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ABSTRACT

In recent years, the landscape of machine learning has been reshaped by
the incorporation of multi-sourced, multimodal data, reflecting a concerted
effort to attain a more holistic understanding of a given task. Specifically,
the shift from single-modal to multimodal learning has emerged as a
promising direction for emulating the human capacity to understand the
world through a diversity of senses (e.g., vision, hearing, taste, smell, and
touch).

This multimodal approach not only enables models to process and in-
terpret various modalities of data, but also enriches their capacity to extract
intricate patterns and produce more informed outcomes. Moreover, from
both theoretical and practical perspectives, the evolution of multimodal
learning can be further fueled by the integration of spatial knowledge,
which is a distinctive and critical component of human cognition that can
provide machine learning models with a deeper understanding of the
spatial context and relationships between entities in their environment.

Therefore, this dissertation aims to develop a foundational multimodal
learning framework strengthened by spatial knowledge. The significance
of this framework will be demonstrated by its validity in strengthening
multimodal foundation models (MFMs) with a stronger capability for
various geospatial applications (e.g., image geo-localization, urban mixed
land use detection, and urban perception prediction), by establishing
high-quality, large-scale, geospatial multimodal datasets as benchmarks to
evaluate their zero-shot performances, as well as integrating the techniques
of spatial-context prompt tuning and spatially explicit contrastive learning
to eventually develop geospatial artificial intelligence empowered MFMs
(GeoAl MFMs).



1 INTRODUCTION

In the evolving field of machine learning, the pursuit of more sophis-
ticated, accurate, and intelligent models has led researchers to explore
beyond traditional approaches, e.g., single-modal learning. In light of this
trend, this dissertation positions itself at the forefront of this evolution,
aiming to bridge the gap between conventional single-modal learning ap-
proaches and more advanced multimodal learning paradigms. Specifically,
to achieve an enhanced performance in various geospatial applications,
this dissertation intends to study the integration of multimodal learning
and spatial knowledge. This innovative combination is designed to mimic
the human ability to interpret the world through multiple senses, thereby
enabling machine learning models to achieve a more comprehensive un-
derstanding of our built environment. The exploration of integrating
spatial knowledge into a foundational multimodal learning framework is
not only academically intriguing, but also holds substantial potential for
enhancing practical applications, particularly in the realm of geospatial
analytics, marking a pivotal shift that promises to improve the interpreta-
tive power and applicability of machine learning models for geospatial
applications.

Overall, this dissertation aims to explore and establish a foundational
framework for multimodal learning, augmented with spatial knowledge.

Primary objectives include:

e Developing an essential multimodal learning framework that inte-
grates spatial knowledge effectively as well as demonstrating the
enhanced capabilities of such a framework in various geospatial ap-
plications, such as image geo-localization, urban mixed land use

detection, and urban perception prediction;

e Establishing benchmark datasets by curating high-quality, large-scale



geospatial multimodal datasets for training, evaluating, and testing

multimodal foundation models in geospatial analytics;

e Addressing the current challenges and limitations in multimodal
learning through innovative spatial context prompt tuning and spa-

tially explicit contrastive learning;

e Contributing to the theoretical and practical knowledge base in
the integration of multimodal learning and spatial knowledge, and
thus shedding light on developing geospatial artificial intelligence
(GeoAl) multimodal foundation models in the future.

1.1 The Rise of Multimodal Learning

Traditional machine learning models have primarily operated in single-
modal learning, relying on a single data source for model training and
driving the decision-making process (Huang et al., 2021). However, the
world we aim to simulate is inherently multifaceted, with rich and diverse
sensory cues that contribute to human perception and cognition (Mathias
and von Kriegstein, 2023). The strength of multimodal learning lies in its
design of fusing information from various sources (e.g., images, videos,
text, and audio), which can potentially unlock a more in-depth level of
learning and interpreting the intricate patterns of input. Specifically, mul-
timodal learning, similar to the human learning process, incorporates
a diversity of sensory modalities (e.g., vision, hearing, taste, smell, and
touch) and thus can gain an enhanced comprehension of input to increase
the accuracy, reliability, and comprehensiveness of the model outcomes in
different tasks. By examining each data modality, multimodal learning can
unravel the multifaceted dimensions of a given task, uncovering complex
relationships between a wide range of tangible entities and conceptual

dimensions (Ramachandram and Taylor, 2017), which are ubiquitous in



geospatial applications and beyond. Furthermore, integrating multiple
data modalities can improve the robustness and generalization capabilities
of machine learning models, particularly in scenarios with limited or noisy
data, and thus can enable models to mitigate biases, handle ambiguities,
and adapt to new domains more effectively (Qiu et al., 2022).

For example, Verma et al. (2019) used a smartphone-based camera
and a handheld recorder to manually and simultaneously collect visual
and auditory datasets on urban streets, and discovered that the extracted
attributes from both modalities are useful for predicting greenness (i.e.,
tree cover), openness (e.g., buildings and sky), and sound classification
(e.g., ambient road noise, birds, crowd, vehicle passing, and silence).
Later, a follow-up study using the same visual and auditory datasets by
Verma et al. (2020) derived a survey of eight auditory attributes (pleasant,
chaotic, vibrant, uneventful, calm, monotonous, eventful, and annoying)
(Axelsson et al., 2010; Kang et al., 2018a) and six perceptional attributes
(safety, lively, beautiful, wealthy, depressing, and boring) (Dubey et al.,
2016), and discovered that for auditory attributes, the sound of birds is
perceived as pleasant and calm, while the sound of the crowd is observed
to be chaotic, vibrant, and eventful. For visual attributes, the liveliness
of the scene showed a positive correlation with the presence of markets,
advertisement billboards, pedestrians, colors, and overall diversity of the
scene, while beautifulness and wealthiness showed negative associations
with the presence of markets and slums and positive associations with the
presence of plazas, cars, nature, and greenery. In addition, the presence
of slums and the absence of trees are perceived as depressing and boring,
whereas markets have the opposite effect. Thus, with multimodal datasets,
more comprehensive urban analytics can be achieved.

In recent years, the impressive ability of Large Language Models (LLMs),
such as OpenAl's GPT-4V ! and DALL-E-3 ?, Microsoft’s BEiT-3 (Wang

https://openai.com/gpt-4
Zhttps:/ /openai.com/dall-e-3



et al., 2022), and Google’s PaLI-3 (Chen et al., 2023), for image reasoning,
and the photo-realistic images generated by Diffusion Models, e.g., image
super resolution results produced by the Latent Diffusion Model (Rom-
bach et al., 2022) and image inpainting results produced by RePaint (Lug-
mayr et al., 2022), have marked a significant milestone in the evolution of
multimodal Generative Al. These models, with billions of parameters and
trained on vast multimodal datasets, are often referred to as Multimodal
Foundation Models (MFMs). For instance, in the field of text-conditioned
visual generation, prominent examples include DALL-E-3, Stable Diffu-
sion (Rombach et al., 2022), Imagen (Saharia et al., 2022), and Parti (Yu
et al., 2022). Later, building on the success of text-to-image generation
models, text-to-video generation models generate videos based on text
prompts, such as Imagen Video (Ho et al., 2022), Make-A-Video (Singer
et al., 2022), and OpenAl’'s SORA?®. They have captured the public’s imag-
ination across industries, sparking a notably increasing interest in their
potential applications. Thus, moving away from the traditional method
of creating artificial intelligence (AI) models for specific purposes, more
researchers now focus on crafting extensive and versatile models that are
pre-trained on enormous data in different modalities. These models can be
later tailored to a wide range of tasks through fine-tuning (e.g., few-shot
learning (Wang et al., 2020) ) or even zero-shot learning (Xian et al., 2018).

Despite these enriching findings attained by multimodal learning meth-
ods, integrating multimodal data requires careful consideration of data
quality, compatibility in space and time, as well as potential biases among
different areas and population groups (Boehm et al., 2022). Additionally,
ethical considerations surrounding data privacy, ownership, and trans-
parency must be addressed before applying multimodal data to model
training (Katal et al., 2013). For example, this dissertation has collected
geospatial images (e.g., street view images, satellite images, and map tiles)

3h’ctps: //openai.com/sora



from open-source platforms across the globe, representing a large-scale

spatial coverage that is evenly distributed among populated urban areas.

1.2 A Plus from Spatial Knowledge Integration

While multimodal learning offers the promise of synthesizing diverse
data streams, the incorporation of spatial knowledge may amplify its
potential even further. Existing studies have shown that by integrating
spatial knowledge, machine learning models are empowered to reason
about spatial locations, proximity, and context (Janowicz et al., 2020).

For example, in the field of environmental studies, to address the spa-
tial non-stationarity of the relationships between PM2.5 concentrations
and predictor variables such as aerosol optical depth and meteorological
conditions, Zhan et al. (2017) developed a novel machine learning algo-
rithm, i.e., Geographically-Weighted Gradient Boosting Machine Learning,
by building spatial smoothing kernels to weigh the loss function. Similarly,
Van Dao et al. (2020) achieved a significant improvement in landslide sus-
ceptibility prediction by using a spatially explicit neural network model.
Moreover, Li et al. (2021a) developed a spatially explicit deep learning
model referencing Tobler’s first law of geography for weakly supervised
terrain feature detection.

Furthermore, in the field of urban analytics, a review of spatially ex-
plicit GeoAl applications by Liu and Biljecki (2022) revealed that graph
neural networks are promising solutions to incorporate spatial information,
with challenges identified as data, scale, modifiable areal unit problem
(MAUP), and lack of interpretation. As an instance, Liu et al. (2023b)
proposed a spatially explicit GeoAl method that combines a graph convo-
lutional network and extracted spatial information for the tasks of traffic
volume prediction and population estimation. Additionally, Credit (2022)

found that the inclusion of spatial lag parameters improved machine learn-



ing model accuracy in predicting post-construction employment density
around newly built transit stations.

Yet, a disheartening fact is that most state-of-the-art multimodal foun-
dation models still struggle with certain specialized, intricate, or abstract
tasks, especially in the geospatial analytics domain (e.g., satellite image
scene classification), partially due to data bias, meaning that their vast pre-
training samples rarely contain geospatial multimodal datasets or specify
the spatial context (e.g., geo-location) of visual features (Radford et al.,
2021).

1.3 Research Challenges and Research

Questions

To sum up, exciting opportunities have been rising due to the integration
of spatial knowledge with multimodal learning (Janowicz et al., 2020),
and many initial attempts have been made in geospatial applications (Liu
and Biljecki, 2022). However, there have been insufficient endeavors in cu-
rating large-scale, multimodal geospatial datasets (e.g., geospatial image-
text pairs worldwide) for training, fine-tuning, or evaluating MFMs “Of
GeoAl, By GeoAl, For GeoAL” This dilemma has also led to a lack of effort
in benchmarking their performances on various geospatial applications.
Therefore, the first step of this dissertation will focus on evaluating and
benchmarking the performances of state-of-the-art MFMs (e.g., GPT-4V)
on a wide range of applications in urban informatics, particularly via zero-
shot learning. In this way, we can also effectively and efficiently obtain
high-quality, large-scale, multimodal geospatial datasets for developing
GeoAlI MFMs as the ultimate goal.

Second, inspired by the progress achieved by spatial knowledge inte-
gration with machine learning, it is expected that multimodal learning
likely benefits from several key modifications and optimizations, especially



involving the usage of MFMs for geospatial applications. Practically, these
MFMs can be more competitive by leveraging spatial context, extracted
from geospatial multimodal datasets, to guide the process of model fine-
tuning or training. For example, incorporating text-based spatial contexts
into image classification models has improved the accuracy of popular
deep learning models on place type classification (e.g., restaurants, hotels,
and museums) based on images by over 40% (Yan et al., 2018). Similarly,
for zero-shot remote sensing scene classification, the locality-preservation
deep cross-modal embedding networks (Li et al., 2021b) have been proven
to outperform state-of-the-art methods, by employing transformer-based
large language models (e.g., BERT (Devlin et al., 2018)) to extract semantic
embeddings from expert-defined text descriptions for each scene class
(e.g., river, lake, and wetland). Moreover, for zero-shot mixed land use
detection, integrating street view images with spatial context-aware land
use descriptions through vision-language multimodal learning can sig-
nificantly outperform traditional vision-based methods and accurately
capture the multiple functionalities of the ground features, benefiting from
the incorporation of spatial context-aware prompts where the geographic
scale of geo-locations matters (Wu et al., 2023).

Third, most MFMs are not spatially explicit regarding the design of their
(pre-)training phrase (Janowicz et al., 2020). However, by highlighting
spatially explicit features extracted from geospatial input (e.g., encoding
the geo-locations as a type of spatial context embeddings, or fine-tuning
model parameters based on geospatial image-text pairs instead of generic
datasets), many studies have witnessed enhanced model performance
across various geospatial applications (Janowicz et al., 2020). In fact, this
potential could further enlighten the development of GeoAl MFMs.

To address the above limitations with the proposed ideas, three re-
search questions (RQs) are raised and three corresponding research activ-
ities (RAs) are conducted:



e RQ-1: How are MFMs’ performances on geospatial image reason-
ing? To answer this question, this dissertation proposes the research
activity #1 (RA-1): Towards Zero-shot Learning of MFMs, e.g.,
Contrastive Language-Image Pretraining (CLIP) (Radford et al.,
2021) and GPT-4V (Achiam et al., 2023), aiming to establish bench-
marks of their zero-shot performances on geospatial image reason-
ing. To encompass a diverse range of geospatial tasks, experiments
of zero-shot learning will concentrate on three tasks using various
geospatial datasets, including: (1) geo-localizing different types of
global spatial images, such as street view images (SVI), satellite
images, and map tiles; (2) urban mixed land use detection based
on SVI; and (3) urban perception prediction of safety, wealthiness,
beauty, depression, etc., based on SVI. In addition, the description,
including the spatial context of a given geospatial image, can be later
paired with the image and assembled as good-quality, large-scale,
vision-language geospatial datasets for developing GeoAl MFMs,
offering comprehensive comparisons, assessments, and insights of

fine-tuning MFMs on a wide range of geospatial applications.

e RQ-2: Will multimodal learning perform better with spatial con-
text added to prompts? To answer this question, this dissertation
proposes the research activity #2 (RA-2): Towards Spatial-context
Prompt Tuning on MFMs, which develops novel, GPT-4V aug-
mented spatial-context prompt tuning methods applicable to MFMs.
Experiments, also focusing on the three geospatial tasks mentioned
in RA-1, will be conducted via three types of prompt comparisons:
no prompt (e.g., the original MFM without prompt tuning), prompts
with non-spatial context (e.g., generic image captions), and prompts
with spatial context. In particular, the description of spatial context
is categorized into five main types: (1) geo-localization, including
clues and key features about geo-localization at different scales; (2)



spatial patterns, including detected objects and their spatial patterns
as well as urban structure and spatial patterns; (3) Land use/land
cover (LULC), including fine-grained (mixed) land use(s) descrip-
tion and coarse-grained LULC description; (4) urban perception
description regarding safety, wealthiness, beauty, etc.; and (5) urban
development, including urban growth description and prediction
over 10 years (from 2014 to 2023). Experimental results will reveal
the effect of each spatial context type on the advancement or dete-
rioration in model performance towards the three tasks, and thus
can contribute to the development of prompt tuning on MFMs for

geospatial analytics.

RQ-3: Will GeoAI MFMs outperform generic MFMs? In response,
this dissertation proposes the research activity #3 (RA-3): Towards
GeoAl Multimodal Foundation Models (GeoAl MFMs), which
intends to develop a GeoAl vision-language foundation model by
training and evaluating CLIP with over 150k pairs of high quality
and large-scale (geo-image, geo-text) curated by GPT-4V. Specifically,
the proposed model will integrate spatial context into its text em-
beddings, which is illuminated in RA-2, and then CLIP’s pre-trained
image encoder and text encoder will be fine-tuned contrastively
based on geospatial image-text pairs curated in RA-1. This will en-
able the proposed model to learn the spatial context of the pairwise
geospatial images and text, and thus to use it as an additional consid-
eration for determining the similarity between the textual and visual
representations. The effectiveness of the proposed spatially explicit
contrastive learning method will be compared with the one of the
vanilla baseline (e.g., the original CLIP) and evaluated on the three
tasks in RA-1, and therefore can showcase the capabilities of GeoAl
MFMs extended to incorporate location-based reasoning, spatial

context understanding, geospatial semantics, and human perceptual
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indications in urban areas.

