding [151]. As shown in Tab 5, we begin by analyzing the four gaps that influences this
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integration: at the data level, the Viewpoint and Scale Gap and the Sim-to-Real Fidelity Gap; at the
spatio-temporal dimension, the Dynamics and Causality Gap; and at the cognitive level, the Geometric-
Semantic Gap [152], as illustrated in Figure 7. After defining these challenges, we introduce the primary
modeling strategies—Raw-data-level, Hierarchical-Feature, and Decision-level Integration—illustrated
with state-of-the-art research examples [153].
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Figure 7. The domain gap between multidomain data for Urban Embodied Agents.

4.1. Multidomain Data Domain Gap for UrbanEA

Achieving comprehensive perception for UrbanEAs requires overcoming fundamental disparities
between heterogeneous data sources [154]. Unlike general multi-modal fusion, urban environments
present unique challenges rooted in the massive scale difference, complex dynamics, and the require-
ment for physical interaction. We categorize these challenges into four gaps: the Viewpoint and Scale
Gap, the Sim-to-Real Fidelity Gap, the Dynamics and Causality Gap, and the Geometric-Semantic
Gap [152], as illustrated in Figure 7.

Table 5. Comparison of different data integration methods. Cost, Semantic, Consist. and Robust. denote the
computational cost, the semantic richness, spatial consistency, robustness to missing data, respectively.

Integration Targeted Cost Semantic Consist. Robust.
Strategy Domain Gap
Raw-data-level Sim-to-Real Fidelity High Low High Low

Geometric-Semantic

Hierarchical-Feature Dynamics & Causality  Medium High Medium Medium
Decision-level |

Viewpoint & Scale Low Medium Low High

4.1.1. Viewpoint and Scale Gap

This gap arises from the disparity in perspective and resolution between data sources. Satellite and
aerial data typically provide orthographic, top-down views covering large scales, whereas street-level
sensors (cameras, LIDARSs) capture perspective, ego-centric views with high local density. Aligning
these domains is non-trivial due to the lack of overlapping visual features—for instance, a building’s
roof seen from space looks completely different from its facade seen from the street [155]. Furthermore,
this creates a structural incompatibility: satellite imagery exists as regular 2D grids, while ego-centric
data often comes as sparse, unordered 3D point clouds or continuous implicit fields [156]. Bridging
this gap requires specialized algorithms to handle coordinate transformation and feature matching
across vastly different scales [157].

4.1.2. Sim-to-Real Fidelity Gap

This gap describes the disparity between the idealized data often used in simulation and the
imperfect, noisy data encountered in the physical world [158]. While UrbanEAs are frequently trained
in clean synthetic environments, real-world deployment faces the Sim-to-Real challenge. For example,
point clouds from real-world scans contain noise, holes due to occlusion, and uneven density, unlike
the complete meshes in simulators [159,160]. Similarly, visual data degrades under complex urban
illumination (e.g., overexposure, shadows, reflections on glass buildings), which are often absent or
simplified in synthetic training data [161-163]. Overcoming this fidelity gap is crucial for ensuring
that agents trained in simulation can robustly perceive and act in the wild [164-166].
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4.1.3. Dynamics and Causality Gap

The dynamics gap refers to the difficulty of maintaining a consistent world model in a constantly
changing urban environment. Unlike static datasets, urban scenes are inherently dynamic. Temporally,
data sources are rarely synchronized; a satellite image might be months old, while street views are real-
time. This leads to inconsistencies where infrastructure present in the map might be under construction
in the agent’s view [167,168]. Spatially, the presence of moving agents (pedestrians, vehicles) creates
ghosting artifacts in world modeling and conflicts in occupancy mapping. Data modeling algorithms
must distinguish between the static city background and transient dynamic objects to prevent the
agent from treating a moving car as a permanent wall [169-171].

4.1.4. Geometric-Semantic Gap

The semantic gap represents the cognitive disconnect between low-level sensory data (geome-
try and appearance) and high-level scene understanding required for decision-making [172]. While
algorithms process pixel colors and 3D coordinates (x,y,z,t,g,b), UrbanEAs need to understand
affordance not just identifying an object (e.g., “a door”), but understanding its function (e.g., “passable”)
and state (e.g., “open/closed”). To bridge this gap, researchers integrate semantic priors (via segmenta-
tion or language models) and structured knowledge bases (like OpenStreetMap) into the integration
pipeline [173,174]. This transforms a purely geometric map into a semantic representation, enabling
the agent to perform complex reasoning tasks such as “find the entrance” [175].
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Figure 8. The different data integration strategy in the multidomain data for Urban Embodied Agents.

