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Urban data are central to transportation planning, mobility modeling, accessibility analysis,

infrastructure assessment, and many other forms of urban decision-making. However, the

usefulness of urban data depends not only on their availability, but also on their quality. In

practice, urban datasets are often too coarse to support fine-scale analysis, incomplete with

respect to important infrastructure, inconsistent across sources, or insufficiently faithful to

the real-world systems they are meant to represent. These limitations constrain what urban

phenomena can be observed, modeled, integrated, and acted upon. This dissertation argues

that high-quality urban data are a prerequisite for reliable and equitable urban analytics,

and that improving urban data quality requires targeted methods designed around the

specific deficiencies, structures, and intended uses of the data.

This dissertation studies urban data quality through four complementary dimensions:

granularity, coverage, coherence, and fidelity. Each dimension corresponds to a different

kind of data deficiency and motivates a different methodological study. Granularity con-

cerns whether urban phenomena are represented at sufficient spatial or temporal resolution.

Coverage concerns whether important urban features are represented in the data at all.

Coherence concerns whether heterogeneous data sources can be reconciled into consistent

and unified representations. Fidelity concerns whether generated or extracted data preserve

the real-world structure and function needed for downstream applications.

To refine granularity, this dissertation introduces the Structurally-Aware Recurrent Net-



work (SARN), a model that recovers fine-resolution urban signals from coarse, privacy-

preserving aggregates by jointly modeling temporal dynamics, global spatial interactions,

and hierarchical containment relationships. To increase coverage, it develops a zero-shot

annotation pipeline that combines class-agnostic segmentation, candidate filtering, and Set-

of-Mark prompting to identify underrepresented built-environment features from aerial im-

agery using vision-language models. To improve coherence, it investigates large-language-

model-assisted spatial data integration for spatial join and spatial union tasks, showing

that LLMs can support integration decisions more effectively when paired with human-

interpretable geometric features. To enhance fidelity, it introduces TraversRL, a vision-

conditioned iterative generator for pedestrian pathway graphs that is improved through

reinforcement learning objectives aligned with graph-level geometry and traversability.

Overall, these studies show that urban data quality is multidimensional and that differ-

ent deficiencies require different computational strategies. More broadly, the dissertation

demonstrates that urban data should not be treated only as fixed input to downstream

models. Urban data themselves can be the object of methodological innovation. By im-

proving how urban data are refined, expanded, reconciled, and structured, this dissertation

advances a broader agenda for building high-quality urban data in support of more reliable

and actionable urban analytics.
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Chapter 1

INTRODUCTION

Urbanization is reshaping social, economic, and environmental systems worldwide [239,

207]. Cities concentrate population, infrastructure, services, and opportunities, but they

also concentrate vulnerability. Challenges such as infrastructure strain, housing affordabil-

ity, environmental risk, and unequal access to essential services often emerge most sharply

in urban settings [10, 240, 241]. These challenges are not evenly distributed. They vary

across neighborhoods, times of day, population groups, and infrastructure systems. As a

result, the ability to observe, measure, and understand urban environments at appropriate

levels of spatial, temporal, and semantic detail has become increasingly important for urban

planning, especially in support of accessibility, equity, sustainability, and public well-being.

Understanding and resolving these challenges is fundamentally data-driven. Contempo-

rary urban analysis relies on a wide range of data sources, including spatio-temporal mobility

records, aerial imagery, infrastructure inventories, and graph-structured transportation net-

works. These data support urban planning through tasks such as traffic forecasting, land-use

classification, map construction, and infrastructure monitoring. Advances in artificial intelli-

gence have substantially improved the ability to leverage such data and to model complex ur-

ban phenomena, ranging from classical predictive methods to modern deep neural networks

and advanced transformer-based architectures [246, 288, 178, 113, 152, 140, 130, 60, 28].

Yet for many urban analytics, modeling, and decision-making tasks, the main bottleneck

is often not the lack of computational models, but the lack of urban data with sufficient

quality. Urban data quality is multidimensional: useful datasets should be sufficiently

fine-grained, complete in coverage, coherent across sources, and faithful to the real-world

structures they represent. In practice, data may be too coarse to support neighborhood-

scale analysis; important infrastructure may be absent from existing records; datasets from

different sources may disagree or be difficult to reconcile; and map records may fail to



2

preserve the geometry and connectivity required for routing applications. These problems

do more than reduce benchmark performance. They shape what can be seen, measured, and

acted upon in the urban environment. Poor-quality urban data can obscure infrastructure

gaps, misrepresent mobility patterns, and propagate downstream errors into decision-making

workflows [231, 122, 290, 68, 9]. In this sense, urban data quality is not merely a technical

concern. It is a prerequisite for reliable and equitable urban analytics.

Recent advances in deep learning and large foundation models provide more powerful

tools for addressing these data quality challenges. Task-specific neural models are especially

useful when the data structure and target output are well defined, such as in tasks that in-

volve spatio-temporal dynamics, spatial hierarchies, or graph-based relationships commonly

found in urban data. These models can be designed to capture the structure of a specific

urban problem and optimize for the form of the desired output. In contrast, general-purpose

large language models (LLMs) and vision-language models (VLMs) provide greater flexi-

bility when tasks involve heterogeneous inputs, zero- or few-shot adaptation with limited

labeled data, or context-dependent reasoning over text, imagery, and structured spatial

information [205, 81, 270, 125, 109, 159, 306, 38, 311, 147].

This dissertation builds on these complementary capabilities to study how AI-based

methods can improve urban data quality across diverse data forms, quality deficiencies, and

intended uses. To organize this investigation, the dissertation focuses on four dimensions

of urban data quality: granularity, coverage, coherence, and fidelity. Each dimension

corresponds to a different kind of data deficiency that can limit urban analysis:

• Granularity refers to the spatial or temporal resolution at which urban phenomena

are represented. Data that are overly aggregated may still be useful for capturing

broad trends, but they often suppress neighborhood-scale patterns, local variation, and

short-term dynamics. This limitation is especially consequential for mobility analysis,

traffic modeling, and other applications that depend on fine-scale heterogeneity.

• Coverage refers to whether the relevant entities, features, or events are represented

in the dataset at all. Urban datasets often omit long-tail or specialized infrastructure
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elements because they are difficult or expensive to annotate. As a result, parts of the

built environment can become digitally invisible even when they are important for

accessibility, safety, or transportation planning.

• Coherence refers to whether multiple data sources can be reconciled into a consistent

and interpretable representation. Urban data are frequently assembled from hetero-

geneous sources that differ in geometry, semantics, temporal scope, or data collection

practices. Even when each source is useful in isolation, lack of coherence across sources

can hinder integration and propagate uncertainty into downstream analysis.

• Fidelity refers to how faithfully urban data represent the real-world structure and

function of urban systems. For graph-structured infrastructure such as pedestrian

pathways, it is not enough for data to appear plausible. They must also preserve the

connectivity and traversability needed for navigation and accessibility analysis.

There are two main reasons to focus on these four quality dimensions. First, they are

common data quality concerns in urban datasets. Urban data are often released at coarse

spatial or temporal resolutions, omit important features, differ across sources, or fail to

preserve the structure needed for real-world use. Second, these concerns appear in high-

impact urban applications. Mobility modeling and demand forecasting require fine-grained

spatio-temporal data; accessibility and safety analysis require broad coverage of infrastruc-

ture features; planning and integration workflows require coherent records across sources;

and routing or navigation requires faithful network geometry and connectivity. These di-

mensions therefore provide a practical way to organize recurring urban data problems and

to study methods that improve urban data quality for downstream applications.

Building on these four dimensions, the central claim of this dissertation is that high-

quality urban data are a prerequisite for reliable and equitable urban analytics, and improv-

ing urban data quality requires targeted methods designed around the specific deficiencies,

structures, and intended uses of the data.
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1.1 Research Objectives and Study-Specific Contributions

The dissertation is organized around four research objectives (ROs), each corresponding to

one dimension and one methodological study in Chapters 3–6.

1.1.1 RO1: To Refine Urban Data Granularity Through Spatio-Temporal Disaggregation

Many open urban datasets are released in aggregated form because fine-grained observations

can raise privacy concerns. Aggregation makes data easier to share, but it also removes the

detailed information needed for fine-scale modeling, such as traffic demand forecasting at

the neighborhood scale and cross-scale data integration. The objective of Chapter 3 is

therefore to study whether coarse, irregular, privacy-preserving spatio-temporal data can

be disaggregated into finer spatial units while preserving useful urban dynamics.

Chapter 3 introduces SARN, a Structurally-Aware Recurrent Network for spatio-temporal

disaggregation of urban mobility data. SARN combines recurrent temporal modeling with

structurally-aware spatial attention layers that capture both global spatial interactions and

hierarchical containment relationships between coarse and fine geographic units. The chap-

ter evaluates SARN on New York City taxi and bikeshare data across multiple disaggregation

resolutions and shows that it outperforms both classical and neural baselines. The chapter

further shows that the recovered fine-resolution data are practically useful: they support

downstream demand prediction with performance close to models trained on ground-truth

fine-scale data, transfer effectively across urban variables through fine-tuning, and can be

used to synthesize realistic individual-level event patterns. Overall, the results demonstrate

that learned spatio-temporal disaggregation can recover fine-grained urban information from

privacy-preserving aggregates, thereby improving data granularity and expanding the prac-

tical value of open urban data.

1.1.2 RO2: To Increase Urban Data Coverage Through Zero-Shot Feature Annotation

Urban datasets often describe common infrastructure, such as roads, but omit many long-

tail features that matter for accessibility, safety, and transportation planning, such as curb

ramps, crosswalks, and other localized built-environment elements. These features are not
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necessarily rare in importance, but they are often rare in available labels. Manual annotation

is expensive, and supervised computer vision methods require sufficient training data that

may not exist for specialized feature types or for every city. The objective of Chapter 4 is to

examine whether vision-language models can help expand urban data coverage by producing

feature annotations from aerial imagery without task-specific fine-tuning.

Chapter 4 proposes a modular zero-shot annotation pipeline that combines class-agnostic

segmentation, lightweight candidate filtering, and vision-language-model prompting. In-

stead of asking a model to locate urban features directly from an image, the pipeline first

generates candidate regions and then uses structured prompting to guide the model’s selec-

tion among those candidates. The chapter evaluates the pipeline on stop lines and raised ta-

bles, two transportation-relevant features that are useful for urban analysis but are not well

represented in standard datasets. The experiments show that direct prompting is largely in-

effective, while candidate-based prompting substantially improves annotation quality. Over-

all, the results demonstrate that general-purpose vision-language models, when embedded

in a structured annotation pipeline, can provide a practical starting point for expanding

urban data coverage and supporting downstream use.

1.1.3 RO3: To Improve Urban Data Coherence Through Spatial Data Integration

Urban datasets are frequently assembled from multiple sources that are complementary

but inconsistent in geometry, scale, or representation. These inconsistencies complicate

data fusion and fragment the digital description of the same underlying infrastructure. The

objective of Chapter 5 is to study whether LLMs can support the accurate integration of ur-

ban data from multiple sources when provided with different forms of information, including

natural-language task descriptions, spatial hints, and precomputed geometric features.

Chapter 5 studies two spatial integration tasks over pathway network data: spatial

join and spatial union. The spatial join task asks whether a sidewalk runs alongside a

road from a pedestrian perspective, while the spatial union task asks whether two sidewalk

annotations from different sources refer to the same real-world sidewalk. The chapter eval-

uates multiple large language models under different prompting settings. The core finding
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is that LLMs have useful spatial reasoning abilities, but they are unreliable at translat-

ing natural-language task descriptions into the precise computational geometry needed for

spatial matching. However, when provided with precomputed geometric features such as

distance, angle, and overlap, the models can infer context-sensitive decision rules and achieve

strong performance. Overall, the chapter shows that LLMs are most effective for spatial

data integration not as standalone geometry solvers, but as flexible decision interfaces built

on human-interpretable geometric features. In this role, they can improve the coherence

and utility of heterogeneous urban data by supporting more accurate integration.

1.1.4 RO4: To Enhance Urban Data Fidelity Through Pedestrian Pathway Generation

For routing analysis, it is not enough to know where pedestrian infrastructure appears in an

image. The data must also represent how pathway segments connect and whether the result-

ing network supports traversal. Existing segmentation-based methods can identify visible

pathway surfaces, but they often produce fragmented graphs that appear plausible while

remaining incomplete for navigation. The objective of Chapter 6 is to generate pedestrian

pathway graphs that preserve both real-world geometry and traversability.

Chapter 6 introduces TraversRL, a vision-conditioned iterative generator for pedestrian

pathway networks. TraversRL constructs a graph step by step from aerial imagery. At

each decision point, it observes a local satellite crop and a generation canvas encoding the

partial graph, then predicts the next action. The model is first trained through supervised

pretraining to imitate ground-truth graph expansion, and then improved through reinforce-

ment learning with graph-level and local stepwise rewards. The chapter evaluates TraversRL

across multiple backbones and datasets, compares it with segmentation-based pathway ex-

traction methods, and shows that reinforcement learning improves both buffered geometry

and traversability-oriented graph quality. It also demonstrates zero-shot generalization to

other cities and produces cleaner graphs with fewer redundant edges. Overall, the results

show that generating pedestrian pathways as connected graphs, rather than only detecting

visible pathway surfaces, can improve the fidelity and practical utility of urban network

data for routing and accessibility analysis.
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1.2 Dissertation-Level Contributions

Beyond the individual methods developed in each chapter, this dissertation makes three

broader contributions to the improvement of urban data quality.

First, it develops a data-quality-centered framework for understanding urban data prob-

lems. Rather than treating data quality as a one-dimensional issue, the dissertation or-

ganizes it around four dimensions: granularity, coverage, coherence, and fidelity. These

dimensions provide a structure for identifying why urban datasets may be insufficient for

analysis and what kinds of methods are needed to improve them. Through this framework,

the dissertation connects four technical problems (spatio-temporal disaggregation, feature

annotation, spatial integration, and pathway graph generation) under the shared goal of

producing high-quality urban data that better support analysis and decision-making.

Second, it broadens the methodological scope of urban data quality improvement. The

dissertation shows that improving urban data quality can involve multiple forms of data

transformation, including recovering hidden fine-scale signals, identifying missing built-

environment features, reconciling heterogeneous spatial records, and constructing network

data from imagery. This perspective moves beyond viewing urban data as a fixed input

to downstream models. Instead, it treats urban data itself as an object of computational

improvement, where AI-based methods can help improve the quality of urban data.

Third, it identifies the importance of structured intermediate information in urban AI

methods. Across the four studies, strong performance does not come from applying learn-

ing models to raw data alone. SARN uses geographic containment and spatial interaction

structure to guide disaggregation. The annotation pipeline uses segmentation, filtering, and

candidate marking to constrain visual reasoning. The integration framework uses geometric

features to support language-model decisions. TraversRL uses local and graph-level reward

signals to guide pathway graph generation. Overall, these findings suggest that AI-based

methods for urban data quality improvement are most effective when they are paired with

cues, constraints, or feedback signals that reflect the structure of the urban problem. This

supports the dissertation’s broader claim that improving urban data quality requires meth-

ods designed around the specific deficiencies, structures, and intended uses of the data.



8

1.3 Dissertation Organization

The remainder of this dissertation is organized as follows. Chapter 2 reviews the background

literature relevant to this dissertation, including learning-based urban applications, urban

remote sensing, large language models, vision-language models, and reinforcement-learning-

based post-training. Chapter 3 focuses on the granularity dimension and presents SARN,

a Structurally-Aware Recurrent Network for spatio-temporal disaggregation of aggregated

mobility data. Chapter 4 focuses on the coverage dimension and presents a zero-shot anno-

tation pipeline for extracting underrepresented urban features from aerial imagery. Chap-

ter 5 focuses on the coherence dimension and investigates LLM-assisted spatial integration

through spatial join and spatial union tasks. Chapter 6 focuses on the fidelity dimension

and presents TraversRL, a vision-conditioned iterative generator for pedestrian pathway net-

works from aerial imagery. Finally, Chapter 7 concludes the dissertation by summarizing

the main findings, discussing limitations, and outlining directions for future research.



9

Chapter 2

BACKGROUND

This chapter introduces the background needed to understand the four core studies of

the dissertation. It is organized around two bodies of literature. First, it reviews learning-

based techniques for urban applications, with a focus on spatio-temporal prediction and

urban remote sensing. Spatio-temporal prediction provides background for Chapter 3, where

spatial and temporal patterns are used to refine the granularity of aggregated mobility data.

Urban remote sensing provides background for Chapters 4 and 6, where aerial imagery is

used to improve urban data coverage through feature annotation and urban data fidelity

through pedestrian pathway graph generation.

Second, the chapter reviews recent developments in large foundation models and post-

training methods, including large language models (LLMs), vision-language models (VLMs),

and reinforcement-learning-based fine-tuning. These methods are relevant because the dis-

sertation uses both task-specific neural models and foundation-model-based approaches.

LLMs provide background for Chapter 5, which studies spatial data integration with language-

model reasoning. VLMs provide background for Chapter 4, which uses them to annotate

urban features, as well as for the visual ablation studies in Chapter 5. Reinforcement learn-

ing provides background for Chapter 6, where pathway generation models are fine-tuned

using rewards defined over graph-level quality.

At a high level, these literatures show why improving urban data quality requires meth-

ods that are sensitive to the structure of the data, the type of deficiency being addressed,

and the intended use of the resulting data. This chapter therefore provides the technical

foundation for the dissertation’s broader argument: improving urban data quality requires

methods designed around the limitations and use cases of the data itself.
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2.1 Urban Applications & Learning-Based Techniques

Urban computing spans a wide range of applications, from mobility forecasting to infras-

tructure mapping. Although these tasks differ in their specific goals and data sources,

many share a common challenge: strong performance requires learning from data that are

noisy, incomplete, heterogeneous, spatially structured, and temporally dynamic. As a result,

learning-based techniques have become central to modern urban analytics. This section re-

views two groups of applications and techniques relevant to this dissertation. The first group

focuses on spatio-temporal prediction tasks, including traffic prediction, air quality forecast-

ing, and energy consumption estimation. These tasks provide background for Chapter 3,

which improves urban data granularity through spatio-temporal disaggregation. The second

group focuses on urban remote sensing, with attention to two types of extraction tasks from

aerial imagery: surface feature and network feature extraction. Surface feature extraction

provides background for Chapter 4, which improves urban data coverage through VLM-

based annotation. Network feature extraction provides background for Chapter 6, which

improves urban data fidelity through pedestrian pathway graph generation.

2.1.1 Spatio-Temporal Prediction Tasks

Many important urban prediction tasks are inherently spatio-temporal. They involve vari-

ables that change over time, vary across locations, and interact through spatial relationships

such as distance, adjacency, network connectivity, or shared regional context. In a typical

setting, observations are collected over a set of spatial units, such as road segments, traffic

sensors, monitoring stations, neighborhoods, or grid cells, and repeated across discrete time

intervals. The goal is to estimate future values from historical patterns while accounting for

both temporal dynamics and spatial dependencies. Representative examples include traffic

prediction, air quality forecasting, and energy consumption estimation. These tasks provide

useful background for Chapter 3, which studies spatio-temporal disaggregation. Although

disaggregation is not a forecasting task in the strict sense, it shares a key modeling chal-

lenge with prediction: both require learning how urban signals vary across space and time,

especially when observations are noisy, sparse, aggregated, or irregularly structured.
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Traffic Prediction: Traffic prediction is a central task in urban computing and Intelligent

Transportation Systems (ITS). Accurate traffic prediction supports both real-time opera-

tions and long-term transportation decision-making [69], including route planning [137],

traffic signal optimization [261], congestion pricing [257], and travel time forecasting [44].

These applications require timely and reliable estimates of how traffic conditions change

across road segments, regions, and time periods. Traffic prediction includes several related

tasks, such as traffic flow, traffic demand, and speed prediction. Although these tasks differ

in their data sources and spatial units, they share a common objective: estimating future

traffic conditions based on historical observations and spatial context.

Traffic prediction has been studied since the late 1970s [244]. Early approaches relied on

statistical and traditional machine learning methods, including ARMA [209], ARIMA [268],

SVM [184], Random Forest [91], and Gradient Boosting [280]. These methods can be ef-

fective in relatively simple settings, but they often struggle to capture the non-linear and

time-varying dependencies found in mobility data. Recent deep learning methods have

addressed these limitations by learning spatial and temporal representations directly from

data. Convolutional neural networks (CNNs) have been used to model spatial patterns,

while recurrent neural networks (RNNs) and related sequence models have been used to

capture temporal dependencies [166, 298, 292, 283, 312]. However, CNN-based models are

most natural for grid-like data and can be less suitable for non-Euclidean structures such as

road networks or irregular administrative boundaries. This limitation has motivated graph

neural network (GNN)-based methods, which represent spatial units as nodes and spatial

relationships as edges. Early spatio-temporal GNN models combine graph-based spatial

feature extraction with temporal modules, such as STGCN [289], GraphWave [167], AST-

GCN [74], AGCRN [8], and STGNN [254]. Recent work has incorporated attention mecha-

nisms and transformer architectures, such as MegaCRN [111], DDGCRN [267], STWave [59],

STAEformer [151], and STD-MAE [63], to better model long-range temporal dependen-

cies and dynamic spatial interactions. Recent studies continue to develop more expressive

spatio-temporal architectures, including pivotal graph neural networks [123], efficient graph

transformers [250], transformer–multi-graph GCN hybrids [297], multi-scale spatio-temporal

GNNs [26], and causal-attention-based spatio-temporal transformers [86].
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Air Quality Forecasting: Air quality forecasting is also a representative spatio-temporal

urban prediction task. It aims to forecast future pollution levels for a region using histori-

cal measurements from monitoring stations. Common prediction targets include pollutant

concentrations such as Particulate Matter (PM2.5), Sulfur Dioxide (SO2), and other regu-

lated pollutants, as well as composite indicators such as the Air Quality Index (AQI) [105].

Air quality forecasting is important because air pollution directly affects public health and

environmental quality. Accurate forecasts can support early warning systems, help agencies

respond to hazardous pollution events, and guide interventions to protect public health [12].

Air quality forecasting is challenging because pollution patterns are shaped by multiple

interacting factors, including emissions, meteorology, land use, transportation activity, and

atmospheric diffusion. Traditional methods include statistical models [128, 100, 31] and

machine learning approaches [118, 183, 204]. More recent studies use deep learning models

such as CNNs, GNNs, and RNNs to capture spatial variation and temporal dependencies

across monitoring stations [196, 308, 58, 101, 61]. Attention-based and transformer-based

methods have further improved performance by modeling long-range dependencies and het-

erogeneous spatial interactions [248, 249, 186, 146, 49, 93, 192]. Recent work has further

explored graph–Transformer hybrids for PM2.5 prediction [287], spatio-temporal inverted

transformers for ambient air pollution forecasting [299], GNN–Transformer models [88],

graph-based spatio-temporal feature fusion [20], and cross-regional deep learning frame-

works for multiple pollutants [16]. As with traffic prediction, the quality and density of

observations strongly affect model performance. Sparse monitoring stations, uneven spatial

coverage, and mismatched spatial units can limit model performance.

Energy Consumption Estimation: Energy consumption estimation focuses on fore-

casting future energy use within specific regions or systems, often at hourly or daily inter-

vals [64]. Prediction targets include electricity demand, heating and cooling loads, or total

energy consumption across residential or commercial sectors. Accurate energy forecasting is

important for resource planning, grid management, sustainability analysis, and smart city

operations. Reliable forecasts help utilities balance supply and demand, support renewable

energy integration, and guide policies for energy efficiency and emissions reduction.
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Energy consumption forecasting also exhibits strong temporal and spatial structure. De-

mand varies by time of day, day of week, season, weather conditions, land use, building type,

and human activity patterns. Traditional forecasting approaches have increasingly been

complemented by deep learning methods that can model non-linear temporal dependencies

and interactions among multiple covariates [52, 195, 144, 129]. Recent transformer-based

architectures have also been applied to energy forecasting because of their ability to capture

long-range temporal dependencies and complex contextual patterns [23, 164, 179]. More re-

cent studies have examined city-scale electricity forecasting with modern machine learning

methods [194], spatio-temporal attention models for short-term energy consumption [82],

transformer-based multi-building energy prediction [180], transfer learning for transformer-

based building energy forecasting [223], and adaptive ensemble models for smart-building

energy consumption forecasting [182]. Similar to traffic and air quality prediction, the use-

fulness of these methods depends not only on model design, but also on the spatial and

temporal resolution, completeness, and consistency of the underlying data.

Summary: Across these prediction tasks, a common lesson emerges: strong models still

depend on appropriate data resolution and data quality. When observations are too sparse,

too coarse, or inconsistent across spatial and temporal units, predictive performance and

generalization can suffer. This lesson directly motivates the dissertation’s focus on improv-

ing urban data quality. Chapter 3 builds on the spatio-temporal modeling literature, but

shifts the problem from predicting future values to refining the spatial granularity of ob-

served data. Instead of treating coarse or aggregated data as a fixed limitation, it asks

whether models can learn spatial interactions and temporal dynamics from aggregated ob-

servations to recover finer-resolution urban signals that better support downstream analysis.