1.4 Dissertation Structure

The dissertation is structured to provide a logical and thorough exploration
of a foundational multimodal learning framework with spatial knowledge.
Following this introductory chapter, Chapter 2 will delve into the theo-
retical and methodological underpinnings of multimodal learning. The
subsequent three chapters will start with the evaluation of the current
MEMs’ effectiveness on geospatial image reasoning (Chapter 3), as well as
the significance of leveraging spatial knowledge in multimodal learning
for each of the three tasks via spatial-context prompt tuning and spatially
explicit contrastive learning (Chapters 4 and 5, respectively). This disserta-
tion will then close with a comprehensive conclusion of the pros and cons
of the current GeoAI MFMs’ development and an in-depth discussion of
future directions (Chapter 6).
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2 THE SPATIAL KNOWLEDGE ENABLED MULTIMODAL

LEARNING FRAMEWORK AND BUILDING BLOCKS

The field of machine learning has undergone remarkable changes with
the introduction of Multimodal Foundation Models (MFMs). These ad-
vanced models are at the forefront of Al research, with the ability to
process, interpret, and generate content across different modalities, in-
cluding text, audio, images, and video. Thus, this dissertation proposes
novel approaches to harness the power of MFMs for boosting their power
to support geospatial applications. More specifically, I intend to develop
a foundational multimodal learning framework that incorporates spatial
knowledge, thereby leveraging the capabilities of geospatial technolo-
gies. This framework will utilize multimodal geospatial datasets (RA-1),
employ methods for feature extraction and embedding across different
data modalities (RA-2), and leverage advanced multimodal learning al-
gorithms and techniques (RA-3), demonstrated in Figure 2.1. Among
these advancements are the state-of-the-art MFMs and cutting-edge self-
supervised learning algorithms (e.g., contrastive learning). The ultimate
goal is to significantly improve geospatial applications and contribute to
the development of GeoAI MFMs. The following sections will start with
the introduction of the proposed framework, followed by the elaboration

of each of these core components.

2.1 A Foundational Multimodal Learning
Framework Enhanced by Spatial Knowledge

This dissertation will investigate the realm of multimodal learning en-
riched by spatial knowledge, which is exemplified as spatial context ex-
tracted from images and expressed in text. In particular, by utilizing
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Figure 2.1: A foundational multimodal learning framework with spatial
knowledge.

geospatial image-text pairs, a foundational multimodal learning frame-
work with spatial knowledge (Figure 2.1) will be demonstrated via zero-
shot learning, spatial-context prompt tuning, and spatially explicit con-
trastive learning on state-of-the-art MFMs (e.g., CLIP by Radford et al.
(2021)), along with spatial context augmented by GPT-4V.

Building on this understanding, the integration of spatial knowledge
into MFMs further enhances their ability to interpret and respond to the
complexities of real-world environments. This approach leverages the
intrinsic multi-sensory nature of human perception, which is crucial for
navigating and understanding spatial contexts. In fact, the inception of
multimodal learning was driven by the fact that real-world phenomena
are inherently multi-sensory. The combination of different data streams,
such as images, text, audio, and videos, allows models to mimic human
capacity for a more holistic comprehension of a given task (Lu et al,,
2022). Traditional machine learning methods, constrained by single-modal
data or model architectures, struggle to encapsulate the richness of all

relevant input in different modalities. On the contrary, the evolution of
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multimodal learning traces its roots from data fusion approaches to the
utilization of deep learning neural networks or transformers that apply
the contrastive learning algorithm to process varied modalities. This
multimodal learning practice examines how the synthesis of multimodal
data can enhance model robustness and produce more comprehensive
perspectives on the input. Moreover, the textual inclusion of spatial context
within this multimodal learning framework can potentially introduce an
even more enriching layer of understanding, enabling machines to grasp
the geo-locations, spatial relationships, and/or local characteristics of the
identified objects in both images and text.

The theoretical underpinnings lie in the fact that the inclusion of spatial
context may further introduce a novel dimension that extends textual un-
derstanding in the process of multimodal learning. Humans intrinsically
understand the natures and associations of entities, events, and concepts,
partially by perceiving the explicit or implicit spatial context reflected by
text. Thus, the adaptation of spatial context in textual input highlights
its pivotal role in multimodal learning for enabling models to infer more
intricate and meaningful relationships implied in the input, by enhancing
their ability to learn the spatial context that can associate relevant entities
captured in different modalities.

CLIP, as discussed in previous sections, is open-source and well-known
for its ability to bridge the gap between textual descriptions and visual
content via contrastive learning, through its pre-training on more than 400
million pairs of online images and their corresponding textual descrip-
tions. With an enriched understanding of the content in both modalities,
CLIP excels in associating images and text based on the similarity of their
embedding space.

Generative Pre-trained Transformer 4 with Vision (i.e., GPT-4V), a
state-of-the-art multimodal model known for its proficiency in image

analysis and text generation, can be instructed to analyze images provided
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by the user, representing one of the most groundbreaking advancements
nowadays. Its integration of varied modalities (e.g., images) into LLMs
has been considered a crucial frontier in Al research and development.
GPT-4V has obtained the visual understanding capability by learning
from an extensive corpus of multimodal data, including images, and thus
demonstrated great potential in multimodal data comprehension.

With visual input of geospatial imagery such as street view images,
satellite images, and map tiles (Section 2.2.1) that reflect various aspects
of urban environments (e.g., buildings, roads, vehicles, pedestrians, green-
ness, urban structure, and their spatial patterns), MFMs are able to in-
terpret and relate textual urban descriptors (e.g., "a bustling city street")
with the associated visual features of urban scenes. In addition, MFMs
potentially perform better via fine-tuning for various urban analytical
applications, including urban image geo-localization, urban mixed land
use detection, and urban perception prediction.

As for the subsequent RAs, RA-1 will first establish benchmarks of
MEFMs’ zero-shot performance on geospatial image reasoning, which can
also facilitate the curation of high-quality, large-scale, geospatial image-
text pairs for spatial-context prompt tuning on MFMs in RA-2 as well as for
developing GeoAI MFMs in RA-3. Next, RA-2 will tailor spatial context-
aware prompts for geospatial images by utilizing the technique of prompt
engineering, while RA-3 will employ the technique of spatially explicit
contrastive learning by fine-tuning both the pre-trained text encoder and
the pre-trained image encoder contrastively based on the curated geospa-
tial image-text pairs. More methodological details will be described in
each of the following RAs.
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2.2 Multimodal Geospatial Datasets

As discussed above, the first component of the proposed framework is
multimodal geospatial datasets. Specifically, vision and language input are
utilized as the two data modalities, where vision input includes geospa-
tial imagery such as street view images, satellite images, and map tile
images, and language input includes both spatial and non-spatial contexts

of geospatial images generated by GPT-4V.

2.2.1 Vision Input: Geospatial Imagery
Street View Images

Among various types of geospatial images, street view imagery stands
out as a vital category, as these images can provide concrete and subtle
visual features in urban environments, particularly from a human vision
perspective, and thus are suitable for multi-modal learning. In addition,
using street view images has become a main research trend (Zemene et al.,
2018; Bansal et al., 2011), as these images have become largely available in
public (Zhang et al., 2018a), and are more likely to be concurrent with tex-
tual descriptions of urban environments, facilitating the training process

of language-image models (Figure 2.2).

Place Pulse 2.0 The Place Pulse 2.0 dataset, introduced by Dubey et al.
(2016), which consists of 110,988 Google Street View images from 56 major
cities across 28 countries worldwide captured between the years 2007 and
2012, will be used as the visual input of the proposed language-image
models. These images were collected with latitude-longitude coordinates
uniformly sampled from grids that are spatially intersected with city
boundaries. The spatial distribution of the images in the Place Pulse 2.0
dataset is shown in the map of Figure 2.3.
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Figure 2.2: The advantages of using street view images for multimodal
learning.

One goal of the creation of this dataset was to quantify the urban
perception of different places around the world based on street views. It
enables researchers in urban analytics to understand how people perceive
urban spaces in terms of six perceptive variables, i.e., safety, liveliness,
boringness, wealthiness, depression, and beauty. Participants in the study
were then asked to view pairs of these images and answer questions related
to urban perceptions, such as "Which place looks safer?" or "Which place
looks more lively?". The responses were compiled to create a quantitative
set of scores that provides insights into the subjective perceptions of urban
environments, which has facilitated the development of machine learning
algorithms that can automatically predict urban perceptions based on
visual cues. Thus, this dataset is a significant contribution to the field of

urban studies, computer vision, and machine learning.

Mapillary Public Dataset Additionally, 193,254 street view images across
430 most populated cities worldwide are also collected as the Mapillary
Public Dataset from the Mapillary API', each geo-located with latitude-
longitude coordinates. The spatial distribution of this Mapillary dataset is

https:/ /www.mapillary.com/developer/api-documentation
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Figure 2.3: Spatial distribution of the street view images in the Place Pulse
2.0 dataset.

shown in the map of Figure 2.4.

One of the key advantages of the Mapillary dataset is that it is global,
covering diverse urban environments worldwide and thus providing a
more encompassing perspective of street views compared with the Place
Pulse 2.0 dataset. Its global scope has supported studies on urban design,
mobility, and accessibility by providing insights into the spatial character-
istics of cities worldwide, bringing implications for policy-making, urban
design, and the development of smart cities.

As crowd-sourced, volunteered geographic information (VGI), the
Mapillary images were contributed by a large community of users who
captured photos of streets and public places using smartphones, cameras,
or other specialized imaging equipment. Therefore, this dataset is also
characterized by its diversity and variability, in terms of geographic re-

gions, urban landscapes, weather conditions, seasons, and times of day.
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Figure 2.4: Spatial distribution of the street view images in the Mapillary
Public Dataset.

Its diversity and variability make it an excellent resource for developing
robust computer vision algorithms capable of generalizing across different
urban environments, which is valuable for the tasks of semantic segmen-

tation, object detection, and depth estimation in urban settings.

Satellite Images

Another common geospatial image type for multimodal learning is satellite
imagery. With its rich detail and comprehensive coverage of the Earth’s
surface, satellite imagery offers an unparalleled perspective on our planet.
Furthermore, when combined with geospatial text, these images may
unlock new potential in the domain of multimodal learning for geospatial
applications (e.g., urban planning and development, disaster response

and management, and environmental monitoring and conservation).
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Figure 2.5: Spatial distribution of the satellite images collected from the
Esri World Imagery Map Server (in 2014 and 2023).

Esri World Imagery Map Server Regarding the resources of large-scale
satellite imagery, the Esri World Imagery Map Server provides an ex-
tensive, open-source collection of high-resolution satellite imagery from
around the globe, which has been widely used in education and research,
offering students and scholars detailed visual data that can enhance their
studies and investigations into geographic and environmental phenomena.

One of the key features of the Esri World Imagery Map Server is its
comprehensive coverage, offering detailed images of every part of the
globe across different scales. This makes it an invaluable resource for
projects that require a global perspective or for conducting analyses across
different geographic regions. Moreover, this resource is updated annually,
ensuring that users have access to the latest views of their areas of interest
as well as the previous views for spatiotemporal change analysis.

In addition, the satellite images from the Esri World Imagery Map
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Server are characterized by their high resolution, which allows for de-
tailed visual inspections of specific sites, including urban areas, natural
landscapes, and infrastructure projects, supporting a wide range of tasks
such as monitoring changes in land uses and urban structures.

Specifically, 23,173 satellite images at different zoom levels (from 11
to 14) across 790 most populated cities worldwide were collected from
the 2023 Esri World Imagery Map Server, each geo-located With latitude-
longitude coordinates. To conduct temporal change analysis over the
recent 10 years, 23,139 images with the same settings in terms of zoom
levels and spatial coverage were also gathered from the 2014 Esri World
Imagery Map Server. The spatial distribution of this satellite imagery
dataset is shown in the map of Figure 2.5.

Map Tile Images

Map tile images, the building blocks of digital maps that piece together
to display detailed geographic information at various scales, may also
find a unique place in the domain of image-text multimodal learning, by
combining with textual data (e.g., geographic annotations, location-based
social media posts, or descriptive map reports). This synthesis allows
for more accurate geographic information retrieval. For instance, when
training Al models to recognize specific landmarks or natural features
from map tiles and associate them with relevant textual descriptions, a
multimodal algorithm can potentially provide more spatial context-aware
responses to queries about geo-locations of the map tiles. Furthermore,
the integration of map tile images with text can potentially aid in map
production and update in the future, by learning the descriptive text of
(the changes of) map tiles. This innovative use of map tile images in
multimodal learning underscores the vast potential of combining visual
and textual data to extract deeper insights into our world’s geography,
enhancing both the accuracy and utility of digital mapping technologies.
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Figure 2.6: Spatial distribution of the map tile images collected from the
OpenStreetMap Raster Tile Server (in 2023).

OpenStreetMap Raster Tile Server OpenStreetMap (OSM) provides a
rich source of map tile images through its servers?, offering a detailed and
dynamic view of the world’s geography. These map tiles are essentially
small, square bitmap images that represent different areas of the world
map at various zoom levels. OSM’s map tiles are particularly valuable
because they are generated from a free, editable, crowd-sourced map of
the world, maintained by a global community of volunteers, who make it
incredibly detailed and up-to-date.

The map tiles from the OSM Raster Tile Server can be used in a wide
range of applications, from web mapping services to mobile apps that
can display and inquire about geographic information. The advantage of
using OSM map tiles lies in their accessibility and the richness of the data

they encapsulate, which includes not just geographical and topographical

Zhttps://tile.openstreetmap.org/z/x/y.png
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information, but also metadata about different locations and landmarks.

Furthermore, the OSM server’s map tile images support various aca-
demic and commercial projects, enabling the analysis of spatial patterns,
infrastructure planning, and the study of urban development trends. Thus,
when used in conjunction with map descriptive text, these images can sig-
nificantly enhance image-text learning applications by providing a visual
and spatial context to textual data, enriching the insights derived from
analyses that combine geographic visualization with natural language
processing.

Specifically, using the same configuration for the satellite imagery
collection, 23,173 map tile images at different zoom levels (from 11 to
14) across 790 most populated cities worldwide were collected from the
2023 OSM Raster Tile Server, each geo-located With latitude-longitude
coordinates. The spatial distribution of this map tile imagery dataset is

shown in the map of Figure 2.6.

2.2.2 Language Input: Generating Spatial and Non-spatial
Context from Geospatial Images through GPT-4V

Given the vision input, there is a need for language input that matches the
geospatial imagery. Note that all global imagery input, including street
view images from the Place Pulse 2.0 dataset and the Mapillary public
dataset, satellite images from Esri, and map tile images from OSM, do not
contain textual descriptions of the urban scene reflected by themselves. To
obtain geospatial image-text pairwise datasets for running the experiments
of prompt tuning in Chapter4 as well as for performing contrastively
training on CLIP to develop a GeoAl language-image foundation model in
Chapter 5, this dissertation will first conduct multiple VQA tasks on GPT-
4V for geospatial image reasoning in Chapter 3, as displayed in Tables 3.1
and 3.2. In return, GPT-4V not only demonstrated remarkable zero-shot
transfer capabilities for the tasks of mixed land use detection (Section 3.4)
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and urban perception prediction (Section 3.5), but also generated both
spatially and non-spatially contextualized textual descriptions for each
image.

As outputs, extensive geospatial image-text pairs have been curated,

split into training and testing sets, and summarized in Table 3.3.

o Place Pulse 2.0 dataset: 8,755 street view images are employed as a
testing set, and each is tagged with its corresponding textual descrip-
tion, containing both non-spatial (e.g., image caption) and spatial
contexts in four specific aspects: (1) urban perception predicted
scores and description, (2) land use detection and reasoning, (3) de-
tected objects and their spatial patterns, and (4) distinctive features

with geo-location clues).

o Esri Satellite Imagery dataset: 4,755 satellite images are employed
as a testing set, and each is also tagged with both non-spatial (e.g.,
image caption) and spatial contexts in five specific aspects: (1) land
use detection and reasoning, (2) land use changes, (3) detected
objects and their spatial patterns, (4) distinctive features with geo-

location clues, and (5) urban growth description and prediction.

e OSM Map Tile dataset: 2,378 map tile images are employed as a
testing set, and each is similarly incorporated with its non-spatial
(e.g., image caption) and spatial contexts in three specific aspects:
(1) land use detection and reasoning, (2) detected objects and their

spatial patterns, and (3) distinctive features with geo-location clues.
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2.3 Multimodal Feature Extraction and
Embedding

With the first component of multimodal geospatial datasets, the next com-
ponent of the proposed framework is multimodal feature extraction and
embedding. In the tapestry of multimodal learning, the threads of differ-
ent data modalities (e.g., text, images, audio, and environmental sensor
records) are intricately woven together, presenting both a challenge and
an opportunity in terms of extracting and embedding these multimodal
features. The quest to understand and leverage multimodal data has led to
significant advancements in feature extraction and embedding techniques.

Multimodal feature extraction and embedding is a sophisticated tech-
nique that stands at the crossroads of multiple disciplines, including
computer vision, natural language processing (NLP), and potentially
geographic information sciences if environmental or geospatial data are
involved. At its core, it seeks to harness the complementary strengths of
data from different modalities, enabling multimodal models to gain an
in-depth understanding of complicated and intricate phenomena.

For text input, the analysis of text features begins with the extraction
of meaningful descriptive information. Traditional NLP techniques, such
as tokenization and part-of-speech tagging, lay the groundwork for more
advanced processes. The advent of word embeddings, such as Word2Vec
and GloVe, marked a significant leap forward, representing words in
vector space and capturing their semantic relationships. Recently, the
introduction of Transformer-based models (e.g., BERT and GPT) has
revolutionized text analysis further, enabling context-aware embeddings
that significantly enhance the understanding of language nuances.

As for image input, visual feature extraction has evolved from manual
feature engineering to the use of deep learning models, particularly convo-
lutional neural networks (CNNs). CNNs can automatically identify and
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extract patterns and features from images, from simple edges to complex
objects and scenes. These models have been instrumental in tasks ranging
from image classification to object detection and scene understanding,
providing a rich, visual context that complements textual information.