4.2. Multidomain Data Integration

To construct an actionable world model for UrbanEAs, integration strategies must bridge the
domain gaps to ensure physical consistency and semantic understanding. These strategies can be
classified into raw-data-level, feature-level, and decision-level Integration based on the stage in the
pipeline [176-178].

4.2.1. Raw-Data-level Integration

In raw-data-level integration, heterogeneous data streams are merged at the input stage to con-
struct a high-fidelity digital twin, primarily addressing the sim-to-real fidelity gap. For instance,
combining RGB images from satellites with depth maps from drones creates a unified RGB-D stream
that provides both appearance and geometry. This is crucial for sensor simulation, as depth information
compensates for texture-less regions, ensuring the synthesized environment is geometrically consistent
for agent training. Muturi et al. [179] utilize language prompts to align these heterogeneous repre-
sentations at the outset, ensuring that the fused data preserves task-relevant features. Furthermore,
Shang et al. [180] integrate RGB images with depth priors to enhance few-shot sensor simulation. By
improving the fidelity of novel view synthesis, they allow agents to be trained in realistic simulations
that closely mimic physical world observations, thereby reducing the domain shift during real-world
deployment.

4.2.2. Hierarchical-Feature Integration

Hierarchical-feature integration combines representations at various abstraction levels to address
the dynamics and causality gap and the scale gap. Urban environments are dynamic. Thus, integration
must distinguish between the static background (the map) and transient objects (dynamic agents). The
SUDS model [181] employs a joint optimization framework to fuse multidomain inputs, effectively
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decoupling dynamic agents from the static city. This separation is vital for navigation, preventing
agents from treating moving vehicles as permanent obstacles. To bridge the geometric-semantic gap,
GAANet [182] aligns cross-domain features in a graph space. By modeling the city as a topological
graph rather than just pixels, it captures the spatial relationships required for path planning. For
city-scale scalability, VastGaussian [183] and CityGaussian [184] adopt a divide-and-conquer strategy.
Crucially, they introduce mechanisms to separate stable geometric colors from transient lighting effects
(e.g., shadows), ensuring that the agent’s perception system remains robust against illumination
variations during long-term operation.

4.2.3. Decision-Level Integration

Decision-level integration processes domains independently to form high-level predictions, fo-
cusing on bridging the viewpoint gap and ensuring semantic consistency for decision-making. This
strategy is particularly effective for aligning global planning (coarse aerial data) with local control (fine
terrain data). Horizon-GS [185,186] employs a coarse-to-fine strategy, using aerial data to establish a
global geometric prior before refining local details with street-view images. Similarly, City3D [187]
utilizes terrain height maps to guide the completion of aerial LiDAR point clouds. For an embodied
agent, this is not merely about visual completion but about constructing watertight physical colli-
sion bounds (e.g., filling missing walls) to support physics-based interaction. CrossView-GS [188]
leverages multi-branch architectures to learn cross-view priors, enabling the agent to localize itself by
matching limited onboard observations with global satellite maps, effectively bridging the disparity in
observational perspectives.

5. Task Application

Having established the challenges of multidomain data management in Section III and the model-
ing strategies in Section IV, this section introduces how to apply this processed data to UrbanEA tasks.
Traditional urban tasks, such as Traffic Flow Prediction and Point-of-Interest (POI) Recommendation,
primarily operate as digital Agents [189,190]. These systems typically process aggregated data from a
global perspective to mine patterns or forecast trends within a digital space. Their output is generally
limited to information or suggestions, without direct physical intervention. In contrast, UrbanEA
are defined by their physical or virtual body and their ability to interact with the environment. They
perceive the environment, reason about physical constraints, and execute actions that actively change
their state or the environment.