2.1.2 Urban Remote Sensing

Remote sensing imagery provides a scalable view of urban form and infrastructure. High-

resolution aerial and satellite imagery make it possible to observe buildings, roads, sidewalks,

vegetation, pavement markings, and other elements of the built environment over large

geographic areas. These data support applications such as land-use classification, building
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and roadway extraction, environmental monitoring, infrastructure inventory construction,

and map updating. Compared with field surveys or manual digitization, remote sensing

offers broader spatial coverage and more frequent updates, making it especially valuable

for cities where infrastructure conditions change over time. These capabilities are directly

relevant to Chapter 4 and 6: Chapter 4 uses aerial imagery to annotate underrepresented

urban features, and Chapter 6 generates pedestrian pathway graphs from imagery.

Surface Feature Extraction: Historically, urban feature extraction from remote sens-

ing imagery relied heavily on manual annotation and expert interpretation. Although such

workflows can produce accurate results, they are labor-intensive, difficult to scale, and slow

to update. Deep learning has greatly expanded the feasibility of large-scale urban scene

understanding by enabling automated segmentation, detection, and classification from im-

agery. CNN-based models such as dilated CNNs, encoder-decoder networks, and attention-

enhanced architectures have been widely used for extracting roads, buildings, and other

common urban features [286, 83, 251, 75, 46, 157, 230, 36]. Transformer-based segmenta-

tion models have further improved the ability to capture global context, long-range spatial

dependencies, and multi-scale urban structure [282, 276, 95, 296, 67, 293]. These methods

have produced strong results for common categories, especially roads and building foot-

prints, where labeled training examples are relatively more available.

However, the success of deep learning for common infrastructure does not fully solve the

coverage problem in urban data. Many transportation- and accessibility-relevant features

remain underrepresented in standard datasets and benchmarks. Existing work has studied

road extraction, building footprint extraction, sidewalk extraction, and crosswalk detection

from aerial or satellite imagery [213, 215, 265, 185, 245, 163]. Some recent studies have begun

to address more specialized pedestrian and roadway features, such as crosswalk changes

from bi-temporal aerial imagery, turning-lane pavement markings, curb ramps, and tactile

paving [5, 4, 171, 237]. Nevertheless, these efforts are still much narrower than the full

range of infrastructure elements needed for accessibility, safety, and transportation planning.

Detailed features such as stop lines, raised tables, curb ramps, tactile paving, walk signals,

and other localized design elements are often small, visually subtle, partially occluded, or
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shaped by local design standards. They are also expensive to annotate at scale. As a

result, there remains a practical gap between what deep learning methods could extract

in principle and what urban datasets actually contain. This gap motivates the zero-shot

annotation strategy in Chapter 4, which uses segmentation, candidate filtering, and vision-

language prompting to reduce the dependence on task-specific labeled training data.

Network Feature Extraction: Beyond surface-based feature extraction, remote sens-

ing is also used to extract network features represented as lines or graphs. Roads, side-

walks, trails, and pedestrian pathways are important because they define possible movement

through the city. For these infrastructures, accurate geometry alone is insufficient; usable

digital data must also preserve connectivity and traversability. Existing network extraction

methods broadly follow two paradigms. The first is a segmentation-first pipeline, where

models predict dense road or pathway masks and then recover graph structure through

vectorization, thinning, skeletonization, or heuristic post-processing [43, 92, 273, 89, 227,

314, 162, 173]. This approach benefits from mature segmentation architectures, but small

mask errors can lead to disconnected links, noisy branches, or incorrect intersections after

graph conversion. The second paradigm directly constructs graph structure from imagery.

RoadTracer [11] introduced a crop-and-canvas tracing framework that grows a road graph

step by step using local image evidence and the already-generated graph. VecRoad [229]

improved local exploration at complex junctions, while RNGDet and RNGDet++ [274, 275]

developed transformer-based iterative graph detection with topology-oriented supervision.

More recently, NETracer [148] proposed a topology-aware tracing framework that explic-

itly models node–edge connectivity. These studies show the importance of moving beyond

pixel-level masks when the final output must support routing or network analysis.

Similar representation challenges arise for pedestrian infrastructure, but they are often

harder than road extraction. Pedestrian pathways are typically narrower, contain many

short and curvilinear segments, are more susceptible to occlusions from trees, vehicles,

or shadows, and require accurate crossing and intersection connectivity for accessibility

and navigation applications [97, 305]. Compared with road extraction, pedestrian pathway

extraction from overhead imagery remains relatively understudied. Early work by Karimi et
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al. [117] explored pedestrian map generation at small scale and highlighted the importance

of data quality. Tile2Net [97] detects sidewalks, crosswalks, and footpaths from aerial

imagery and converts them into pedestrian networks. Prophet [304] combines road-network

priors with aerial-image segmentation and rasterized street maps to infer pathway graphs.

PathwayBench [305] further argues that pixel-level metrics can understate mobility-critical

errors and instead emphasizes routability and intersection-scale connectivity. Other studies

focus on specific pedestrian assets rather than full connected networks, including zebra-

crossing detection [1], crosswalk detection from satellite imagery [245, 14], and curb-ramp

detection from street-view imagery [84, 187]. These limitations are especially consequential

for pedestrian applications, where a short missing link, an incorrect crossing, or a broken

intersection can substantially affect routability and accessibility analysis. This problem

motivates Chapter 6, which treats pathway generation as a graph-construction problem and

optimizes graph-level fidelity rather than only pixel-level segmentation quality.

Summary: Across urban remote sensing tasks, a common lesson is that visual extraction

alone is not sufficient for high-quality urban data. Deep learning has greatly improved the

ability to detect and segment common urban features from aerial and satellite imagery,

but many important infrastructure elements remain underrepresented in available datasets.

Moreover, for networked infrastructure such as roads, sidewalks, and pedestrian pathways,

useful data must preserve not only geometry but also connectivity and traversability. These

challenges motivate the dissertation’s focus on improving urban data coverage and fidelity.

Chapter 4 builds on remote-sensing-based feature extraction, but shifts attention toward

zero-shot annotation of underrepresented urban features. Chapter 6 builds on network

extraction research, but treats pedestrian pathway mapping as a graph-construction problem

rather than a segmentation-only task.
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2.2 Large Foundation Models

In addition to task-specific models designed for particular urban prediction or extraction

tasks, researchers can now draw on large foundation models with broader and more flexible

capabilities. These models can be adapted through prompting, instruction tuning, tool

use, and reinforcement-learning-based post-training. They can also operate over diverse

inputs, including text, imagery, and structured spatial data. These capabilities are especially

relevant to urban data problems because urban datasets are often heterogeneous: a single

task may require combining natural-language descriptions, aerial images, and geographic

objects such as points, lines, and polygons. This section reviews three developments most

relevant to the dissertation. First, large language models (LLMs) provide flexible text-

based interfaces for context-dependent reasoning, which motivates Chapter 5 on spatial data

integration. Second, vision-language models (VLMs) extend these capabilities to image–text

settings, providing background for Chapter 4 on zero-shot urban feature annotation and for

the visual ablation studies in Chapter 5. Third, reinforcement-learning-based post-training

provides a way to optimize generated outputs using rewards defined over final artifacts,

which motivates Chapter 6 on pedestrian pathway graph generation.

2.2.1 Large Language Models

Large language models (LLMs) are foundation models designed to process and generate nat-

ural language. Most contemporary LLMs are based on the Transformer architecture [243]

and are pretrained on large text corpora using self-supervised objectives, most commonly

causal language modeling, in which the model predicts the next token conditioned on prior

context [199, 202, 18]. This training process allows LLMs to acquire broad linguistic, se-

mantic, and procedural knowledge from large-scale corpora. As model size & data scale, and

training techniques have improved, LLMs have become increasingly capable of performing

diverse tasks through prompting. Major model families, including LLaMA [234, 235, 71],

Qwen [278, 277], Mistral [108], DeepSeek [41], GPT [18, 188, 218], Gemini [66], Claude [3],

Grok [271], and others, illustrate the rapid development of general-purpose language models

across both open-weight and proprietary settings.
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A key capability of LLMs is in-context learning: the ability to adapt to a task from

instructions and examples provided in the prompt. Zero-shot prompting asks the model to

perform a task from a natural-language instruction alone, while few-shot prompting pro-

vides a small number of input–output examples to guide the model’s behavior [18]. Chain-

of-thought prompting further improves performance on reasoning tasks by encouraging the

model to produce intermediate reasoning steps before giving a final answer [263]. Related

strategies extend this idea in different ways. Self-consistency samples multiple reasoning

paths and selects the most consistent answer [256], while Tree-of-Thoughts prompting ex-

plores multiple candidate reasoning trajectories and allows the model to evaluate, backtrack,

and search over intermediate steps [284]. Another line of work studies self-correction and

iterative refinement, where an LLM first generates an output and then critiques or revises

it, either using its own feedback or feedback from another model [168, 120, 116]. These

prompting methods show that LLMs can often be adapted to new tasks through input

design and inference-time reasoning strategies, even when labeled training data are limited.

Instruction tuning methods have further improved the practical usability of LLMs. Dur-

ing pretraining, models learn general capabilities for understanding and generating text by

modeling large-scale language corpora. Instruction tuning then teaches models to use these

capabilities to follow explicit task requirements, perform requested actions, and produce out-

puts in formats expected by users [262]. As a result, modern LLMs are used not only for text

generation [188], but also for summarization [301], information extraction [193], text clas-

sification [53], code generation [316], planning [119], and structured decision-making [24].

In this dissertation, the most relevant property of LLMs is their ability to combine task

instructions with auxiliary information and produce context-dependent judgments.

Recent work has also expanded LLMs beyond standalone text generation by connecting

them to external knowledge sources and tools. Retrieval-augmented generation combines

parametric knowledge in the model with external retrieved information, improving fac-

tual grounding for knowledge-intensive tasks [134]. Tool-use and agent-style methods allow

LLMs to call external functions, search systems, calculators, or domain-specific tools when

their internal reasoning is insufficient [210, 285]. This is especially important for tasks that

require exact computation, database lookup, or interaction with structured environments.
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Related work on structured data reasoning shows that LLM performance depends strongly

on how tables, graphs, or other structured inputs are represented in the prompt. Studies on

structured table understanding [226], as well as frameworks such as StructGPT [110] and

Chain-of-Table [259], demonstrate that LLMs can reason more effectively over structured

data when the input is transformed into task-relevant intermediate representations.

These developments are highly relevant to geospatial and urban data tasks. Urban data

often combine natural-language descriptions, geographic geometries such as points, lines,

and polygons, and domain-specific rules. LLMs offer a promising interface for such hetero-

geneous information because they can interpret task instructions, compare alternatives, and

apply flexible decision rules. As a result, researchers have increasingly explored the use of

LLMs in geospatial contexts, including studies on geographic knowledge encoded in LLMs,

natural-language interfaces for geospatial analysis, and LLM-based geospatial copilots for

GIS workflows [169, 253, 220]. These studies suggest that LLMs have substantial potential

to help make geospatial analysis more accessible and flexible, especially when tasks involve

a mixture of natural language, structured data, and domain-specific reasoning.

Motivated by this growing interest, Chapter 5 studies the use of LLMs for spatial data

integration. Spatial integration is a natural setting for exploring LLMs in the geospatial

domain because it often requires reasoning across heterogeneous sources, interpreting task-

specific criteria, and making context-dependent decisions about whether spatial records

should be linked or merged. Specifically, Chapter 5 examines whether LLMs can assist

spatial join and spatial union tasks when provided with different forms of task information,

including natural-language descriptions, spatial hints, and precomputed geometric features.

In doing so, the chapter contributes to the broader effort to understand how LLMs can sup-

port geospatial workflows that combine language, geometry, and domain-specific reasoning.

2.2.2 Vision-Language Models

In this dissertation, the term vision-language model (VLM) is used broadly to refer to models

that connect visual and textual information. This category includes both earlier image–text

representation models and more recent LLM-based VLMs for open-ended visual instruction
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following. Some modern VLMs also belong to broader multimodal foundation-model sys-

tems and may support image generation. However, this dissertation focuses on their visual

understanding capabilities rather than their image synthesis capabilities. Specifically, VLMs

are used here as models that take images and text as input and produce text-based outputs,

such as descriptions, answers, classifications, or candidate selections.

Early and influential VLMs, such as CLIP, learn aligned visual and textual representa-

tions by training on large-scale image–text pairs [201]. This alignment enables models to

connect visual content with natural-language concepts and supports tasks such as image–

text retrieval [201], zero-shot classification [201], image captioning [139], visual question

answering [228], and referring expression understanding [115]. Compared with conventional

supervised vision models, VLMs are attractive because they can use language as a flexi-

ble interface for specifying visual concepts, including categories or descriptions that may

not appear in a fixed training label set. Recent LLM-based VLMs, such as Flamingo [2],

BLIP-2 [138], InstructBLIP [37], LLaVA [153], GPT-4V [189], Gemini [66], Qwen-VL [7],

and InternVL [30] illustrate the rapid development of general-purpose VLMs. These mod-

els differ in architecture and training strategy, but they share a common goal: aligning

visual perception with language-based reasoning and instruction following. As a result,

VLMs make it increasingly feasible to query image content using flexible natural-language

instructions rather than training a dedicated detector or classifier for every target category.

Recent remote-sensing VLMs and datasets, such as RemoteCLIP [149], GeoRSCLIP [307],

GeoChat [127], and EarthGPT [302], reflect growing interest in adapting VLMs to overhead

imagery and geospatial interpretation in the urban setting. These studies show that VLMs

can support remote-sensing tasks such as image–text retrieval, scene understanding, visual

question answering, grounding, and region-level dialogue. They also highlight an important

challenge: remote-sensing images differ substantially from natural images in viewpoint,

scale, object size, and spatial context, so effective use of VLMs often requires task-specific

prompting, domain adaptation, or structured intermediate inputs.

In this dissertation, Chapter 4 uses VLMs for low-label urban annotation, where the

goal is to identify underrepresented built-environment features from aerial imagery without

task-specific fine-tuning. Instead of asking a VLM to locate a feature directly from the raw
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image, the chapter frames annotation as a constrained candidate-selection problem. Seg-

mentation and filtering first produce candidate regions, and visual marks then make those

candidates explicit to the VLM. This design uses the visual understanding and language-

based reasoning capabilities of VLMs while reducing the open-ended localization burden.

Chapter 5 also briefly evaluates VLMs for spatial integration by providing visual inputs for

spatial join and spatial union tasks. Together, these uses connect VLMs to both urban data

coverage and visual support for spatial reasoning.

2.2.3 Reinforcement Learning for Large Foundation Models

Beyond pretraining and supervised fine-tuning, modern foundation models are often im-

proved through post-training methods that optimize output-level objectives. A central

motivation is that some desired behaviors are difficult to specify through step-by-step su-

pervision alone. In supervised fine-tuning, the model is usually trained to imitate local

targets, such as the next token in a reference response. However, the quality of a gener-

ated response, caption, plan, or graph often depends on the completed output rather than

on each individual token or action in isolation. In these settings, reinforcement learning

(RL) provides a way to optimize models using rewards defined over generated sequences,

trajectories, or final outputs. The model generates candidate outputs, receives a reward or

preference signal, and is updated to make higher-reward outputs more likely.

In large foundation models, this idea is most commonly discussed through reinforcement

learning from human feedback (RLHF). A typical RLHF pipeline begins with supervised in-

struction tuning, then trains a reward model from human preference comparisons, and finally

fine-tunes the policy to produce outputs preferred by the reward model [33, 317, 225, 191].

Proximal Policy Optimization (PPO) has been one of the most widely used policy optimiza-

tion methods in this setting because it stabilizes updates by limiting how far the updated

policy can move from the previous policy in a single step [211]. RLHF and related approaches

have been used to improve helpfulness, harmlessness, summarization quality, instruction

following, and general alignment with user preferences. More recent post-training methods

have explored alternatives to classical PPO-based pipelines. Direct Preference Optimiza-
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tion (DPO) [203] and Kahneman–Tversky Optimization (KTO) [57] optimize preferences

without an explicit PPO-style reinforcement-learning loop. Other methods, such as Group

Sequence Policy Optimization (GSPO) [310] and Group Reward–Decoupled Normalization

Policy Optimization (GDPO) [156], continue to develop RL-based optimization objectives

for improving stability, efficiency, or multi-reward training.

Group Relative Policy Optimization (GRPO) is especially relevant to this disserta-

tion. GRPO was introduced in DeepSeekMath as a variant of PPO designed to improve

mathematical reasoning while reducing the memory cost associated with actor–critic meth-

ods [214]. Instead of estimating a separate value function, GRPO samples a group of

candidate outputs for the same prompt, scores each output with a reward function, and

computes the advantage of each output relative to the group. Outputs that perform better

than the group baseline are encouraged, while weaker outputs are discouraged. This relative

comparison is useful when the quality of a generated output is easier to measure after com-

pletion than to supervise at each local step. GRPO has also been used in reasoning-oriented

models such as DeepSeek-R1, where reinforcement learning is used to encourage stronger

reasoning behaviors without relying only on supervised reasoning traces [42].

Although this dissertation does not use reinforcement learning to fine-tune an LLM, the

same principle is central to Chapter 6. Pedestrian pathway generation is a sequential graph-

construction problem: the model repeatedly chooses actions that extend or stop a partial

graph, and the quality of the final output depends on graph-level geometry, connectivity,

and traversability. These objectives are difficult to optimize through supervised learning

alone because a locally plausible action may still lead to a poor final graph, while the value

of a useful action may only become clear after several later steps. Reinforcement learning

therefore provides a natural mechanism for fine-tuning the generator toward the quality

measures that matter for the completed pathway network. Chapter 6 adapts this idea by

using rewards over generated pathway graphs, including global rewards that evaluate the

completed graph and local stepwise rewards that provide more direct credit assignment

during rollout. In this way, RL serves as a bridge between local generation decisions and

the final fidelity of the generated urban network.
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Chapter 3

REFINING URBAN DATA GRANULARITY THROUGH
SPATIO-TEMPORAL DISAGGREGATION

While urban open data is critical to modern city science, it is frequently released in spa-

tially aggregated forms to safeguard individual privacy. This necessary protection, however,

creates a “granularity gap” that hinders fine-scale analysis and the integration of disparate

datasets. This chapter addresses granularity, the first dimension of urban data quality,

through the task of spatio-temporal disaggregation. We seek to recover high-resolution

signals from coarse, irregular administrative regions. To achieve this, we introduce the

Structurally-Aware Recurrent Network (SARN), a novel architecture designed to jointly

model cross-region spatial interactions, temporal dependencies, and the hierarchical con-

tainment relations inherent in geographic boundaries. Through extensive experiments on

New York City taxi and bikeshare data, we demonstrate that SARN recovers fine-grained

urban patterns with significantly higher accuracy than existing heuristic and neural base-

lines, effectively restoring the utility of fine-grained urban data. This chapter is based on

our work published at ACM SIGSPATIAL 2024 [77].

3.1 Introduction

Open data affords the study of urban dynamics [246, 291], but, with few exceptions [303,

219], models assume access to individual-level data, while privacy concerns motivate the

release of aggregated data [72] such that aggregated data tends to be the norm in some

fields [19, 160, 131]. Although aggregation can protect individual privacy [238, 55, 90]

(without strong guarantees [107, 17]), it complicates integration of multiple datasets (e.g.,

aligning tract-level to block-level data) and destroys information useful for training. For

example, demographers have studied disaggregation techniques to uncover local hotspots

erased by tract-level aggregation [177]. The New York City (NYC) taxi open datasets

serve as another notable example, widely used in spatio-temporal traffic forecasting liter-
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ature. Much of the work has relied on NYC taxi data collected before June 2016, when

individual-level records were accessible [174, 300, 112, 76]. Subsequently, taxi records have

been released at aggregated taxi zone levels, forcing applications to rely on pre-2016 data.

Motivated by these issues, we study the spatio-temporal disaggregation problem — to

break down the aggregated urban data from a coarse, irregular spatial partitioning to a finer,

irregular partitioning. The disaggregation problem has been studied in different domains.

Spatial disaggregation methods in the demography literature tend to rely on heuristics:

areal weighting, which assumes all variables are constant per unit area [35], and dasymetric

mapping [35], which assumes sufficient auxiliary data is available to predict the target vari-

able using linear methods. Disaggregation has also been considered in the machine learning

literature, outside of the spatiotemporal context, where the goal is to learn individual-level

models given group-level aggregated data [303, 175]. However, these approaches explicitly

seek a model where the target variable at the individual level is determined only by its

parent group’s features as opposed to learning from global patterns across groups. In a

spatiotemporal context, any region may influence any other, even remotely: traffic on the

bridge can increase wait times in midtown, for instance.

In this study, we evaluate neural architectures for the disaggregation problem, and

demonstrate the utility of the disaggregated data (See Figure 3.1). We proposed an overar-

ching model, Structurally-Aware Recurrent Network (SARN), which integrates structurally-

aware spatial attention layers (SASA) into the Gated Recurrent Unit (GRU) model. The

SASA layers capture complex spatial interactions among regions, while the gated recurrent

module captures the temporal dependencies. Specifically, each SASA layer calculates two

types of attention — global and structural. Global attention attends each coarse region

to all fine regions, facilitating a comprehensive, macro-level geographic interactions. To

enhance learning efficiency and effectiveness, we leverage the structural property exhibiting

between geographic levels, containment — each fine level region is entirely contained in a

coarse level region. This phenomenon is practically seen in political boundaries. Exploiting

this structural property, we create binary containment maps to be used in structural atten-

tion calculation, promoting the generation of coherent and consistent values across varying

geographic levels. We conduct three experiments targeting various disaggregation levels
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Figure 3.1: Disaggregation problem setting and its utilities. Our proposed Structurally-

Aware Recurrent Network (SARN) is trained with coarse, aggregated data and structural

containment maps. The trained model can be utilized in downstream applications, such as

traffic prediction. It also can be adopted to disaggregate another variable through weight-

sharing and fine-tuning with only a limited amount of data.

with two mobility datasets from NYC. Our results demonstrate that SARN significantly

enhances disaggregation performance and converges faster than baselines.

In addition to our primary disaggregation findings, we conduct three supplementary ex-

periments to enhance the practicality of the disaggregation task and demonstrate the utility

of our model: (1) Transfer Learning. We relax the assumption that temporal historical

data is always available and explore pre-training on variable A, then fine-tuning on vari-
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able B. Our results demonstrate the remarkable effectiveness of transfer learning, yielding

competitive outcomes compared with specialized models, with only a minimal number of

samples. (2) Downstream Application. The disaggregated data can be valuable for

downstream applications. We use traffic demand prediction as an example, as accurate

traffic demand prediction is essential for cities to allocate transportation resources effec-

tively, especially in fine regions (e.g., city blocks), potentially reducing traffic congestion.

We train several models with the disaggregated taxi data and compare their performance

to those trained with ground truth data. Our results show remarkable authenticity of the

disaggregated data compared to the real data. (3) Individual Points Synthesis. We

quantitatively show that our disaggregated values have a similar distribution to the ground

truth values over a set of regions, via mutual information and Kullback–Leibler divergence

statistics. Then we qualitatively demonstrate that a simple sampling scheme can be used

to generate a realistic individual-level points within the finer regions.

Overall, this chapter makes four primary contributions toward improving urban data

granularity and improving its utility for downstream applications:

• We propose the Structurally-Aware Recurrent Network (SARN), designed to disag-

gregate spatio-temporal data. The structurally-aware spatial attention (SASA) layers

model spatial interactions, while the gated recurrent module captures temporal depen-

dencies. Within each SASA layer, global attention is calculated to enable macro-level

interactions between levels. By employing containment maps, structural attention is

calculated to produce coherent and consistent values between different levels.

• We test three disaggregation resolutions and two mobility datasets. On NYC taxi

data, SARN achieves a 5% improvement over the best neural models and a 40.1%

improvement over the best classical methods on average. For NYC bikeshare data,

the average improvements are 1.2% and 13.6%, respectively. Furthermore, SARN

converges faster than other neural models, showing better training efficiency.

• We consider a transfer learning scenario, acknowledging that sufficient training data

may not always be available to train an effective neural model for every city variable.
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Our results demonstrate that, within the same city, parameters learned from one

variable can be used to make predictions on another variable through rapid fine-tuning

(1-2 hours versus 12 hours of pre-training), achieving competitive performance.

• We demonstrate the utility of disaggregated data in downstream traffic demand pre-

diction. The average prediction difference between models trained with disaggregated

values and ground truth values is trivial (0.78%), indicating that the disaggregated

data closely matches the ground truth values. Additionally, we synthesize individual-

level data via sampling and show that synthesized points have similar distributions to

the true values, with high mutual information (0.736) and low KL-divergence (0.058).