Particularly, regarding spatial context reflected in textual format, in-
corporating the meaningful spatial context into multimodal models can
introduce an additional geographical dimension to data analysis, which
is crucial for geospatial applications (e.g., location-based services and
environmental monitoring). Techniques, including geo-tag extraction and
spatial entity recognition, have explicitly converted noteworthy spatial
information into a textual format, facilitating its integration with other
data types and thus illuminating more comprehensive knowledge for mul-
timodal model training. This convergence allows models to consider not
only "what is happening" but also "where it is happening," adding an
extra layer of context that can significantly enrich data interpretation for
geospatial tasks.

Yet, the integration of multimodal data has posed a considerable chal-
lenge, demanding sophisticated methodologies that can merge informa-
tion seamlessly. Fusion techniques (e.g., early, late, and hybrid fusion
mechanisms) are employed to combine features at different stages of the
model. Early fusion integrates raw data at the input level, while late fusion
combines the outputs of separate models or modules. Hybrid approaches,
often leveraging deep learning techniques, offer compromise and mixing
features at intermediate levels to balance the benefits of both. Notably,
deep learning Transformer-based models have played a pivotal role in this
integration process. These models process, embed, and relate informa-
tion across modalities, learning a unified representation that captures the

essence of the data input.
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2.4 Multimodal Learning Cores: From
Backbone to Algorithm

After introducing the multimodal datasets and their feature extraction and
embedding, the next component is multimodal learning cores, including
the model backbone and self-learning algorithms for contrastive learning
with multimodal datasets.

2.4.1 State-of-the-art Multimodal Foundation Models

MEFMs are designed to process, integrate, and generate information across
different modalities simultaneously. Unlike single-modal or unimodal
models, which specialize in a single modality of data, multimodal models
can comprehend complex queries that involve understanding relationships
between different modalities of data. This capability is particularly relevant
and desirable in today’s digital age, where information is often presented
in a combination of text, audio, images, and videos.

To date, several state-of-the-art MFMs have emerged, each revolution-
izing the field of multimodal Al:

e Contrastive Language-Image Pre-training (CLIP) (Radford et al.,
2021) by OpenAl in 2021, is designed to understand the relationship
between text and images. CLIP can perform a wide range of vision
tasks by interpreting natural language, enabling it to understand
images in the context of textual descriptions from the internet so
that it can recognize a vast number of visual concepts guided by
text. CLIP is capable of performing a variety of tasks via zero-shot

learning, including image classification and geo-localization.

e DALL-E?’ another groundbreaking model from OpenAl in 2021,
takes a step further by generating images from textual descriptions,

3https: //openai.com/dall-e-3
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showcasing an impressive level of creativity and understanding of
complex textual concepts. This is a series of models known for
generating high-quality images from human-guided text. The latest
version, DALL-E-3*, has greatly improved the quality and relevance

of the generated images.

e Gemini (Team et al., 2023), developed by Google DeepMind, is a
multimodal model capable of handling prompts in various formats,
including images, text, code, and video. It has been meticulously
crafted to facilitate smooth reasoning across multiple media types.
When integrated with Vertex Al, Gemini demonstrates its capability
to interpret text within images, transform image-based text into
JSON format, and provide insightful responses about the images
uploaded.

e Meta’s ImageBind (Girdhar et al., 2023), represents a pioneering Al
model that uniquely integrates data from six different modalities
simultaneously, without requiring direct oversight. It understands
the connections among various types of data, such as images, video,
audio, text, depth, thermal, and inertial measurement units (IMUs).
This innovation drives Al forward by empowering machines to ana-

lyze and interpret a diverse array of information more effectively.

e Meta’s SeamlessM4T (Barrault et al., 2023), stands out as the first all-
in-one Al solution for multilingual and multimodal translation and
transcription. Capable of handling speech-to-text, speech-to-speech,
text-to-speech, and text-to-text conversions, this model supports
translations across up to 100 languages, with the specific capabilities

varying by task.

*https://cdn.openai.com/papers/dall-e-3.pdf
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These models are "foundational" in the way that they provide a base
and generic layer of understanding and generation capabilities across
different domains due to their vast (pre-)training samples, which can then
be fine-tuned or adapted for specific applications and tasks. As the field of
Al continues to evolve rapidly, new models and updates to existing models
are regularly introduced, pushing the boundaries of the capabilities of
multimodal AL

Correspondingly, the multimodal nature of these models has opened
new avenues in varied Al applications, introducing profound and transfor-
mative implications across diverse sectors, including healthcare, education,
entertainment, and beyond.

In healthcare, the applications of MFMs, e.g., Med-PaLM M (Tu et al,,
2024) by Google DeepMind, are incredibly promising. These models can
analyze and cross-reference information from various sources, such as
medical imagery, patient histories, and genomic data, to aid in diagnosis,
treatment planning, and personalized medicine. For example, Med-PaLM
M could analyze radio-graphic images along with clinical notes to iden-
tify patterns and suggest diagnoses that might not be apparent through
unimodal analysis. This holistic approach to the multimodal data from
patients has demonstrated great potential to significantly improve the
accuracy and efficiency of medical interventions.

Education is another domain where MFMs are making strides (Kiiche-
mann et al.). These models can create dynamic learning materials that
integrate text, images, and audio-visual content, catering to different learn-
ing styles and needs. They can also be used to develop interactive learning
platforms that can understand and respond to students” inputs, from text
and voice to images and videos, along with tailored feedback, thus en-
hancing students” engagement. For instance, a student can take a picture
of a math problem, and the platform, employing the techniques of image

recognition and natural language processing (NLP), can not only solve
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the problem but also provide a step-by-step explanation in both text and
voice formats, allowing students to engage with the material in a way that
suits them best. Also, students can collaborate on a project by sharing
and discussing ideas through text, sketches, or video clips, and then these
models can analyze these inputs, summarize discussions, and highlight
key points, making collaborative learning more productive and engaging.

In particular, MFMs are making educational resources more inclusive
and accessible to a wider audience. For visually impaired students, these
models can convert text into speech, allowing the students to access written
material. Similarly, for students with hearing impairments, these models
can generate subtitles for videos or translate speech into sign language an-
imations. Moreover, MFMs can create personalized learning experiences
by continually assessing a student’s understanding through quizzes, writ-
ten assignments, and oral presentations, providing teachers with a more
comprehensive view of each student’s progress. Based on this multimodal
analysis, these models can further recommend personalized content, ex-
ercises, and learning paths that both highlight the individual’s strengths
and address areas for improvement, making students’ learning more effi-
cient and effective. In addition, MFMs are being used to create immersive
virtual and augmented reality (VR/AR) learning environments. These
environments can simulate real-world scenarios, laboratory experiments,
or historical events, allowing students to explore and interact with the
content in a highly engaging and experiential manner. For example, these
models can now make human interactions within simulated environments
more natural and intuitive, so that a biology student can virtually dissect
an animal, or a history student can experience being in a historical event.

Another captivating application of MFMs lies in the creative industries
(Anantrasirichai and Bull, 2022). Models such as OpenAl's DALL-E, which
generates images from textual descriptions, and Jukebox (Dhariwal et al.,

2020), which creates music in various genres from textual prompts, have
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demonstrated the potential to revolutionize the industry of content cre-
ation. These tools and models can assist artists, designers, and musicians
in generating unique ideas and prototypes, significantly reducing the time
and effort traditionally required in the process of creation. Moreover, they
can democratize creativity, enabling individuals without intensive training
from creative industries to express their ideas vividly and artistically.
Moreover, MFMs are also transforming how search engines operate
as well as how we access and interact with information online (Huang
et al., 2022; Chang et al., 2022). Traditional search engines have primarily
relied on text-based queries and keyword matching to deliver results.
However, the advent of MFMs has introduced a new paradigm, enabling
search engines to understand and process queries across multimodal data,
including text, images, and audio, and thus can yield more accurate or
relevant results with more flexibility. For instance, MFMs can allow users
to retrieve images by using text queries that describe the content of an
image rather than relying on metadata or alt text. A user could search
for "a photo of a yellow bird in the snow," and the MFM-empowered
search engine can return accurate images matching the description, even
if the image files do not contain those specific keywords in their metadata.
Additionally, a user nowadays can ask a question by speaking into an
advanced search engine combining audio and text modalities. Such a
kind of search engine, utilizing an audio-text model, can comprehend the
spoken question, contextually analyze it, and return results that are more
precise and relevant. Furthermore, MFMs such as GPT-4V, can perform
personalized searches by leveraging their comprehensive understanding
of multimodal data to predict what users might be looking for, even with
minimal input. Particularly, they can analyze a user’s past search history,
preferences, and even the content of uploaded images or spoken queries
to personalize search results. This level of personalization is particularly

useful for questions that have multiple, hierarchical layers of context,
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which traditional text-based searches might struggle with, by ensuring
that the information returned to users becomes more relevant and accurate,
thereby reducing search time and enhancing overall user experience by
catering to complex informational needs. In fact, the integration of state-
of-the-art MFMs into search engines has been a game-changer, not only
improving the richness and accuracy of search results in a more intuitive
and efficient searching approach, which can significantly improve the
usability and accessibility of digital services for a broader range of users,
including those with disabilities, but also making the vast repository
of online information more accessible and navigable than ever before.
As these technologies continue to evolve, we can expect future search
engines to become even more intelligent, context-aware, and capable of
understanding the complexities of human queries in a way that feels
natural and effortless.

While the applications of MFMs are varied, impactful, and promising,
they also bring forth challenges and ethical considerations. Issues, includ-
ing data privacy, biases in foundation models, and the misuse potential,
need to be addressed to ensure that the development and deployment
of these technologies are aligned with societal values and norms. More-
over, the computational and environmental costs associated with training
MFMs demand a further exploration of more efficient and sustainable
technologies. Thus, the journey ahead involves not only technological ad-
vancements but also navigating ethical and societal implications, making
the development of MFMs benefit humanity as a whole (e.g., developing
more efficient training methods, creating frameworks for ethical use, and
designing models that are inclusive and capable of understanding human

cultures and languages better).
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2.4.2 Contrastive Learning: Algorithmic Foundations for

Multimodal Learning

In the rapidly evolving field of machine learning, especially for training
foundation models, the quest for models that can learn effectively with
minimal supervision has fueled the development of the self-supervised
learning paradigm, particularly for situations where labeled data is scarce
or expensive to generate (Fei et al., 2022). Such a desirable paradigm has
been illustrated by several notable algorithms:

e Contrastive Learning (Khosla et al., 2020), which is a popular ap-
proach in self-supervised learning, especially in the fields of com-
puter vision and NLP. It operates on the learning principle that
brings closer the representations of similar or "positive" pairs of data
points while pushing apart those of dissimilar or "negative" pairs.
For instance, in image processing, two different augmentations of the
same image (e.g., cropped, resized, color-jittered versions) serve as
positive pairs, and augmentations from different images serve as neg-
ative pairs during the process of contrastive learning. By optimizing
the model to distinguish between these pairs, it learns meaningful
representations of the input data, showing remarkable success in
tasks such as image classification and sentence embedding without
requiring labeled data.

e Predictive Coding (Huang and Rao, 2011), which is a framework
that learns by predicting missing or future parts of the input data.
In the context of NLP, models such as GPT (i.e., Generative Pre-
trained Transformer) predict the next word in a sentence given the
previous context, effectively learning the structure and semantics
of the language through these predictions. In video processing, a
model might predict the next frame in a video sequence, thereby
learning about the dynamics and appearance of objects within the
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video. Predictive coding harnesses the inherent structure of data to

learn useful representations without the need for explicit labels.

Denoising Autoencoders (Vincent et al., 2008), which is a type of
neural network designed to learn representations by reconstructing
the original input from a corrupted version. This process first adds
noise to the input data and then trains the model to recover the
original, uncorrupted input. Through this reconstruction process,
the model learns to capture the most important features of the input.
Denoising autoencoders have been used effectively for tasks such as

image denoising, inpainting, and feature extraction.

Masked Language Modeling (MLM) (Salazar et al., 2019), which is
a self-supervised learning technique used primarily in NLP. In MLM,
random words in a sentence are masked or replaced with a place-
holder, and the model is trained to predict the original words based
on the context provided by the remaining words. This approach en-
ables the model to learn contextual relationships between words and
better understand the syntax and semantics of the given language.
For instance, BERT (i.e., Bidirectional Encoder Representations from
Transformers) is an outstanding example that uses MLM to achieve
state-of-the-art performance on various NLP tasks.

Clustering, which involves grouping unlabeled data into clusters
based on their similarities. This approach can help models discover
the inherent structure of the input data and learn useful features or
representations without explicit labels. Particularly, deep clustering
algorithms (Caron et al., 2018), which combine traditional clustering
techniques with deep learning, optimize both the feature represen-
tation learning and the clustering assignment simultaneously. This
method has been applied successfully in domains such as image

categorization and document classification.
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These self-supervised learning algorithms have significantly expanded
the capabilities of Al systems by leveraging the abundance of unlabeled
data, reducing the reliance on costly labeled datasets, and enabling mod-
els to learn richer and more generalizable representations. As mentioned
in the last section, the development of MFMs has also employed this
innovative paradigm, allowing MFMs to learn from the data without ex-
plicit labels for every piece of information across different data modalities,
thereby leading to highly sophisticated MFMs that demonstrate human-
like understanding and creativity across various tasks.

In particular, among these popular self-supervised learning algorithms,
contrastive learning stands out as a revolutionary approach, particularly
within the domain of unsupervised representation learning across dif-
ferent data modalities for developing MFMs, while other algorithms are
predominantly applied in single-modal or unimodal settings (e.g., com-
puter vision or NLP tasks). As discussed, contrastive learning at its core
is a technique used to learn generalizable representations by contrasting
similar (positive) and dissimilar (negative) examples, which can be in
different modalities. Its fundamental mechanism is achieved through a
contrastive loss function, such as the Noise Contrastive Estimation (NCE)
(Gutmann and Hyvarinen, 2010) or the more recent Triplet Loss (Schroff
et al., 2015) and InfoNCE Loss (Oord et al., 2018) functions, which mathe-
matically model the objective of bringing similar pairs closer and dissimilar
pairs farther apart. Additionally, contrastive learning tends to learn more
robust representations. This is due to its nature in learning patterns that
can differentiate between similar and dissimilar examples (i.e., learning
the links between examples instead of the examples themselves), and thus
the learned representations are more resilient to overfitting and can be
more generalizable across a variety of tasks and domains. This aspect
of generalizability is crucial for developing MFMs that can be applied to

real-world scenarios, where the testing data distribution may not perfectly
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match the training set distribution.

In fact, the application of contrastive learning to MFMs has unlocked
their new capabilities, enabling them to perform tasks that require an
understanding of complex relationships across different data modalities.
For instance, MFMs trained by the contrastive learning algorithm can now
generate descriptive text for images (image captioning), answer questions
based on combined textual and visual information (visual question an-
swering), and even create images from textual descriptions (text-to-image
generation), in which the development of sophisticated contrastive loss
functions that can effectively measure similarities and differences across
modalities has been crucial.

There have been several MFMs that employ contrastive learning in
their model architectures, demonstrating its versatility and impact across
various domains. For example, CLIP is a prominent instance designed
to understand images along with text, by contrastively training on a vast
dataset of images and corresponding textual descriptions. The success of
CLIP (Radford et al., 2021) highlights the potential of contrastive learning
in bridging the gap between visual and textual information, enabling appli-
cations such as zero-shot image classification and enhanced image search
capabilities. Next, the ALIGN (i.e., A Large-scale ImaGe and Noisy-text
Embedding) model (Jia et al., 2021), similar to CLIP, leverages contrastive
learning to align large-scale, noisy text and image data within a shared
embedding space. This contrastive approach enables ALIGN to achieve
remarkable performance in tasks requiring an understanding of the rela-
tionship between text and images (e.g., image captioning). Additionally,
in the realm of audio and visual data, contrastive learning has been used
to develop models that can learn representations by associating sounds
with corresponding visual cues. For example, a model might be trained to
match the sound of a dog barking with images of dogs, as opposed to im-

ages of other animals or unrelated objects. Such models can be used to find
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relevant visual content based on audio queries and vice versa. Moreover,
in domains where structured data is essential (e.g., knowledge graphs),
contrastive learning has been adapted to work with text and graph data by
learning to align textual descriptions with graph representations, which fa-
cilitates the task of entity linking where entities mentioned in the text must
be matched with their corresponding nodes in a knowledge graph. By us-
ing contrastive learning to minimize the distance between text descriptions
and their graph entity counterparts while maximizing the distance to unre-
lated entities, these models can significantly enhance information retrieval
and question-answering systems that rely on structured knowledge.
Despite its impressive advancements in developing MFMs, the inte-
gration of contrastive learning with MFMs still faces challenges. One sig-
nificant hurdle is the alignment and fusion of different modalities, which
requires MFMs to understand not only each modality independently but
also how they interact and complement each other. Also, the selection
of positive and negative pairs is challenging yet crucial for the success of
contrastive learning models, as suboptimal pairing can lead to poor perfor-
mance. Furthermore, the computational complexity and cost associated
with processing large batches of data for contrastive loss calculations can
be substantially significant, posing scalability challenges. Therefore, as
the field of contrastive learning continues to grow, future research should
focus on addressing these challenges through more efficient fusion meth-
ods, better pair selection strategies, and the development of novel and

scalable loss functions tailored for multimodal data.
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3 TOWARDS ZERO-SHOT LEARNING OF MULTIMODAL
FOUNDATION MODELS : ESTABLISHING BENCHMARKS OF
THEIR ZERO-SHOT PERFORMANCES ON GEOSPATIAL IMAGE

REASONING

3.1 Introduction

In the advancing frontier of Al, multimodal foundation models (MFMs)
represent a substantial breakthrough. These models, capable of under-
standing and processing information across multiple modalities of data
(e.g., text, images, and audio), are redefining and pushing the boundaries
of various Al applications, as discussed in Chapter 2. Particularly, their
application in the geospatial domain has presented a novel arena, where
the convergence of MFMs and spatial data, theories, and applications may
lead to groundbreaking insights and innovations. Yet, nowadays there
has remained insufficient effort in probing this line of research, starting
from touching the base of exploring MFMs’ zero-shot performance for
geospatial image reasoning. Therefore, one major objective of this research
activity is to fill this gap.