We introduce UrbanEA tasks, including Urban Scene QA (SQA), Vision-Language Navigation
(VLN), and Human-Agent Collaboration (HAC). These tasks need to bridge the four gaps. For instance,
an agent cannot answer a complex question (SQA) without first bridging the Semantic gap between
raw sensor data and human-level concepts. Similarly, a navigation agent (VLN) inherently fails if it
cannot resolve the dynamic gap to form a coherent world model. This section will explore how each of
these applications leverages structured and fused data to achieve sophisticated cognitive capabilities
in complex urban environments.

5.1. Urban SQA
5.1.1. Definition

Urban SQA enables intelligent systems to answer queries about their spatial context, making
it a key task for environmental interpretation [191,192]. The goal is to develop a model (F) that
takes a scene representation (S) and a query (Q) as input to produce a textual answer (T). Optionally,
the model can also output spatial grounding (B) via bounding boxes to localize entities. The scene
representation S includes a point cloud (5(P)) or multi-view images (M), while a query Q can be text
QM) or an egocentric image (Q®)). The task can thus be expressed as:

(T,B) = F(5,Q). (5)
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Effectively performing SQA requires the model to fuse spatial understanding with data processing.
The question in SQA can be divided into Situation (such as “Can the agent reach the warehouse from the
current position?") and Non-Situation (such as “How many buildings are in the scene?"), based on whether
the query includes the agent’s situation.

Non-Situation Q
Q1: How many buildings are in the scene?
Situation

02: Can the agent reach the warehouse?

3D Scene

ohtl'o
Semantic Segmentation/ U

Object Detection

Scene QA Model ¥ =

T
Al: There are fifteen buildings.
A2: Yes, the agent needs to go to the south.

Figure 9. Definition of Urban Scene QA (SQA) for Urban Embodied Agents.

5.1.2. Classification

SQA can be categorized into two levels based on how the information required to answer a query
is represented and acquired.
o Passive SQA. The first level, referred to as Passive SQA. In this task, the agent is a passive observer,
relying on static information to answer questions without needing to explore or acquire new data
through its own actions. It can be further divided into the following two sub-categories based on
the difference in the scope of information: Road-level QA and City-level QA. The first is referred to
as Road-level QA, which corresponds to road-level scene understanding, where the model analyzes
a single, independent snapshot of the environment (e.g., a street-view image or a single frame of
lidar data) to answer a question. Recent progress in autonomous driving research has stimulated the
development of numerous SQA datasets designed to enhance road-level understanding capabilities,
such as Nuscenes-QA [131], Nulnstruct [193], NuPrompt [194], DriveLM [133], and VLAAD [132]
and RoadSceneVQA [195]. After the data modeling, researchers employ cross-attention or the multi-
layer perceptron mechanisms to achieve deep interaction between vision and language [131,133,194].
However, road-level QA focuses on instance-level queries and limited data in the roadside, which leads
to an insufficient assessment of broader city scene comprehension and complex reasoning abilities.

To overcome the limitations of road-level Question Answering (QA), the field has progressed
towards City-level QA, a paradigm that grants agents access to a comprehensive, prior model of an
entire city for macroscopic spatial reasoning [81,196-199]. A challenge in this domain is maintaining in-
formation fidelity during the compression of vast urban data. To mitigate these challenges, researchers
have primarily adopted two strategies. The first approach, hierarchical urban modeling, transforms
vast and unstructured urban scenes into structured and queryable formats using a Relational Database
or Graph Database, as discussed in Sec 3.2. For instance, GeoProg3D [199] and Sg-CityU [81] construct
a structured tree or graph to abstract complex spatial information into objects and their interrelations,
which simplifies spatial reasoning. SOBA [196] and EarthVQANet [200] involve using semantic seg-
mentation to decompose large scenes into individual object units for analysis. The second strategy is
to augment the compressed scene representation by integrating external information, such as using
the geographic information based on the Spatio-Temporal Database, as discussed in Sec 3.2. This
approach compensates for details lost during compression. OpenCity3D [198] and CityBench [197]
align perception models with real Geographic Information Systems (like OpenStreetMap) to provide
precise geographic coordinates and place names.
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e Active Embodied QA. To move beyond the cognitive bottlenecks of city-level QA, caused by
the information loss and lack of dynamics in static models, Active Embodied QA (AEQA) shifts
the agent from a passive analyst to an active explorer to gather high-fidelity, real-time information.
Existing works includes EmbodiedCity [137] and CityEQA [201]. These datasets introduce tasks
requiring an embodied agent to actively navigate and explore complex urban environments to answer
open-vocabulary questions, assessing integrated navigation, sensing, and reasoning skills. The core
advantage of AEQA is to transform an agent from a passive receiver of static information into an
active explorer of the physical world, overcoming perceptual limitations through active action, and to
locate and resolve ambiguity in complex environments. In road-level QA and city-level QA, a model is
limited by the quality and viewpoint. For example, due to lighting effects, a black car appeared gray
from a static viewpoint, leading to an incorrect judgment by agents. However, the agent in AEQA
could actively adjust its observation pose by moving to the car’s side, which reduced the impact of the
lighting and allowed it to obtain the object’s true attribute [201].