3.2 Related Work

3.2.1 Spatial Disaggregation

Spatial disaggregation is frequently used in demography to infer individual records from

spatially aggregated regions such as census data [198, 260], frequently applied in population

analysis. Dynamic data on human population distribution at high resolution is important for

a wide spectrum of activities and real-life applications, such as urban applications of business

locations, transportation planning, city service management etc. [318] Other applications of

spatial disaggregation include disease mapping [6] and vaccination coverage [242].

A popular heuristic is areal weighting (AW), which assumes the value per unit area is

constant [70]. This method is common in practice due to its simplicity, general reliability,

and ability to computed from a single variable. Pycnophylactic interpolation (PI) [233]

works similarly to areal weighting, but distributes the values from source regions to tar-

get regions iteratively, considering a weighted average of its nearest neighbors. Dasymetric

mapping/interpolation/weighting (DM) approach is a family of methods that use the re-

lationships between multiple variables to improve the estimated distribution. Unlike areal

weighting, dasymetric mapping uses auxiliary information to generate a weighted distribu-

tion of source values onto the target regions. Recent methods incorporate machine learning

approaches to model the relationships between auxiliary data and source values and de-

termine the weights for disaggregation [198, 177, 176]. Sources of auxiliary information
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include satellite images [224], 3D building information [198], mobile phone usage data [45],

etc. Despite their popularity in spatial disaggregation, there are several potential limita-

tions of them [35]. They are wholly dependent on auxiliary variables, which are not always

available (e.g., remote sensing images or land type data in population disaggregation). Ad-

ditionally, the performance depends on the correlation between auxiliary data and source

values, which may be low due to lack of relevant datasets or noisy measurements.

Deep learning methods have also been directly applied to the disaggregation problem

in recent years. For example, Zong et al. [318] proposed the DeepDPM model, which uses

a super-resolution CNN to analyze both spatial and temporal patterns using coarse data

and point-of-interest information. In the urban computing domain, several recent studies

have focused on generating fine-grained traffic flow from coarse-grained data using super-

resolution techniques. Ouyang et al. [190] introduced the UrbanFM model, which employs

a feature extraction module and a distributional upsampling module to infer fine-grained

crowd flow from coarse observations. Liu et al. [155] proposed the RATFM model, which

leverages prior knowledge of road networks to learn the road-aware spatial distribution of

fine-grained traffic flow. Both studies use super-resolution techniques, but their problem

setting differs slightly from ours. Their coarse observations are at the pixel level, while our

coarse values are at predefined geopolitical region levels. In an urban image, each region

may cover numerous pixels that share the same value.

3.2.2 Learning From Aggregated Observations

In addition to the spatial disaggregation methods, it is also possible to learn individual

level probabilistic models from aggregated data, without first decomposing aggregated data

into individual instances. The problem is generally referred to as learning from aggregated

observations, where supervision labels are given to sets of instances instead of individual

instances, while the goal is still to make inferences on unseen individuals [303, 219, 131].

Zhang et al. [303] present a general probabilistic framework capable of accommodating a

variety of aggregate observations for various tasks, such as classification and regression. Ma

et al. [165] studied the problem of learning nonlinear dynamics from aggregated data, where
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individual trajectory data is not available. Wei et al. [264] studies a more specific problem

— classification from aggregate observations (CFAO), where the supervision is provided to

groups of instances, instead of individual instances.

3.3 Datasets

In this study, we use two representative mobility datasets in our study — NYC taxi data

and NYC bikeshare data. Each dataset contains individual-level records.

• NYC Taxi Data: NYC taxi trip data is collected from NYC Open Data portal1 from

01/01/2016 to 06/30/2016. The raw data are presented in tabular format. Each record

summarizes the information for one single taxi trip, which contains the longitude and

latitude of the location of the trip start.

• NYC Bikeshare Data: NYC bikeshare data is collected from NYC DOT 2 01/01/2021

to 12/31/2021. Similar to the taxi data, the raw data are presented in tabular format.

Each data point represents one bike trip, including the longitude and latitude of the

location where the bike was unlocked. The dataset spans the entire year, allowing the

inspection of seasonal variations.

These datasets represent two examples of mobility events in the same city (taxi and

bikeshare in NYC). This collection enables study of variance of our method (same city, same

application domain, but different variable). Moreover, NYC taxi and bikeshare datasets

afford transfer learning studies (e.g., training on taxi data and evaluating on bikeshare

data) to address the situation where available data may be limited. We focus exclusively on

Manhattan, employing four geographic resolutions from 2010: Public Use Microdata Areas

(PUMA), Neighborhood Tabulation Areas (NTA), Census Tracts (TRACT), and Census

Blocks (BLOCK), with boundaries from the NYC Open Data portal (see Figure 3.2).

Given a dataset of individual events (lat, lon, time), we construct raster representations

(for CNN models) and vector (for other neural models) representations of spatiotemporal

1https://opendata.cityofnewyork.us/data/

2https://citibikenyc.com/system-datafrom

https://opendata.cityofnewyork.us/data/
https://citibikenyc.com/system-datafrom
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Figure 3.2: Four distinct geographic aggregation levels for the same NYC area. PUMA

regions are the largest and most coarse. BLOCK regions are smallest and finest.

event data as follows: (1) Vector Representation. We aggregate the event counts by

hour and region for each of the four geographic levels. For example, there are 10 Public

Use Microdata Areas (PUMA); a single hour of data is represented as simply a 10-element

vector. The order of elements is arbitrary. More generally, the dataset is represented as

X ∈ RN×d, where N is the total number of hours, and d is the number of regions at a given

geographic level (e.g., d = 10 for PUMA; d=32 for NTA). (2) Raster Representation.

We first create a 128×256 grid and plot the N regions at each geographic level. Each region

has a corresponding value from the vector input — Xn, n ∈ {1, 2, . . . , N}, and the number

of pixels located within the region — Cn, n ∈ {1, 2, . . . , N}. Then each pixel in each region

takes the value of Xn
Cn

. Pixels shared by more than one region are assigned to whichever

region is smaller to avoid ambiguity. The cost is that we lose some information during

translation since the raster representation does not represent region boundaries precisely.

3.4 Models

In §3.4.1 we formally formulate the disaggregation problem. In §3.4.2, we introduce the

structural property and containment maps that connect different levels of the aggregation

hierarchy. In §3.4.3, we detail the architecture of the structurally-aware spatial attention

(SASA) layer, including the calculation of global and structural attention using the con-

tainment maps. In §3.4.4, we present our proposed SARN model, which integrates SASA
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layers into the GRU layer. The model architecture is visualized in Figure 3.4

3.4.1 Notations & Problem Formulation

We adopt the following notations to be used throughout this study:

• gi for i ∈ {0, 1, . . . , G} denotes a geographic aggregation level. The levels are labeled

in ascending order in terms of number of regions, i.e., the lowest resolution is assigned

0 and the highest resolution is assigned G. In our experiments, the input is always

the lowest resolution, e.g. PUMA. Therefore, it is assigned with the level g0. Level

gG has the largest number of regions, which is BLOCK. Level (g1, g2, . . . , gG−1) are

intermediate levels, in incremental order.

• |gi| denotes the number of regions at geographic level gi. |gG| denotes the number of

regions at the BLOCK level, which we use to normalize the loss terms. That is, the

loss for all levels is expressed in average error per city block to allow direct comparisons

across different geographic levels.

• Xi ∈ RN×|gi| denotes the ground truth N × |gi| vector at geographic level gi assuming

N total hours. We include a subscript (t) ∈ [1, N ] to indicate a single timestep

Xi
t ∈ R|gi|. To indicate a range of timesteps t to t + T , we will write Xi

t:t+T .

• X̂i ∈ RN×|gi| denotes the predicted data at geographic level gi assuming N total

hours. We will indicate slices of this vector using the same subscript notation as with

ground truth.

The disaggregation problem is defined as — given a time series of values in the past T time

steps at coarse level gi, we learn a function f that disaggregates the data to a finer level gj :

f([Xi
t−(T−1), . . . , X

i
t ]; θ) → [Xj

t−(T−1), . . . , X
j
t ], ∀j > i
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Figure 3.3: (a) Containment relationships between geographic level gi and gj . Each region

from gj is wholly contained in a region from gi. (b) Binary containment map M i,j between

georaphic level gi and gj . (c) Structural-aware spatial attention is calculated among con-

nected regions from two levels.

3.4.2 Structural Property — Containment

The geographic levels we use exhibit the structural property of containment — each region at

level gi, i ≥ 1 is wholly contained in a region at level gi−1 such that regions are hierarchical.

For example, one census tract comprises multiple census blocks. Assuming containment,

we can identify a one-to-many map among the regions from any two geographic levels.

Let M i,j ∈ R|gi|×|gj |, ∀j > i be a |gi| × |gj | binary matrix representing the containment

relationship between geographic levels gi and gj . A value of 1 at position M i,j [c, r] indicates

that region r at level gj is contained in region c at level gi. Figure 3.3(a) shows an example

where three regions from level gi at a single timestamp t are split into six regions from level

gj . Figure 3.3(b) shows the corresponding binary containment map between the two levels.
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3.4.3 Structurally-Aware Spatial Attention Layer

Spatio-temporal transformers have been applied to urban prediction tasks. The multi-head

spatial attention layers in the transformer blocks can capture complex spatial relationships.

In our disaggregation task, we also leverage the attention mechanism to extract spatial

information. The spatial attention is calculated across two geographic levels with different

spatial dimensions. We propose a structurally-aware spatial attention (SASA) layer, which

consists of multiple structurally-aware spatial attention heads (SASAhead). Each head

performs two attention calculations — a global attention and a structural attention.

Global Attention: given input Xi
t ∈ R1×|gi| from geographic level gi, at a single

timestamp t, the global attention score is calculated as:

Q = Xi
tWQ, WQ ∈ R|gi|×|gi|

K = Xi
tWK , WK ∈ R|gi|×|gj |

Attg = Softmax

(
QTK/

√
|gj |

)
∈ R|gi|×|gj |

The global attention enables each coarse region to attend to all finer regions, facilitating

comprehensive interactions across different geographic levels. This macro-level interaction

allows the model to capture broader dependencies between two geographic levels.

Structural Attention: the structural attention leverages the binary containment map

M i,j to constrain attention only among connected regions across geographic levels (Figure

3.3(c)). The containment maps impose a constraint that requires the values of child regions

to sum up to the value of their parent region. This ensures that the predicted values

remain coherent and consistent across different geographic resolutions. By enforcing this

hierarchical relationship, the model maintains the integrity of the spatial dependencies,

allowing for accurate disaggregation results. Structural attention is computed as:

Atts = Softmax(M i,j ⊙ (QTK/
√
|gj |)) ∈ R|gi|×|gj |

The global and structural attention outputs are added, multiplied with the value matrix,

and go through a feed-forward projection layer:

H = FNN(V (Attg + Atts)) ∈ R1×|gj |, V = Xi
tWV
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Figure 3.4: Model architecture of our proposed SARN. (a) Original architecture of the

GRU model. Fully-connected layers are applied on input Xi. (b) SARN architecture. The

fully-connected layers are replaced with our structurally-aware spatial attention (SASA)

layers. (c) SASA layer. A SASA layer is composed with multiple spatial attention heads,

each calculating global and structural attention across regions from two different geographic

levels. The containment map is used to reflect the real-world structural hierarchy between

geographic levels, and ensures the generation of coherent values across different resolutions.

V = Xi
tWV , WV ∈ R|gi|×|gi|

A structurally-aware spatial attention layer (SASA) is composed with N spatial attention

heads, enhancing the model capacity:

SASA = FNN(⊕(H1, H2, . . . ,HN ))

Hi = SASAhead,i(Q,K, V )

Given T hours of temporal input Xi
t:t+T , we reshape the dimension Xi

t:t+T ∈ RT×1×|gi| and

calculate spatial attention. In our disaggregation task, the input and output have different

spatial dimensions. Therefore, residual connection is not applicable.

3.4.4 Structurally-Aware Recurrent Network

The spatial attention layer only captures spatial dependencies across different geographic

levels. The temporal information, which is also critical for spatio-temporal prediction tasks,

is not represented except as a set of independent samples. Recent research has increas-

ingly employed spatio-temporal transformers for spatio-temporal traffic forecasting. The
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temporal attention layers capture the temporal dependencies in the input sequences. Tem-

poral attention layers are typically preferred to conventional recurrent models due to their

ability to learn long-distance dependencies and their efficient implementations in parallel

settings. Unlike recurrent models, where information encoded at each time step is retained

solely for the subsequent step and quickly diminishes in influence, attention layers calculate

attention scores across the entire sequence concurrently, thereby promoting shared sequen-

tial information. However, GRUs are still widely used in spatio-temporal prediction tasks

[161, 29, 206, 255]. Additionally, our setting involves relatively short temporal lengths, and

we empirically find that GRUs outperform temporal transformer-based models.

The comparison of SARN and the original GRU model is visualized in Figure 3.4(a)

and (b). Given input data Xi
t:t+T from geographic level gi, the original GRU computes the

hidden state at each timestep t:

rt = σ(Xi
tWxr + ht−1Whr + br)

zt = σ(Xi
tWxz + ht−1Whz + bz)

nt = tanh(Xi
tWxn + rt ⊙ (ht−1Whn) + bn)

ht = zt ⊙ ht−1 + (1 − zt) ⊙ nt

where Xi
t ∈ R1×|gi| is the input at time t, ht−1 is the previous hidden state (initially at time

0), and ht is the updated hidden state, which serves as input for the subsequent timestep.

In the original GRU model, matrix multiplications Xi
tWxr, X

i
tWxz, X

i
tWxn transform the

spatial dimension from coarse |gi| to finer |gj |. In our SARN model, we replace these linear

transformations with SASA layers, enabling simultaneous modeling of spatial and temporal

dependencies. The updated gate computations are:

rt = σ(SASAxr + ht−1Whr + br)

zt = σ(SASAxz + ht−1Whz + bz)

nt = tanh(SASAxn + rt ⊙ (ht−1Whn) + bn)

ht = zt ⊙ ht−1 + (1 − zt) ⊙ nt
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3.4.5 Loss

We calculate ℓ1 loss at the target disaggregation level. However, since ℓ1 loss divides by

the size of the vector, meaning that the ℓ1 loss will have different units at each aggregation

level. For example, the ℓ1 loss at the TRACT level is in units of “count per TRACT region”

while the ℓ1 loss at the BLOCK level is in units of “count per BLOCK region”, leaving

the two losses incomparable. Therefore, to meaningfully compare the losses at different

target disaggregation level, we normalize all loss terms to be count-per-region at a selected

aggregation level. In our experiments, we normalize to the BLOCK level to assist with

interpretation: we consider taxi rides per city block. For prediction at a single timestamp

t, at at level gi: X̂i
t ∈ R1×|gi|, the loss is calculated as:

ℓi1 =
1

|gG|
∑

|X̂i
t −Xi

t |

3.5 Experiments

In this section, we describe the baseline models to compare against for the disaggregation

task in 3.5.1. Additionally, we describe the setup for the supplementary studies of down-

stream application (3.5.2), transfer learning (3.5.3) and point synthesis (3.5.4).

3.5.1 Baseline Models

As our baseline, we test several heuristic-based disaggregation methods used commonly in

the literature and in practice, as well as more advanced neural approaches:

• Constant Weighting (CW): The event count for a region in the output is assumed

to be 1
N of the count in the containing region in the input, where N is the number

of output regions contained in the input region. That is, this heuristic assumes the

events are uniformly distributed, regardless of size and shape of the region.

• Areal Weighting (AW): The event count for an output region r contained in an

input region c is assumed to be proportional to the fractional area of r in c. That is,

|r| = A(r)|c|
A(c) , where A(r) is the area of region r and |c| is the event count in region c.

That is, this heuristic assumes events are uniform per unit area.
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• Historical Ratios (HR): The event count of an output region r is assumed to be a

fixed proportion of the count of an input region c. The fixed proportion is computed

based on ALL historical timestamps in the training set.

• Feedforward Neural Network (FNN): The event count for an output region r

is assumed to be a (non-linear) function of all input regions, not just the containing

region. We apply two linear layers connected with a ReLU activation function. The

first layer has the number of PUMA regions (d=10) as the input dimension and the

number of fine regions as the output dimension (e.g., d=32 for NTA). In the second

layer, the input and output dimensions are equal and set to the number of fine regions.

• Convolutional Neural Network (CNN): The event count at each output region r

is extracted from the raster representation at the output aggregation level (e.g., city

blocks). That raster representation in turn is learned from the raster representation

of the input aggregation level (e.g., PUMA). This approach models the non-linear

relationships between regions, while emphasizing local effects through convolutional

layers. We use the UNet architecture [208], which is frequently employed in computer

vision tasks. Please see [76] for model details.

• Gated Recurrent Unit (GRU): Where FNN only models the spatial connections

(by assuming that each timestep is an independent sample), GRU can capture tempo-

ral patterns. We chose T=5 as the temporal sequence length across all our experiments

based on the study [76]. We use two GRU layers with the same input and output di-

mensions as FNN models.

• UrbanFM (UFM)[190]: a disaggregation model that generates fine traffic flow

data from coarse, aggregated data using a super-resolution technique. It adopts grid

representations of traffic flow, which is similar to the CNN baseline. We set the input

PUMA image to be 64 × 32, and slightly modified the model architecture.3.

3Their coarse observations are at pixel level, while our coarse values are at predefined geopolitical regions.
When we process rasterized image inputs, pixels lying in the same region share the same value. Given
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• Spatio-Temporal Transformer (ST-Transformer): a model consisting a spatial

and a temporal transformer. The spatial transformer shares the same spatial attention

layer as described above, with global attention only. The temporal transformer follows

the set up in [150] — given the output from the spatial transformer X̂i
t:t+T ∈ RT×|gj |×1,

we add hour-of-day and day-of-week index to the features, and generate a feature

embedding. Then regular multi-head self-attention mechanism is applied. We chose

five timesteps (T=5) as the temporal sequence length.

We test three disaggregation tasks — from PUMA to NTA, TRACT and BLOCK level

respectively. For all models and experiments, batch size, learning rate, early stop tolerance

are set to 32, 1e-4, and 50 respectively. For STT model, the feature embedding size, number

of temporal attention head, and number of temporal transformer layer are set to 64, 4, and

4 respectively. For our SARN, we only use one GRU layer, and each SASA layer uses 4

SASAhead. We use 1xNVIDIA T4 GPU, 16 GB RAM, x4 vCPUs, for each task.

3.5.2 Downstream Application

To demonstrate the high quality and utility of the disaggregated data, we use traffic demand

prediction as the downstream application task. Traffic demand prediction involves forecast-

ing the number of vehicles required in a region within a specific time frame. Accurate

traffic demand prediction enables efficient allocation of transportation resources, reducing

mismatches between supply and demand, alleviating traffic congestion, and enhancing mo-

bility service experiences. Coarse-level predictions (e.g., PUMA) are less useful as they tend

to miss fine-grained human mobility patterns. Therefore, using disaggregated values at finer

resolutions is more beneficial and insightful. The specific task is to predict the next hour’s

taxi demand given the previous twelve hours of traffic data.

We use the same NYC taxi dataset used in the main disaggregation problem. The NYC

taxi data contains the number of taxis requested in each region for each hour, representing

hourly taxi demand. We use the validation (T=744) and test (T=720) splits of the taxi data

this preprocessing, the N2 normalization and distribution recovery layer can no longer be applied in the
original UrbanFM model, which might negatively impact the results.
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for traffic demand prediction, as they are not used in the disaggregation model training.

We first disaggregate taxi demand values in the validation split from PUMA to NTA,

TRACT, and BLOCK levels using the trained SARN models. We then train several traffic

prediction models (LSTM[94], AGCRN[8], STSGCN[222]) with both the disaggregated data

and the original ground truth data at each level. Finally, Mean Absolute Error (MAE) at

each geographic level, for each model, is calculated across predictions on 708 hours from

06/01/2016 to 06/30/2016 in the test split.

3.5.3 Transfer Learning

As mentioned in the introduction, there are urban settings where the availability and quality

of fine-grained data are limited for model training, posing a barrier to implement our model.

This data availability issue is not just a limitation to our model, but across all neural models

that require sufficient training; it is also universal to all urban computing tasks where neural

models excel. In these cases, we can consider whether a model pre-trained on one variable

can be used to make decent predictions for another variable.

We can use our models in this transfer learning setting by training on NYC taxi data,

then fine-tuning on a limited amount of NYC bikeshare data. This approach can signif-

icantly increase the value of open data, by allowing one dataset to be used in different

applications. The idea is reasonable, given the interconnectedness of city dynamics [98]: ev-

erything depends on everything else. Moreover, the main signals being learned by any model

are influenced by the built environment, human activity, and population density patterns,

all of which tend to be exhibited in any spatio-temporal dataset in the same domain.

For transfer learning experiments, we use the same NYC taxi data and NYC bikeshare

data used in the main disaggregation problem. We first train the disaggregation models

using the NYC taxi data. Then, these trained models are transferred and evaluated on

the bikeshare dataset. We fine-tune the disaggregation models with varying amounts of

bikeshare data — one day (24 hours), three days (72 hours), one week (168 hours), two

weeks (336 hours), and one month (720 hours). The fine-tuning process follows the same

setup as the training process, with a batch size of 64, a learning rate of 1e-4, and a tolerance
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of 50 epochs. Then the fine-tuned models are tested on the test split of the bikeshare data.

3.5.4 Event Data Synthesis

While the BLOCK aggregation level is high-resolution (smaller than census tracts for ex-

ample), they remain spatially aggregated and cannot be directly utilized by applications

requiring individual point data. Additionally, if we can synthesize individual taxi rides for

NYC Taxi data after June 2016 given the aggregated taxi zone data, it would significantly

enhance the utility of the datasets. A simple approach to synthesize points is to learn a

high-resolution aggregation at BLOCK level, then randomly sample within these regions to

generate individual points, considering the physical built environment (e.g., building, hotel

etc.). If a region has k events, we can sample k events within its boundaries. Quality con-

trol is important for the synthesized data. Quantitatively, we can compare the distributions

of real and disaggregated values across a set of BLOCK regions. We consider two statis-

tics to measure similarities — Mutual Information (MI) and KL-divergence. MI measures

the probabilistic dependency between two variables, where a higher value indicates greater

shared information between the variables. KL divergence is a measure of entropy increase

due to the use of an approximation distribution to the true distribution. A lower KL diver-

gence value signifies a better match between the true distribution and our approximation.

We also assess the distribution similarity qualitatively through visualization.

3.6 Results

3.6.1 All Neural Methods Outperform Heuristics

Table 3.1 presents the disaggregation results using both heuristic and neural methods. The

error unit is normalized to be count/(block∗hour), so that errors at different target dis-

aggregation levels can be meaningfully compared. We observe that: (1) As the target

disaggregation resolution increases, the error increases across all methods, as expected.

Predicting city block dynamics from large regional aggregates is a difficult problem. (2)

Popular heuristic-based disaggregation methods, such as CW and AW, are non-competitive

across all resolutions and datasets. While the underlying heuristics are reasonable, they
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Dataset Levels CW AW HR UFM CNN FNN GRU STT SARN

NYC

Taxi

NTA 1.8295 1.4072 0.4652 0.3989 0.3601 0.2300 0.2255 0.2729 0.2073*

TRACT 1.8416 2.0651 0.9650 0.8049 0.7324 0.5673 0.5631 0.6473 0.5443*

BLOCK 3.0947 2.9705 1.7609 1.8576 1.5306 1.4515 1.4278 1.4305 1.3763*

NYC

Bikeshare

NTA 0.1678 0.1212 0.0619 0.0834 0.0587 0.0497 0.0478 0.0601 0.0473*

TRACT 0.2973 0.2945 0.1650 0.1787 0.1591 0.1497 0.1505 0.1584 0.1483*

BLOCK 0.7882 0.7574 0.2488 0.3726 0.2481 0.2492 0.2341 0.2513 0.2316*

Table 3.1: Disaggregation results from traditional and neural-based methods. The unit of

the error is count/(block * hour), for comparison purpose across different disaggregation

levels. Bold and underline numbers indicate the best and second result in the corresponding

disaggregation task respectively. * indicates statistical significance.

cannot well capture the urban traffic dynamics. The distribution of taxi rides and bike-

share trips follows human activity patterns influenced by temporal effects and non-linear

interactions between regions, which simple heuristics cannot adequately capture. (3) HR

significantly outperforms other heuristics (53.5% average increase over AW), indicating that

temporal patterns are generally predictive. However, HR still overlooks the non-linear tem-

poral and spatial variations present in the data, limiting its accuracy. (4) Neural-based

methods outperform all common heuristics in nearly all disaggregation tasks. GRU models

capture additional temporal dependencies, thus outperforming models that solely rely on

spatial information. GRU emerges as the best-performing baseline model (2.3% average

increase over FNN). (5) UrbanFM is outperformed by CNN models. We attribute the huge

performance gap to the difference in setting of two disaggregation problems. The N2 nor-

malization and distribution recovery layer proposed for the original problem can no longer

be applied in our setting, thus negatively impacting the results. Overall, the results show

that neural models, especially GRU, outperform heuristic-based approaches, and temporal

information helps.
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3.6.2 SARN Significantly Improves Neural Results

From Table 3.1, we observe that our proposed SARN has the best performance across all six

tasks! With taxi data, it delivers a 5.0% improvement over the best neural models (GRU) on

average and a 40.1% improvement over the best classical methods (HR) on average. With

bikeshare data, we see relatively smaller but still notable improvements of 1.2% and 13.6%,

respectively. The largest improvement is observed when disaggregating from PUMA to NTA

with NYC Taxi data, where SARN reduces the average hourly taxi count error in the entire

Manhattan region by 301 compared to the GRU model! For statistical significance tests,

we use bootstrap sampling for 10,000 iterations [114, 221]: On each iteration, we sample

the predictions, then calculate error and compute the proportion that are better than the

baseline to provide an empirical estimate of the p-value. We use 0.05 as the significance

level. With both the taxi and bikeshare dataset, SARN consistently outperforms GRU with

statistically significant improvement.