3.1.1 Zero-shot Learning

In the field of Al, particularly for LLMs, zero-shot performance refers to
the model’s ability to accurately perform tasks or make predictions on
input data that it has never explicitly been trained on.

Mirroring the context of MFMs in geospatial applications, zero-shot
learning implies leveraging the model’s internal capacity to understand
and analyze the multimodal input from the geospatial domain (e.g., street

view images, satellite images, and map tiles, along with their spatial con-
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text reflected in the images), based on its pre-trained multimodal repre-

sentations without task-specific fine-tuning or training.

3.1.2 Geospatial Image Reasoning

Over decades, geospatial image reasoning has been standing as a cru-
cial component in the ever-evolving landscape of Al This task involves
the extraction of meaningful insights from vast amounts of geospatial
images, such as satellite imagery, street view images, and map tiles, fa-
cilitating a wide array of applications that have significant impacts on
society and the environment, including urban planning and development
(Biljecki and Ito, 2021), environmental conservation (Olea and Mateo-
Tomas, 2013), disaster response and management (Adriano et al., 2021),
and climate change monitoring (Cao et al., 2023). By identifying patterns,
anomalies, and changes over time and space, geospatial image reasoning
empowers decision-makers with actionable intelligence, driving informed
policies and interventions. In a world where the dynamics of natural and
human-made landscapes are constantly changing, the ability to accurately
interpret and utilize geospatial images through sophisticated reasoning
techniques is more critical than ever.

In particular, geospatial imagery reasoning often involves various facets
such as geo-locations, object detection and their spatial arrangements, land
use and land cover analysis, urban perception descriptions, and urban
development forecasting. Consequently, downstream tasks or applications

frequently include:

1. Image Geo-localization: Identifying the geographic location of an

image by analyzing its visual features.

2. (Mixed) Urban Land Use Detection: Recognizing and distinguishing
different land uses, which might occur in close proximity or mixed

patterns, to understand the composition of urban environments.
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3. Urban Perception Prediction: Predicting how people perceive differ-
ent places in terms of safety, beauty, liveliness, etc., based on visual

cues and spatial configurations.

4. Change Detection and Monitoring: Tracking and analyzing changes
in landscapes over time, whether due to urban expansion, deforesta-

tion, or natural disasters.

5. Infrastructure Assessment: Assessing the condition and distribu-
tion of critical infrastructure such as roads, bridges, and buildings,

particularly after natural calamities or for maintenance purposes.

6. Agricultural and Environmental Monitoring: Analyzing crop health,
deforestation, and habitat loss, and monitoring the effects of climate

change on diverse ecosystems.

7. Urban Development Forecasting: Predicting the growth or decline of
urban areas, helping in planning and policy-making by anticipating

future infrastructure and resource needs.

In the literature, these tasks typically rely on traditional methods such
as manual feature engineering, image classification algorithms, and rule-
based approaches. However, these methods face limitations like low scala-
bility, difficulty in handling and fusing diverse data, and reliance on expert
knowledge. Therefore, multimodal learning offers distinct advantages
by leveraging the complementary strengths of different data modalities,
which can enhance scalability via the fusion of various types of geospatial
datasets, automate feature extraction via multimodal deep learning, and
generalize better across diverse environments and patterns that might
otherwise be missed with a single data modality.

Specifically, geospatial image reasoning requires the integration of
complex spatiotemporal information. Theoretically, MFMs, by their nature

and design, are adept at handling such diverse data streams, making them
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particularly suitable for this domain. Their ability to encapsulate and
process vast arrays of information, from the visual patterns in satellite
imagery to the textual descriptions of geographic features, enables a more
in-depth understanding of the Earth’s surface and human activities in
urban areas.

Next, to harness the full potential of zero-shot learning of MFMs for this
task, establishing comprehensive benchmarks is essential. These bench-
marks should assess the accuracy and reliability of the models as well as
their ability to generalize across different geographical scales, areas, and
temporal dimensions. Additionally, these benchmarks should encompass
a diverse set of tasks representing various challenges in geospatial image

reasoning, including but not limited to:

e Global Image geo-localization: This task evaluates the model’s abil-
ity to determine the geographic location of an image in the world
without explicit geographic markers. It requires the model to recog-
nize and infer location-based landforms, architectural styles, vegeta-
tion types, and other geographically distinctive features, challenging
the model’s understanding of spatial cues and cultural contexts.

e Mixed land use detection: Detecting mixed land use involves iden-
tifying areas where diverse human usages on lands or properties
(e.g., residential, commercial, recreational, and industrial) overlap
within a single image. This task tests the model’s ability to discern
subtle differences in land patterns, building densities and styles, as
well as the spatial arrangement of different land uses, reflecting the
model’s understanding of the complex reality of urban landscapes.

e Urban perception prediction: Predicting urban perception involves
assessing how people perceive various urban environments based on
visual cues in images, such as safety, beauty, wealthiness, or liveliness.

This requires the model to not only analyze physical attributes (e.g.,
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building facades, street scenes, and the presence of green spaces),
but also infer the social and psychological impressions that these
features may convey to human observers.

To sum up, the first research activity of this dissertation aims to perform
zero-shot learning on the state-of-the-art MFMs (e.g., CLIP and GPT-4V),
emphasizing its transformative potential in geospatial image analytics and
the necessity to establish rigorous benchmarks to evaluate their zero-shot
performances. Moreover, curated from their desirable zero-shot results,
high-quality, global-scale, geospatial image-text pairs can be effectively
and efficiently obtained for developing GeoAl MFMs in the following
research activities.

3.2 Methodology: Models and their Zero-shot

Implementations

As Chapter 2 states, this dissertation employs two MFMs via zero-shot
learning, i.e., CLIP and GPT-4V, whose performances are evaluated on
the three tasks related to geospatial image reasoning (i.e., global image
geo-localization, mixed land use detection, and/or urban perception pre-
diction).

3.2.1 Contrastive Language-Image Pre-training (CLIP)

Our implementation follows the practice in (Radford et al., 2021) with
three components as follows: 1) Text Encoding; 2) Image Encoding; and
3) Loss Calculation by Contrastive Learning, shown in Figure 3.1 . In
the experiments, the labels of each application (e.g., "residential" and

"commercial" for mixed land use detection) will be used as the textual

1h’ctps: / /openai.com/research/clip
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Figure 3.1: CLIP pre-training and zero-shot prediction: an image encoder
and a text encoder are pre-trained contrastively to predict which images
should match which texts (left). After pre-training, CLIP can be used as a
zero-shot classifier. For example, CLIP can estimate the most matching text
for a given image and successfully predict the class of the image caption
“a photo of a dog” for this dog image (right).

input for a given geospatial image, so that CLIP, as a zero-shot classifier,
can determine which label is best matching the image.

Text Encoding. The text encoder is a Transformer (Vaswani et al., 2017)
modified by (Radford et al., 2019). It is a 12-layer, 768-width, and
12-attention-head model. The activations of the last layer of the
Transformer are treated as the feature representation of the text
input T[T,gﬁt, where n is the size of minibatch, and d. is the feature
dimensions of each text sample. This feature matrix is then layer-
normalized and linearly projected into the multi-modal embedding
space as T( 37", where d. is the dimensions of joint multi-modal
embedding (Equation 3.1). Particularly, multiple spatial context-
aware prompts can be constructed as textural input for prompt tuning
for the next step in RA-2 (See Figures 2.1 and 4.1).

output __
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Image Encoding. The image encoder is based on Vision Transformer ViT-
L/14 (Dosovitskiy et al., 2020), which we found performs best com-
pared with other available image encoders (e.g., EfficientNet-style
RN50x64, ViT-B/32, and ViT-B/16) in the CLIP model. It is a 24-layer,
1024-width, and 16-attention-head model. Similarly, the image fea-
ture matrix I}:fijt, where n is the size of minibatch and d; is the
feature dimensions of each image sample, is then layer-normalized
and linearly projected into the multi-modal embedding space as:

(3.2)

output __
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Loss Calculation by Contrastive Learning. After computing the feature
embeddings of the images and the feature embeddings of the paired
texts by the two encoders, the cosine similarity of these two sets of
embeddings is then calculated and scaled by a temperature parame-
ter t (Equation 3.3). Finally, the scaled pairwise cosine similarities
are normalized by softmax, and used to measure the symmetric cross
entropy loss (Equation 3.4). For more details of the pre-training up-
dates, the Adam optimizer (Kingma and Ba, 2014) was used with de-
coupled weight decay regularization (Loshchilov and Hutter, 2017)
for all weights (not gains or biases), and the learning rate (initialized
as 4 x 10~* ) was decayed using a cosine schedule (Loshchilov and
Hutter, 2016).

logits = Sc (TP, (I 91T x e (3.3)

where S is the cosine similarity and t is the temperature parameter.
The symmetric loss function is defined as below:
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M
lOSST - — Z Yi,c log(logi‘tslc)
c=1

M
loss; = — Z Yi,c log(logitsi,c)

c=1

loss = (losst + lossy)/2

where M is the number of classes, log is the natural log, y is a binary
indicator (0 or 1) if class label ¢ (¢ = [1, ..., n]) is the correct classifica-
tion for imagei (i=[1, .., n]), lo gi‘csiT,C is the predicted probability
that image i is of class c using logits in Equation 3.3 normalized
along the Text axis via a softmax, and logits] . is the predicted prob-
ability that image i is of class c using logits normalized along the
Image axis via a softmax.

3.2.2 Generative Pre-trained Transformer 4 with Vision
(GPT-4V)

Generative Pre-trained Transformer 4 with Vision, also denoted as GPT-
4V, is a large multimodal model capable of processing both image and
text inputs while generating textual outputs. Released in September 2023,
GPT-4V represents a paradigm shift, endowing LLMs (e.g., GPT 3.5) with
the ability to parse visual content alongside textual inputs, thereby tran-
scending the limitations of language-centered Al models to emerge as a
multifaceted analytical powerhouse. Despite being less proficient than
humans in various real-world scenarios, GPT-4V has displayed a ground-
breaking vision-language analytical power and demonstrated human-level
performances across diverse professional and academic benchmarks (e.g.,
simulated human-designed exams, content moderation, and program-

ming), affording users an enhanced level of interaction and comprehen-
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sion. However, GPT-4V is not open-source, meaning that there is no access
to the code, pre-training data, model architecture, or model weights.

Specifically, GPT-3.5 served as a precursor to GPT-4V, allowing for bug
fixes, theoretical enhancements, and improved stability in subsequent
training runs. Later, GPT-4V, built upon intricate deep learning frame-
works (e.g., with a transformer-based model architecture), incorporates a
vision encoder equipped with pre-training images, and then learns to align
the encoded visual features with the underlying language modules, ex-
hibiting remarkable efficacy in processing and interpreting complex visual
and textual datasets and marking a notable achievement of its predictive
performances.

The GPT-4V'’s training is facilitated by its exposure to a vast and di-
verse dataset encompassing textual and visual inputs sourced from myriad
online repositories. Particularly, the training process incorporates rein-
forcement learning mechanisms, which serve to enrich and strengthen the
model’s adaptability and learned analytical insight. According to the GPT-
4V technical report (Achiam et al., 2023), OpenAl’s six-month iterative
alignment process, drawing insights from adversarial testing initiatives
and ChatGPT, has significantly enhanced GPT-4V’s capacity, particularly in
terms of factuality, steerability, and adherence to specified parameters. Of
particular interest is the two-stage training protocol employed by GPT-4V.
Initially aimed to assimilate vision-language associations, the model sub-
sequently undergoes fine-tuning on a meticulously curated dataset, which
fortifies its generation reliability and ensures the delivery of accurate and
pertinent information to end-users.

OpenAl has also acknowledged GPT-4V’s limitations, including inher-
ent biases and occasional reasoning errors. Efforts to mitigate risks are
ongoing, with enhanced safety protocols implemented during training
to minimize harmful outputs. Nevertheless, the importance of exercising

caution should be underscored whenever we utilize the model outputs,
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especially in high-stakes contexts.

As for the usage of GPT-4V, its text input functionality is readily acces-
sible through both chat.openai.com and the API, while its image input
capability is currently under limited release in collaboration with select
partners. OpenAl has also introduced OpenAl Evals, an open-source
framework for automated Al model evaluation, encouraging commu-
nity participation in identifying model shortcomings and guiding further
improvements. Yet, there has been a lack of benchmarks in geospatial
applications within the OpenAl Evals, which demands more effort in
exploring its zero-shot performances in the geospatial domain. Thus, to
perform zero-shot learning of GPT-4V for geospatial image reasoning,
this research activity runs visual question answering (VQA) tasks via the
GPT-4V API, utilizing the three types of geospatial images and focusing
on the various aspects (or facets) of spatial context, such as distinctive
features as geo-location clues, detected objects and their spatial patterns,
LULC and its changes, urban perception prediction and corresponding
description, urban growth description and prediction, etc., as well as the
aspects of non-spatial context, e.g., an image caption (Tables 3.1 and 3.2).
In general, the GPT-4V generated responses about geospatial image rea-
soning are constructive and insightful based on the qualitative evaluation,
especially for the street view images, with successfully identified key ob-
jects and providing rich information about their spatial patterns that lead
to reasonable or correct answers for several VQA tasks. Yet, GPT-4V also
generates hallucinating results in a few cases, e.g., finding the distinctive
features from an image that can indicate its geo-location. For example,
when analyzing a satellite image from Mexico City, GPT-4V stated that the
image may show areas with "colonial-style architecture" and "landmarks
like the Angel of Independence or the Chapultepec Park," which does not
exist in the image (or specifically, they are close to but still outside of the

spatial extent of the image), as shown in Tables 3.2.
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Table 3.1: Example of GPT4-V’s performance on visual question answering
(VQA) with spatial context based on street view images.

Image-text
input with
spatially
contex-
tualized
questions

s00gle
Google -

This image was taken in New York. Why do you think this image was taken in New York? Please
give me the image caption of it. Then describe the objects in detail in this street view, including their
spatial patterns. Next, based on your observation, what land use(s) are reflected (i.e., residential,
commercial, industrial, recreational, transportation, and green space), and why? On a scale of 1 to
10 (with 1 being the lowest and 10 being the highest), please rate the image with an integer in the
six perceptive aspects: safety, liveliness, boringness, wealthiness, depression, and beauty. Please
also include the reasons for your ratings.

GPT4-V’s
output’

1. Reasons why this image was taken in New York: The assumption that this image was taken
in New York may be based on the architectural style of the buildings, the density of residential
structures, and the make and models of the cars, which are indicative of urban areas in New York.
Additionally, the Google watermark suggests it’s a street view from a location-specific search.

2. Image caption: "Urban Street Scene in New York with Residential and Commercial Buildings."

3. Description of objects and their spatial patterns: The street view shows tightly packed residential
buildings with varying facades, indicating mixed architectural styles and periods. Cars line both sides
of the street, implying limited parking space. Utility poles and cables crisscross above, while the road
appears well-worn, with patches and signs of repair.

4. Land use(s) reflected in the image and why: Primary land use: Residential; the presence of
multiple mailboxes and entrance doors to buildings, along with visible apartment windows and
fire escapes, indicate residential use. Other potential land use(s): Commercial; a storefront is visible
on the right, suggesting mixed-use with commercial activities at street level.

5. Rating of safety: Safety=4; the area appears somewhat neglected, with graffiti visible and
no people in sight, which may indicate safety concerns, although there’s no direct evidence of
immediate danger.

6. Rating of liveliness: Liveliness=3; the absence of people and visible activity gives the impression
of low liveliness, but parked cars suggest the presence of residents or visitors.

7. Rating of boringness: Boringness=7; the lack of visible commercial activity, people, or greenery
lends a monotonous feel to the scene.

8. Rating of wealthiness: Wealthiness=2; the disrepair and apparent age of the buildings, along
with the condition of the street, suggest a lower economic status.

9. Rating of depression: Depression=6; the overcast sky and worn infrastructure may contribute to
a somber mood, but this is subjective and not everyone may feel the same.

10. Rating of beauty: Beauty=3; while there is a certain urban aesthetic, the lack of green spaces,
visible disrepair, and the utilitarian look of the buildings lower the overall beauty rating.

“ Note: Green text: reasonable/correct; Orange text: irrelevant; Red text: wrong or hallucinating; Bold: key
objects for urban analytics and geospatial image reasoning; Italic: spatial patterns. This result was generated
by gpt-4-vision-preview (GPT4-V) on November 16, 2023.
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Table 3.2: Example of GPT4-V’s performance on visual question answering
(VQA) with spatial context based on satellite and map tile images.