5.2. Vision-Language Navigation

Navigation Model #

Action Space

Go to the light and turn right at Dunkin Donuts.
Follow to the next light where Bubble Tea & Crepes is You should follow the street ...
on the right and turn left, ... Q

Figure 10. Definition of Vision-Language Navigation for Urban Embodied Agents.

5.2.1. Definition

Vision-and-Language Navigation (VLN) is a task requiring an embodied agent to navigate a
realistic environment based on natural language instructions [202]. The core components involve
the agent, the environment it perceives and acts within, and the language instruction guiding its
movement. The VLN task necessitates a model or agent, denoted by F, designed to process two
inputs: the scene representation S perceived from the environment, and a series of natural language
instructions Q = {41, 92, ..., 47 }. The objective is to generate a sequence of actions A = {ay,a,...,ar}
that directs the agent through the environment to fulfill the goal specified by the instruction Q. This
process can be represented as the mapping;:

A=F(S,Q). (6)

5.2.2. Classification

VLN tasks can be categorized based on their operational platform and observational perspective
required of the agent F. These tasks fall into two main paradigms: Terrain-View Navigation and
Aerial-View Navigation.

e Terrain-View Navigation. It focuses on an agent’s ability to perform navigation from a first-
person, terrain-level perspective (such as that of a pedestrian or vehicle). They primarily utilize
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environments from static datasets, like street-view panoramas and predefined navigation graphs,
to evaluate foundational skills like landmark recognition and path adherence. Datasets such as
Touchdown [57] and map2seq [203] rely on simulated scenarios and fixed paths, which limit the agent’s
adaptive decision-making in complex, unpredictable real-world situations. Due to the semantic gap
between instructions and first-person perception, researchers explore introducing auxiliary semantic
data in vector databases and route and navigation data in time-series format to mitigate this gap.
Research efforts expand training sets by automatically generating actions and instructions from
unlabeled videos (e.g., VLN-video [204]), or by leveraging large language models to synthesize
diverse auxiliary data, such as navigation rationales and landmark descriptions (e.g., FLAME [205],
NavAgent [206]). Regarding multidomain fusion, strategies have evolved from early methods like
direct feature vector concatenation (e.g., RconCAT [207]) and novel style-transfer fusion (e.g., VLN-
Trans [208]), to utilizing large language models as a universal interface that converts all visual and
historical information into natural language prompts for fusion and decision-making (e.g., Velma [206]).
e Aerial-View Navigation. It focuses on an agent (typically a drone) performing navigation using
a third-person, top-down bird’s-eye view. The core of this approach is leveraging external prior
knowledge, such as geographic maps and top-down satellite imagery, to provide a global context for
the agent’s navigation plan. This Hybrid Spatio-Temporal Architecture directly tackles the pain point
of navigating vast and unfamiliar environments, which is unavailable from a limited, first-person
perspective. The primary challenge in this paradigm is aligning the provided language instructions
to the specific spatial and visual features of the exo-viewpoint. These tasks includes Aerial VLN [64],
OpenUAV [209], CityNav [210], AutoFly [211] and AerialMind [212]. For instance, CityNav [210]
incorporates an internal 2D spatial map representing landmarks mentioned in the instructions, which
has been shown to markedly enhance navigation performance at a city scale. UAV-VLA [213] utilizes
satellite imagery as a primary information domain for mission planning. In the image, the agent
decomposes the high-level instruction and navigates to the destination. AVDN [214] is built within
a simulator that uses top-down satellite images to represent the drone’s visual observations. This
gives both the agent and the human commander a bird’s-eye view of the environment, simplifying the
navigation challenge by providing inherent global context.