We notice that STT models generally perform poorly on both datasets, even worse than

FNN models. The performance gap is noticeably large on simpler tasks, from PUMA to

NTA. We conjecture two reasons: (1) STT has overly complicated architectures for sim-

pler disaggregation tasks. STT has over 150K parameters when disaggregating PUMA to

NTA, while GRU only has 10K and SARN has 35K. Models with more parameters do not

necessarily enhance performance, but could possibly contain noisy signals that hurt the

results. (2) STT shares the same spatial transformer layer as SARN. The only difference

is the temporal module. Temporal attention is not effective and is incapable of producing

consistent results compared with recurrent modeling unit in the disaggregation task. Al-

though attention-based solutions are increasingly popular due to their success, we find that

relatively short sequences and smaller capacity models can still motivate recurrent models.

Additionally, we observe that SARN converges faster than other neural model. Figure 3.5

shows the convergence plots of neural models on two datasets. We notice that other than the

disaggregation from PUMA to TRACT on NYC Bikeshare dataset, SARN models always

start with, and maintain lower validation error throughout training stage, thus converging

faster than other models. Potential explainations are — (1) given the same recurrent
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Figure 3.5: Convergence plots of neural models. Top three plots: show NYC Taxi dataset.

Bottom three plots: shows NYC Bikeshare dataset. Red line represents our proposed SARN

model, and green line indicates the best results. In five out of six tasks, our SARN converged

faster than other neural methods.

module, SARN converges faster than GRU, indicating the power of spatial transformer layer.

(2) The spatial attention layers in SARN models are aware of the spatial structures from

the containment maps, which provide “hints” for training, steering the learning toward the

correct solutions (which always exhibit the containment property), thus converging faster.

3.6.3 Disaggregated Data is Authentic and Benefits Downstream Application

Table 3.2 presents the next-hour traffic demand prediction results using disaggregated data

from SARN at three geographic levels. These results are compared to those from models

trained with ground truth data. We observe that, all models trained with disaggregated

data exhibit performance that is very close to those trained with ground truth data, with

minor and sometimes negligible differences. In some cases, the models perform even better

with disaggregated data (e.g., NTA with AGCRN; TRACT with AGCRN; BLOCK with
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Levels Forecasting Models SARN Ground Truth % Difference

NTA

LSTM 184.665 184.035 0.03

AGCRN 124.911 137.625 -9.24

STSGCN 50.441 50.134 0.61

TRACT

LSTM 23.945 23.973 -0.11

AGCRN 9.764 9.808 -0.45

STSGCN 10.586 10.145 4.35

BLOCK

LSTM 2.328 2.393 -2.72

AGCRN 1.648 1.452 13.47

STSGCN - - -

Average % Diff 0.78

Table 3.2: Traffic demand prediction results at different geographic level. SARN column

shows the results from models trained with the disaggregated data from SARN model, while

Ground Truth columns shows the results from models trained with the ground truth value.

%Difference = SARN−GroundTruth
GroundTruth . Negative % Diff means better prediction results with

SARN. STSGCN results at the BLOCK level is not reported due to out-of-memory issue.

LSTM). Overall, the percentage difference is only 0.78% on average, which is very trivial.

These findings indicate that the disaggregated values produced by the SARN model are

authentic, of high quality, and closely mimic the distribution of the ground truth data. This

has significant real-world implications. Disintegrating aggregated data into finer resolutions

and then forecasting traffic demand can capture hotspots and dynamic human mobility

patterns that coarse, aggregated data cannot provide.

3.6.4 Transfer Learning is Highly Effective

Figure 3.6 shows the transfer learning results with different amount of bikeshare data for

fine-tuning: adding more fine-tuning samples enhances disaggregation performance. Sur-

prisingly, fine-tuning with only one month of data achieves results comparable with the spe-

cialized model trained from scratch with bikeshare data. Additionally, even the performance

slightly dropped, the benefit gain in saving computational costs is significant — fine-tuning
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Figure 3.6: Transfer learning results on bikeshare dataset. The models are pre-trained with

taxi data. The orange bar indicates the best performance for each disaggregation task.

a pre-trained model greatly reduces the time costs (1∼2 hours v.s. 12 hours). This result

has significant implications for practical settings: Training data is not uniformly available

for all variables due to technical, privacy, and political effects. But because cities are com-

plex systems, all variables are interdependent [98]. This result shows that pre-training can

capture city dynamics resulting from the built environment and human activity, and that

those signals tend to be predictive for multiple variables. We envision developing a core

model pre-trained with ample historical records, then fine-tuning for different tasks in the

same city, analogous to a language model being fine-tuned for more specialized tasks.

3.6.5 Realistic Synthesis of Individual Events

To generate individual point data, we use SARN to disaggregate from PUMA to BLOCK

with NYC taxi data. Then, we measure the mutual information and KL divergence between

the distribution of disaggregated values and the original distribution in the same time period

and region set. Then, for each BLOCK region with k taxi counts, we randomly draw k points

within the region. We work with a set of block regions in Manhattan as shown in Figure
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Figure 3.7: Synthetic individual-level taxi points. (Left) Randomly selected single tract

region, containing multiple block regions. (Right) The distributions of real and synthesized

taxis ride over the block regions are qualitatively similar.

3.7. We draw samples from this set of regions for the on 12PM-1PM, 06/01/2016.

The normalized MI score is 0.7360, greater than 0.5, indicating that two distributions

share more than half their information. The KL-divergence is 0.0582. The low KL di-

vergence indicates a reasonable approximation of the ground truth distribution using our

disaggregated values. Qualitatively, Figure 3.7 depicts the distributions of both real and

synthesized taxi location points within the region set from 12PM to 1PM. The model gen-

erated slightly smaller numbers of taxi rides compared to the real counts, with differences of

11 rides. While these differences are present, they are not significant compared with all taxi

counts within the whole regions. In terms of the spatial distributions, the synthesized points

capture the major clusters observed in the real taxi rides for both time periods, such as the

clusters in the bottom left and center. This suggests that the synthesized points closely ap-

proximate the general patterns and trends present in the real data. On the other hand, the

presence of discrepancies between the real and synthesized data points can have benefits,

particularly in terms of privacy protection. As highlighted in the introduction, individual

privacy is a significant motivator for not releasing individual-level data. A closely matching
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distribution could be used as the basis of a privacy attack. For instance, clusters within very

small areas may reveal the address of frequent riders. We consider our methods as providing

better control over the trade-offs between faithful distribution and privacy (though without

formal privacy guarantees, which are atypical for transportation data anyway).

3.7 Summary

This chapter improves urban data quality along the dimension of granularity by disaggre-

gating coarse spatio-temporal observations into finer irregular regions. It introduces the

Structurally-Aware Recurrent Network (SARN), which combines structurally-aware spatial

attention with recurrent temporal modeling so that global spatial interactions and cross-

level containment structures can be learned jointly. Across multiple disaggregation tasks

on NYC taxi and bikeshare data, SARN consistently outperforms both classical and neural

baselines while also converging more quickly. The chapter further shows that the generated

fine-resolution data is practically useful: it supports downstream traffic demand predic-

tion with performance close to models trained on ground-truth fine-scale data, transfers

effectively across urban variables through fine-tuning, and can be used to synthesize real-

istic individual-level event patterns. Overall, the results demonstrate that learned spatio-

temporal disaggregation is an effective way to recover fine-grained urban information from

privacy-preserving aggregates, substantially improving data granularity and expanding the

practical value of urban open data for urban applications.

While the refinement of granularity empowers significant analytical power, it introduces

potential risk of privacy re-identification that must be acknowledged. Although our method

does not use individual records, the ability to synthesize realistic, fine-grained individual

points could potentially be leveraged for privacy attacks. Highly accurate distributions in

small census blocks may allow for the inference of sensitive mobility patterns or the identifi-

cation of frequent riders’ locations. Unlike differential privacy, our disaggregation technique

provides an empirical approximation rather than a formal mathematical guarantee. There-

fore, our technique should be deployed with caution, accompanied by clear communication

of uncertainty, appropriate access controls, and careful evaluation of downstream use.
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Chapter 4

INCREASING URBAN DATA COVERAGE THROUGH FEATURE
ANNOTATION WITH VISION-LANGUAGE MODELS

Urban data quality depends not only on how accurate existing records are, but also on

whether the digital record covers the full range of infrastructure that shapes mobility and

accessibility. In practice, many transportation-relevant features in the built environment

remain absent from urban datasets because manual annotation is costly and scalable super-

vised pipelines require labeled data that rarely exists for rare or specialized features. This

chapter addresses coverage as a core dimension of urban data quality by studying zero-shot

annotation of urban features from aerial imagery with vision-language models. It presents a

modular annotation pipeline that combines class-agnostic segmentation, heuristic candidate

filtering, and Set-of-Mark prompting so that a general-purpose vision-language model can

identify target features from a constrained set of candidates. Experiments on stop lines

and raised tables show that direct prompting is ineffective, whereas the proposed pipeline

produces substantially better annotations without task-specific fine-tuning, demonstrating

a practical path toward expanding the coverage of urban data. This chapter is based on

our work published at ACM SIGSPATIAL 2024 [80].

4.1 Introduction

The inaccessible urban infrastructure reinforces systemic exclusion of people with disabilities

and negatively impacts public health and overall quality of life for everyone [54]. As laws

evolve to make the urban environment more accessible, the digital representation must also

evolve to include not just roads and sidewalks, but the hundreds of features that enable safe

and equitable mobility: curb ramps, walk signals, tactile paving, crosswalks, light poles,

and many more [172]. For example, mobility applications that provide accessible pedestrian

routes rely on accurate, comprehensive annotations of the dynamic urban infrastructure [15].

The gold standard for data collection involves in-person inspections, typically admin-
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istered by local governments with the help of community volunteers or contractors [62].

Human annotations are high quality but are labor-intensive, costly, and difficult to scale.

For instance, in 2017, the city of Seattle employed 14 people for their first-ever audit of 2,300

miles of sidewalks, costing $400,000 and identifying 92,000 uplifts, 38,000 surface problems,

and 20,000 obstructions [62]. Sensing platforms deployed to navigate the built environment

can partially automate annotation via machine learning, but these initiatives are also ex-

pensive to scale [13]. Aerial imagery offers nearly complete coverage at low cost, as long

as the computer vision models to extract the relevant features can be trained. In practice,

model development tends to focus on the needs of the “typical” traveler, e.g., roads [21] and

in a few cases sidewalks [304]. Expanding coverage to the long-tail of accessibility features

is rarely viable due to the cost in obtaining training data.

Pre-trained vision-language models (VLMs) (e.g., [154, 200]), exhibit impressive multi-

modal scene understanding ability that is suitable for identifying objects in diverse visual

domains [216]. If these models could be used to bootstrap feature annotation in the built

environment, a more complete digital record could be developed enabling equity and acces-

sibility at scale [99]. However, these models are trained on text paired with images from

the internet, such that common objects in everyday (US-centric) experiences tend to be

dominant. For atypical scenes and images, including satellite images, as well as granular

urban features, VLMs’ performance on them remains to be tested.

In this study, we consider using VLMs with aerial imagery as a source of low-cost, ex-

tensible annotations for arbitrary features in the built environment. By reducing the cost

of producing annotations and expanding the coverage of diverse features, mobility applica-

tions can keep pace with an evolving building code and commensurate new construction,

faithfully representing the current built environment. With this capability, we envision a

larger roadmap to scale this annotation process to any feature in any region, dramatically

lowering costs for data acquisition and therefore enable a broad class of community-focused,

AI-based mobility applications that have previously been too specialized to justify the cost.

The ability to make services for specialized needs as economically viable as services for

typical needs is the foundation of equity.

To demonstrate the proof-of-concept, we develop a procedure borrowing techniques from
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Figure 4.1: Pipeline of our proposed automated annotation process. Users input a pair

of (satellite image, annotation guidance). The image will go through a set of processes

including segmentation, filtering, and Set-of-Mark generation. Then the image and guidance

will go through a vision-language model, the output of which is post-processed to produce

the final annotation results. The procedure requires no fine-tuning, and can be applied on

different features with minimal adjustment on the guidance.

visual grounding [281, 315] and visual prompting [217, 279] that generates bounding box

annotations on satellite images based only on high-level descriptions of features. The proce-

dure requires no fine-tuning or even labeled examples, demonstrating that closed, general-

purpose models are potentially viable even in a zero-shot setting. Following the state-of-

the-art (SOTA) visual prompting method [279], we select GPT-4o (the best VLM at the

time of the work) as the VLM and SAM [121] as the general-purpose segmentation model.

The SAM model segments a satellite image into a gallery of candidate objects, from which

the GPT-4o model can select the appropriate feature of interest (see Figure 4.1 for details).

We test our procedure on two urban features: stop lines (white lines indicating where

cars should stop at an intersection, which are important for safely deriving pedestrian routes

through unmarked crossings) and raised tables (speed control features that can be used to

estimate traffic flow and therefore pedestrian risk.) We consider multiple variants of this

procedure, showing that presenting the segmented “options” to the model in different ways

can improve performance. Quantitatively, we show that a simple direct prompting strategy

fails dramatically at this task, while the proposed procedures achieve on average about

40% intersection-over-union (IoU) accuracy. The takeaway is that this problem is difficult,

but not impossible. Qualitatively, we visualize several correct and incorrect annotations to
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inform a discussion of the challenges and vision.

Overall, this chapter makes three primary contributions toward enhancing urban data

coverage through feature annotation and supporting equitable, accessible transportation:

• We introduce a prompting procedure for generating annotations of diverse urban fea-

tures from aerial imagery. By combining VLM, class-agnostic segmentation, lightweight

candidate filtering, and natural-language feature guidance, the pipeline can be adapted

to new feature types without collecting labeled training data or retraining a specialized

detector for each feature.

• We adapt Set-of-Mark prompting to aerial imagery and study multiple strategies for

presenting segmented candidates to the vision-language model, including no-context,

in-context, and combined views. This design makes it possible to test how local

appearance cues and surrounding spatial context each contribute to identifying fine-

grained urban features that are difficult to annotate through direct prompting alone.

• We evaluate the pipeline on two transportation-relevant features, stop lines and raised

tables, and show that although direct prompting is essentially ineffective, the proposed

prompting strategies substantially improve annotation quality. Beyond the quantita-

tive evaluation, we analyze qualitative examples and failure cases to clarify both the

promise and the current limitations of using general-purpose models to expand the

coverage of urban accessibility data at scale.

4.2 Related Work

Urban Data Collection: In our annotation work, we primarily focus on collecting urban

features from aerial satellite imagery, such as sidewalks, stop lines, and raised tables. Zhang

et al. [304] introduced a novel dataset comprising aerial satellite imagery, street maps, and

rasterized annotations of street objects in cities. Even after years of work, existing models

recognize only the three most important features of the pedestrian network. These models

require expansive, diverse training data to perform well. Our goal is to develop a scalable

process for generating training data that captures these less frequent urban features.
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Visual Prompting: Visual prompting is a technique that uses visual cues or examples

to guide multimodal AI models in understanding and responding to visual tasks, similar to

how textual prompts are used to instruct LLMs [217]. Our proposed procedure is based

on Set-of-Mark (SoM) prompting [279], leveraging segmentation model SAM to partition

images into smaller regions, and overlays each region with a mark to provide visual hints.

Their work demonstrated extraordinary visual grounding ability of GPT-4.

Visual Grounding: our problem aligns with the VG task, which involves annotating

objects in images by providing textual prompts to VLMs [281, 315]. However, VG tasks

are typically evaluated on standard images (e.g., sightseeing, animals, buildings). To our

knowledge, only a few studies have utilized VLMs to annotate objects in aerial images.

Studies [295, 47] annotated generic objects from aerial images across a wide range of cat-

egories, such as basketball courts, harbors, and stadiums. They trained small VLMs from

scratch, instead of using pre-trained large-scale VLMs. Studies [294, 142] created bench-

mark datasets for annotation, which only include commonly seen features such as roads,

cars, and buses. Our study is original in that we focus on the scalability, generalizability,

and cost-effectiveness of annotating diverse urban features, instead of just common objects.

We leverage the SOTA VLM, generic segmentation model (SAM), and visual prompting

strategy to enhance annotation performance, without requiring any labeled data.

4.3 Method

Our proposed annotation procedure is illustrated in Figure 4.1. The key idea is to trans-

form open-ended object localization into a constrained candidate-selection task. Directly

asking a vision-language model to identify and localize a small urban feature from a dense

satellite image is difficult because the model must simultaneously recognize the target fea-

ture, distinguish it from visually similar structures, and return a precise spatial annotation.

Instead, we first generate a broad set of candidate regions and then ask the model to choose

the region that best matches a textual description of the feature of interest. This decompo-

sition reduces ambiguity, makes the task more structured, and allows the same procedure

to be reused across feature types with only limited feature-specific customization. More
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Figure 4.2: (a) Filtered segmented candidates using SAM model. (b) No-Context. Candi-

date objects are presented separately in a new image. (c) In-Context. Candidate objects

are labeled with numbers and bounding boxes within the original image.

concretely, the pipeline consists of the following stages:

1. User Input. The procedure begins with a pair of inputs: a satellite image and an

annotation guidance prompt in text. The satellite image provides the visual scene

to be analyzed, while the guidance specifies the target feature and the annotation

task. In practice, the guidance includes both semantic and operational information:

it describes what the feature is, highlights its distinguishing visual characteristics, and

instructs the model on how to respond. See Table 4.1 for examples.

2. Image Segmentation. We next apply a general-purpose image segmentation model

to partition the image into candidate objects. In our implementation, we use SAM be-

cause it can generate segments without task-specific supervision and therefore serves as

a flexible front end for zero-shot annotation. Importantly, segmentation is performed

independently of the textual prompt. This choice keeps the procedure general: rather

than requiring a feature-specific detector, we first produce a rich set of candidate com-

ponents that may include the object of interest. Although this stage may over-segment

the image and produce many irrelevant regions, high recall is desirable at this point

because later stages can remove implausible candidates.
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3. Candidate Filtering. The raw set of segments generated by SAM is often too large

and noisy to present directly to the vision-language model. We therefore apply a

lightweight filtering stage to narrow the search space. In our experiments, we use

simple heuristics based on color and component size, removing green, yellow, brown,

and red regions as well as components below a minimum area threshold.1 These rules

are simple: they reduce the number of clearly irrelevant segments while preserving

feature candidates that should still be considered by the model. More broadly, this

stage is where feature-specific domain knowledge can be incorporated in a transparent

and low-cost way. Different urban features may require different thresholds, color

exclusions, or additional geometric constraints.

4. Set-of-Mark Generation. After filtering, we convert the remaining candidate com-

ponents into a representation that is easier for the vision-language model to reason

over. Following Set-of-Mark prompting [279], we assign each candidate a unique vi-

sual identifier. This step turns the task from free-form localization into a structured

selection problem: the model no longer needs to describe an arbitrary region in the

image, but instead chooses among explicitly marked candidates. We evaluate three

marking strategies, shown in Figure 4.2.

• No-Context (NC): all candidates are cropped and presented together against a

plain white background, with a numeric mark attached to it. This representation

emphasizes the local appearance of the candidate while removing potentially

distracting background content.

• In-Context (IC): each candidate is marked with a number and bounding box

within the original satellite image. This preserves spatial context, such as nearby

lanes, intersections, and surrounding road geometry, which may be important for

distinguishing visually similar objects.

• Combination (Comb): both no-context and in-context views are generated

and provided to the model. This representation is intended to combine the

1200 pixel area for stop lines and 400 pixel area for raised tables.
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benefits of localized appearance cues and broader scene context.

5. VLM Inference and Post-Processing. The marked image or images are then

sent to the vision-language model together with the textual annotation guidance. The

guidance has two roles: it defines the feature of interest and it specifies the expected

annotation behavior. In other words, the prompt tells the model what to look for and

how to report its decision. In our experiments, the model responds by identifying the

mark corresponding to the most likely candidate. We then post-process the response

by mapping the selected mark back to the original segmented component and returning

its associated bounding box as the final annotation result.

This procedure is modular: each step can each be modified independently, making the

pipeline extensible to new urban features and new application settings. In this sense, the

method is designed not as a single-purpose detector, but as a general framework for low-cost,

zero-shot annotation of built-environment features from aerial imagery.

4.4 Evaluation & Results

We conduct a proof-of-concept evaluation on two transportation-relevant urban features:

stop lines and raised tables. We manually cropped eight satellite images that contain stop

lines and ten images that contain raised tables from Google Earth. Each image is paired

with a manually created ground-truth bounding box. Although this evaluation set is modest

in size, it is appropriate for the goal of this chapter: to determine whether a zero-shot VLM-

based pipeline can generate meaningful annotations at all for fine-grained built-environment

features that are difficult to annotate at scale.

As a baseline, we compare against a Direct Prompting (DP) strategy. In this baseline,

GPT-4o receives the original image directly, without SAM-based segmentation or Set-of-

Mark prompting, and is asked to identify the target feature and return its bounding box

coordinates. The corresponding prompt is shown in Table 4.1. This baseline tests whether

a strong general-purpose vision-language model can solve the task in an unconstrained way,

without first reducing the search space into explicit candidate objects. We compare this
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Method Stop Line

Direct Prompting A stop line is a single white line painted on the road at intersections

where traffic must stop. It shows drivers where to halt their vehicles.

Please identify the bounding box of the stop line in the image in the

format of (xtl, ytl, xbr, ybr).

SoM Prompting A stop line is a single white line painted on the road at intersections

where traffic must stop. It shows drivers where to halt their vehicles.

Which labeled images represent the stop line?

Table 4.1: Example text prompts for the VLM model to annotate stop lines. Pink high-

lighted texts represent the descriptive information of the features. Blue highlighted texts

represent the general task questions. Direct Prompting method: given an image, we di-

rectly ask the VLM to annotate the feature of interest and return the bounding boxes. SoM

Prompting method: we input VLM with the image from the SoM generation process.

baseline against the three variants of our proposed procedure: SoM-NC, SoM-IC, and

SoM-Comb. All three variants use the same segmentation and candidate-filtering stages

and differ only in how the candidate regions are presented to the model. This design isolates

the effect of visual prompting and the role of contextual information in zero-shot annotation.

For quantitative evaluation, we use the intersection-over-union (IoU) metric, IoU =

G∩P
G∪P , where G is the ground-truth bounding box and P is the predicted bounding box.

Higher IoU indicates stronger spatial agreement between the generated annotation and the

manual reference annotation. Because the task is not only to recognize the correct feature

type but also to localize it accurately, IoU provides a direct measure of annotation quality.

The quantitative results are summarized in Table 4.2.

We observe that: (1) Direct prompting is largely ineffective for both feature types. It

achieves an IoU of 0.0000 on stop lines and only 0.0190 on raised tables, indicating that

GPT-4o alone is generally unable to localize these small and specialized urban features

from aerial imagery when the task is posed in an unconstrained manner. In other words,

the model struggles not only with precise localization, but with identifying the correct target
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Feature DP SoM-NC SoM-IC SoM-Comb

Stop Line 0.0000 0.2483 0.3354 0.3657

Raised Table 0.0190 0.3315 0.4069 0.4189

Table 4.2: Quantitative IoU results for direct prompting and the three Set-of-Mark prompt-

ing variants on stop lines and raised tables. Higher values indicate better spatial alignment

with the ground-truth bounding boxes.

region at all. (2) Introducing Set-of-Mark prompting substantially improves performance.