Image-text
input with
spatially
contex-
tualized
questions

B »\ T | Mex1ze

“‘?m,\, \
de Mé 28 cna
e METco { < pctimi
¢ )
LA [Nezahualcyot
\Q\\ 3
SO

> BSnhead

N

¥ L.

2014 Satellite

2023 Satellite 2023 Map Tile

These three images were taken at the same location in Mexico City. The first image is a remote
sensing image taken in 2014, while the second one is a remote sensing image taken in 2023. The third
image is an OpenStreetMap map tile in 2023. Based on the second and third images, are there any
distinctive features or objects displayed in these images that can indicate they are from Mexico City?
Please give me an image caption of all images. Describe the urban structure in detail, including the
spatial patterns, based on the second and third images. Next, based on your observation, what land
use and land cover (LULC) classes are displayed and why? Note that the LULC classes should be
selected from the following nine options: urban or built-up land, agricultural, rangeland, forest,
water areas, wetland, barren land, tundra, and perennial snow or ice. You should list the dominant
LULC class as well as the subordinate ones. Based on the first and second images, what are the
LULC changes from 2014 to 2023? Based on these identified changes, could you describe and predict
the urban growth in detail?

GPT4-V’s
output»

1. Distinctive features in the second image: The second image may show large, densely packed urban
areas with distinct colonial-style architecture, major highways, and landmarks like the Angel of
Independence or the Chapultepec Park which are distinctive to Mexico City.

2. Distinctive features in the third image: The OpenStreetMap tile should indicate the street layout,
public transportation lines, and named districts or landmarks, such as Zdcalo, which is the main
plaza in Mexico City.

3. Image caption of the first image: "Remote sensing image of Mexico City’s urban landscape in 2014
showing early stages of urban sprawl and land use."

4. Image caption of the second image: "High-resolution remote sensing image of Mexico City in
2023, displaying dense urban development and sprawling city limits."

5. Image caption of the third image: "Detailed OpenStreetMap tile of Mexico City in 2023, highlight-
ing the intricate street network and urban planning."

6. Urban structure and spatial patterns: Mexico City’s urban structure is characterized by a dense
central district with radial highways extending outwards, interspersed with green areas like parks and a
mix of residential, commercial, and industrial zones.

7. LULC classes reflected and why: Dominant LULC class: Urban or built-up land, due to visible
dense construction and road networks; Subordinate LULC classes: Agricultural on city outskirts, water
areas along lakes and rivers, and green spaces that indicate parks or gardens.

8. LULC changes from 2014 to 2023: Transition from some agricultural and undeveloped land
to urban areas, increase in built-up density, and possible reduction of green spaces due to urban
expansion.

9. Urban growth description and prediction: Growth is characterized by urban sprawl and infilling.
Predicted future growth includes further expansion into peripheral areas and vertical development, with
potential challenges to sustainability and green space conservation.

* Note: Green text: reasonable/correct; Orange text: irrelevant; Red text: wrong or hallucinating; Bold: key
objects for urban analytics and geospatial image reasoning; Italic: spatial patterns. This result was generated
by gpt-4-vision-preview (GPT4-V) on November 16, 2023.



49

As results, the training and testing datasets (i.e., geospatial image-text
pairs) that have been generated by GPT-4V are summarized in Table 3.3,
which will be utilized in the subsequent experiments to: (1) evaluate zero-
shot performances of GPT-4V and CLIP on the tasks of mixed land use
detection and urban perception prediction using the testing set of Place
Pulse 2.0 street view images in this chapter; (2) evaluate the validity of
spatial-context prompt tuning on CLIP for the three targeted tasks based on
the testing sets in Chapter 4; and (3) perform spatially explicit contrastive
learning on CLIP to develop GeoAlI MFMs (i.e., Geospatial CLIP) using
the training sets, as well as evaluating its zero-shot performances and
spatial-context prompt tuning performances for the three targeted tasks
using the testing sets in Chapter 5.

Table 3.3: Image-Text Pairwise Datasets Generated by GPT-4V

Num. Num. Generated context types
Image L . ;

training | testing | Image | urban per-|land | land use | spatial geo- urban
dataset . . - .

images | images | caption | ception use | changes | patterns | features | growth
Place Pulse | 6,489 8,755 v v v - v v -
2.0 street
view images
Esri Satellite | 11,463 4,755 v - v v v v v
images (2014
& 2023)
OSM  map | 5,732 2,378 v - v - v v -
tiles (2023)

3.2.3 Workflow

Next, to evaluate the zero-shot performances of CLIP and GPT-4V, three
tasks have been conducted: (1) global image geo-localization using street
view images, satellite images, and map tile images by CLIP; (2) urban
mixed land use detection using the subset of Place Pulse 2.0 street view
images in New York City, each tagged with at least one OpenStreetMap
land use label (e.g., residential, commercial, recreational, industrial, trans-
portation, and greenfield) (Wu et al., 2023), tested by CLIP and GPT-4V;
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and (3) urban perception prediction regarding six perceptive variables
(i-e., beauty, boringness, depression, liveliness, safety, and wealthiness)
using Place Pulse 2.0 street view images, each with human-rated ranking
scores measured for the six variables (Dubey et al., 2016), tested by CLIP
and GPT-4V.

Urban Informatics tasks

Geo-location Land use Safety Textural input with labels
Hong Kong | [ Residential | [Perception ————
Taipel Commercial Very safe « Geo-localization: in {label}
Singapore pr— Safe | * Land Use: {label} )
ndustrial . * Perception: this place is {label}
Recreational Note safe it e ; 4 -
Y Pre-trained 1
New York | [ Transportation ,' Text Encoder 1
Geo-Images Vs 1
l’ 1
1
To T Ts .. Tu
Pre-trained 1
Image In | InTt  InT2 InT3 ..  InTM :
Encoder . l 1
e.g., in Hong Kong
» Zero-shot CLIP
A o e s e e e e e e o e e e e e
4 ! In the image, there is a bustling city street scene that appears to be in an urban environment, potentially within a densely |
| populated Asian city. The street is shared by a variety of vehicles: a yellow public transport vehicle, which could be a taxi ora |
User query: | small bus, is prominent in the left side of the street. There are several cars, including a white one in the foreground on the right, ||
. 5 i which appear to be in motion, as well as a silver car waiting behind the yellow vehicle. On the sidewalks, commercial signs and |}
Please describe the objects ®GPT-4 | shop fronts are visible, indicating a commercial area with shops that could be selling watches and other merchandise. i
and their spatial patterns Vision | The spatial pattern suggests a typical downtown street where vehicular traffic flows in the center, flanked by sidewalks that 1|
in this i | cater to pedestrians and shoppers. Buildings rise on both sides of the street, with multiple stories visible, indicating a dense |
In this image. | urban setting. Billboards and signage are affixed high on the buildings, competing for visual attention, a common trait in ;l
| commercial districts. There are no visible trees or much greenery, which is common in urban commercial areas. The overall ;|
aro 0 i spatial arrangement is functional, promoting the flow of traffic and with activities ing the street level. 1y
i —————————— T S S S S R S S S S S S S

Figure 3.2: The workflow of zero-shot learning on CLIP and GPT-4V.

The zero-shot learning workflow of CLIP and GPT-4V is demonstrated
in Figure 3.2. To run the evaluation of CLIP’s zero-shot learning in the
three tasks, the labels of each task will be first extracted, and then used as
textual input for CLIP’s pre-trained text encoder. Meanwhile, geospatial
images will be the visual input for CLIP’s pre-trained image encoder. For
zero-shot prediction, given an image, the label that corresponds with
the cell (i.e., the dot product of text and image embeddings) having the
highest similarity value will be the model prediction outcome.

Notably, a previous research study (Wu and Huang, 2022) evaluating
CLIP’s zero-shot prediction on street view image geo-localization has dis-
covered that simply combining city labels with prepositions that normally
bind with city names (e.g., "at", "from", and "in") in the contextual prompt
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can fairly boost CLIP’s prediction performance by 1.51% compared with
the case without such prepositions. Similarly, another study evaluating
CLIP’s zero-shot prediction on mixed land uses has found that simply
using city labels as the textual input could achieve one of the best results
among many crafted prompts (e.g., "[land use label | purpose" or "[land use
label] use"), while the best result was achieved by prompt ensembling
using the softmax function (Wu et al., 2023). Based on these findings, this
research activity will construct the textual input for CLIP’s pre-trained text
encoder mainly based on the labels of each task, exerting the least amount
of effort necessary in prompt engineering to achieve a more favorable
outcome. For instance, in the task of image geo-localization, two types
of textual input, i.e., "in [geo-location label|" and "This [image type] image
was taken in [geo-location label]", will be used to evaluate CLIP’s zero-shot
performance, where "[geo-location label]" is formatted as "<city, country,
continent>" and "[image type]" includes "street view", "satellite", and "map
tile". Table 3.4 displays the zero-shot CLIP geo-localization accuracies of
these two kinds of textual input, represented as "CLIP" and "CLIP + Image
type", respectively.

As for running the evaluation of GPT-4V’s zero-shot prediction on
the tasks of mixed land use detection and urban perception prediction,
both the image and spatial context-aware questions are assembled as an
image-text multimodal inquiry for GPT-4V to perform VQA in each task.
For instance, Figure 3.2 displays an example of GPT-4V’s response when a
user uploaded a street view image as visual input and requested "Please
describe the objects and their spatial patterns in this image." as textual input,
and its response reflects multi-facet aspects of spatial context, e.g., vehicles
and their spatial relationships, other visible objects and their positions in
the image, urban functionalities, and detailed land use information and
reasoning, which are informative and enlightening for both mixed land

use detection and urban perception prediction.
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3.3 Experiment #1 Global Image

Geo-localization

Global Image Geo-localization Methods

Single-View Methods

Ground imagery geo-localization by predicting = Overhead imagery geo-localization by predicting
their global positions their global positions

Cross-View Methods

Using overhead images to predict the global positions of ground images via image retrieval

Object-Based Methods

Ground imagery geo-localization by predicting  Overhead imagery geo-localization by predicting
the global positions of objects in the images the global positions of objects in the images

A New Frontier: Image-Text Methods

Leveraging vision-language multimodal learning to geo-localize images to semantic geo-locations
atvarious scales (e.g., street, district, city, state/province, and country)

Ground image-text pairs with geo- Satellite image-text pairs with geo- Map tile image-text pairs with geo-

location cues location cues location cues

Figure 3.3: The development of global image geo-localization methods and
a novel frontier method via vision-language multimodal learning based
on image-text pairs with geo-location clues in both visual and textural
formats.

The quest to determine the geographic origin of images, known as
image geo-localization, has transcended simple curiosity to become a
crucial aspect of various applications, from social media geo-tagging to
image searching. Currently, there are two main approaches to address
this task - one is image matching, and the other is classification-based.

The former approach uses geo-tagged images as references and infers the
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geo-location of a query image based on its most similar reference images
(e.g., Hays and Efros (2008, 2015) ), which are cross-view methods fraught
with limitations (e.g., the sheer computational resources required and
the matching difficulty for images taken from different perspectives or in
varied conditions), while the latter approach partitions the world map
into grids and trains a model to classify a given query image to one of the
grids, known as single-view methods (e.g., Weyand et al. (2016); Seo et al.
(2018)) (Figure 3.3). However, even for the images that are geo-localized
correctly within the specified distance threshold using this classification
approach, there is still uncertainty in determining their semantic geo-
locations, especially when a grid intersects multiple administrative areal
units.

Later, with the advent of deep learning, the focus has shifted towards
creating models capable of understanding and extracting the fine-grained
visual objects that correlate with geo-locations (i.e., object-based methods), by
training convolutional neural networks (CNNs) and more complex archi-
tectures such as Generative Adversarial Networks (GANSs), significantly
improving the geo-localization accuracy (e.g., Chaabane et al. (2021);
Wilson et al. (2022)).

Despite these advancements, the challenges of geo-localizing images
remain across a wide range of scales, from the street to continental levels,
especially in situations where distinct architectural or natural landmarks
are sparse or when images are taken from different perspectives or view-
points (e.g., ground view versus overhead view). Additionally, the scale
at which geo-localization is accurate varies widely, with most methods
excelling either at local or broad scales, but not both. Another significant
limitation is the reliance on large datasets of geo-tagged images that are
not uniformly available across the globe, leading to models or algorithms
being biased towards well-represented areas.

To address these enduring challenges, this research activity proposes
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a novel frontier "image-text multimodal approaches" for global image geo-
localization, including different types of worldwide geospatial images (e.g.,
street view images, satellite images, and map tile images), by leveraging
state-of-the-art MFMs (e.g., CLIP and GPT-4V). These vision-language
MFMs have been trained on vast worldwide images and their correspond-
ing textual descriptions, enabling them to understand and interpret an
image within the context of natural language, including geo-location clues
to a global extent. In particular, by associating images with semantic geo-
locations across different scales (e.g., street, district, city, and country), this
approach can automatically build the links between the visual and textual
understanding of geospatial representations at different scales, allowing
for more scalable geo-localization solutions. Moreover, by learning the
variability of geospatial semantics described in natural language from
visual input (e.g., images collected from different perspectives, lighting
situations, weathers, and seasons), this method theoretically can abstract
away from the specific visual representation of geospatial features, en-
abling more accurate and robust geo-localization across a broader range
of conditions. Moving from theory to practice, the following subsections
will focus on the experimental results of zero-shot learning on CLIP for

global image geo-localization.

Results and Analysis

First, there are several key geospatial factors to consider when experiment-
ing with image geo-localization, which are critical for researchers to gain
a more in-depth understanding of how the zero-shot model performs
differently based on different settings of geospatial factors, including;:

e Spatial variability across different cities and regions;

e Temporal variability across years;
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Table 3.4: CLIP’s Zero-shot Performance on Image Geo-localization

Accuracy

Image City Country Continent
Tvpe Dataset CLIP  CLIP+ |CLIP CLIP+ |CLIP CLIP+

yp Image Image Image

type type type

Street Place Pulse 2.0 | 63.0%  63.9% 792% 80.3% | 93.6%  93.7%
view Mapillary 22.8% 24.0% | 52.7%  55.8% 80.9%  81.2%
images

zoom 11 (2014) | 8.7% 12.1% 34.7%  42.4% 63.6% 71.3%
zoom 12 (2014) | 8.2% 9.5% 33.4%  38.7% 63.0%  68.7%
zoom 13 (2014) | 5.3% 5.8% 242%  25.4% 53.4%  58.6%
Satellite | zoom 14 (2014) | 10.1%  11.4% 39.1%  46.5% 71.8%  74.9%
images
zoom 11 (2023) | 10.4%  12.1% 40.1%  45.6% 70.0%  77.1%
zoom 12 (2023) | 9.9% 11.6% 36.2%  43.0% 61.9%  69.0%
zoom 13 (2023) | 10.0%  11.5% 38.9%  46.0% 68.1%  74.1%
zoom 14 (2023) | 9.6% 11.1% 43.5%  49.7% 734%  77.8%

zoom 11 (2023) | 23.3%  28.8% 63.7%  66.2% 84.5%  87.2%

E/{:p zoom 12 (2023) | 20.6%  25.8% | 65.7% 659% | 88.0%  89.4%
. zoom 13 (2023) | 16.6% 18.2% | 63.3% 59.3% | 84.7%  86.0%
images

zoom 14 (2023) | 13.3%  14.4% 58.8%  54.0% 80.1%  82.7%

e DPerspective variability in geographic scales (e.g., zoom levels), views
(e.g., ground-view versus overhead-view), and rendering styles (e.g.,

a satellite image versus a map tile representing the same area).

In this task, unfortunately, the spatial variability of the model’s geo-
localization performance has not been investigated, which deserves fu-
ture effort, as foundation models have the common issue of systematic
biases, including the one in the spatial representations learned during
pre-training.

Similarly, temporal bias may also exist because recent data have been

more likely used for pre-training, with historical data largely neglected.
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Specifically, temporal bias will be evaluated within the satellite images
between the years 2014 and 2023.

As for perspective biases, satellite images at different zoom levels will
be compared to evaluate the biases in different geographic scales, (the
same as map tiles at different scales). Next, street view images and satellite
images will be compared to evaluate the biases in different views. Lastly,
satellite images and map tiles at the same zoom level within the same year
will be compared to evaluate the biases in rendering styles.

A notable finding is identified from Table 3.4: CLIP + Image type,
with "This [image type] image was taken in [geo-location label]" as textual
input, outperforms CLIP, with "in [geo-location label]" as the textual input,
regardless of image types and datasets, or geo-localization scales (i.e., city,
country, and continent). This indicates that geospatial image types (e.g.,
"street view", "satellite", "remote sensing", and "map tile") are valuable
components for CLIP to consider when determining the geo-location of
an image.

Street View Imagery Geo-localization. As for the evaluation of Place

Pulse 2.0 street view imagery geo-localization, 13,254 images across 56
cities worldwide are used as a zero-shot testing dataset, versus 21,200 street
view images across 405 cities worldwide as the Mapillary testing dataset.
CLIP + Image type achieves the accuracies of 63.9%, 80.3%, and 93.7% for
Place Pulse 2.0 at the city, country, and continent scales, respectively, and
it has a fair performance on the Mapillary dataset with the accuracies of
24.0%, 55.8%, and 81.2%, considering the significant spatial variability of
this dataset.