5.3. Human-Agent Collaboration

G The execution path of P;
Please follow the person 0 A,
in the bule shirt and give o "'...‘ - L
the help to him. P; e S : d

* The initial location of P;;

* A list of target building and C
location;

* The need of the P; 4.

A\ 4

. Piq

Figure 11. Definition of Human-Agent Collaboration for Urban Embodied Agents.

5.3.1. Definition

Human-Agent Collaboration (HAC) in urban environments enables a hybrid team of intelligent
agents and human participants to work together towards a common purpose. The core task is to
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design a system function J that can process a collective goal (G), system-level input (I), and sensing
information from the urban scene (S) to produce a coherent final output (O). This collaborative
process is defined by the interaction of several key components. The system itself is composed of a
heterogeneous set of n participants, P = {p1, pa, ..., P }, and the communication channels C. P includes
both embodied agents and human participants. Each embodied agent operates based on its internal
model m; and goal g;, while a human participant acts based on their expertise and assigned role 7;.
The overall system task can be formally expressed as:

O = F(G,S,I|P,C). @)

HAC necessitates the ability to decompose a high-level collective goal (G) into actionable sub-
tasks and to coordinate the actions of both agent and human participants (p; € P) through structured
communication channels (C) to achieve a unified result within the complex urban environment [215,
216]. In contrast to Al systems, Human-Agent Collaboration (HAC) leverages human strengths to
build more efficient, robust, and trustworthy systems[217-219].

5.3.2. Classification

Urban Human-Agent Collaboration (HAC) tasks can be categorized based on their primary
operational focus. There are two types of HAC tasks: Environment-centric HAC tasks, which aim to
optimize the urban system, and Human-centric HAC tasks, which focus on assisting or interacting
with individuals or groups within the city.

e Environment-centric Human-Agent Collaboration. In this category, the primary objective is to
integrate Al agents into the urban fabric to enhance system-wide efficiency, planning, and management.
Agents act as decision-support tools or autonomous managers for urban infrastructure distribution [68,
220-223]. These tasks often involve large-scale simulation, data analysis, and long-term optimization,
with humans setting high-level goals and overseeing the system. For instance, some multi-agent
frameworks try to employ a hierarchical architecture to process task data, effectively allocating
responsibilities between robots and humans to balance safety and efficiency [224].

e Human-centric Human-Agent Collaboration. This category emphasizes the direct interaction and
coordination between humans and agents to accomplish specific tasks within the urban environment
and spatio-temporal data. Achieving this requires the data architecture capable of fusing inputs,
ranging from human intent to real-time sensor streams, and leveraging specialized storage paradigms
to support complex reasoning and action. The challenge in this task is bridging the gap between high-
level, often ambiguous human intent and the low-level, concrete actions of agents. Try to address this
challenges, the researchers try to build the agents with two capabilities: grounding human commands
in the physical world and managing dynamic task execution over time. First, the agent can interpret
the human’s command by fusing the natural language instruction with both real-time environmental
sensing and external world knowledge [225]. A command like “find a safe place to land” requires the
system to semantically link the abstract concept of ‘safety” to visual and spatial features from its sensors.
This process relies on a Vector Database to perform semantic search (connecting language to visual
patterns) and Graph or Relational Databases to query structured world knowledge (e.g., GIS data
identifying open areas, no-fly zones). This fusion of linguistic, perceptual, and knowledge-based data
allows the agent to transform an abstract goal into a concrete, localized target [226-229].

5.4. Discussion

While urban computing excels at macroscopic optimization (e.g., traffic flow prediction), UrbanEA
addresses microscopic execution (e.g., autonomous navigation through that traffic). The integration of
these two fields promises a comprehensive solution for smart cities. The progression of tasks from
passive scene understanding to active interaction reveals that future breakthroughs will depend on
building more comprehensive world models. Future world models must learn universal principles,
not just memorize patterns. This will allow a navigation agent trained on a US grid-style road
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network to successfully adapt to the unfamiliar roundabouts of Europe. Besides, the world models
will be embedded with social intelligence. For tasks like HAC, future agents will learn to understand
unwritten social norms (e.g., driving etiquette, personal space), moving beyond following traffic laws
to become more intuitive and effective collaborators in society.