Even the simplest prompted variant, SoM-NC, increases IoU to 0.2483 for stop lines and

0.3315 for raised tables. This result shows that reformulating the problem as selecting from

a structured set of segmented candidates is already highly beneficial. Rather than requiring

the model to infer an arbitrary bounding box directly from a dense aerial image, the proce-

dure narrows the problem into a more manageable candidate-selection task. (3) Preserving

scene context further improves annotation quality. SoM-IC increases performance to 0.3354

for stop lines and 0.4069 for raised tables. This suggests that surrounding visual context

plays an important role in recognizing these features. For example, curb geometry, lane

layout, road orientation, and intersection structure may help the model distinguish a true

target feature from other road markings that look locally similar. The SoM-Comb variant

achieves the best overall performance, reaching 0.3657 on stop lines and 0.4189 on raised

tables. The additional gains over SoM-IC are modest, but they indicate that isolated object

appearance and full-scene context can provide complementary information.

We also observe that raised tables are consistently easier to annotate than stop lines

across all three SoM variants. One plausible explanation is that raised tables typically

occupy a larger spatial region and have a stronger geometric footprint, whereas stop lines

are thinner, smaller, and more easily confused with other painted road markings. This

difference is important from an urban feature generation perspective: it suggests that zero-

shot annotation may be more immediately effective for larger or more visually distinctive

infrastructure elements, while thinner and more ambiguous features may require stronger
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Figure 4.3: Examples of annotated stop lines. Green and yellow outlines indicate perfect

and approximate annotations, respectively. Red outlines indicate inaccurate annotations.

filtering, improved prompting, or human verification.

Figure 4.3 and 4.4 provide qualitative examples. Across both feature types, the direct

prompting baseline often produces boxes that are detached from the correct object or only

weakly related to it, reinforcing the conclusion that the task is not amenable to naive

prompting. In contrast, the SoM-based methods typically select regions closer to the correct

feature, even when the final annotation is imperfect. Some examples show nearly exact

matches (green), while others show partial matches (yellow), that still capture the correct

general location. For instance, in the stop-line examples, the in-context view performs
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Figure 4.4: Examples of annotated raised tables. Green and yellow outlines indicate perfect

and approximate annotations, respectively. Red outlines indicate inaccurate annotations.

especially well in Example 2, where local road geometry appears to help the model isolate

the correct marking. In the raised-table examples, the in-context view also performs well

in Example 4, while the no-context view over-selects a much larger pavement region.

The failure cases are also informative. A common error is that the selected candidate

is spatially close to the true feature but is too large, too small, or merged with adjacent

regions. This indicates that part of the remaining error comes not only from the VLM, but

also from the quality of the candidate segmentation itself. In other cases, the model selects

a visually plausible but semantically incorrect candidate, revealing that some road features
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remain difficult to distinguish even after the search space has been constrained.

Overall, the evaluation shows that zero-shot annotation of fine-grained urban features

from aerial imagery is difficult but feasible. The proposed prompting pipeline does not yet

eliminate the need for human review, but it substantially outperforms direct prompting

and demonstrates that general-purpose vision-language models can be repurposed to ex-

pand the coverage of urban feature datasets. In practice, the most realistic near-term role

of this method is likely model-assisted annotation, where the system proposes candidate

annotations that humans review and refine rather than drawing every label from scratch.

4.5 Summary

This chapter improves urban data quality along the dimension of coverage by addressing

the difficulty of annotating diverse and often underrepresented built-environment features

at scale. It proposes a zero-shot annotation framework that combines aerial imagery, class-

agnostic segmentation, heuristic candidate filtering, and vision-language-model prompting

to identify urban features without requiring labeled training data or task-specific fine-tuning.

Evaluations on stop lines and raised tables show that direct prompting is essentially inef-

fective, while the proposed prompting strategies produce substantially better annotations.

These results demonstrate that general-purpose vision-language models, when embedded in

a structured annotation pipeline, can serve as a practical starting point for expanding the

digital representation of transportation-relevant urban features.

Automated VLM-based annotation also introduces potential risks. (1) Error propaga-

tion. Because these models are approximate and zero-shot, incorrect annotations could be

integrated into navigation or accessibility applications. For example, a false positive for a

curb ramp or crossing could lead to unsafe routing decisions in the real world. (2) Surveil-

lance and monitoring. A scalable pipeline for identifying fine-grained built-environment

features could also be used for purposes beyond public benefit. For example, it could be

used to monitor structures in specific neighborhoods for punitive enforcement rather than

infrastructure improvement. For these reasons, generated annotations should be treated as

preliminary outputs, not official records. Any deployment should include targeted auditing,

human validation, and clear documentation of where the system is likely to make mistakes.
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Chapter 5

IMPROVING URBAN DATA COHERENCE THROUGH SPATIAL
DATA INTEGRATION

Urban data quality depends not only on how much data is available, but also on whether

data from different sources can be reconciled into a coherent representation of the built en-

vironment. This chapter addresses urban data quality along the dimension of coherence

by studying spatial data integration as a cross-source matching problem. Focusing on spa-

tial join and spatial union tasks over road and pedestrian pathway networks, it evaluates

whether large language models can support integration directly from natural-language task

descriptions without task-specific labeled data. The results show that LLMs struggle when

required to derive and solve the relevant computational geometry on their own, but become

highly effective when provided with human-interpretable heuristic features. The chapter

further introduces a review-and-refine prompting strategy that improves weak initial an-

swers while preserving strong ones, demonstrating a practical path toward generating more

coherent and integrated urban datasets. This chapter is based on our work published at the

Conference on Language Modeling (COLM) 2025 [78].

5.1 Introduction

In addition to their language generation capabilities, Large Language Models (LLMs) pro-

vide intuitive natural language interfaces for advanced computational tasks, such as code

generation [27], data manipulation [85], context understanding [56] and more. These capa-

bilities reduce reliance on software engineers for domain experts, democratizing computa-

tional solutions into under-resourced domains.

In this context, we are interested in supporting experts in the spatial domain to perform

macro-scale spatial data integration — the process of integrating multiple datasets from dif-

ferent sources into a higher quality dataset [181]. We particularly target scenarios involving

network data representing roads and pedestrian pathways [212], where individual sources,
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though sparse, biased, and erroneous, offer complementary information when integrated

effectively [22]. A core primitive for integration is to match two elements from different

datasets, which is traditionally achieved through either optimization and machine learning-

based methods or heuristic approaches rooted in geometrical properties [212]. Rule-based

heuristic approaches handle common, predictable spatial patterns [25, 124] but struggle to

address edge cases in practice [313, 197]. Optimization and machine learning methods, while

potentially more robust, require extensive labeled data and complex problem formulation.

In this study, we explore the potential of LLMs to perform paired-elements matching

based on natural language specifications provided by domain experts, and without the need

for labeled data. Effective matching relies not only on computational geometry primi-

tives [106, 236] but also on a common sense understanding of the built environment. LLMs,

pre-trained on vast diverse datasets [48], possess the ability to discern semantic relationships

and infer implicit patterns [132], making them potentially useful for reasoning about spatial

data represented in text-based formats. However, their ability to interpret natural language

specifications as computational geometry problems and then solve them remains unclear.

We examine two element matching tasks — spatial join, which associates pairs of ele-

ments according to real-world relationships, and spatial union, which determines whether

two objects fully or partially represent the same real-world entity. In both tasks, the input

comprises candidate pairs of elements. Each element is a linestring, a sequence of contigu-

ous edges connected end-to-end. The output is an indication of whether these pairs match

according to the user-specified semantic relationship (e.g., a sidewalk adjacent to a road for

the join task) or whether they represent the same spatial feature (union task) (Figure 5.1).

We evaluate three heuristic-based baselines on both tasks. Heuristic methods identify

relevant features derived from the pair (e.g., minimum angle between pairs of sub-edges, or

minimum distance between points) and an appropriate threshold for each feature. We test

against heuristic-based methods rather than broader machine learning-based methods for

three reasons — First, heuristics are effective on both tasks, allowing us to compare LLMs’

ability. Second, simpler heuristic methods help isolate and clearly identify the fundamental

limitations of LLMs in spatial reasoning tasks. Third, domain experts can easily express

matching criteria using natural language rather than formulating complex algorithms.
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Figure 5.1: Positive and negative examples for the spatial join and union task. (1) For

the spatial join task, the blue line represents the road, and the red line represents the

sidewalk. The task classifies whether a sidewalk “runs alongside” a road from a pedestrian’s

perspective. (2) For the union task, both lines represent sidewalks. The task determines

whether two sidewalks fully or partially represent the same real-world entity.

We assess five LLMs using two methods — (1) Heuristic prompting method. We

first assess LLM performance using zero-shot and few-shot natural language prompts, di-

rectly instructing models to generate labels without further explanation. We then incor-

porate heuristic guidance in the prompt, first in natural language (hints) and then as pre-

computed numeric quantities (features). We find that natural language alone performs

poorly even with hints (<60% accuracy), due to frequent computational and logical er-

rors in identifying geometric features or thresholds. But when pre-computed features are

included, sidestepping the spatial reasoning task, the models are able to derive an appropri-

ate threshold based on understanding, thereby significantly improving performance (>90%

accuracy). This method is valuable in practice — reducing reliance on precise threshold

specifications from prior data or domain knowledge, and enabling domain experts to run

task-agnostic computations. (2) Review-and-refine prompting method. Motivated

by self-correction research in LLMs, we employ a prompting approach where models first

receive an initial answer (from heuristics, random guesses, or other methods) and are then

prompted to review and refine it. This two-step method consistently improves poor initial

answers and preserves accurate answers, enhancing overall accuracy.

Overall, this chapter makes five primary contributions toward improving urban data
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coherence through spatial data integration with large language models:

• We conduct comprehensive empirical evaluations of LLMs on spatial integration tasks,

an area that remains largely underexplored. Our study serves as an initial step toward

understanding how LLMs can be effectively used in spatial applications.

• We demonstrate that, while LLMs struggle with natural language instruction alone,

prompting with geometrical features derived from heuristics significantly enhances

performance, reaching peak accuracies of 98.4% and 96.0% for each task, respectively.

• We perform qualitative analysis of spatial reasoning on real-world geometries instead

of abstract shapes and textbook math problems, better reflecting practical challenges

and new opportunities. The analysis reveals that while LLMs possess spatial reasoning

abilities, they tend to commit logical and computational errors.

• We propose a two-step review-and-refine prompting strategy that enhances poor initial

answers (average improvements of 38% and 7.4% on the two tasks) while preserving

the accuracy of strong initial answers. This approach reaches best accuracies of up to

99.5% and 96.5%, surpassing the performance of the most effective heuristic methods.

• We discuss the advantages and limitations of employing LLMs for spatial data inte-

gration tasks. Furthermore, we outline future research to address these limitations

and enhance the applicability of LLMs for spatial data applications.

5.2 Related Work

Generative Language Models & Diverse Applications: We study autoregressive

LLMs pretrained on large text datasets, particularly those instruction fine-tuned for natural,

chat-based interactions [262, 191]. LLMs have been studied and applied across diverse

domains, including medicine [205, 81], finance [270, 125], law [109, 159], education [306, 38],

software development [311, 147], behavioral analysis [32, 272], translation [126, 79], and

fact-checking [40, 269]. Our research focuses on urban analytics, building upon prior work
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by [252], who developed personalized urban mobility strategies using LLMs, and [80], who

introduced a zero-shot urban annotation framework with vision-language models (VLM).

Self-Correction Using LLMs: Recent studies have demonstrated that prompting LLMs

to self-correct can substantially enhance task performance [168, 120, 116]. The core idea

involves an LLM initially generating an output; and subsequently using the same model to

iteratively provide feedback and refine the initial output. Similarly, cross-model correction

methods utilize feedback provided by different models than those that generated the initial

responses [34, 141, 145]. Importantly, both correction strategies eliminate the need for su-

pervised training or fine-tuning. A related concept, the “LLM-as-a-Judge” paradigm, uses

LLMs to evaluate or rank outputs across various applications, including retrieval [143],

alignment [133], and reasoning [309]. Detailed surveys are available for further explo-

ration [116, 135, 136].

Spatial Data Integration: Spatial data join merges two spatial datasets by evaluating

geographic features. Rule-based methods include geometrical and distance-based joins [103].

Geometrical joins utilize qualitative spatial predicates (e.g., intersects, contains, overlaps)

to link features [96], while distance-based joins rely on quantitative distance measurements.

Spatial data union, a spatial overlay operation, combines multiple spatial datasets into

one comprehensive dataset covering the combined area [170] Our study differs from prior

research in that — rather than optimizing efficiency or scalability for large-scale datasets,

using known rules [51, 247], we address ambiguous scenarios requiring human judgment.

Additionally, we use LLMs to evaluate joinability and unionability without explicit rules.

5.3 Task & Datasets

5.3.1 Task Definition

Spatial join and union tasks integrate datasets from heterogeneous geospatial resources. In

our context, the two tasks determine whether two geometric objects should be linked based

on specific criteria. Denote Si = {s1, s2, . . . , sn} as a LineString geometry representing a
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sidewalk annotation, connecting each pair of points (si, si+1) with a line. We will refer to

each sub-line as an edge. Similarly, let Ri = {r1, r2, . . . , rm} to represent a road annotation.

The Spatial Join task classifies whether a sidewalk “runs alongside” a road from a pedes-

trian’s perspective. This relationship is not precisely defined, but is important for screen

readers used by vision impaired travelers. If the reader makes a mistake, the audible di-

rections could be misleading or in the worst case dangerous: the road should be called out

when sighted travelers would tend to agree that they are walking along the road. Computa-

tionally, this relationship corresponds, approximately, to adjacency and parallelism between

road and sidewalk, defined by a binary classification function fθ(Si,Ri) → {0, 1}.

The Spatial Union task determines whether two sidewalk annotations from different

sources, Si and S ′
i, refer fully or partially to the same sidewalk, defined similarly as

fθ(Si,S ′
i) → {0, 1}. Complications include partial matches and errors in one or both

sources, and heterogeneity in different built environments and relevant laws.

We chose these two tasks because: (1) while they appear simple, they are foundational

to more complex spatial analysis, such that focusing on these ubiquitous, fundamental tasks

provides us with a highly interpretable view of LLMs’ basic capabilities in handling spatial

tasks, and helps us identify the strengths and weaknesses of LLMs in working with spatial

data; and (2) a small number of heuristic rules perform well for these two tasks, which

allows us to test LLM spatial reasoning in a controlled way. In cases where heuristics are

insufficient and do not generalize well, we can assess LLMs ability on those specific cases.

5.3.2 Datasets

We obtained two datasets from the Transportation Data Exchange Initiative [102]: (1)

Bellevue-Sidewalk, comprising 14,200 sidewalk-specific annotations of attributes such as

footway type and geometry; and (2) Bellevue-City, containing 73,700 annotations of both

roads and sidewalks sourced from OpenStreetMaps, annotated with footway type, highway

type, and geometry. To construct prediction datasets for our analysis, we implemented the

following pre-processing steps for each dataset:

Spatial Join Dataset. We first filter roads from Bellevue-City, selecting only those
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with highway types in {secondary, residential, tertiary, primary, living street} (types likely

to have paired sidewalks), resulting in 17,800 road annotations. We add a 10-meter buffer

around each road. The 10-meter buffer reflects the origins of our dataset in accessibility re-

search, which is typically concerned only with roads that have sidewalks. Thus, while there

is substantial variation in real-world road widths, our dataset includes only road types likely

to have adjacent sidewalks – primary, secondary, tertiary, residential, living street, and ex-

cludes highways. The selection of the 10-meter buffer is based on typical road widths in

Seattle and Bellevue, and applied across all types. Next, we perform a spatial join operation

between the buffered roads and sidewalks using an intersection predicate. This step gener-

ates 14,556 potential (Si,Ri) candidate pairs, under the assumption that a sidewalk running

alongside a road should fall within the buffer zone. Each (Si,Ri) pair was then manually

labeled through visual inspection, resulting in 6,034 positive pairs and 4,206 negative pairs.

We split the labeled dataset into training, validation, and test sets, containing 6,442; 716;

and 1,000 samples, respectively. The remaining pairs were deemed ambiguous and required

case-by-case discussion; they were thus excluded from this study.

Spatial Union Dataset. We use the 17,100 sidewalk annotations from Bellevue-City.

A spatial join operation is performed between the two sources of sidewalk annotations using

an intersection predicate. This step generates 5,496 (Si,S ′
i) unionable candidate pairs,

under the assumption that if two annotations represent the same sidewalk, either fully or

partially, they should overlap. Each pair was manually labeled through visual inspection,

resulting in 886 positive pairs and 443 negative pairs. The final dataset was split into

training, validation, and test sets, containing 837; 93; and 399 samples.

Ultimately, for the join task, we have 6,442, 716, and 1,000 (Si,Ri) training, validation

and test pairs. For the spatial union task, we have 837, 93, and 399 (Si,S ′
i) pairs. Figure

5.1 illustrates a positive and a negative example for each task. Note that the candidate

pairs generation process uses certain spatial conditions (e.g., 10-meter buffer for join data

and intersection for union data). We use those loose conditions to narrow down the search

space for the potential pairs. We are not checking all possible pairs.. For all object pairs in

both datasets, we compute three features based on geometrical relationships between the

objects (which are predictably and demonstrably relevant to the task):
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• min angle: the smallest angle (in degrees) between two spatial objects, computed by

dividing each annotation into smaller segments, calculating pairwise acute angles be-

tween segments, and selecting the smallest angle as an indication of object alignment.

• min distance: the smallest distance (in meters) between any point on one annotation

and any point on the other annotation. This metric reflects the proximity between

geometries.

• max area: the percentage of overlapping area between two objects, calculated after

applying a 10-meter buffer around each object. This metric reflects the potential

similarity between geometries.

Appendix 5.8.1 describes the distributions of all geometrical features in both datasets.

5.4 Experiments

In this section, we describe the heuristic baselines (§5.4.1), our proposed heuristic prompting

method (§5.4.2), and the review-and-refine method (§5.4.3). In addition, we describe the

experimental setup and language models assessed in our study in §5.4.4.

5.4.1 Baseline Heuristics

We use relevant heuristics commonly applied in the join or union task that leverage geomet-

rical relationships between the pairs. Their effectiveness helps us compare LLMs’ ability:

• Parallelism (p): evaluates whether two linestrings are approximately parallel, quan-

tified by the minimum angle (min angle) between the pairs. We test five thresholds

for each task, α = {1,2,5,10,20} degrees for the join task and α = {1,2,3,4,5} degrees

for the union task. The heuristic is computed as: ŷ = 1[min angle ≤ α], where α is

a pre-defined threshold value.

• Clearance Heuristic (c): assesses whether two linestrings maintain a minimum

distance (min distance) between them. For example, a sidewalk likely runs alongside

a road if the distance between is above a given threshold. We test five thresholds

{1, 2, 3, 4, 5} exclusively in the join task (candidate pairs for union intersect, such that
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min distance is always zero). The heuristic is computed as: ŷ = 1[min distance ≥

α], where α is a threshold value.

• Overlap Heuristic (o): determines the extent of overlap between linestrings us-

ing max area. Two annotations likely represent the same object if they exhibit a

high overlap ratio. We report {0.1, 0.2, 0.3, 0.4, 0.5} percent thresholds for join and

{0.5, 0.6, 0.7, 0.8, 0.9} for union. The heuristic is computed as: ŷ = 1[max area ≥ α]

• Duo & Trio Heuristics: We combine two or three heuristics for each task. We use

abbreviations {(p), (c), (o)} to denote the parallel, clearance, and overlap heuristics

respectively. For join, we evaluate three duo heuristics {(p,c), (p,o), (c,o)} and one

trio heuristic {(p,c,o)}. For union, we evaluate one duo heuristic {(p,o)}. We use the

same thresholds mentioned above.

5.4.2 Heuristic Prompting Method

As a baseline, we first evaluate pre-trained LLMs using plain prompting. In this setting, the

model receives only a brief task description together with the corresponding GeoJSON of the

objects, and is asked to predict a binary label indicating whether the pair should be matched.

We evaluate both zero-shot and few-shot versions of this baseline. In the zero-shot setting,

no labeled examples are provided. In the few-shot setting, we include one positive and one

negative example in the prompt. This plain prompting baseline is intentionally challenging.

It requires the model to infer the relevant spatial criteria directly from raw coordinates,

translate the natural-language task into an implicit geometrical rule, and then carry out

the corresponding reasoning correctly. This setup allows us to test whether general-purpose

LLMs can solve spatial integration tasks directly from task descriptions alone.

We then introduce heuristic prompting, which augments the plain prompt with

heuristic guidance derived from standard spatial integration practice. The intuition is that

spatial integration often depends on a small set of interpretable geometrical criteria, such

as alignment, clearance, and overlap, but users may not know in advance which criteria or

thresholds are most appropriate for a given task. Rather than hard-coding a single rule,

we provide the model with information about one or a few candidate heuristics and ask it
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Figure 5.2: Plain prompting (left) and our heuristic prompting with features (right) for the

spatial integration tasks. In the plain prompting, only the basic task description is provided.

In the heuristic prompting, features derived from heuristics are included to further enhance

performance.

to use that information to decide the label. For the join task, the guidance may involve

parallelism, clearance, overlap, or their combinations. For the union task, where the two

geometries already intersect, the guidance focuses on parallelism and overlap. We consider

two forms of heuristic guidance:

• Natural Language Hints (hints): We describe one or more relevant heuristics

qualitatively in natural language, without supplying their numeric values. For ex-

ample, the prompt may indicate that a sidewalk running alongside a road is typically

approximately parallel to it and separated by a reasonable distance. This setting tests

whether the model can use heuristic descriptions alone to identify the relevant spatial

relationships and reason from the raw geometries.

• Geometrical Features (features): We provide the same natural-language heuristic

descriptions, but additionally include pre-computed numerical feature values, such as

min angle, min distance, and max area. This setting changes the task substantially.

Instead of deriving the relevant geometrical quantities from the coordinates itself,

the model can treat the problem as one of heuristic evaluation: it must interpret

the provided feature values, infer whether they satisfy an appropriate threshold or
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combination of thresholds, and then predict the binary label. In this sense, feature-

based prompting separates feature extraction from decision-making, allowing us to

test whether LLMs are more effective as flexible rule interpreters than as standalone

computational geometry solvers.

Across all experiments, we keep the prompt format as consistent as possible and vary only

the amount and type of heuristic information provided. It allows us to directly compare

plain prompting, hint-based prompting, and feature-based prompting, and to assess how

much performance gain comes from adding qualitative guidance versus explicit numerical

evidence. Figure 5.2 illustrates examples of the plain and heuristic prompting templates.

5.4.3 Review-And-Refine Method

Heuristic performance varies significantly with threshold selection. We consider whether

LLMs can automatically select an appropriate threshold without labeled data. That is, can

we improve on a “bad” guess of a threshold using the parameterized knowledge of an LLM?

For each task, we generate initial responses using the best- and worst-performing heuristics,

as well as random guesses. Following Kim et al [120], we provide initial guesses in a prompt

and ask the model first to review the guess and identify potential issues. Then in a second

pass, we include the review with the initial prompt and request a refined answer. Unlike

Kim et al, we perform these steps only once rather than iteratively. All experiments are

conducted under few-shot prompting, utilizing either heuristic hints or features.

5.4.4 Models & Experimental Setup

For our primary experiments, we evaluate five pretrained LLMs. These include two smaller,

open-source models, {Meta-Llama-3.1-8B-Instruct (llama3), Mistral-7B-Instruct-v0.3 (mis-

tral)}, and three larger proprietary, API-based models, {GPT-4o-mini, 2024-07-18 snap-

shot (4o-mini), Qwen-plus (qwen-plus), GPT-4o, 2024-08-06 snapshot (4o)}. Models were

selected based on their scale, performance on public LLM leaderboards, and inference costs.

For a qualitative ablation study, we also assess a proprietary, API-based reasoning model:

Deepseek-R1. Reasoning models are post-trained using reinforcement learning for complex
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spatial join spatial union

heuristics worst best avg (std.) worst best avg (std.)

single 0.654 0.948 0.822 (0.10) 0.842 0.927 0.880 (0.03)

duo 0.735 0.987 0.910 (0.06) 0.870 0.962 0.933 (0.02)

trio 0.715 0.990 0.904 (0.08) - - -

overall 0.654 0.990 0.900 (0.08) 0.842 0.962 0.918 (0.04)

Table 5.1: Baseline heuristic results for the spatial join and union tasks. The worst, the

best, and the average accuracy (standard deviation) are reported for single, duo, and trio

(spatial join only) heuristics. Standard deviations are calculated given different thresholds.

For the spatial join task, duo results are averaged across all three duo combinations.

reasoning tasks, and they exhibit the capacity to improve their answers by drawing on

internal chains of thought before responding to a user [73].

The experimental setups remain consistent across models and two tasks. For llama3 and

mistral, we employ Unsloth [39] for accelerated inference with 4-bit quantization, configuring

max sequence length and top p to 4096 and 10. For proprietary models, temperature and

top p are set to 0 and 1. For the heuristic-driven prompting method, all models generate 10

new tokens per prompt. For the review-and-refine method, each model produces 500 new

tokens. Outputs are post-processed and evaluated using accuracy as the metric.

5.5 Results

5.5.1 Baseline heuristics can be highly effective, but performance depends on task-specific

selection and meticulous tuning of feature thresholds.