Specifically, CLIP’s visual feature space of the cities in Place Pulse 2.0
is plotted in Figure 3.4, showing that distinctive visual representations for
most cities have been captured by its pre-trained image encoder, which

is probably because CLIP is self-supervised via contrastive pre-training
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Figure 3.4: Using t-SNE to visualize CLIP’s visual feature space of the
cities in the Place Pulse 2.0 dataset.

on enormous amounts of pairwise data, enabling visual features to be
directly linked to city labels (in text) worldwide.

To further explore in detail how CLIP performs street view imagery
geo-localization, some of its attention maps (i.e., weights of the last output
layer) are visualized by averaging the weights over the 16 attention heads
(Figure 3.5). Specifically, Figure 3.5(a) reveals that both buildings and
vegetation can be main representations, while Figure 3.5(b) shows that
the text in the image is strong signals (e.g., with characters in a specific
language) and Figure 3.5(c) highlights highways and buildings. In street
views where there are no such features, vegetation alone can be a dis-
tinctive representation for image geo-localization (Figure 3.5(d)). These
results demonstrate that CLIP is able to leverage essential visual features

for effective geo-localization.
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Figure 3.5: Examples of attention maps from CLIP’s pre-trained image

encoder to interpret street view imagery geo-localization.

Satellite Imagery Geo-localization. As for the evaluation of satellite im-

agery geo-localization, 43,894 images across 790 most populated cities

worldwide from the years 2014 and 2023 are used as a zero-shot testing
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dataset, with a range of image numbers from 3,104 to 25,010 at the zoom
levels from 11 to 14.

Specifically, regarding the temporal differences between the two years,
CLIP typically achieves better geo-localization performances in 2023 than
in 2014 for most zoom levels (except for the 14-level), likely due to its
pre-training images collected in more recent years. As for the spatial dif-
ferences in zoom levels, CLIP generally performs better at coarse-grained
levels (e.g., 11-level) than at finer-grained ones (e.g., 14-level), indicating
that overhead imagery geo-localization may require a larger extent that
can satisfactorily reflect the spatial pattern of urban structure (e.g., road
networks and the arrangement of land uses) as a distinguishable visual
clue, which leads to a more accurate prediction on the image’s city geo-
location. As results, CLIP + Image type reaches fair accuracies of 12.1%,
45.6%, and 77.1% at the city, country, and continent scales, respectively,
for the 11-level at 2023, considering the considerable amount of city labels
being classified and the significant visual variability of this dataset (e.g.,
variation of urban landscapes). Yet, this also implies that there is more
potential to improve CLIP’s geo-localization capability for satellite imagery
in the future.

Map Tile Imagery Geo-localization. As for the evaluation of OSM map

tile imagery geo-localization, 20,824 images across 790 cities worldwide at
different zoom levels in 2023 are used as a zero-shot testing dataset, with
a range of image numbers from 1,552 to 11,381 at the zoom levels from 11
to 14.

Specifically, regarding the spatial differences in zoom levels, similar to
the results of satellite imagery geo-localization, CLIP also performs better
at coarse-grained levels (e.g., 11-level) than at finer-grained ones (e.g.,
14-level). This indicates that map tile imagery geo-localization also likely
requires a larger extent that can satisfactorily reflect the overall spatial
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pattern of urban structure to accurately determine the image’s city geo-
location. As results, CLIP + Image type reaches fair accuracies of 28.8%,
66.2%, and 87.2% at the city, country, and continent scales, respectively,
for the 11-level, which is significantly better than the prediction results of
satellite imagery, achieving an accuracy improvement of 10.1% ~ 20.6%.
This is probably because map tile images, compared with satellite images,
can provide more visual clues for geo-localization, including map anno-
tations (e.g., names of geospatial features and landmarks) and a unified
symbolization of map features in terms of their land uses (e.g., urban
areas, highway networks, water bodies, and vegetation) displayed by a
clear and distinct color scheme. This also implies more opportunities to
improve CLIP’s geo-localization capability for map tile imagery in the

future.

Online Imagery Geo-localization. Anotherimagery dataset, i.e., Im2GPS3k

(Vo et al., 2017), composed of 3,000 images collected from the Internet
such as the social media platform Flickr?, is also utilized as a test set to
evaluate CLIP’s image geo-localization ability, as this dataset has been
widely accepted as a common benchmark due to its large size and high
quality compared to other available datasets in 2017.

Accuracy is reported at two scales, i.e., city (25 Km) and region to coun-
try (200 ~ 750 Km). As results, CLIP achieves a competitive performance
compared with the state-of-the-art models.

Yet, there has been a noteworthy argument in this field that the suit-
ability of an image used for geo-localization tasks should be assessed
Panagiotopoulos et al. (2022). For instance, an image of an ordinary mug
or cat from the Internet probably provides few useful geo-location clues.
Therefore, we may need to pause and revisit the suitability of using the
Im2GPS3k dataset as a benchmark to evaluate a model’s geo-localization

https:/ /www.flickr.com/groups/flickrsocialmedia/
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Table 3.5: CLIP’s Zero-shot Performance on the Im2GPS3k Benchmark
Geo-localization (Compared with the State-of-the-art)

Accuracy
Model City | Region ~ Country
Zero-shot CLIP 32.4% 49.7%

ISN (Muller-Budack et al., 2018) 28.0% 36.6 ~49.7%
Translocator (Pramanick et al., 2022) | 31.1% 46.7 ~ 58.9%
GeoDecoder (Clark et al., 2023) 33.5% 459 ~ 61.0%
GeoCLIP (Cepeda et al., 2023) 34.5% 50.7 ~ 69.7%
PIGEOTTO (Haas et al., 2023) 36.7% 53.8 ~ 72.4%

ability, especially for large-scale image geo-localization via deep learning.
This typically involves training large models with massive random online
images without considering the task-specific context. However, images
that are irrelevant to a given task will be less likely to contribute to the
model’s understanding of geo-locations and geospatial representation
learning (e.g., animal images are probably not useful for geo-localization).
As such, we need to ponder on the effectiveness and validity of this com-
mon but likely questionable practice. Do we need a model to geo-localize
every single image in the world? Is it even practicable or reasonable? Is
there any way we can improve data efficiency (e.g., using suitable input
data such as street view images) instead of focusing on data quantity?
The experiments of geo-localization based on global urban images (e.g.,
street view images, satellite images, and map tiles) rather than random
online images in this study can at least prompt researchers to rethink these
questions.

Another issue of the traditional Im2GPS3k benchmark lies in its un-
evenness of spatial representation. Heatmaps of Im2GPS3k’s spatial distri-
bution compared to the ones of the curated urban image datasets used in
this study are displayed in Figure 3.6. Note that a majority of Im2GPS3k

images are located in North America and Europe, with very little repre-
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(a) im2gps3k (b) street view images (Place Plus 2.0 + Mapillary)

(c) Esri satellite images (2014 & 2023) ’ (d) OpenStreetMap map tiles (2023)

Figure 3.6: Spatial distributions of (a) Im2GPS3k, a traditional benchmark
dataset and (b-d) global imagery datasets curated for this dissertation
(e.g., street view images, satellite images, and map tiles). Im2GPS3k for
testing geo-localization methods is heavily concentrated in the U.S. and
Western Europe, while the curated dataset is more spatially even and
covers a global extent, obtaining a better spatial representation for image
geo-localization.

sentation in the other four populated continents (Figure 3.6 (a)), while
the curated datasets provide a more spatially even sampling of the globe,
with images on almost all populated urban areas, achieving a more com-
prehensive spatial representation (Figure 3.6 (b-d)), along with a variety

of different image types.
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3.4 Experiment #2 Urban Mixed Land Use

Detection

Mixed land uses represent the integration of places with different so-
cioeconomic functionalities, such as residential, commercial, industrial,
transportation, recreation, and entertainment. Historically, mixed land use
development has always been an essential part of US urban landscapes,
and most cities have been developed with mixed land uses since the early
twentieth century (Moos et al., 2018). Many existing studies have shown
the important role of mixed land uses in urban development, such as im-
proving neighborhood health conditions (e.g. body mass index (BMI) and
obesity) (Brown et al., 2009), affecting housing values (Wu et al., 2018), re-
ducing property and violent crimes (Zahnow, 2018), as well as alleviating
automobile dependency (McCormack et al., 2001; Cervero, 1996). Over
the past two decades, mixed land uses have been widely acknowledged
to be essential for creating livable and sustainable communities, and are
promoted by contemporary planning paradigms as an effective planning
strategy for smart growth (Ye et al., 2005).

However, mixed land use detection has still remained a challenge
because of the limitations of data sources as well as methods for data
processing and analytics. Most land use data only record a single label
(usually the most representative land use type) for each ground feature
(e.g., abuilding), neighborhood block, or land parcel, while many of them
possess multiple socioeconomic functionalities that support a variety of
human activities (Gao et al., 2017; Pande et al., 2021). This is because land
use data and maps are mainly obtained by visual interpretation based
on overhead-view imagery such as remote sensing images (Zhang et al.,
2018b; Helber et al., 2019; Ding et al., 2022; Yao et al., 2022; Yoo et al.,
2022), which only provide the overhead view of the ground features and

therefore hardly capture the detailed visual characteristics of mixed land
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uses, especially for those multi-story properties. Moreover, this single-
label issue has resulted in a persisting problem in mixed land use detection
for decades — employing one-class classification methods for multi-class
scenarios (Omrani et al., 2017). In other words, each target (e.g., a ground
feature) is still considered as or predicted with only one land use class, and
the estimated level of land use mixture relies on the spatial aggregation of
the recorded or predicted land uses of the ground features within a larger
land parcel (Abdullahi et al., 2015; Tian et al., 2017; Yue et al., 2017; Xing
etal., 2018; Zhuo et al., 2019; He et al., 2020). Thus, using these incomplete
data and inappropriate methods would produce biased, questionable
results of mixed land use detection. A good sign has emerged that a few
recent studies (Omrani et al., 2017; Liang et al., 2021; Wu et al., 2022)
have realized and implemented the multi-label concept, although their
land use validation datasets still suffer from: (1) being aggregated from
fine-grained scales into coarse-grained ones (e.g., at a land patch or parcel
level); (2) requiring tremendous human labors on visual interpretation
from images; and/or (3) not being reusable for other cities or regions due
to data unavailability.

To address these issues using overhead-view imagery, this study pro-
poses to utilize ground-level street view imagery to predict mixed land
uses due to its unique advantages. First, these images are mostly captured
from side views and can provide more detailed, representative, and het-
erogeneous visual characteristics (e.g., the appearance of each floor of
a property) related to urban land uses (Zhu et al., 2019), offering more
useful information needed for achieving a more accurate detection of
mixed land uses. Moreover, these images can be geo-located at a point
level represented by geospatial coordinates (i.e., the finest-grained spatial
scale), which can improve spatial resolution in identifying the mixture of
land uses. In fact, street view images have demonstrated their effectiveness

in differentiating and decomposing the compound uses of urban land (Li



65

et al., 2017; Zhang et al., 2017b; Kang et al., 2018b; Fang et al., 2022; Wei
et al., 2022), emerging as popular research datasets due to their ability to
offer more representative and fine-grained information compared to the
overhead-view imagery, which is often used in coarse-grained scales (e.g.,
at the parcel or neighborhood level) (Castelluccio et al., 2015; Cheng et al.,
2015; Tong et al., 2018).

Next, to effectively derive the mixed-use information, this study pro-
poses a novel vision-language multimodal method that leverages street
view images (vision part) and land-use contextualized prompts (language
part, describing land uses with geo-locations at different scales), as this
emerging multimodal technique has been proven to outperform the tradi-
tional image-based or text-based single-modal learning on various geospa-
tial applications and tasks (He et al., 2020; Radford et al., 2021; Ji and
Gao, 2023), including place type classification (Yan et al., 2018), (mixed)
land use classification (Xing et al., 2018; Yokoya et al., 2018; Aswatha
et al., 2020; Pastorino et al., 2022), remote sensing scene classification (Li
et al., 2021b), and urban function and population mapping (Zhang et al.,
2017b; Cao et al., 2018; Bai et al., 2023). The theoretical foundation of the
proposed method is based on the fact that land-use scenarios serve as
common descriptors for human land utilization, including categories such
as residential and commercial. Hence, mixed land use detection can be
equated to a task of Natural Language for Visual Reasoning (NLVR). In
this context, it focuses on classifying an image by assessing the alignment
between its descriptive land-use context and visual characteristics to assign
the appropriate land use label(s). Next, the land-use context that has the
largest similarity with the image scene can be predicted as the major land
use type, and the similarity values of all land-use contexts can be used to
evaluate the mixed degree of land uses for this image scene. As such, this
method is also beneficial to the task of mixed land use mapping, enabling

it at the point level (i.e., the geo-location of each ground image) and to
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reflect land-use visual characteristics more comprehensively.

While there have been various multi-modal learning models and tech-
niques that integrate natural language and computer vision and have
shown significant promise for addressing classification-based challenges
(El-Komy et al., 2022), the widely recognized model, i.e., CLIP (Radford
et al., 2021), which was contrastively pre-trained on a vast and diverse
dataset comprising 400 million text-image pairs, has stood out and show-
cased remarkable zero-shot classification performance on 16 distinct bench-
marks. In addition, CLIP has demonstrated its capability to outperform
traditional vision-based single-modal learning in mixed land use detec-
tion, by capturing the visual representation of street view images and
successfully establishing a connection between this representation and the
corresponding land-use textual representation (Wu et al., 2023). CLIP’s
superiority is supported by the fact that land-use texts are often part of
the description of urban scenes, and some urban scenes are usually linked
with certain descriptions of a land use type (e.g., a property with a chim-
ney on the roof is more likely to be described as a "residential place"). In
addition, street view images with a ground view tend to be more prevalent
in conjunction with descriptive land-use texts in urban contexts, as they
align more closely with human perception when contrasted with remote
sensing imagery that offers a top-down bird’s-eye view. This inherent
advantage of the visual input further underscores CLIP’s suitability for
mixed land use detection via vision-language multi-modal learning.

Another model used for this experiment is GPT-4V, as it is currently one
of the state-of-the-art MFMs on various downstream tasks (Achiam et al.,
2023). Specifically, when performing spatial context-aware VQA tasks,
GPT-4V has demonstrated a powerful capability in understanding the
spatial context of various urban scenes, particularly for land use reasoning
(Section 3.2.2), further highlighting its practicality for mixed land use
detection.
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Study Area

This experiment is conducted within New York City (NYC), one of the
most densely populated urban centers in the United States, distinguished
by its pronounced prevalence of mixed land uses affirmed by the NYC
Department of City Planning. A pivotal milestone in this context tran-
spired in 1997, with the establishment of the mixed-use district designed
to stimulate investments and enhance the vitality of neighborhoods, fos-
tering a blend of residential and industrial activities in close proximity.
Consequently, this initiative has culminated in the emergence of mixed
land uses within designated zones, including land use purposes such as

recreation, commerce, and industry.

Datasets

Place Pulse 2.0 Street View Images. With this context, the street view

images in NYC have been used to evaluate the zero-shot performance of
CLIP and GPT-4V on mixed land use detection. Particularly, the applied
dataset is a subset of the Place Pulse 2.0 (Dubey et al., 2016) and consists
of 3,398 Google Street View images captured from 2007 to 2012 (Section
2.2.1). These images were geo-located as coordinates with a latitude and
longitude, sampled uniformly by grids that spatially overlap with the four
primary boroughs of NYC, namely Brooklyn, Queens, Manhattan, and
the Bronx. The spatial distribution of these images is mapped in Fig. 3.7,
referencing Wu et al. (2023)’s study for mixed land use measurement and

mapping using the same dataset.

OpenStreetMap (OSM) Land Use Data. OSM, a global platform for vol-
unteered geographic information (VGI), provides public, cloud-sourced

online maps. OSM data contain spatial geometries in vector format (i.e.,
point, line, or polygon) that are linked with various attributes, including
land use information. Many previous studies have demonstrated the ef-
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Figure 3.7: Spatial distribution of Place Pulse 2.0 street view images in
NYC.

fectiveness of using OSM land use data to train models for urban land
use classification (Fonte and Martinho, 2017; Fonte et al., 2020). In this
work, the OSM shapefiles were downloaded from the BBBike website
3. Specifically, after data preprocessing (e.g., removing the invalid fea-
tures), the layers of "buildings" (277,875 polygons), "landuses" (21,362
polygons), and "natural" (9,233 polygons) in NYC were used as the land
use validation data.

Additionally, since the original OSM land use types are defined as very
detailed classes, we re-classified them into six categories that are more

3https: //download.bbbike.org/osm/
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general, i.e., residential, commercial, industrial, greenfield, recreation, and
transportation (Table 3.6), following similar data pre-processing proce-
dures of previous studies (Zhang et al., 2017a; Wu et al., 2022, 2023) but
focusing on more common classes for urban planning and design. Later,
these six categories will be used to evaluate the model performance on
mixed land use detection. Although the six categories do not appear mutu-
ally exclusive by concept (e.g., greenfield versus recreation), this proposed
classification schema can differentiate between natural elements (e.g.,
greenfield, primarily denoting natural green spaces) and human-made
ground features (e.g., recreation, principally representing human-made
recreational facilities). Moreover, this approach aligns harmoniously with
existing re-classification methodologies commonly employed within the
field of urban planning and design, as discussed by Wu et al. (2022). Ad-
ditionally, to maintain a balanced dataset across the re-classified land use
categories, we analyzed the image distribution within each category, and
the observed result exhibited a rational distribution, further substantiating
the soundness and validity of the undertaken re-classification procedure.