6. Social Impact

The urban environment is a socio-physical environment that integrates social behavior with
physical scene [230]. This section aims to explore the profound potential of the UrbanEA to drive
positive societal change, focusing on the social impacts it can deliver across the following domains.

6.0.1. Transportation

Modern urban transportation faces congestion and pollution due to the increasing number of
vehicles, while complex road networks and unforeseen incidents continually threaten road safety [231-
233]. Meanwhile, lagging public transportation planning leads to inefficient service, and the aging
of critical infrastructure is difficult to maintain due to a lack of effective monitoring [234,235]. For
instance, in the traffic flow management [236-238], the agent fuses real-time data from the terrain-level
domain and the drone domain to perceive traffic flow dynamics, enabling adaptive traffic signal control
to alleviate urban congestion, reduce carbon emissions, and improve the commuting experience [239].

6.0.2. Energy

In the context of the energy transition, despite the potential of clean energy sources like solar,
planning for and maximizing their deployment in complex urban environments remains a challenge.
Traditional energy management methods are macroscopic and static, incapable of performing fine-
grained, dynamic management and optimization for energy-consuming units within a city [240-242].
For instance, the agent uses detailed 3D building models to calculate the solar conditions and shadow
occlusions for every rooftop, generating a city-wide solar map [243-245].

6.0.3. Climate Change

The high-density buildings and surfaces of cities exacerbate problems like the urban heat island.
The challenge for cities in adapting to climate change is the lack of tools capable of accurately simulating
these risks. Macroscopic climate models are insufficient for guiding specific adaptations at the street
and community levels. The agent fuses satellite, drone, and terrain data to accurately simulate the
formation and distribution of the urban heat island effect [246]

6.0.4. Healthy Care

Factors within cities, such as air and noise pollution, the uneven distribution of green spaces,
and pedestrian-unfriendly designs, invisibly harm public health and increase the risk of chronic
diseases [247]. Through its multi-dimensional perception and analytical capabilities, the UrbanEA
can quantify and visualize these health determinants, integrating public health goals into every
aspect of urban planning. The agent integrates data from various urban sensors to generate dynamic,
visual maps of air and noise pollution. This provides citizens with healthy route suggestions and
helps environmental agencies pinpoint pollution sources, thereby improving the city’s overall living
environment quality [248,249].

7. Challenges and Future Directions

In this section, we summarize these challenges and suggest potentially feasible research directions,
organizing them into methodological, systemic, and societal challenges.
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Table 6. Challenges and Future Directions for UrbanEA in Three Levels.
Level | Research Area Challenge Future Directions
Robu.st Imbalanced data Fusion architectures for robust
Method Modeling (viewpoint, quality, temporal). inference with missing data.
Contin}lal One-shot understanding Lifelong learning via
Evolution generating static snapshots. memory consolidation.
Sim-to-Real Sim-to-Real Gaps in Real-to-Sim-to-Real loop via
System Loop perceptual and action. high-fidelity digital twins.
Sw‘arm Independent agents with Scalable collaborative perception
Intelligence only local sensing. via state synchronization.
) Socia.l Physical sensing without Integrate social media, news,
Societal Reasoning abstract social knowledge. schedules, and weather alerts.
Algo.rithmic Data mirrors socio- Transparent modeling to
Fairness economic disparities; detect and mitigate data biases.

7.1. Method-Level Challenges
7.1.1. Robust Modeling

This is a challenge that directly extends the discussion of the sim-to-real fidelity gap in Section III.
Future UrbanEA must operate reliably in the real world, where data domains, quality, and quantity are
imbalanced. This imbalance manifests in several ways: viewpoint imbalance (e.g., massive volumes
of terrain-level street views vs. limited aerial drone imagery), quality imbalance (e.g., high-precision
professional LiDAR data vs. noisy crowd-sourced images), and temporal imbalance (e.g., static
historical map data vs. sparse real-time sensor streams) [250].

Future Direction: Future research will explore new fusion architectures that not only fuse this
heterogeneous data but also enable robust inference and decision-making when critical data is missing
or of low quality, preventing the model from being overwhelmed by an abundance of poor data.