Summary of baseline heuristic results for both tasks are presented in Table 5.1. We observe

that these tasks are amenable to effective heuristic solutions: For the join task, the best

single heuristic achieves 94.8% accuracy, whereas duo and trio heuristics achieve 98.7% and

99.0%. We observe a similar trend for the union task, with duo heuristics outperforming

single heuristics. Despite their effectiveness, the ability for target users to select good

heuristics and good thresholds cannot be assumed, as they vary from task to task. For
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example, the worst-performing join feature (max area overlap) is up to 24% lower accuracy

than the best (min angle parallelism), even with good thresholds. For the best feature, the

difference in accuracy between the best and worst threshold is 33.6%. Similar observation

applies to the union task. Finally, the best choice of feature and threshold vary from task-

to-task suggesting pressure on users to develop intuition about every possible integration

scenario. Even with user expertise, practically identifying the optimal configuration remains

a challenging task likely to involve trial and error.

5.5.2 While spatial integration tasks inherently challenge LLMs, incorporating heuristic

features significantly enhances performances.

Average results of heuristic-driven prompting for join and union are visualized in Figure 5.3.

Detailed numerical results are provided in Tables 5.5 and 5.6, respectively. We observe that:

prompting with natural language (plain), even with feature hints (hints), is not effective.

The models achieve results comparable to the worst heuristics. For the join task, the five

models reach average accuracies of 54.2% and 57.5% under zero- and few-shot prompting,

which are 39.8% and 36.1% lower than the overall heuristic average accuracy. For union, the

models attain average accuracies of 60.1% and 59.6%, 34.6% and 35.1% lower than heuristic

averages. These results indicate that models struggle to understand the scenario, translate

the scenario into a computational problem, or accurately solve the problem.

However, prompting with heuristic features is remarkably effective! The availability

of pre-computed features may afford sidestepping the computational geometry and pro-

vide a more direct link between the natural language specification and the identification

of an appropriate threshold. We notice that — (1) Larger proprietary models deliver the

most competitive performance. For the join task, smaller open models (llama3 and mis-

tral) exhibit low accuracy, suggesting their limitations for spatial reasoning. The average

accuracies of qwen-plus (90%) and 4o (90.1%) match the overall heuristic baseline (90%),

with peak performance of 98.4% (qwen-plus) and 97.4% (4o) from Table 5.5. Qwen-plus

aligns closely with the best-performing duo heuristic (98.7%) and nearly matches the top

trio heuristic (99.0%). Similar trends appear in the spatial union task, with qwen-plus and
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Figure 5.3: Average results of heuristic prompting method for the spatial join and union

task. Each row represents prompting with no heuristic (plain) or different heuristic infor-

mation (hints or features), under either zero- or few-shot prompting.

4o achieving peak accuracies of 96.0% and 95.5%, respectively, closely matching the best

duo heuristic (96.2%). The subsequent observations focus exclusively on these proprietary

models. (2) Prompting with more heuristic features improves accuracy. Table 5.5 shows
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that min distance or max area heuristics are ineffective on their own but combinations

improve performance. While expected, this result provides empirical evidence that LLMs

can derive complex rule-based systems from simple geometric primitives. (3) LLMs elimi-

nate the need for feature selection and threshold tuning. The selection of different features

and corresponding thresholds significantly mediates heuristic-based performance; LLMs are

effective in selecting both feature and threshold based on their spatial awareness. For the

spatial join task, there are 215 possible heuristic combinations (15 single, 75 duo, and 125

trio combinations). The highest qwen-plus accuracy (98.4%) surpasses 93% of these heuris-

tic combinations, while the top 4o model accuracy (97.4%) outperforms 85%.

5.5.3 LLMs exhibit fundamental spatial reasoning abilities, but struggle to derive and solve

the relevant computational geometry.

We consider how LLMs approach the element matching task in order to understand why

providing numeric features is required for competitive performance. For the join task, we

employ few-shot, chain-of-thought (CoT) prompting on the {4o-mini, qwen-plus, 4o} mod-

els, using the standard “step by step” CoT instruction and setting the maximum generation

tokens to 2,000. We inspected the outputs across 20 samples, under no heuristics (plain),

with hints, and with features. We have the following observations.

Models exhibit spatial reasoning capabilities. Even without heuristic features, mod-

els understand the task by evaluating spatial conditions such as proximity (distance) and

alignment (angle or orientation) between sidewalk-road pairs. Specifically, model 4o-mini

mentions {proximity, distance} in 19 of 20 instances and {alignment, angle} in 5 of 20

instances (20/20 and 19/20, respectively, for qwen-plus; 20/20 and 11/20 for 4o). These

findings suggest LLMs can identify spatial concepts relevant to the task.

Models are ineffective at computational geometry. All three models interpret the spa-

tial join as a computational task involving geometrical calculations but consistently fail

to execute these correctly. Errors fall into three categories: (1) Incorrect computational

logic, with fundamentally flawed reasoning; (2) Unclear computational explanations, char-

acterized by vague details, often indicated by terms like {appears, approximately}; (3)
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common mistakes examples

wrong logic - orientation of road/sidewalk with first and last point

- distance calculation with first point of road and last point of sidewalk

unclear calculation - the closest approach between them appears to be around 2-3 meters

the closest sidewalk point to the road is approximately 5-10 meters away

- the distance is approximately 3 meters

no calculation - let’s assume the calculations have been performed

- let’s assume the computed distance is approximately 1 meter

- the sidewalk appears to be running parallel

Table 5.2: Common mistake examples in the reasoning steps from {4o-mini, qwen-plus, 4o}.

The Wrong Logic category describes logical mistakes made by the models when analyzing

spatial relationships between the paired objects. Unclear Calculation describes mistakes

where there is no explicit demonstration by the models of the calculation steps used to ar-

rive at an answer, though some numerical evidence may be provided. In such cases, models

tend to use words such as “appears” and “approximately” rather than fully demonstrating

their computations, casting uncertainty upon whether the models actually execute the cal-

culation, and if so, how they do so. The No Calculation category is similar to the Unclear

Calculation category. The difference is that, in this category, the model does not provide

any numerical evidence whatsoever for its answers. The models tend to verbalize their as-

sumptions, which they use to arrive at a final conclusion for a task.

Conclusions without computation, where results are asserted without computational back-

ing, signaled by keywords like {assume, appear}. Examples of these errors are shown in

Table 5.2. Occasionally, correct conclusions occur by chance despite wrong computations.

Providing heuristic features fundamentally changes the approach to the task. Including

heuristic features transforms the spatial join task from a computational geometry problem

into a simpler heuristic evaluation problem, where models verify heuristic conditions based

on provided values. It significantly reduces task difficulty and enhances model performance.

We also notice that — First, models typically apply reasonable heuristic thresholds (e.g.,
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10 degrees for angles, 5 meters for distance, 30% for overlap). However, some thresholds do

not clearly differentiate between provided positive and negative examples, indicating that

decisions are not solely data-driven, but more relying on their inherent understanding of the

task and real-world context. Second, thresholds chosen by models vary considerably across

examples, ranging from 2–10 meters for distance and 20%–70% for overlap. This variability

indicates that LLMs employ a flexible heuristic approach with potentially distinct thresholds

per sample rather than a fixed universal threshold.

We conducted the same CoT prompting on 20 samples using Deepseek-R1, a reasoning

model known for generating detailed reasoning steps. We avoid processing all 1000 samples

to reduce costs, computational time, manual review time, and because the patterns began

to converge. We observed that — (1) Deepseek-R1 exhibits strong computational geome-

try capabilities. Similar to other models, Deepseek-R1 interprets the task computationally

without heuristic features. However, Deepseek-R1 performs precise geometrical calcula-

tions, including point-by-point and segment-by-segment evaluations, occasionally utilizing

advanced measures like the Haversine distance. (2) However, its conclusion logic is funda-

mentally flawed. Despite advanced computational skills, Deepseek-R1 employs unreliable

logic when arriving at conclusions. For instance, to determine parallelism, it cites evidence

such as “The road’s vector is southeast, and sidewalk’s vector is northeast; thus, they are

not parallel.” To assess proximity, it references questionable logic such as “The sidewalk’s

start is 23 meters west of the road’s start, beyond typical adjacency for sidewalks.” This

suggests that even models with powerful computational skills may struggle with spatial

reasoning and logical coherence essential for spatial integration tasks.

5.5.4 Review-and-refine method is highly effective — significantly improving poor initial

answers while preserving good ones.

Figure 5.4 presents the results of the review-and-refine method for both spatial integration

tasks. We observe that — (1) Review-and-refine with only hints is ineffective. As previously

discussed, direct prompting with natural language hints, yields poor results. This trend

continues here — in the spatial join task, average accuracy for 4o-mini, qwen-plus, and
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Figure 5.4: Accuracies of review-and-refine method on both spatial join and union task.

Each row represents different ways of generating initial answers, either randomly or using

heuristics. We report accuracies when heuristic hints or features are provided.

4o decreases by 47.9%, 17.8%, and 8.1%, respectively, from initial responses, indicating

that heuristic hints alone are insufficient for effective revisions. (2) Review-and-refine with

heuristic features is highly effective. Providing heuristic features significantly improves
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poor initial responses and maintains or enhances strong answers. For the join task, poor

initial responses (random, worst heuristics), the three models achieve average accuracy

improvements of 36.4%, 35.9%, and 41.8%, respectively. When initial answers are strong,

qwen-plus and 4o maintain or increase accuracy. Notably, 4o surpasses the best heuristic

baseline accuracy (99%) by an additional 0.4%. For the spatial union task, when initial

answers are poor, the three models improve average accuracy by 5.2%, 9.2%, and 7.7%.

We dive deeper into how the review-and-refine process makes decisions. We find out

that: (1) Without features, the review-and-refine process aims to solve the task using

computational geometry. With heuristic features included, the review-and-refine process

systematically checks heuristic conditions against provided features, significantly reducing

task difficulty and improving performance. Results demonstrate that LLMs perform well

regardless of the initial answer quality, even outperforming the best heuristic. (2) Initial

answers variably influence final results. Review-and-refine results remain relatively stable

and consistent for 4o-mini (95.5%) and 4o (98.9%), indicating these models remain unaf-

fected by initial answers. However, refined results from poor initial answers for qwen-plus

(average 94.9%) are notably lower compared to results derived from strong initial answers

(average 98.4%). A manual review of several correction examples reveals that qwen-plus

typically considers overlap thresholds (max area) between 0.1 and 0.6 sufficient for positive

labels. However, with an initial negative answer (0), the review process sometimes judges

a threshold around 0.25 as insufficient.

5.6 Ablation Studies

In this section, we present two ablation studies. In Section 5.6.1, we study spatial inte-

gration using vision-language models (VLMs), where visual information is incorporated as

contextual input. In Section 5.6.2, we provide results from applying LLMs to four additional

spatial analysis tasks, providing insights on LLMs’ generalization in the spatial context.

5.6.1 Spatial Integration With Vision-Language Models

In our core experiments, we relied solely on textual information extracted from GeoJSON

files. However, visual information may also assist models in spatial integration tasks, as
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spatial join spatial union

models plain plain+img features plain plain+img features

qwen-vl - 0.566 - - 0.383 -

4o-mini 0.405 0.627 0.938 0.454 0.624 0.797

4o 0.580 0.728 0.948 0.817 0.889 0.955

Table 5.3: Plain prompting only uses textual information, while plain+img prompting

presents an additional satellite image as visual context. Heuristic prompting with features

still has the best performance, indicating the importance of geometrical information.

images provide direct cues about orientation and proximity. To explore this possibility, we

conducted preliminary experiments using vision-language models (VLMs) on the two inte-

gration tasks. We evaluated one open-source model, {Qwen-2.5-VL-7B-Instruct (qwen-vl)},

and two API-based models, {gpt-4o-mini and gpt-4o} in a zero-shot setting, supplying only

the plain task description with an image input. The results are summarized in Table 5.3.

We observe two key findings: (1) Incorporating visual information improves performance

on spatial integration tasks compared to text-only prompting, demonstrating the effective-

ness of visual cues and (2) heuristic prompting using geometric features (features) still

outperforms prompting with visual inputs. These results suggest that while visual context

is beneficial, explicitly providing geometric features remains more effective for these tasks.

5.6.2 Diverse Spatial Reasoning Tasks

Beyond evaluating LLMs on the two core spatial integration tasks, we extend our analysis

to a broader set of spatial reasoning tasks on real geometry objects. These additional exper-

iments aim to provide more general insights into the spatial reasoning and computational

capabilities of LLMs. We focus on four tasks that differ in geometry types, computational

complexity, and reasoning logic, thereby broadening the evaluation scope while remaining

grounded within the spatial analysis domain:

• Point-to-Segment Distance (P2S): To compute the shortest Euclidean distance be-

tween a point and a segment. It involves determining whether the point’s projection
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Models Point-to-Segment Spatial Containment Spatial Intersection Convex Hull

qwen-plus 0.94 0.82 0.80 0.62

4o-mini 0.82 0.76 0.64 0.46

4o 0.94 0.84 0.66 0.64

Table 5.4: Comparative performance of LLMs on fundamental computational geometry

tasks that require spatial reasoning abilities. Accuracies are reported.

falls onto the segment or if the distance is defined by one of the segment’s endpoints.

• Spatial Containment (SC): A fundamental Point-in-Polygon problem where the model

determines whether a point lies strictly inside a triangle defined by three vertices. This

tests the model’s ability to reason about interiority and bounded regions.

• Spatial Intersection (SI): This task requires checking if two 2D line segments intersect

at any point. Unlike simple line intersection, this requires reasoning about the specific

span of the segments and their relative orientations.

• Convex Hull (CH): Given a set of points, the model selects the minimal subset of points

that forms a convex polygon containing all points in the set. This is a computationally

complex task, requiring an understanding of global boundary structures.

Each task was evaluated on 50 synthetic geometry samples defined within a unit square.

We tested the same API-based models qwen-plus, 4o-mini, and 4o, and report accuracy.

For P2S, a tolerance of 1 × 10−3 was used for correctness. Results are shown in Table

5.4. We observe that the models perform well on simpler tasks (P2S: 90%, SC: 81%)

but show notable performance drops on more complex tasks (SI: 70%, CH: 57%). A simple

qualitative analysis of GPT-4o’s outputs revealed promising indications of spatial reasoning:

the model consistently applied projection logic for P2S, ray casting for SC, orientation-based

logic for SI, and referenced algorithms such as Graham’s scan or Jarvis March for CH.

However, inaccurate computations still frequently led to incorrect results. These findings

are consistent with our observations from the integration tasks: while LLMs demonstrate

spatial reasoning capabilities that extend beyond basic integration, they still face challenges

in executing the geometric computations required for general spatial analysis tasks.
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5.7 Summary

This chapter improves urban data quality along the dimension of coherence by reconciling

cross-source spatial datasets into a more unified representation. It studies two core inte-

gration tasks, spatial join and spatial union, and evaluates whether pre-trained large lan-

guage models can support these tasks without requiring labeled training data. The results

show that LLMs possess useful spatial reasoning abilities, but are unreliable at translat-

ing natural-language task descriptions into the precise computational geometry required for

spatial matching. When provided with pre-computed geometric features, however, the mod-

els can infer context-sensitive decision rules and achieve strong performance, reaching peak

accuracies of 98.4% on the join task and 96.0% on the union task. The proposed review-

and-refine prompting strategy further improves weak initial answers while preserving strong

ones, achieving up to 99.5% and 96.5% accuracy, respectively. Overall, the chapter shows

that LLMs are most effective for spatial data integration not as standalone geometry solvers,

but as flexible decision interfaces built on top of human-interpretable geometric features,

thereby improving the coherence and practical utility of urban data.

However, using LLMs to integrate spatial data from different sources also introduces

potential risks. (1) Safety risks from integration errors. If an LLM incorrectly joins or

merges spatial records, it may create a misleading integrated dataset. These errors can be

dangerous in high-stakes applications such as routing or navigation for users, where a wrong

sidewalk–road relationship could lead to unsafe directions. (2) Unclear decision logic. LLM

decisions can be difficult to audit or explain at scale, especially when compared with explicit

rule-based systems. Without clear provenance and source traceability, an integrated dataset

may appear coherent while hiding uncertainty or disagreement among the original sources.

For these reasons, integrated outputs should be treated as preliminary integration results,

not as automatic replacements for the original datasets. Deployment should preserve source

information, document decision rules and model prompts, and include human review for

high-stakes use cases.
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5.8 Appendix

5.8.1 Geometrical Feature Distributions

In this section, we present the distributions of the geometric features, min angle, min distance,

and max area, in the training set for each task. We also show the accuracies of applying

different threshold values, which helps us select appropriate thresholds for the test sets.

Feature Distributions For The Spatial Join Task

Parallel Heuristic (min angle): As shown in Figure 5.5, positive pairs predominantly

cluster at small angular differences. min angle=7 achieves a peak training accuracy of

93.76%, confirming its strength as a feature for the spatial join task.

Clearance Heuristic (min distance): Most negative pairs yield smaller clearance values

as they tend to overlap or intersect. Figure 5.6 shows that a min distance=3 threshold

provides a modest classification accuracy of 86.57%.

Overlap Heuristic (max area): Figure 5.7 identifies overlap as a poor heuristic for this

task, given that positive and negative pairs exhibit similar distributions when max area is

above 0.2. The best training accuracy remains limited to 71.00 at max area=0.4.

Feature Distributions For The Spatial Union Task

Parallel Heuristic (min angle): it is less effective for the union task, as both classes

share similar distributions (Figure 5.8). min angle=2 yields a training accuracy of 85.66%.

Overlap Heuristic (max area): Figure 5.9 confirms overlap as a primary indicator of

spatial union. While some negative pairs show significant overlap, positive instances cluster

strongly at high percentage values, with max area=0.8 reaching 92.83% accuracy.
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Figure 5.5: Left: Distribution of min angle in positive and negative spatial join data.

Right: train accuracy on different feature thresholds for min angle, for spatial join.

Figure 5.6: Left: Distribution of min distance in positive and negative spatial join data.

Right: train accuracy on different feature thresholds for min distance, for spatial join.

Figure 5.7: Left: Distribution of max area in positive and negative spatial join data. Right:

train accuracy using different feature thresholds for max area, for spatial join.

Figure 5.8: Left: Distribution of min angle in positive and negative spatial union data.

Right: train accuracy on different feature thresholds for min angle, for spatial union.

Figure 5.9: Left: Distribution of max area in positive and negative spatial union data.

Right: train accuracy using different feature thresholds for max area, for spatial union.
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5.8.2 Heuristic-Driven Prompting Results

prompting heuristic models
method information heuristic llama3 mistral 4o-mini qwen-plus 4o

zero-shot

plain - 0.520 0.598 0.405 0.603 0.580

hints

parallel (p) 0.520 0.600 0.608 0.645 0.546
clearance (c) 0.518 0.599 0.516 0.609 0.394
overlap (o) 0.528 0.599 0.596 0.603 0.549

(p,c) 0.493 0.599 0.479 0.676 0.399
(p,o) 0.505 0.600 0.458 0.669 0.413
(c,o) 0.536 0.599 0.402 0.633 0.410
(p,c,o) 0.556 0.599 0.400 0.705 0.406

values

(p) 0.575 0.675 0.938 0.946 0.948
(c) 0.596 0.599 0.742 0.732 0.670
(o) 0.570 0.599 0.601 0.601 0.696
(p,c) 0.523 0.599 0.877 0.950 0.948
(p,o) 0.561 0.599 0.664 0.949 0.974
(c,o) 0.551 0.604 0.734 0.733 0.529
(p,c,o) 0.563 0.599 0.679 0.949 0.861

few-shot

plain - 0.495 0.450 0.495 0.633 0.629

hints

(p) 0.472 0.522 0.589 0.682 0.628
(c) 0.526 0.668 0.512 0.679 0.589
(o) 0.486 0.618 0.607 0.644 0.636
(p,c) 0.516 0.579 0.548 0.663 0.606
(p,o) 0.459 0.559 0.575 0.655 0.591
(c,o) 0.474 0.652 0.590 0.654 0.483
(p,c,o) 0.508 0.611 0.514 0.653 0.565

values

(p) 0.606 0.867 0.929 0.936 0.931
(c) 0.485 0.597 0.822 0.845 0.837
(o) 0.505 0.657 0.760 0.687 0.727
(p,c) 0.517 0.676 0.916 0.941 0.940
(p,o) 0.479 0.618 0.858 0.968 0.959
(c,o) 0.490 0.457 0.906 0.948 0.939
(p,c,o) 0.539 0.625 0.872 0.984 0.967

Table 5.5: Accuracy of heuristic-driven prompting method for the spatial join task. We

evaluate both zero-shot and few-shot prompting, with plain task description, heuristic-hints

or heuristic features.
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prompting heuristic models

method information heuristic llama3 mistral 4o-mini qwen-plus 4o

zero-shot

plain - 0.436 0.366 0.454 0.799 0.817

hints

parallel (p) 0.544 0.431 0.586 0.772 0.784

overlap (o) 0.506 0.619 0.481 0.852 0.777

(p,o) 0.476 0.624 0.414 0.752 0.524

values

(p) 0.622 0.639 0.777 0.817 0.837

(o) 0.549 0.579 0.744 0.865 0.862

(p,o) 0.566 0.632 0.797 0.927 0.955

few-shot

plain - 0.414 0.361 0.521 0.835 0.802

hints

(p) 0.383 0.363 0.629 0.822 0.777

(o) 0.391 0.421 0.647 0.827 0.779

(p,o) 0.373 0.424 0.564 0.762 0.815

values

(p) 0.491 0.792 0.769 0.835 0.820

(o) 0.456 0.471 0.882 0.910 0.890

(p,o) 0.466 0.779 0.805 0.960 0.882

Table 5.6: Accuracy of heuristic-driven prompting method for the spatial union task. We

evaluate both zero-shot and few-shot prompting, with plain task description, heuristic-hints

or heuristic features.
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Chapter 6

ENHANCING URBAN DATA FIDELITY THROUGH PEDESTRIAN
PATHWAY GENERATION

High-quality urban data must go beyond visual representation to achieve fidelity—the

degree to which digital records faithfully mirror the functional connectivity and geometric

nuances of the physical environment. In the context of pedestrian infrastructure, traditional

segmentation-based methods often fail this test, producing fragmented or noisy graphs that

appear visually correct but are topologically broken for navigation. This chapter addresses

fidelity as the ultimate measure of urban data utility. We introduce TraversRL, a vision-

conditioned iterative graph generator that simulates a traveler’s decision-making process to

reconstruct pathway networks step-by-step. By optimizing the generator through reinforce-

ment learning (RL) aligned with global graph outcomes, we demonstrate how to bridge the

gap between pixel-level detection and traversable connectivity. Through evaluations across

diverse urban settings, we show that TraversRL produces high-fidelity networks that are not

only geometrically precise but also provide the robust connectivity required for accessible

routing and urban planning. This chapter is based on our work currently under review.

6.1 Introduction

Accurate maps of pedestrian pathways are foundational for accessible navigation, mobility

analysis, and urban planning. Yet these data are difficult to collect, and often incomplete or

inaccurate, creating failure cases that disproportionately affect pedestrians and accessibility-

critical users [304]. Inferring connected, traversible networks of sidewalks and crossings is a

challenging vision problem: paths vary in width, shape, and material; they are frequently

occluded by trees in overhead imagery; visual cues can be subtle or absent; and small

geometric errors can induce large topological failures that degrade end-to-end routability

(Fig. 6.1). Existing mapping pipelines rely heavily on segmentation: predicting pixel-level

raster labels followed by post-processing. However, segmentation-based methods tend to
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Figure 6.1: Qualitative examples of pedestrian pathway generation. Representative aerial

intersection scenes illustrating common challenges for pedestrian mapping: {short segments,

curvilinear segments, implicit paths (no crossing marks), occlusions from trees, and complex

connectivity}. Top: ground-truth graph (blue; yellow dots mark vertices). Middle: Tile2Net

prediction (red). Bottom: TraversRL-Local prediction (red). These examples highlight

the topology-sensitive nature of pedestrian networks, and demonstrate TraversRL’s robust

generation across diverse real-world challenges.

produce fragmented graphs that are unreliable for navigation, as paths may not be visible

from overhead, and travelers may cross the street at unlabeled crosswalks.

An alternative approach is iterative graph construction, where a model repeatedly ex-

tends a partial network conditioned on local image information and the generated context.

While successful for road extraction [11, 229, 274, 275], adapting these methods to pedes-

trian pathways introduces substantial new challenges. Pedestrian networks consist of many

short and curvilinear segments; they can have weak or absent visual cues in overhead im-



89

agery (e.g., crossings); sidewalks are frequently occluded by trees or shadows. Moreover,

urban scenes often contain clusters of intersections, so small geometric mistakes at junc-

tions can induce large topological failures that directly harm routability. These properties

amplify compounding rollout errors and make stepwise supervision a weak proxy for the

global quality of the resulting network.