Note that one common issue of using OSM land use data for validation
is data sparsity. First, while OSM often provides rich geospatial informa-
tion in developed regions (e.g., Europe and North America), the datasets
are likely less comprehensive in many other regions. This unevenness of
spatial representativeness should be acknowledged when using OSM in
worldwide regions. Second, OSM land use data may not fully cover the
entire study area, which means that mixed land use areas could not be
captured in certain locations. Third, this data may not record multiple
land use labels for every single multi-functional ground feature, leading
to the missing of some land use(s) for certain features. Therefore, the
model performance on mixed land use detection is possibly undermined
due to the incompleteness of OSM land use data. However, we could still

focus on the images that have been detected as mixed land use based on
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Table 3.6: Re-labeling Land Use Categories for OSM Data

Re-classified  Original OSM land use labels

labels

Residential residential, garage, house, apartment, detached, terrace,
shed, static caravan, shelter, dormitory

Greenfield greenfield, grass, meadow, flowerbed, allotments, village
green, farmland, farmyard, forest

Recreation recreation, park, theatre, museum, attraction, grandstand,

cinema, arts, sports, gallery, stadium, artwork, garden
Transportation transport, bus station, bus depot, train station, traffic island,

railway
Industrial industrial, tank, warehouse, storage, brownfield
Commercial commercial, nursing home, retail, restaurant, hotel, motel,

office, food court, fast food, parking, bank, fuel, pharmacy,
cafe, club, rental, studio, market, works, workshop, bar, pub

OSM labels, and then evaluate the model capacity in classifying mixed
land use(s) by the degree of matching between the predicted labels and
OSM ones. Specifically, the degree of matching equals the proportion of
those correctly predicted images (i.e., the predicted land use is the OSM
one, or one of them in the case of mixed uses).

Next, we need to carefully determine whether a location has mixed
land uses, which will be considered as the validation to evaluate model
performance. Fig. 3.8 displays the process of capturing mixed land uses of
a location based on OSM land use data. For each location of an image, a
buffer zone with a radius r (i.e., 50-meter or 100-meter) will be created and
intersected with the polygons in the land use layer. If different land use
types are identified in this buffer zone, then this location will be classified
as mixed land uses.
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Figure 3.8: Capturing mixed land uses of a location based on OSM land
use data with a buffer radius of 50 meters (an example of Bedford Avenue
in Brooklyn College), with OSM land use tags such as recreation and
transportation.

Results and Analysis

To evaluate the effectiveness of the proposed zero-shot models, baseline
model comparisons have been conducted using a traditional vision-based
CNN model, ResNet-152 (He et al., 2016), pre-trained on ImageNet-1K_V2
(Deng et al., 2009) as well as a vision transformer model, ViT (Dosovitskiy
et al., 2020), pre-trained on ImageNet-1K_V2 (Deng et al., 2009) and Ima-
geNet2012 (Russakovsky et al., 2015), considering their well-established
and strong performances across various computer vision benchmarks.
These two baseline models are fine-tuned based on few-shot learning, and
computed the cross-entropy loss after 32 training epochs, with a learning
rate of 1072 and an optimizer of Stochastic Gradient Descent (SGD).

Fig. 3.9 illustrates the contrast in prediction performance of the pro-
posed zero-shot models versus the few-shot ResNet-152 and Vil models.
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Figure 3.9: Comparison of model zero-shot performances on mixed land
use detection. Both CLIP and GPT-4V outperform few-shot ResNet and
ViT. Note that the fluctuation of the ViT performance may be due to the
few-shot sampling of each land use category, leading to unstable predictive
results.

As results, CLIP wins the few-shot ResNet-152 and ViT models with the
degrees of matching as 71.27%, achieving 17.66% and 7.19% better than the
20-shot ResNet-152 and ViT, respectively. Moreover, GPT-4V outperforms
CLIP by 4.83%, reaching a remarkable accuracy at 76.10%. These results
underscore the competitive edge of language-image models in land use
detection tasks, compared to traditional single-modal models that are only
tailored for the input of imagery. For instance, CLIP yields visual features
that are extracted in a contrastive learning manner and informed by the
self-supervised pre-training on extensive text-image paired data, which

also contain descriptions of land use scenarios or contexts. Consequently,
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these features can be easily linked to distinct representations for each land
use label (see Fig. 3.10). In contrast, traditional supervised single-modal
models must derive visual features solely from input images, which poses
the limitation that the labeled class of an image could be associated with
many different visual objects detected from the image, in which the pri-
mary object(s) for the class may not be distinguished. This issue becomes
especially pronounced in few-shot scenarios when the model has not yet
established representative visual objects for each class. This result demon-
strates the capacity of natural language to aid in referencing learnt visual
objects, facilitating the feasibility of the model for land use detection via
zero-shot transfer.
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Figure 3.10: t-SNE visualization of the CLIP fusion space for different land
use categories.

Specifically, CLIP’s visual feature space of land use labels is plotted

in Figure 3.10, showing that a certain level of mixture in the visual repre-
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sentations for land use labels has been captured by its pre-trained image
encoder, as a result of CLIP’s enormous amount of pre-training pairwise
data that were learned contrastively, enabling the land-use visual features
and their mixture representations to be linked to land use labels (in text).

Lastly, to obtain a better understanding of how CLIP interprets images
and text together for predicting (mixed) land uses, some attention maps
were plotted as examples to demonstrate the features that CLIP’s attention
was focused on. Specifically, Fig. 3.11 (a) shows a street view image
located in residential areas with more diverse land uses (e.g., commercial
and transportation), compared with the image shown in Fig. 3.11 (b) that
is also located within residential areas but with a more monopolized view.
Interestingly, the pattern of the attention mask is more scattered across
the whole image in Fig. 3.11 (a), while CLIP exclusively focused on the
chimney on the roof of a house in Fig. 3.11 (b), indicating that for those
low-diversity areas CLIP is able to learn the key representation(s) of a
given land use type (e.g., residential).

As for Fig. 3.11 (c), although the image is only labeled as industrial,
yet we can see from the scene that there is also residential land use, which
CLIP can identify. Similar situations can also be found in Fig. 3.11 (e) and
(f), where the images have mixed land uses regardless of their OSM land
use label(s), and CLIP is capable of interpreting their mixtures by putting
attention to the representative features (e.g., learning commercial land use
based on the front gates of stores and retails, or learning the residential
land use based on the pattern of terrace buildings). In another scenario,
Fig. 3.11 (d) and the attention mask show that recreational land use has
been successfully detected based on the plants (green space) and certain
features (e.g., the golf cart).
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3.5 Experiment #3 Urban Perception Prediction

Urban perception prediction involves the use of computational models
to predict human perceptions and subjective experiences of urban envi-
ronments. This interdisciplinary field merges urban studies, psychology,
and computer science to understand how people perceive urban spaces
in terms of safety, beauty, liveliness, and other subjective variables. The
ultimate goal is to inform urban planning and policy decisions, enhance
urban design, and improve the quality of life in urban areas. Traditional
approaches have relied on surveys and human observations, which are
time-consuming, costly, and inherently limited in scope. With advance-
ments in data availability and computational technologies, there has been
a shift towards using data-driven approaches, leveraging large-scale urban
data (images, videos, audio, social media content, etc.) to predict urban
perceptions.

Recent approaches to urban perception prediction have predominantly
focused on using machine learning techniques, especially deep learning,
to analyze urban data. These methods typically aim to train models on
datasets that are quantitatively annotated with human perceptions (e.g.,
ratings or scores of an urban perception variable), so that the models can
learn to interpret the intricate patterns associated with these subjective
ratings. Particularly, image-based models have been prominent, using
street view imagery to predict how people perceive different urban en-
vironments, while text-based models, mostly trained on big data from
social media or review platforms, have also been salient by their ability to
capture perceptions expressed by urban residents and visitors.

While these approaches have significantly advanced the field, two
research gaps and limitations have been identified. First, some existing
models were trained on data from specific cities or regions, limiting their
generalizability across dynamic urban contexts and diverse social and

cultural circumstances. Second, most studies in this field focused on a sin-
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gle data modality (e.g., images or text), overlooking the rich, multimodal
nature of urban data that could provide a more holistic view of urban
perception.

To address these limitations, this study proposes a novel multimodal
learning method for urban perception prediction, by integrating multiple
data modalities (e.g., images and text) at a global scale to gain a more
comprehensive and robust prediction result via MFMs (e.g., CLIP and
GPT-4V). Theoretically, this multimodal method is particularly suited for
urban perception prediction for several reasons. First, by combining vast,
global data from diverse sources and in different modalities, MFMs such
as CLIP and GPT-4V can learn more generalizable features that are not
specific to a particular type of data input (e.g., images or text), nor to a
specific city or region. Second, multimodal data provides a richer and more
comprehensive representation of a given urban environment, capturing
different dimensions of urban life that a single modality might miss, and
thus potentially uncovering unexpected, more integrated insights into
urban perception by identifying factors that are not evident when analyzed
in isolation. Furthermore, such multimodal input enables models to better
accommodate the complexity of human perception by mimicking the
human learning manner, which essentially leverages multiple sensory

feelings to receive and interpret the multi-faceted urban experiences.

Datasets and Evaluation Metrics

The Place Pulse 2.0 dataset (Dubey et al., 2016) mentioned in Section
2.2.1,1is a crowd-sourced dataset containing 110,988 images and 1,170,000
pairwise comparisons between these images provided by 81,630 online
volunteers, and the comparisons were based on six human perceptual
variables: safe, lively, boring, wealthy, depressing, and beautiful. For
example, one comparison of a pair of two images can be "which place
looks safer?" regarding the variable of "safety." The volunteers would
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select one of the three options, the left image, the right image, or "equal,"
to indicate their perceptual judgment. Figure 3.12 displays an example of

a two-image comparison.

Which place looks safer ? -

Figure 3.12: An example of a two-image comparison regarding the "safety"
variable.

Next, with the rating results in the form of two-image comparisons,
the Microsoft Trueskill algorithm (Herbrich et al., 2006), a Bayesian skill
rating system, is adopted to compute the rating score of each perceptual
variable for each image (Dubey et al., 2016).

Particularly, to evaluate CLIP’s zero-shot prediction performance on
each perceptual variable, the distribution of the Trueskill scores will be
used to create k classification categories based on k-means clustering
algorithms (Hartigan and Wong, 1979; Likas et al., 2003; Sinaga and Yang,
2020). For example, when predicting the "safety" variable, the assigned
label as part of textual input for CLIP’s pre-trained text encoder can be
one of three pre-defined categories, e.g., [not safe], [safe], or [very safe], if
k = 3. Finally, for each image, the six generated labels will be the ground
truth to examine the CLIP’s zero-shot prediction performance on urban
perception for the six perceptual variables (as a classification task).

As for the evaluation of GPT-4V’s zero-shot performance, a specific
VQA task has been run on GPT-4V to assess its ability for street view
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image reasoning in Section 3.2.2 (Table 3.1), asking "On a scale of 1 to 10
(with 1 being the lowest and 10 being the highest), please rate the image
with an integer in the six perceptive aspects: safety, liveliness, boringness,
wealthiness, depression, and beauty. Please also include the reasons for
your ratings." Therefore, the predicted perception scores from GPT-4V
will be evaluated based on the regression metrics (e.g., Mean Absolute
Error (MAE), Mean Squared Error (MSE), and Root Mean Square Error
(RMSE)) as well as the Spearman and Pearson Correlation Coefficients for
examining whether the predicted scores are correlated with human-rated
scores.

Note that the volunteers who participated in this Place Pulse 2.0 project
were from 162 countries, with a good mix of residents from both developed
and developing countries. To explore the potential biases in the collection
that may come from the demographics of the volunteers, a correlation
significance test was conducted in a previous study (Salesses et al., 2013;
Dubey et al., 2016). It is worth noting that individual preferences for
urban appearance were not driven by participants” age, gender, or location,
indicating that there is no significant demographic bias in the dataset.
Furthermore, the internal consistency of the ratings in the dataset was
also tested by the inter-user reproducibility and transitivity, both of which
were found to be high (Salesses et al., 2013).

Results and Analysis

As results, CLIP’s zero-shot performance achieved a range of accuracies
from 25.7% to 37.1% among the six perception variables, with the lowest
accuracy for "liveliness" and highest accuracy for "beauty" (Table 3.7).
These results will be used as the baseline to evaluate the performance of
Geospatial CLIP in Chapter 5.

As for GPT-4V, the best zero-shot performance is for "wealthiness"
with the lowest values of MAE, MSE, and RMSE, while its prediction
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scores reflect a higher positively correlated relationship with the human-

rated scores for "safety," "beauty", and "wealthiness," especially for "safety,"
reaching a Spearman’s correlation coefficient value of 0.384 (representing a
positive monotonic relationship) and a Spearman’s correlation coefficient

value of 0.404 (representing a positive linear relationship).

Table 3.7: CLIP’s and GPT-4V’s Zero-shot Performances on Urban Percep-
tion Prediction

Variable CLIP GPT-4V
Accuracy | MAE ‘ MSE ‘ RMSE ‘ Spearman ‘ Pearson
Beauty 37.1% 0.210 | 0.065 | 0.256 0.380 0.392

Boringness 28.2% | 0.195 | 0.060 | 0.246 0.158 0.167
Depression | 30.4% | 0.242 | 0.084 | 0.291 0.216 0.232

Liveliness 25.7% 0.364 | 0.161 | 0.401 0.231 0.231
Safety 33.2% 0.179 | 0.047 | 0.217 0.384 0.404
Wealthiness 30.7% 0.155 | 0.037 | 0.194 0.352 0.360

Additionally, GPT-4V’s zero-shot performances are compared with one
of the state-of-the-art models, i.e., Fine-tuned BERT (Ma and Wu, 2023)
based on the metrics of MSE. As results, GPT-4V outperforms Fine-tuned
BERT significantly for all six perception variables (Table 3.8), indicating
GPT-4V’s powerful capability in zero-shot transfer learning.

Table 3.8: GPT-4V’s Zero-shot Performances on Urban Perception Predic-
tion Compared with the State-of-the-art

Variable | GPT-4V’s MSE Fl‘g;;“;ﬁj 555252%%
Beauty 0.065 0.43
Boringness 0.060 0.53
Depression 0.084 0.58
Liveliness 0.161 0.47
Safety 0.047 0.58
Wealthiness 0.037 0.55
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Figure 3.13: Boxplots of GPT-4’s predicted scores versus human-rated
scores of the six urban perception variables.

Lastly, boxplots of GPT-4’s predicted scores versus human-rated scores
of the six urban perception variables have been created and displayed in
Figure 3.13, comparing the prediction values against human-rated ground-
truth.

Specifically, the "beauty" plot spans from a predicted score of 1 to 9,
with an overall gradual upward trend, suggesting that higher predicted
scores are generally associated with higher human ratings. The spread
of the boxes and whiskers indicates variability in this association, with a
few outliers (depicted as individual points) indicating cases where this
association deviates significantly from the median.

Similar to the "beauty" plot, the predicted scores for "boringness" are
spread across a range from 2 to 9. The median lines are moderately level,
which suggests that there is not a strong trend between the predicted scores
and the human ratings. Meanwhile, the spread of the human ratings is
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quite wide, especially for middle predicted scores, indicating a higher
variability in human opinions on what is considered boring.

Next, the "depression" plot shows predicted scores from 2 to 8 and
the median lines also appear level, similar to "boringness," indicating no
strong upward trend. There is a wider variability in human ratings among
the areas where the predicted "depression" scores are lower, in which
humans likely have varied impressions related to depression.

The predicted "liveliness" scores range from 1 to 9, and the median
lines slightly trend upward, implying that higher predictions may fairly
correlate with higher human ratings of liveliness, although there’s consid-
erable variability for lower to middle predicted scores, and some outliers
suggest that these areas were rated very differently from the median.

The "safety" boxplot has predicted scores from 2 to 9 and shows a
clearly upward trend in the median lines, indicating that higher predicted
safety scores tend to correspond with higher human ratings. However,
there are numerous outliers, especially for middle to higher predicted
scores, indicating some disagreement between the predictions and human
ratings on safety.

Finally, the "wealthiness" boxplot ranges from predicted scores of 2
to 9, with an overall upward trend in median lines. The variability in
human ratings seems to decrease with lower or higher predicted scores,
suggesting a possible consensus on the perception of wealth in lower- or
higher-rated areas.

3.6 Conclusions and Discussion

This chapter has intensively explored the zero-shot learning capabilities of
MFMs, specifically focusing on CLIP and GPT-4V, and their application in
understanding and interpreting geospatial imagery. This investigation pro-

vides valuable insights into the data utilized, the methodologies adopted,
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and the outcomes of three specific tasks: global image geo-localization,

mixed land use detection, and urban perception prediction.

Data Insights

The study utilized a comprehensive collection of geospatial imagery, in-
cluding street view images, satellite images, and map tiles, sourced from
geo-locations worldwide. This rich dataset enabled a robust examina-
tion of the MFMs’ ability to generalize across different spatial contexts
and interpret complex urban landscapes. The diversity and quality of
the data played a critical role in benchmarking the models’ performance,
underscoring the importance of well-curated datasets in advancing GeoAl

research.