7.1.2. Continual Evolution

The majority of current UrbanEAs perform one-shot understanding on a static dataset, generating
a static snapshot of a city. However, a city is a constantly evolving entity [3,251]. A future challenge is
to evolve the agent’s cognition from static snapshots to a dynamic world model capable of continual
learning and incremental updates.

Future Direction: This requires solving critical problems such as catastrophic forgetting (forgetting
old scenes when learning new ones), model drift, and efficiently managing never-ending data streams.
Achieving this goal would elevate the solution to the dynamic gap from handling minute-long
sequences to managing year-long urban evolution.

7.2. System-Level Challenges
7.2.1. Sim-to-Real Loop

While existing urban simulators like CARLA [24] and MetaUrban [68] are powerful, a sim-to-
real gap persists, both in terms of perceptual realism (e.g., simulation of lighting, sensor noise) and
behavioral realism (e.g., pedestrian and vehicle driving habits).

Future Direction: A future direction is to leverage UrbanEA to advance simulator development by
constructing high-fidelity digital twins from real-world data. By extracting physical materials, lighting
properties, and behavioral patterns, we can establish a Real-to-Sim-to-Real loop where real-world data
improves the simulator, which in turn trains more capable agents. This cycle supports the convergence
of UrbanEA and urban computing into a unified Cyber-Physical System (CPS). In this framework, the
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global intelligence from urban computing can guide the local policies of UrbanEAs, while UrbanEAs
serve as mobile sensors to update the urban computing models in real-time.

7.2.2. Swarm Intelligence

The city of the future will be a massive distributed system composed of thousands of independent
agents with only local sensing (e.g., autonomous vehicles, drones, infrastructure sensors). A challenge,
and the key to the emergence of swarm intelligence, is enabling these agents to collaborate efficiently
and safely [252,253].

Future Direction: Future research must address communication bottlenecks, decentralized
decision-making consistency, and collaboration among heterogeneous agents [254]. In this vision,
the unified world model built by the urban perception can serve as a digital bedrock, providing an
authoritative and consistent environmental representation for all other micro-agents to query and
interact with, thus enabling the leap from single-agent intelligence to large-scale swarm intelligence.

7.3. Societal-Level Challenges
7.3.1. Social Reasoning

This represents the leap across the semantic gap. Current data modeling operates at the level of
physical sensing (geometry, appearance), whereas a future agent must be able to fuse non-physical,
abstract social knowledge [255].

Future Direction: By integrating information like social media trends, news events, event sched-
ules, and weather alerts, the agent can transition from answering “what is happening” to explaining
“why it is happening”. This modeling of sensing with abstraction will transform the UrbanEAs from a
powerful descriptive tool into an explanatory and predictive tool with rudimentary causal reasoning,
providing the true intelligence required for the advanced tasks outlined in Section VI.

7.3.2. Algorithmic Fairness

The challenge of imbalanced multidomain data transcends a technical concern, posing an issue of
social equity. Data perception often mirrors existing socio-economic disparities, leading to the over-
representation of affluent areas and the under-representation of marginalized communities [256-258].
An agent trained on such data would develop a biased worldview; it will learn to equate data-richness
with importance, effectively rendering data-poor areas invisible [259-261].

Future Direction: Future research will create data modeling methods that can be audited. It must
focus on developing fairness-aware modeling algorithms. These methods must not only audit and
quantify data-driven disparities but also actively correct for them. The goal is to ensure the agent’s
decisions promote allocative equity, ensuring that urban services and resources (discussed in Section
VI) are distributed justly, even when the input data itself is unjust [262].

8. Conclusion

In this paper, we comprehensively survey the emerging field of data lifecycle for UrbanEA. We
systematically review the existing work on this entire data lifecycle, including data perception, data
management, data modeling, and downstream task applications. We compare mainstream simulators
and data management architectures in terms of what they contain and how they are constructed. We
analyze the mainstream multidomain data modeling strategies, highlighting the three core challenges
in this field (environmental variability, scale limitation, and interaction complexity) and the four major
gaps in multidomain data modeling. Finally, we point out potential research opportunities with
existing tasks, and list several promising future directions for the field, such as continual learning,
causal fusion, and large-scale multi-agent collaboration.
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