Reinforcement learning (RL) fine-tuning provides a principled way to improve long-

horizon generation by optimizing outcome-level objectives rather than only next-step like-

lihood. In recent advances in large language model (LLM) reasoning, RL fine-tuning has

been a key ingredient for enhancing multi-step problem solving abilities, particularly in set-

tings where intermediate supervision is ambiguous but final outcomes are easily scored [104,

73, 232, 65, 266, 258]. This paradigm closely matches pathway generation — the metric of

interest is defined on the final graph, is non-differentiable due to decoding and rendering,

and success depends on many sequential decisions whose errors can compound.

In this chapter, we introduce TraversRL, a vision-conditioned generator that iteratively

constructs pedestrian graphs from satellite imagery. TraversRL takes a local satellite crop

and a generation canvas (encoding the partial graph) to predict the next network extension,

using a discretized direction–distance action space tailored to short, fragmented pedestrian

segments. We train TraversRL in two stages: (1) Supervised pretraining. The model

learns core generation behavior by imitating ground-truth graph expansions step by step

via cross-entropy loss, augmented with localization noise to improve robustness against drift

during iterative rollouts. We denote this pretrained model as TraversRL-Pre. (2) RL fine-

tuning. Initializing from TraversRL-Pre as a reference policy, we optimize outcome-level

graph rewards under a KL-regularized objective, implemented via group-relative policy

optimization (GRPO) [214, 73].

We investigate two RL reward designs. (1) Global reward uses a terminal, graph-level

objective based on buffered geometry intersection-over-union (IoU), which aligns with final

network quality. We denote this fine-tuned model as TraversRL-Global. (2) Local stepwise

reward augments the terminal objective with a per-edge geometric quality signal (over-

lap efficiency). Local rewards shape rollout advantages to improve credit assignment and

encourage locally precise geometry, yielding TraversRL-Local.
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Overall, this chapter makes four primary contributions toward enhancing urban data

fidelity through pedestrian pathway generation:

• Iterative pedestrian pathway generation. We introduce TraversRL, a vision-conditioned

generator that iteratively extracts complex pathway graphs from aerial imagery, using

a discretized direction–distance action space tailored to short pedestrian segments.

• RL fine-tuning for long-horizon graph generation. We demonstrate that iterative gen-

eration with both supervised pretraining and RL fine-tuning is a natural fit for path-

way tracing and consistently improves graph quality. Averaged across three backbones

and three datasets, TraversRL-Global outperforms a state-of-the-art segmentation-

based method Tile2Net in IoU by 43.6% and a sidewalk connectivity metric by 205%.

• Local stepwise reward shaping for RL. We propose a local stepwise reward that pro-

vides a per-edge geometric quality signal for advantage shaping during RL fine-tuning.

On average, TraversRL-Local further improves IoU by 2.6% and TravSim by 1.6% rel-

ative to TraversRL-Global.

• Backbone-agnostic gains and generalization. We show that RL fine-tuning improves

performance across three backbones and generalizes zero-shot to unseen cities without

additional training, outperforming a SoTA method trained on the target city. RL

fine-tuning also yields cleaner graphs similar to those produced by human editors.

In addition, we observe that RL fine-tuning yields cleaner, simpler graphs similar to

those produced by human editors by reducing spurious branches and redundant edges

while guaranteeing intersection connectivity for navigation.

6.2 Related Work

Street and Road Network Generation. Road and street network extraction from

aerial imagery has been studied extensively. Existing methods broadly fall into two paradigms.

Segmentation-first pipelines predict dense road masks and then recover graph structure

through vectorization and post-processing [43, 92, 273, 89, 227, 314, 162, 173]. In contrast,
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iterative graph construction grows a graph step-by-step by conditioning on local image evi-

dence and the already-generated context. RoadTracer [11] introduced this crop-and-canvas

tracing paradigm. VecRoad [229] improved local exploration at complex junctions, while

RNGDet and RNGDet++ [274, 275] further developed transformer-based iterative graph

detection with topology-oriented supervision. NETracer [148] proposed a topology-aware

tracing framework by explicitly modeling node–edge connectivity.

While these approaches establish strong foundational techniques for extracting road

graphs, they are not directly transferable to the pedestrian environment. Pedestrian path-

ways exhibit different challenges: they are typically narrower, contain many short and

curvilinear segments, are more susceptible to occlusions (e.g., tree canopies), and require

the explicit modeling of crossings and intersection connectivity for accessibility and naviga-

tion use cases [97, 305]. These inherent differences make pedestrian mapping more sensitive

to rollout drift and localized geometric mispredictions during iterative generation.

Pedestrian Pathways From Aerial Imagery. Pedestrian pathway extraction from

overhead imagery remains relatively understudied. Karimi et al. [117] explored pedestrian

map generation at small scale and highlighted the importance of data quality. Tile2Net [97]

detects sidewalks, crosswalks, and footpaths from aerial imagery and converts them into

pedestrian networks. Prophet [304] combines road-network priors with aerial-image seg-

mentation and rasterized street maps to infer pathway graphs (we do not compare with

Prophet as neither the code nor trained model was available at the time of this writing).

PathwayBench [305] argues that pixel-level metrics can understate mobility-critical errors

and instead emphasizes routability and intersection-scale connectivity. Other work focuses

on specific pedestrian assets rather than full connected networks, specifically zebra-crossing

detection [1], crosswalk detection from satellite imagery [245, 14], and curb-ramp detection

from street-view imagery [84, 187]. In contrast, our goal is direct generation of connected

pedestrian pathway graphs.

Reinforcement Learning (RL) and GRPO. Reinforcement learning is increasingly

used to improve long-horizon decision-making. Reasoning LLMs trained with RL show
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strong gains with verifiable rewards (RLVR), where policies are optimized using outcome-

level signals because intermediate supervision is ambiguous [104, 73, 232, 65, 266, 258]. More

broadly, RL is a natural choice for optimizing non-differentiable trajectory-level objectives

when errors can compound over many decisions. Among policy-gradient methods, PPO [211]

is widely used for its stability. GRPO [214] is a PPO-style variant that replaces an explicit

critic with group-relative baselines computed from multiple outputs, and typically uses KL

regularization to a reference policy for stable updates.

These developments suggest RL is a natural fit for improving sequential generators

when the desired objective is best expressed at the trajectory level. In pedestrian pathway

generation, local geometric choices (e.g., sidewalk continuations) interact across many steps

and must ultimately produce a globally coherent, routable network, while evaluation can

be defined using geometry and connectivity aware graph metrics. We therefore adopt RL

for fine-tuning and use GRPO as a practical, stable instantiation in our experiments.

6.3 Method

We propose TraversRL, a vision-conditioned generator that constructs pedestrian pathway

graphs step-by-step from aerial imagery. TraversRL is trained in two stages — supervised

pretraining (Sec. 6.3.1), followed by RL fine-tuning using either a global graph-level reward

(Sec. 6.3.3) or RL fine-tuning with additional local stepwise reward (Sec. 6.3.4). The su-

pervised pretraining phase yields a reference policy, denoted as TraversRL-Pre. During RL

fine-tuning, the trainable policy πθ is initialized from TraversRL-Pre while a frozen copy

πθ0 serves as the KL reference.

6.3.1 Supervised Pretraining of TraversRL (TraversRL-Pre)

Graph formulation. Given a satellite image of an urban region and vector annotations of

pedestrian infrastructure, we convert the annotations into an undirected graph G = (V,E).

Each node v ∈ V is a 2D point in normalized coordinates v = (x, y) ∈ [0, 1]2, and each edge

e = {u, v} ∈ E is a straight LineString segment connecting its endpoints. Our goal is to

learn a policy that incrementally reconstructs E by predicting local edge, conditioned on

both image evidence and the partial graph generated up to that point.
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State: satellite crop + generation canvas. At each decision step, we expand from

a current node location u and form a local observation centered at u, including: (1) an

RGB satellite crop Iu, and (2) a single-channel generation canvas Cu that rasterizes the

partial generated graph. The canvas renders all previously generated edges and marks the

current node (as a filled dot). Both Iu and Cu are extracted using a fixed normalized

window (e.g., 0.5× 0.5 of the full extent) and resized to a fixed input resolution (256× 256;

224 × 224 for ViT backbones). We concatenate channels to obtain a 4-channel tensor

Xu = concat(Iu, Cu) ∈ R4×H×W , so that each decision is explicitly conditioned on local

appearance and the evolving topology encoded by the canvas.

Action space: discretized direction and distance. TraversRL predicts a discrete

movement action from u. Given a ground-truth neighbor v of u, the displacement ∆ = v−u

is mapped to a class label by discretizing both angle and distance. We use Nθ = 36 angle

bins (10◦ each) and Nr = 10 distance bins uniformly spaced over [0, 0.2] in normalized

coordinates. This yields |A| = 360 movement classes plus a Stop class. We write a ∈ A

with a = Stop indicating that no ungenerated edges remain incident to the current node.

Policy network. TraversRL uses an ImageNet-pretrained backbone fϕ(·) adapted to ac-

cept 4-channel inputs. We replace the first convolution with a 4-channel variant by copying

the pretrained RGB weights and initializing the additional (canvas) channel to zero. Given

Xu, the backbone produces a feature vector h ∈ Rd, which is mapped to action probabilities

by an MLP head:

πθ(a | Xu) = softmax
(
W2 σ

(
W1 Dropout(h)

))
(6.1)

where σ(·) is ReLU and πθ(· | Xu) ∈ R|A|.

Supervised training. For each training graph, we supervise a sequence of actions at

each node: the policy emits one action per incident ground-truth edge, then emits Stop

and moves to the next node (Fig. 6.2). To improve robustness to rollout drift and mitigate

error accumulation, we inject localization noise by perturbing the query location while
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Figure 6.2: Supervised node expansion in TraversRL pretraining. Given the current

node (yellow star), the set of ground-truth neighbors (red) are determined. During super-

vised pretraining, the policy is trained to sequentially emit one direction–distance action

per ground-truth edge (blue arrows), adding the corresponding edges to the canvas. After

all edges at the current node have been generated, the policy emits Stop and the algorithm

moves to the next node for expansion (steps 1–5).

following the ground-truth edge:

ũ = u + ϵ, ϵ ∼ U
(
[−η, η]2

)
. (6.2)

We extract crops centered at ũ and compute the target class using the perturbed dis-

placement ∆ = v − ũ, aligning supervision with the model’s observation under drift. We

minimize cross-entropy over the supervised action sequence. The supervised training ap-

proach is adapted from a similar technique for road extraction [11], but includes variable

distances and an architecture to adapt to topologically complex, occluded, high-density

sidewalk paths.

6.3.2 Inference and Rollout Hyperparameters

At inference time, we roll out πθ to construct a graph in continuous space. We initialize

a start node (for training and evaluation, a random node in the ground-truth graph; in

practice, a point selected by a user or based on segmentation pre-processing) and maintain

a stack of active nodes. For each popped node u, we repeatedly call the policy until it emits

Stop or reaches a per-node expansion budget. Each non-Stop action is decoded into a

displacement using the corresponding angle–distance bin midpoints, creating a new node at
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u + ∆ (clipped to [0, 1]2). We add the edge, render it onto the global canvas, and push the

new node onto the stack. To avoid trivial cycling, we disallow executing the same discrete

action twice from the same node within one expansion. Because backbones can differ in

termination behaviors, we tune a small set of rollout hyperparameters on the validation set.

We configure the following:

1. Top-k backoff (k): enumerate the k highest-logit actions and execute the first geo-

metrically valid action. k = 1 equates to standard greedy decoding.

2. Restarts per graph (R): run the full rollout R times from independently sampled start

nodes and retain the best result under an internal confidence score (defined as the

sum of top-1 minus top-2 logit margins across all steps).

3. Stop threshold (τstop): accept Stop only when πθ(Stop | st) ≥ τstop.

4. Maximum per-node expansions (M): cap on the total number of actions permitted

when expanding any single node.

We select the configuration that maximizes buffered-geometry IoU on the validation set,

and reuse the resulting configuration for all subsequent inference and RL fine-tuning.

6.3.3 RL Fine-Tuning with Global Graph Reward (TraversRL-Global)

Motivation. Supervised pretraining optimizes per-step classification accuracy, but Traver-

sRL is evaluated via an iterative rollout whose quality is judged globally. Small angle or

distance-bin errors can compound over many steps, producing large geometric and topo-

logical deviations in the final graph. Moreover, our target evaluation metrics are non-

differentiable with respect to network parameters because they depend on decoding and

rendering an entire trajectory. These properties motivate RL fine-tuning, which directly

optimizes an outcome-level, graph-level objective.

RL with terminal graph reward. We formalize TraversRL as a policy πθ over actions

at ∈ A, initialize πθ from TraversRL-Pre, and keep a frozen reference policy πθ0 . Fine-

tuning with a terminal graph reward yields TraversRL-Global. For each training sample,

we draw a group of K rollouts {τi}Ki=1 from πθ using the same decoding configuration as

inference. Each trajectory τi = (ai,1, . . . , ai,Ti) induces a predicted edge set Êi and receives
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a terminal reward Ri = R
(
E, Êi

)
, where R(·, ·) is the buffered-IoU objective computed

on the final generated graph. We then compute standardized group-relative advantages:

R̄ =
1

K

K∑
i=1

Ri, Ai =
Ri − R̄

std({Rj}Kj=1) + ϵ
. (6.3)

We update πθ to increase the likelihood of actions from higher-advantage rollouts while

constraining drift from the frozen reference πθ0 via a KL penalty. Concretely, our RL

fine-tuning objective is defined as:

Lglobal(θ) = − 1

K

K∑
i=1

Ai

Ti

Ti∑
t=1

log πθ(ai,t | si,t)

+ β · 1

K

K∑
i=1

1

Ti

Ti∑
t=1

DKL(πθ(· | si,t) ∥πθ0(· | si,t))

(6.4)

where si,t denotes the rollout state at step t (i.e., the local image crop and canvas crop

centered at the current node), β is the KL coefficient, and the 1/Ti factors normalize trajec-

tories of different lengths. We compute the full-distribution KL divergence at each visited

state using the policy and reference logits.

6.3.4 RL Fine-Tuning with Local Stepwise Reward (TraversRL-Local)

Motivation. TraversRL-Global aligns training with the final objective, but it assigns a

single rollout-level advantage Ai to all actions within a trajectory, leading to coarse credit

assignment. In practice, a rollout often contains a mixture of locally correct and incorrect

steps, yet all steps are reinforced (or penalized) uniformly. As a result, terminal-only RL can

improve global overlap while under-optimizing fine-grained geometric choices (e.g., selecting

a nearby but incorrect direction bin that yields similar buffered overlap).

Local stepwise reward. To inject a localized training signal without discarding the

stable terminal objective, we define a stepwise reward that quantifies the local geometric

quality of each newly added edge and use it for advantage shaping. Let Pt be the buffered

union of predicted edges up to step t and let G be the buffered union of ground-truth edges.

Define predicted area At = area(Pt) and overlap area It = area(Pt ∩G). With a new edge,
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Figure 6.3: Local stepwise reward. We compare the buffered ground-truth region G (blue)

with the current predicted buffer Pt−1 (gray). Adding a new edge at step t contributes newly

added buffered area ∆At (orange), of which the overlapped portion with ground-truth is

∆It. We define the stepwise reward rt = ∆It/(∆At + ϵ): it is high when the added edge

aligns better with ground-truth (good step), moderate under partial alignment, and near

zero when the edge adds off-target geometry (∆It = 0).

we compute ∆At = At −At−1 and ∆It = It − It−1, formulating the stepwise reward as:

rt =
∆It

∆At + ϵ
, (6.5)

with rt = 0 for non-edge actions (e.g., Stop). Intuitively, rt measures what fraction of

newly generated buffered area contributes to ground-truth overlap; edges that add mostly

off-target geometry receive near-zero reward (Fig 6.3).

Additive advantage shaping. As with global terminal reward, we sample K rollouts

and compute the terminal advantages Ai from the final rewards Ri. We then calculate and

normalize the stepwise rewards within each individual rollout:

r̃i,t =
ri,t − µi

σi + ϵ
, µi =

1

Ti

Ti∑
t=1

ri,t, σi = std
(
{ri,t}Ti

t=1

)
, (6.6)

We clip r̃i,t for stability and define an additively shaped stepwise advantage:

Âi,t = Ai + λ r̃i,t, (6.7)

where λ controls the strength of shaping. The additive formulation preserves the outcome-

level signal, while simultaneously encouraging locally high-quality steps even within imper-

fect rollouts. Since both Ai and r̃i,t are standardized, their magnitudes are comparable,
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Figure 6.4: RL fine-tuning with local stepwise reward shaping (TraversRL-Local). For each

intersection, we sample K rollouts (here K = 4) from πθ, producing action sequences and

generated graphs. A global reward assigns each rollout a terminal reward Ri, which is

converted into group-relative advantages {Ai}Ki=1. In parallel, a local reward computes per-

step rewards {ri,t}, which are normalized within each rollout to obtain {r̃i,t} and combined

with Ai to form shaped advantages Âi,t = Ai + λr̃i,t. The policy is updated using Âi,t

together with KL(πθ∥πθ0); only πθ is updated, while πθ0 is frozen. Without local shaping

(TraversRL-Global), the update reduces to Âi,t = Ai.

making the shaping term well-scaled in practice. We then substitute the uniform rollout-

level weighting in Eq. (6.4) with Âi,t while keeping the same KL regularizer:

Llocal(θ) = − 1

K

K∑
i=1

1

Ti

Ti∑
t=1

Âi,t log πθ(ai,t | si,t)

+ β · 1

K

K∑
i=1

1

Ti

Ti∑
t=1

DKL(πθ(· | si,t) ∥πθ0(· | si,t))

(6.8)

This procedure yields TraversRL-Local and is visually demonstrated in Fig. 6.4.

Note: A natural alternative is to replace the terminal advantage with stepwise advantages

normalized across rollouts at each step. However, we found this to be empirically unstable

in our task. Step rewards are highly sensitive to small geometric perturbations and vary

substantially across rollouts and step indices due to different rollout lengths and explo-
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ration paths. This high variance makes cross-rollout, per-step normalization to be noisy.

In practice, using purely stepwise advantages causes rapid drift from the reference policy

(KL increases sharply early in training) and leads to collapse, whereas advantage shaping

preserves the stability of terminal-reward RL while still providing informative local credit.

6.4 Experiment

We evaluate TraversRL in both in-domain and zero-shot transfer settings. Sec. 6.4.1 details

the evaluation datasets, Sec. 6.4.2 outlines the visual backbones and baseline models, and

Sec. 6.4.3 specifies the training and evaluation protocols.

6.4.1 Datasets

We evaluate across three urban-intersection pathway datasets:

• WashingtonInter (in-domain). A curated dataset of three- and four-way urban in-

tersections from 13 cities in Washington State. We first extract intersection bounding

boxes from OpenStreetMap and prune overlapping regions to avoid spatial train–test

leakage. We then retrieve the corresponding pedestrian pathway annotations from

our internal database and discard scenes whose ground-truth graph is disconnected.

After a final manual visual inspection to remove severe aerial-to-map misalignments,

the dataset contains 2,287 training scenes, 144 validation scenes, and 426 test scenes.

• PathwayBench Seattle (zero-shot) [305]. A benchmark for pathway graph gener-

ation at urban intersections. We evaluate 342 intersection scenes from Seattle. Since

PathwayBench does not provide training/validation splits, we evaluate in a zero-shot

setting: models are trained on WashingtonInter and applied directly to PathwayBench

without fine-tuning

• PathwayBench Washington, D.C. (zero-shot) [305]. 589 intersection scenes

from Washington, D.C., evaluated under the same zero-shot setting.
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Although WashingtonInter includes intersections from Seattle, PathwayBench uses different

scene extents and spatial resolutions (zoom level of roughly 19, compared to approximately

20 in our dataset). Therefore, we refer to all PathwayBench evaluations as zero-shot transfer.

6.4.2 Backbones and Baseline

We instantiate TraversRL with three visual backbones: ResNet-18 [87], ViT-S [50], and

Swin-T [158]. All are adapted to 4-channel inputs by modifying the first projection layer

to accept an additional canvas channel while retaining pretrained RGB weights (the extra

channel is initialized to zero). ViT uses 224 × 224 inputs, while ResNet and Swin use

256 × 256. We compare against Tile2Net [97], a state-of-the-art pipeline that predicts

sidewalks and crosswalks from aerial imagery and converts them into pedestrian networks.

6.4.3 Training & Evaluation

Supervised pretraining. For each backbone, we train a reference model following Sec. 6.3.1.

Unless otherwise noted, we apply localization error with η = 0.02 (in normalized coordi-

nates), and optimize with AdamW (learning rate 1× 10−4, weight decay 1× 10−4, gradient

clipping at 1.0). Models are trained for 50 epochs with gradient accumulation over 16 node-

expansions, with max steps=200. For ResNet-18, BatchNorm statistics are frozen. We

select the best checkpoint by validation loss and use it to initialize RL fine-tuning.

RL fine-tuning. We fine-tune each pretrained checkpoint using GRPO (Secs. 6.3.3,

6.3.4). Unless otherwise noted, we use AdamW (learning rate 3 × 10−5, weight decay

1 × 10−4, gradient clipping at 1.0), train for 15 epochs with gradient accumulation over

8 graphs, and set the KL coefficient to β = 0.05. For each training graph, we sample a

group of K = 4 rollouts, capping the maximum rollout length at 200 steps. Rewards are

computed using a buffer radius r = 0.01 (normalized units, approximately 1 meter). For

the local shaping variant, we set λ = 0.1 and clip r̃i,t to be within [−3, 3] for stability. We

select the best RL checkpoint by validation buffered IoU.
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Metrics. We evaluate each method over five randomly sampled start nodes and report

averages. We use two metrics: (1) Buffered geometry IoU, computed between the predicted

and ground-truth edge sets by buffering each polyline with a 1-meter radius and calculat-

ing the IoU of the resulting regions, and (2) Traversability similarity (TravSim) [305], a

routability-oriented metric that compares boundary-to-boundary connectivity within local

tiles. For each tile, we treat the boundary as a set of sides and identify terminating nodes

where the graph intersects the boundary. A boundary pair is considered traversable if a

valid path exists within the clipped tile connecting a terminating node on one boundary to

a terminating node on another. Each tile thus induces a set of traversable boundary pairs

for both prediction and ground-truth, and TravSim is the Jaccard similarity between these

two sets, averaged over tiles. This metric does not require node/edge correspondence and

directly measures whether the generated graph affords the same traversal possibilities as

the ground-truth within intersection-scale regions.

6.5 Results

6.5.1 Supervised Policies Strongly Outperform the Baseline

Table 6.1 compares pretrained checkpoints (TraversRL-Pre) against the Tile2Net across

three datasets. The results show a clear pattern: Even prior to RL fine-tuning, directly

learning an iterative graph generator yields substantially higher geometric overlap and con-

nectivity. We observe that: (1) WashingtonInter (in-domain). Tile2Net achieves 0.264

IoU and 0.114 TravSim. In contrast, TraversRL-Pre improves both metrics for every back-

bone, reaching 0.531 IoU and 0.605 TravSim with Swin-T. Averaged across backbones,

TraversRL-Pre exceeds Tile2Net by 0.258 IoU and 0.481 TravSim. The particularly large

gain in TravSim suggests that the iterative formulation better preserves intersection topol-

ogy than raster-to-network post-processing, where small geometric artifacts can disconnect

crossings and sidewalk continuations. (2) PathwayBench (zero-shot transfer). The

same trend holds under distribution shift. On Seattle data, TraversRL-Pre outperforms

Tile2Net by an average of 0.026 IoU and 0.215 TravSim. On D.C. data, TraversRL-Pre

improves TravSim by 0.196 on average, while achieving competitive IoU: Swin-T exceeds
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Model Stage WashingtonInter Seattle (PB) D.C. (PB)

IoU TravSim IoU TravSim IoU TravSim

Tile2Net – 0.264±0.046 0.114±0.017 0.169±0.021 0.175±0.037 0.226±0.018 0.317±0.023

T
ra

v
e
rs
R
L

R
e
sN

e
t1

8 pre 0.510±0.003 0.586±0.005 0.186±0.003 0.386±0.003 0.212±0.003 0.506±0.004

global 0.539†±0.001 0.591†±0.008 0.189†±0.002 0.387†±0.004 0.223±0.002 0.507†±0.003

local 0.540∗±0.002 0.605∗±0.004 0.199∗±0.003 0.403∗±0.002 0.227∗±0.002 0.513∗±0.002

V
iT

-S

pre 0.525±0.003 0.593±0.005 0.194±0.003 0.382±0.006 0.208±0.002 0.499±0.002

global 0.548†±0.003 0.597†±0.003 0.211†±0.002 0.401†±0.005 0.226†±0.001 0.506†±0.004

local 0.548†±0.001 0.605∗±0.005 0.214∗±0.003 0.411∗±0.003 0.221±0.002 0.515∗±0.004

S
w
in

-T

pre 0.531±0.004 0.605±0.006 0.205±0.004 0.401±0.004 0.231±0.002 0.535±0.004

global 0.559†±0.002 0.607†±0.004 0.218†±0.001 0.416†±0.004 0.236†±0.001 0.535±0.004

local 0.584∗
±0.003 0.611∗

±0.008 0.230∗
±0.005 0.418∗

±0.007 0.252∗
±0.003 0.535±0.003

Table 6.1: Quantitative results on WashingtonInter (in-domain) and PathwayBench test

cities (zero-shot transfer), reported as mean ± std over five seeds. pre, global, and local

denote supervised pretraining, RL fine-tuning with a terminal graph-level reward, and RL

fine-tuning with additional local stepwise reward shaping, respectively. Bold indicates the

best value within each dataset/metric column. † denotes an improvement over both Tile2Net

and the corresponding pre checkpoint (same backbone). ∗ denotes an improvement over the

corresponding global checkpoint (same backbone).

Tile2Net in IoU (0.231 vs. 0.226), whereas ResNet-18 and ViT-S fall marginally behind.

Overall, these results suggest that cross-city transfer is more robust for connectivity.

6.5.2 RL Fine-Tuning Consistently Improves Performance Across Backbones and Datasets

Table 6.1 shows that outcome-level RL fine-tuning improves TraversRL across backbones

and evaluation settings, even though TraversRL-Pre is already strong. Importantly, under

the evaluation with a strict 1m buffer, IoU is substantially more sensitive to small geometric

misalignments, making relative gains more diagnostic of true geometric precision.
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Global reward improves graph quality. With a terminal graph-level reward, TraversRL-

Global improves IoU for every backbone on every dataset over TraversRL-Pre. Averaged

across backbones, the relative IoU gains are 5.1% on WashingtonInter, 5.6% on Seattle, and

5.2% on D.C. TravSim also increases by 0.6%, 3.0%, and 0.5%, respectively. These consis-

tent trends indicate that optimizing a terminal objective aligns the policy toward decisions

that improve both geometric overlap and connectivity patterns.

Local reward shaping adds further gains. Relative to TraversRL-Global, TraversRL-

Local yields additional IoU gains of 1.6% (WashingtonInter), 4.1% (Seattle), and 2.1%

(D.C.), with one minor exception (ViT-S on D.C.). Relative to TraversRL-Pre, these gains

surge to 6.7%, 9.8%, and 7.5%. Local shaping also consistently improves TravSim, by 1.5%

on WashingtonInter, 2.4% on Seattle, and 1.0% on D.C. Overall, these results validate the

intended mechanism of the local reward: it provides finer credit assignment that encourages

locally aligned edge placement (and discourages off-target geometry) while preserving the

stability of terminal-reward optimization. Additionally, the standard deviations in Table 6.1

are generally small, indicating stable training across five random seeds. In most settings, the

RL gains in IoU are comparable to, or larger than, the seed-to-seed variation, indicating that

the gains are not an artifact of favorable random seed but reflect a systematic improvement

in rollout-time graph quality from outcome-level RL objectives.

Buffer-size ablation: stricter buffers reveal larger RL gains. We re-evaluated the

fixed predictions using wider geometric buffers. On WashingtonInter, averaged across back-

bones and seeds, TraversRL-Global improves IoU over TraversRL-Pre by 2.1% at 4m, which

grows to 3.1% at 2m and 5.2% at 1m. The same pattern holds for TraversRL-Local, whose

improvements increase by 2.5%, 4.0% and 6.8% respectively. These observations show that

outcome-level RL fine-tuning improves geometric precision in a way that becomes increas-

ingly visible as the overlap criterion tightens, with local shaping providing the strongest

improvements under strict alignment. The effect is strongest for local shaping: relative to

global-reward RL, TraversRL-Local gains widen as the buffer shrinks, consistent with the

reward encouraging locally aligned edge extensions and discouraging off-target geometry.
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AvgDeg↓ TravSim↑

Dataset Pre Global (∆) Local (∆) Pre Global (∆) Local (∆)

WashingtonInter 0.429 0.416 (-3.0%) 0.407 (-5.1%) 0.595 0.599 (+0.6%) 0.607 (+2.0%)

Seattle (PB) 0.574 0.541 (-5.7%) 0.519 (-9.6%) 0.389 0.401 (+3.1%) 0.411 (+5.7%)

D.C. (PB) 0.553 0.528 (-4.5%) 0.520 (-6.0%) 0.513 0.516 (+0.6%) 0.521 (+1.6%)

Table 6.2: Graph cleanliness and connectivity agreement averaged over backbones and

five seeds. AvgDeg denotes average node degree (lower indicates sparser graphs), and

TravSim denotes traversability similarity (higher indicates closer agreement with ground-

truth boundary connectivity). For Global and Local, we report the relative change compared

to Pre on the same dataset.

TraversRL-Local recovers subtle missing paths. Recall that TravSim compares the

set of traversable boundary-to-boundary pairs induced by the predicted vs. ground-truth

graphs within each tile (Sec. 6.4.3). Let Spred and Sgt denote these per-tile sets of traversable

boundary-pair relations for the prediction and ground-truth, respectively. We decompose

their disagreement into: TP = |Spred ∩ Sgt|, FP = |Spred| − TP, and FN = |Sgt| − TP.

On WashingtonInter, averaging per-tile set sizes over tiles and then over seeds/backbones,

TraversRL-Pre predicts approximately 1.86 boundary-pair relations per tile, with TP ≈

1.55, FP ≈ 0.31, and FN ≈ 1.09 (i.e., missed connectivity relations dominate spurious ones

by ∼3.5×). RL fine-tuning primarily reduces this missed-connectivity term: TraversRL-

Local increases TP from 1.55 → 1.60 (+3.5%) and reduces FN from 1.09 → 1.04 (−5.0%).

Consistent with this, at the scene level TravSim improves in 59% of intersections; among

those improved scenes, 92% exhibit increased TP and 91% exhibit reduced FN. Overall, RL

improves TravSim primarily by recovering missing ground-truth paths rather than pruning.

6.5.3 TraversRL Produces Cleaner, Sparser Graphs While Preserving Connectivity.

Beyond buffered IoU, we analyze how RL changes graph structure. Following Pathway-

Bench, we compute all graph statistics within each tile on the clipped predicted graph and
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Figure 6.5: RL fine-tuning produces cleaner, sparser graphs. Qualitative examples com-

paring the ground-truth graph (top, blue) to predictions from TraversRL-Pre (middle, red,

“messy”) and TraversRL-Local (bottom, red, “cleaner”). Yellow dashed boxes highlight

artifacts of the supervised policy — redundant branches, spurious short connectors, and

noisy junction geometry —that are pruned after RL fine-tuning.

then average over tiles. We report: (1) average node degree (AvgDeg) as a proxy for graph

density (lower typically indicates fewer branches) and (2) traversability similarity (TravSim)

as a proxy for whether the predicted graph preserves ground-truth connectivity. AvgDeg

alone cannot distinguish “clean pruning” from simply missing edges; we therefore interpret

it jointly with TravSim, which is sensitive to missing or incorrectly connected links.

We observe that RL reduces graph density while improving connectivity agreement.

A consistent pattern emerges across all datasets (Table 6.2): RL fine-tuning yields sparser

graphs while maintaining or improving connectivity. Averaged across backbones, TraversRL-

Global reduces AvgDeg relative to TraversRL-Pre by 3.0% on WashingtonInter, 5.7% on

Seattle, and 4.5% on D.C., while increasing TravSim by 0.6%, 3.1%, and 0.6%, respec-

tively. TraversRL-Local strengthens this trend, further reducing AvgDeg (5.1%, 9.6%, 6.0%)

while improving TravSim (2.0%, 5.7%, 1.6%). Fig. 6.5 shows the same effect qualitatively:
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RL suppresses redundant edges and noisy branches while preserving intersection structure.

Overall, RL improves network utility not by adding more edges, but by making more se-

lective branching and stopping decisions that prune low-value extensions while preserving

(and often strengthening) traversability-relevant connectivity.

6.6 Summary

This chapter improves urban data fidelity by generating pedestrian pathway graphs that

accurately mirror real-world geometry and connectivity. It introduces TraversRL, a vision-

conditioned generator that constructs networks from aerial imagery using a specialized

direction-distance action space. By employing reinforcement learning alongside supervised

pretraining, the model optimizes long-horizon graph generation through outcome-level re-

wards that bypass the limitations of imperfect intermediate supervision. TraversRL con-

sistently exceeds the performance of segmentation-based baselines, with RL fine-tuning

significantly enhancing both geometric IoU and traversability. While global rewards elevate

overall graph quality across diverse settings, local stepwise rewards refine edge placement

and recover subtle missing paths. Additionally, RL produces cleaner, sparser graphs by

pruning redundant branches without compromising traversability. Ultimately, this chap-

ter proves that high-quality pathway generation depends on reconstructing the functional

network structure required for navigation, rather than merely identifying visible surfaces.

The generation of high-fidelity pathway graphs also introduces several potential risks.

(1) Navigation and accessibility failures. Hallucinated sidewalk links or crossing segments

can lead routing systems to recommend unsafe or impossible paths. Conversely, missing

curb connections or walkway segments may remove genuinely traversable areas from the

dataset and make accessibility appear worse than it actually is. (2) Informal paths mis-

taken as official infrastructure. The model may incorrectly treat desire paths, or informal

trails created by repeated foot traffic, as official pedestrian infrastructure. Presenting these

paths as legitimate sidewalks without validation could create legal, safety, and liability risks

for planning agencies. Given these risks, generated pathway graphs should be treated as

preliminary outputs, not authoritative records. Future deployment should include targeted

validation procedures for safety-critical and accessibility-critical systems.
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Chapter 7

CONCLUSION

High-quality urban data are fundamental to urban analysis, planning, and decision-

making. Cities are increasingly studied through spatio-temporal records, aerial imagery,

and graph-structured infrastructure data. Yet the usefulness of these resources depends not

only on their availability, but also on their quality. In practice, urban datasets are often too

coarse, incomplete, inconsistent across sources, or insufficiently faithful to the real-world

systems they are meant to describe. These limitations constrain what can be measured,

modeled, integrated, and acted upon by practitioners. This dissertation has argued that

high-quality urban data are a prerequisite for reliable and equitable urban analytics, and

that improving urban data quality requires targeted methods designed around the specific

deficiencies, structures, and intended uses of the data. It studies four complementary di-

mensions of urban data quality: granularity, coverage, coherence, and fidelity. Together,

these dimensions provide a framework for understanding different ways urban data can fall

short and for developing methods that address the specific limitations of each data source.

7.1 Summary of the Dissertation

Chapter 3 addressed granularity through the problem of spatio-temporal disaggregation.

Many urban datasets are released only in aggregated form, often for privacy or publica-

tion reasons, which reduces their utility for fine-scale analysis. To address this limitation,

the chapter introduced the Structurally-Aware Recurrent Network (SARN), a model that

combines structurally-aware spatial attention with recurrent temporal modeling to recover

fine-resolution signals from coarse irregular regions. The results showed that SARN more

accurately reconstructs fine-grained urban dynamics than strong baseline methods and that

the recovered outputs retain practical value for downstream urban modeling tasks.

Chapter 4 addressed coverage through zero-shot annotation of underrepresented built-
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environment features from aerial imagery. Many transportation-relevant and accessibility-

relevant features remain absent from urban datasets not because they are unimportant, but

because they are expensive to annotate and rarely supported by labeled training data. To

address this limitation, the chapter developed a modular annotation pipeline that combines

class-agnostic segmentation, heuristic candidate filtering, and Set-of-Mark prompting for

a vision-language model. The results showed that direct prompting is ineffective, while

structured prompting over segmented candidates substantially improves annotation quality.

Chapter 5 addressed coherence through spatial data integration. Urban data are often

assembled from heterogeneous sources that differ in representation, geometry, or collection

practice. Chapter 5 studied whether large language models can assist with two core integra-

tion tasks: spatial join and spatial union. The results showed that plain prompting is not

sufficient for these tasks, largely because models struggle to derive the necessary computa-

tional geometry from natural-language descriptions and raw coordinates alone. However,

when provided with interpretable geometric features, the models became more effective

at making context-sensitive matching decisions. The review-and-refine prompting strategy

further improved weak initial answers while preserving strong ones.

Chapter 6 addressed fidelity through pedestrian pathway generation. For pedestrian

routing, accessibility analysis, and mobility planning, it is not enough for generated data

to look visually plausible. The resulting graph must faithfully represent both the geometry

and the traversable connectivity of the real built environment. The chapter introduced

TraversRL, a vision-conditioned iterative graph generator that constructs pedestrian path-

way networks from aerial imagery and improves them through reinforcement learning ob-

jectives aligned with graph-level geometric overlap and traversability. The results showed

that TraversRL consistently improves over a strong segmentation-based baseline and that

reinforcement learning further improves both graph quality and routability.

Taken together, these four studies support the central claim of the dissertation: high-

quality urban data are a prerequisite for reliable and equitable urban analytics, and improving

urban data quality requires targeted methods designed around the specific deficiencies, struc-

tures, and intended uses of the data.



109

7.2 Cross-Cutting Insights

Several broader insights emerge across the four chapters. First, improving urban data

quality can involve both refining existing data and producing new data representations. The

common goal is not generic data generation, but targeted improvement for specific analytical

needs. Disaggregation recovers fine-scale structure from coarse releases. Annotation creates

records for previously unmapped infrastructure features. Integration reconciles fragmented

sources into a more coherent view. Pathway generation constructs graph representations

from imagery. Together, these studies show that high-quality urban data often require

task-specific methods that address both input limitations and intended downstream use.

Second, different data quality problems require different modeling strategies. Chapters

3 and 6 use specialized neural architectures because their tasks involve strong structural

constraints and domain-specific outputs. Chapters 4 and 5 use foundation models because

their tasks benefit from flexibility, prompting, and low-label adaptation. This contrast

shows that computational methods in the urban domain should not be organized around

one preferred model family. Instead, model choice should be driven by the structure of the

data problem, the available supervision, and the nature of the desired output.

Third, strong performance depends on structured intermediate information. Across

the dissertation, methods perform better when intermediate cues make the relevant urban

structure more explicit. SARN uses containment relationships and spatial interactions. The

annotation pipeline uses segmentation, filtering, and candidate marking. The integration

framework uses geometric features rather than raw coordinates alone. TraversRL uses local

stepwise rewards during graph generation. Together, these findings show that models benefit

from cues, constraints, or feedback signals that reflect the structure of the problem.

Fourth, evaluation should match the intended use of the improved data. Data quality

cannot be reduced to one universal metric. Granularity matters when the goal is to re-

cover fine-scale dynamics. Coverage matters when important features are missing from the

digital record. Coherence matters when multiple sources need to be reconciled. Fidelity

matters when network data must preserve functional connectivity. A useful evaluation must

therefore ask what the data are meant to support.
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7.3 Limitations & Future Directions

Although this dissertation demonstrates that urban data quality can be improved through

targeted computational methods, each study also has limitations. These limitations clarify

where the proposed methods work well, where they remain constrained, and what future

work is needed to make them more general, scalable, and reliable.

For Chapter 3, the main limitations concern geographic structure, temporal resolution,

and transferability. The disaggregation framework was evaluated on geographic levels with

clear containment relationships, where each finer unit belongs to a coarser unit. This is

an important setting, but many real spatial datasets involve overlapping, changing, or mis-

aligned boundaries. Future work should test whether structurally aware disaggregation can

extend to these more complex geographic relationships. The chapter also focused on hourly

counts, leaving open how the method performs at finer temporal resolutions, where local

variation may be stronger. In addition, the transfer experiments were limited to related

settings within the same city and domain. Future work should examine transfer across

cities and across urban variables with different dynamics.

For Chapter 4, the main limitations come from the pipeline’s dependence on candidate

quality, heuristic filtering, and current vision-language model capabilities. The annotation

framework depends heavily on the segmentation and filtering stages. If SAM misses a

target feature or merges it with nearby objects, the VLM may not be able to correct the

error. The current filtering rules also require some feature-specific design, which limits how

fully automated and general the pipeline is. Future work should improve both candidate

generation and selection. One direction is to use remote-sensing-specialized segmentation

models that are more robust to shadows, occlusion, small objects, and visually ambiguous

markings. Another direction is to develop more principled candidate-ranking or pruning

methods so that the pipeline depends less on manually designed heuristics. More broadly,

the pipeline should be evaluated across more cities, imagery sources, and feature types.

For Chapter 5, the main limitation is that LLMs still need structured geometric infor-

mation to perform spatial integration reliably. The experiments show that they can make

useful spatial join and spatial union decisions when given features such as distance, angle,



111

and overlap. However, they perform much worse when asked to reason from raw coordinates

and natural-language instructions alone. This means the current approach still depends on

conventional spatial computation to provide geometric evidence before the LLM makes the

final decision. Future work should reduce this dependence by improving the geospatial rea-

soning ability of foundation models. This could include post-training on spatial matching

tasks or agentic approaches in which models call external tools to compute spatial rela-

tionships when needed. The current study also focuses on a limited setting: spatial joins

and unions over GeoJSON LineStrings. Future work should test other geometry types,

spatial formats, and integration problems, including points, polygons, rasters, inconsistent

schemas, and more complex conflation tasks.

For Chapter 6, the main limitations concern deployment realism, scale sensitivity, and

graph coverage. TraversRL is evaluated in a controlled setting where each rollout starts

from a node on the ground-truth graph. This is useful for studying graph expansion, but

it is not realistic for deployment, where the system would need to choose starting locations

directly from imagery. Future work should therefore develop practical seeding methods,

such as lightweight detectors that identify likely pathway locations. The method also uses

fixed crop inputs, which may make it sensitive to changes in image scale, pathway width, and

scene extent across cities. Future work should explore scale-aware inputs, such as adaptive

crop sizes, multi-scale image context, or resolution conditioning. In addition, the current

rollout process is better suited to connected graph components than to pathway systems with

multiple disconnected parts. Future work should study multi-start generation strategies that

identify unexplored regions and recover disconnected components more systematically.

Across all four studies, a shared deployment concern is that improved urban data can

create risks when used without appropriate validation. The methods in this dissertation

can make urban data more useful, but they can still produce errors, and those errors may

affect downstream applications. Future systems should therefore not only produce improved

datasets, but also communicate uncertainty, support calibration, and identify where human

validation is most needed. This is especially important for public-facing or safety-critical

applications such as mapping, routing, infrastructure assessment, and planning support.
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7.4 Final Remarks

In pursuit of high-quality urban data, this dissertation has argued that high-quality urban

data are a prerequisite for reliable and equitable urban analytics. Urban data are not simply

inputs to models or planning workflows. They shape what can be observed, measured and

acted upon. When data are too coarse, incomplete, inconsistent, or structurally inaccurate,

even strong analytical models can produce limited or misleading results.

The dissertation has also argued that improving urban data quality requires targeted

methods designed around the specific deficiencies, structures, and intended uses of the data.

No single approach can address all urban data problems. Instead, different quality concerns

require different methods: some recover missing detail, some expand feature coverage, some

reconcile heterogeneous sources, and some preserve functional network structure. Across

granularity, coverage, coherence, and fidelity, the studies in this dissertation show that urban

data can be meaningfully improved when the method is aligned with the data problem.

The broader contribution of this work is therefore to shift attention from treating urban

data as fixed inputs toward treating urban data quality as a central object of research.

Improved data cannot replace careful measurement, documentation, or human oversight,

but it can make urban datasets more useful, informative, and actionable. As cities continue

to rely on data-driven systems for planning, accessibility, and decision support, developing

methods for high-quality urban data will become increasingly important.
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based regression model to study the air quality at local scale in oviedo urban area

(northern spain): A case study. Applied Mathematics and Computation, 219(17):8923–

8937, 2013.

[184] Ali Yadavar Nikravesh, Samuel A Ajila, Chung-Horng Lung, and Wayne Ding. Mobile

network traffic prediction using mlp, mlpwd, and svm. In 2016 IEEE International

Congress on Big Data (BigData Congress), pages 402–409, , 2016. IEEE, .



136

[185] Huan Ning, Xinyue Ye, Zhihui Chen, Tao Liu, and Tianzhi Cao. Sidewalk extraction

using aerial and street view images. Environment and Planning B: Urban Analytics

and City Science, 49(1):7–22, 2022.

[186] Changan Niu, Chuanyi Li, Vincent Ng, Jidong Ge, Liguo Huang, and Bin Luo. Spt-

code: Sequence-to-sequence pre-training for learning source code representations. In

Proceedings of the 44th international conference on software engineering, pages 2006–

2018, 2022.

[187] John S O’Meara, Jared Hwang, Zeyu Wang, Michael Saugstad, and Jon E Froehlich.

Rampnet: A two-stage pipeline for bootstrapping curb ramp detection in streetscape

images from open government metadata. In Proceedings of the IEEE/CVF Interna-

tional Conference on Computer Vision, pages 6656–6665, 2025.

[188] OpenAI. GPT-4 technical report. arXiv preprint arXiv:2303.08774, 2023.

[189] OpenAI. GPT-4V(ision) system card. System card, 2023.

[190] Kun Ouyang, Yuxuan Liang, Ye Liu, Zekun Tong, Sijie Ruan, Yu Zheng, and David S

Rosenblum. Fine-grained urban flow inference. IEEE transactions on knowledge and

data engineering, 34(6):2755–2770, 2020.

[191] Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida, Carroll Wainwright, Pamela

Mishkin, Chong Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, et al. Training

language models to follow instructions with human feedback. Advances in neural

information processing systems, 35:27730–27744, 2022.

[192] Madhurima Panja, Tanujit Chakraborty, Anubhab Biswas, and Soudeep Deb. E-

stgcn: Extreme spatiotemporal graph convolutional networks for air quality forecast-

ing. arXiv preprint arXiv:2411.12258, 2024.

[193] Vincent Perot, Kai Kang, Florian Luisier, Guolong Su, Xiaoyu Sun, Ramya Sree

Boppana, Zilong Wang, Zifeng Wang, Jiaqi Mu, Hao Zhang, Chen-Yu Lee, and Nan



137

Hua. LMDX: Language model-based document information extraction and localiza-

tion. In Findings of the Association for Computational Linguistics: ACL 2024, pages

15140–15168, Bangkok, Thailand, 2024. Association for Computational Linguistics.

[194] Darius Peteleaza, Alexandru Matei, Radu Sorostinean, Arpad Gellert, Ugo Fiore,

Bala-Constantin Zamfirescu, and Francesco Palmieri. Electricity consumption fore-

casting for sustainable smart cities using machine learning methods. Internet of

Things, 27:101322, 2024.

[195] Aida Mehdipour Pirbazari, Ekanki Sharma, Antorweep Chakravorty, Wilfried Elmen-

reich, and Chunming Rong. An ensemble approach for multi-step ahead energy fore-

casting of household communities. IEEE Access, 9:36218–36240, 2021.

[196] Yanlin Qi, Qi Li, Hamed Karimian, and Di Liu. A hybrid model for spatiotemporal

forecasting of pm2. 5 based on graph convolutional neural network and long short-term

memory. Science of the Total Environment, 664:1–10, 2019.

[197] Hanchen Qiu, Haojia Zhu, Zhicheng Li, and Jiahui Jin. Mrg-ser: Self-supervised

spatial entity resolution based on multi-relational graph. Proceedings of the VLDB

Endowment. ISSN, 2150:8097, .

[198] Yue Qiu, Xuesheng Zhao, Deqin Fan, and Songnian Li. Geospatial disaggregation

of population data in supporting sdg assessments: A case study from deqing county,

china. ISPRS Int. J. Geo Inf., 8:356, 2019.

[199] Alec Radford. Improving language understanding by generative pre-training. , 2018.

[200] Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini

Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learn-

ing transferable visual models from natural language supervision. In International

conference on machine learning, pages 8748–8763. PMLR, 2021.

[201] Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sand-

hini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen



138

Krueger, and Ilya Sutskever. Learning transferable visual models from natural lan-

guage supervision. In Proceedings of the 38th International Conference on Machine

Learning, volume 139 of Proceedings of Machine Learning Research, pages 8748–8763.

PMLR, 2021.

[202] Alec Radford, Jeffrey Wu, Rewon Child, David Luan, Dario Amodei, Ilya Sutskever,

et al. Language models are unsupervised multitask learners. OpenAI blog, 1(8):9,

2019.

[203] Rafael Rafailov, Archit Sharma, Eric Mitchell, Christopher D. Manning, Stefano Er-

mon, and Chelsea Finn. Direct preference optimization: Your language model is

secretly a reward model. In Advances in Neural Information Processing Systems,

volume 36, 2023.

[204] Jasim M Rajab, MZ MatJafri, and HS Lim. Combining multiple regression and

principal component analysis for accurate predictions for column ozone in peninsular

malaysia. Atmospheric Environment, 71:36–43, 2013.

[205] Giridhar Kaushik Ramachandran, Yujuan Fu, Bin Han, Kevin Lybarger, Nicholas J
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