Methodological Insights

The methodology centered on zero-shot learning, allowing the MFMs
to apply their pre-trained knowledge to new, unseen geospatial tasks
without further training or fine-tuning. This approach highlighted the
models” inherent capacity for cross-modal understanding and their re-
markable potential to extract meaningful information from multimodal
data. Specifically, this chapter showcased how advanced MFMs could
navigate the complexities of geospatial image reasoning in a zero-shot

learning scenario.

Task-specific Insights

Global Image Geo-localization Both models demonstrated an outstand-
ing ability to identify geo-locations from images alone, suggesting their
profound understanding of visual cues related to urban landscapes, includ-
ing architecture styles, road or highway networks, greenery and its spatial
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arrangement, spatial patterns from both the ground view and overhead
view, etc.

This task also highlighted the potential to enhance MFMs’ spatial-
context awareness to a more precise level, which is a promising direction
in the future, especially for satellite images and map tiles. Also, while
this research activity used the levels of city, country, and continent to
geo-localize images, it would be intriguing to explore MFMs’ ability to
geo-localize images at a finer-grained level, e.g., the district level, or even
the street level.

Mixed Land Use Detection The analysis revealed the models’ capability
to discern mixed land uses within urban environments, revealing their
incredible understanding of urban areas and the spatial context of human
activities. To continue this line of research, some potential directions are
identified as the worth of a future effort. First, the current study area is
NYC, while it could be extended to a global scale, given that the datasets
applied (e.g., street view images and OSM land use information) are
publicly available worldwide. Second, the current classification scheme
focuses on only six major categories, while in the future more nuanced
classes could be utilized to perform more precise mixed land use detection.
For example, residential properties could be further classified as apart-
ments, condos, single houses, etc. Similarly, commercial places could be
further categorized as restaurants, supermarkets, cafés, bookstores, phar-
macies, etc., which may be accomplished by leveraging object detection
algorithms.

Urban Perception Prediction The models can fairly predict urban percep-
tions based on street view imagery, indicating a certain level of comprehen-
sion of the visual elements that influence human perceptions (e.g., safety,
beauty, and liveliness). However, the outcomes imply the great potential

to improve MFMs’ understanding and prediction of these perception vari-
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ables, by acquiring more insights into how urban spaces are perceived by
both inhabitants and visitors. In fact, there has remained a huge black box
for understanding how various environments represented in multimodal
data affect humans’ impressions and feelings towards different percep-
tion variables, which requires knowledge from multiple domains, such as
socio-psychological sciences, urban planning, and computer sciences.

In conclusion, the exploration of the zero-shot learning of MFMs for
geospatial image reasoning has revealed significant insights regarding the
intersection of MFMs and GeoAl. The findings from this chapter not only
demonstrate the models” proficiency in handling complex geospatial tasks,
but also illuminate the path forward for applying multimodal learning
in the geospatial domain. The intricate relationship between data quality,
methodological rigor, and task specificity forms the cornerstone of this
research activity, shedding light on future advancements in GeoAl.
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4 TOWARDS SPATIAL-CONTEXT PROMPT TUNING FOR
MULTIMODAL LEARNING: GPT-4V AUGMENTED
SPATIAL-CONTEXT PROMPT TUNING ON MFMS FOR

GEOSPATIAL APPLICATIONS

41 Introduction

The integration of spatial-context awareness into prompts for multimodal
learning, particularly with the usage of MFMs, has opened new fields in
current GeoAl research (Wu et al., 2023). However, one of the challenges
lies in how to effectively integrate spatial context with the textual input
of MFMs. Prompt tuning techniques have been applied to MFMs, which
involve adjusting the textural inputs to a pre-trained model to achieve bet-
ter performance on specific tasks. However, these mainstream techniques
may not fully capture the various aspects of spatial context that could
facilitate the model’s spatial understanding. This limitation underscores
the need for the examination of spatial-context prompt tuning, a method
designed to enhance the model’s ability to understand and utilize spatial
information more effectively.

Spatial contexts are inherently ambiguous and can vary significantly
depending on temporal dynamics, socio-cultural factors, and environmen-
tal differences. This variability presents a challenge for MFMs, as the
models need to learn how to flexibly discern variations in spatial rela-
tionships and contexts during data interpretation. Current models may
struggle to account for this variability, leading to less accurate or contextu-
ally inappropriate outputs for geospatial applications. For example, when
geo-localizing satellite images in Section 3.3, CLIP typically achieves better
performances in 2023 than in 2014 across zoom levels, as well as perform-

ing better at coarse-grained levels (e.g., 11-level) than at finer-grained
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ones (e.g., 14-level). If such spatiotemporal dynamics can be presented
in the prompts used as textual input for MEMs, then the model can learn
more useful task-specific clues in textual features and connect these extra
features with targeted visual features, potentially boosting the model’s
performance on geospatial applications.

Based on the identified challenges and the great potential of spatial-
context prompt tuning, this research activity aims to investigate how to
execute prompt tuning with spatial context, which is augmented by the
VQA outputs from GPT-4V (Section 3.2.2), to enhance MFMs for geospatial
applications, driving forward the capabilities of MFMs to better under-
stand and interact with the spatial dimensions of our world. Regarding
the rest of this section, first, the current status of prompt engineering with
pros and cons is investigated, especially for geospatial applications, and
then the theory and practice of designing spatial-context aware prompts
is demonstrated, focusing on how they can address the limitations of
prompt tuning techniques to enhance MFMs’ performance for geospatial

applications.

4.1.1 Prompt Tuning

Prompt tuning, also known as prompt engineering, has represented a
compelling frontier in the evolution of Al, especially within the domain
of natural language processing (NLP) and the recent advent of LLMs
and MFMs. This technique has emerged as pivotal for adapting large pre-
trained models to specific tasks without the need for extensive re-training
or fine-tuning of the entire model architecture. Instead, it is a means
of shaping the textual input of language models by providing specific,
contextualized information, and thus can enhance the interpretability of
language models or multimodal foundation ones (Radford et al., 2019;
Brown et al., 2020).

Specifically, prompt tuning by nature can be considered as an adapting
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approach for pre-trained models (e.g., GPT series) to perform various
or even unexplored tasks by carefully designing input prompts. Unlike
formal fine-tuning, which adjusts the weights of a model across all or some
layers to optimize model performance on a specific task, prompt tuning
focuses on crafting the input prompt or adding a small number of trainable
parameters tied to the prompt, aiming to better extract and leverage the
immense knowledge encoded in pre-trained models and guiding them
to apply their learned capabilities to different tasks. As a consequence,
it can effectively reduce computation costs simply by manipulating the
textual inputs of a model instead of updating its weights, which is espe-
cially practical for those recently published large models with millions of
parameters. For example, ChatGPT 4! has an enormous count of 100 tril-
lion parameters, and training such a model from scratch can take months.
More importantly, the employment of prompt tuning can maintain the
generalizability capability of the pre-trained model (Zhou et al., 2022).
As for its mechanisms, prompt tuning operates in two main types:
manual and automated. Manual prompt tuning is to create handcrafted
prompts that can navigate the model to obtain a better understanding
of the input and the task. These prompts can include specific contexts,
instructions, questions, or structures that align with desirable model out-
put. Although the effectiveness of manual prompt tuning may depend
on the expertise of the user in framing prompts that can resonate with
the model’s pre-training for a given task during the process of trial and
error, yet manual prompt tuning is advantageous in terms of simplicity,
customization, and transparency. Specifically, these prompts are devised
explicitly to guide the model toward the preferred outcome, allowing a
direct understanding of what information is provided to the model and
how the model is instructed to process that information. In addition, these
prompts can be easily understood and modified by humans, making the

https://openai.com/product/gpt-4



89

reasoning behind the model’s responses more transparent. Moreover,
users can iteratively refine their prompts based on observed model perfor-
mance and insights into the task, and this iterative process fosters a deeper
understanding of how different prompt formulations affect the model’s
outputs, contributing to the overall interpretability of the approach.

Automated prompt tuning, on the other hand, introduces an optimiza-
tion process where a small set of parameters associated with the prompt
are learned through back-propagation. This subset of parameters, often
referred to as "soft prompts" or prompt embeddings, is optimized to guide
the model towards desirable outputs for a specific task. Although this
method allows for more scalable and adaptable prompt tuning, a huge
drawback is its lack of interpretability. The model may discover prompts
optimized for a given task, but cannot explain why it chose those embed-
dings. Similar to many deep learning models, "soft prompts" are opaque
and cannot provide deep insights into the model’s internal mechanisms.
Thus, automated prompt tuning essentially creates a layer of abstraction
between the user and the model, as these "soft prompts" or learned em-
beddings are not directly interpretable in human terms, making it difficult
to discern how they guide the model’s responses.

4.1.2 Prompt Ensembling

Furthermore, another notable technique of prompt tuning is known as
prompt ensembling, which focuses on integrating multiple manual prompts
to address the challenge of capturing the multifaceted aspects of a given
task. By sophisticatedly combining a variety of prompts, this approach
encourages the pre-trained models to generate rich, contextually relevant,
and comprehensive textual output for the given task.

Existing studies have employed a variety of methodologies to imple-
ment prompt ensembling. For instance, DiVeRSe ("Diverse Verifier on
Reasoning Steps") (Lietal., 2022) is a method that improves the reliability
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of answers in a threefold manner: (1) building multiple prompts to gener-
ate diverse completions; (2) training a voting verifier to distinguish good
answers from bad answers; and (3) testing the voting verifier to check
the correctness of reasoning steps. Another similar but more advanced
method is Ask Me Anything (AMA) Prompting (Arora et al., 2022). The
AMA approach uses an LLM to generate multiple prompts, instead of
just using different few-shot exemplars, and estimates the dependencies
between different prompts it creates, which will be used to weight prompts
appropriately when aggregating their answers. In practice, majority vot-
ing may be the simplest way to weight prompts, while a softmax function
is also a commonly used method (Radford et al., 2019; Brown et al., 2020).

Yet, determining the optimal combination of prompts and managing
potential redundancy or conflicting information have remained concerns.
The design of prompts within ensembles needs to ensure a balanced cov-
erage of different aspects of a given task. Future research could explore
the integration of automated methods for selecting and weighing prompts
within ensembles. In addition, investigating the influence of prompt diver-
sity and redundancy on model performance could provide insights into
effective prompt-tuning strategies.

4.1.3 Spatial-context Aware Prompts

Traditional prompts often lack spatially contextual awareness, leading to
inefficiencies and inaccuracies in the model output, particularly for geospa-
tial applications. To address this issue, spatial-context aware prompts have
emerged as a promising approach, leveraging spatially contextual cues to
enhance the outcomes for geospatial applications (Wu et al., 2023).
Spatial context refers to the geographical and physical environment-
related information that can significantly influence the interpretation of
data. For instance, in geospatial applications, understanding the location,
topography, and other spatial factors is crucial for tasks such as environ-
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mental monitoring, urban planning, and disaster response.

Correspondingly, spatial-context prompt tuning involves incorporat-
ing spatial metadata and geographical features directly into the prompts,
enabling the pre-trained model to comprehend these spatial contexts. In
other words, spatial-context aware prompts refer to prompts or queries
that are generated with useful spatial contexts for geospatial applications.
Unlike conventional prompts that rely solely on pre-defined or static tem-
plates, spatial-context aware prompts leverage spatial (or spatiotemporal)
information and factors to tailor prompts so that they are more relevant
and insightful to the given geospatial task.

Intuitively, prompt tuning with a focus on spatial-context awareness
can offer strategic guidance to harness the power of pre-trained models for
generating more insightful and spatial-context relevant descriptions, by
tailoring prompts to capture domain-specific features and spatial contexts.
Literature has shown that evaluating a constrained set of keywords and
prompts can help better explain and interpret learned models (Caliskan
et al., 2017). Thus, to design spatial context-aware prompts, initial ap-
proaches may involve formulating prompts that explicitly direct models
to focus on a set of urban key objects and their spatial relationships, by
providing spatial context cues or constraints (e.g., geo-locations at differ-
ent scales, the detected objects and their spatial patterns, and land use
description and reasoning) to ensure that the generated text aligns with
desired outcomes for geospatial applications.

However, crafting prompts that strike a balance between specificity and
creativity is a challenging task. Overly prescriptive prompts might hinder
the generation of diverse and imaginative outputs, while vague prompts
could lead to inaccurate or irrelevant descriptions. Therefore, more efforts
should be put into ensuring that prompts effectively guide models in

producing relevant, coherent, and spatially contextualized output.
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4.2 Methodology

4.2.1 Spatial-context Prompt Tuning on MFMs

Based on the descriptions of these three types of geospatial images ob-
tained in Section 2.2.2, contextualized prompts for MFMs can be designed
and evaluated in the same three tasks in RA-1. Specifically, these prompts
should at least reflect six dimensions, i.e., geospatial image types, geo-
localization clues, spatial patterns, LULC, urban perception, and urban
development, which are outlined in detail in Table 4.1. This investigation
scheme is particularly helpful for explaining how each type of spatial
context can facilitate or impede the model performance in the three tasks,
further enhancing the interpretability of the prompt-tuned model as well
as offering a more rigorous understanding of how prompts influence

model behavior and decisions.

Table 4.1: Dimensions of Spatial Context-Aware Prompts

Types of Spatial Con-

Dimension toxt Description Prompt Examples
Geospatial . " o G g i . .
image types <image type> street view", "satellite", or "map tile. This <image type> image is [label].
G <geo-location> Eormatted as [city] or [city, country, con- This place is [label] in <geo-locations>.
€o- tinent].
localization <geo-features> Dlstlgctlve features that can provide geo- This place is [label], with <geo-features>.
clues location clues.
<geo-reasoning> Explaining why this image is from its city. | This place is [label]. <geo-reasoning>.
Spatial <object patterns> Objects and their spatial patterns. This place is [label], showing <object patterns>.
patterns <urban patterns> Urban structure and spatial patterns. This place is [label], showing <urban patterns>.
LULC <land use> LULC description. This place is [label] for <land use>.
<land use changes> | LULC changes over 10 years. This place is [label], with <land use changes>.
Urban percep- . Describing why this image looks [percep- . . )
tion <perception> tion label]. This place is [label]. <perception>.
Urban devel- <growth> Urban growth description and prediction This place is [label]. <growth>.
opment over 10 years.
"Note: Content within "[ ]"is the assigned label for a given task.

4.2.2 Workflow

To evaluate the performance of spatial-context aware CLIP, experiments
have been conducted in the same three tasks in Chapter 3 (RA-1). The
prompt-tuning workflow of CLIP is demonstrated in Figure 4.1, outlining
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the process for integrating geospatial images and contextualized prompts
to experiment with the tasks. In the workflow, GPT-4V is utilized to craft
these contextualized prompts, as it has exhibited powerful capabilities to
handle complex spatial reasoning and understanding in the experiments
in Chapter 3.

GPT-4 Vision generated context through VQA tasks

Urban Informatics tasks i
—_— | SpatialKnowledge | Spatial-context Prompt Tuning
Geo-location Land use Safety H Geod = i =
- - perception ' eo-lmag.e types (street view, satel |§e, or map images) Prompts w/wo
Hong Kong 1| * Geo-location clues at varied scales (city or country) e0-image reasonin;
= . Very safe 1| * Identified objects, and their spatial patterns g 8 g
Taipei Commercial Jects, P p
- Safe 1| * Land use description and changes —-— - —
Singapore Industrial 1| « Environment perception (weather and season) — This place is in {label},
Redreational Note safe | + Urban structure and growth 7{:2%(:2::!::-::2“’::353
v - o 1al- Wi
NewYork | | Transportation | | | e NonSpatial Knowledge
i
L‘ ‘ « Image captions (in general)
Geo-Images Pre-trained

Text Encoder
Geo-Image

== A N Reasoning
via GPT-4V T. T Ts .. Tm
Pre-trained
Image In | InTt InT2  InT3 v InTM
Encoder

e.g., in Hong Kong

Figure 4.1: The workflow of spatial-context prompt tuning on CLIP, aug-
mented by GPT-4V generated contexts.

Specifically, this workflow can be divided into several components,
each representing a step or module in the process:

1. Geospatial images: This part presents the types of images for the
three tasks, including geo-tagged street view images, satellite images,
and map tiles, which provide visual input for CLIP’s pre-trained
image encoder as well as for GPT-4V to perform VQA tasks for
geospatial image reasoning.

2. Geospatial image reasoning via GPT-4V: This step is originally
part of RA-1 to evaluate the zero-shot performance of GPT-4V in the
tasks of mixed land use detection and urban perception prediction.
Specifically, the generated outcomes can be classified into two types
of contextualized contexts (e.g., spatial versus non-spatial ones) and
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used for spatial and non-spatial context-aware prompt tuning in this

chapter.

. GPT-4V generated spatial and non-spatial contexts: This compo-
nent illustrates the specific types of spatial and non-spatial contexts
that GPT-4V has generated through VQA tasks as mentioned above,
including image caption, image type, geo-location clues at varied
scales, identified objects and their spatial patterns, land use descrip-
tion and changes, urban perception, and urban structure and growth,

etc.

. Targeted urban informatics tasks: This step focuses on extracting
labels for each task, which will be part of the textual input along
with the GPT-4V generated contexts as listed above. For example,
for the task of mixed land use detection, the classification scheme
includes land use labels (e.g., residential, commercial, industrial,
recreational, and transportation), and then a prompt, e.g., "This
place is residential because <land use>" where <land use> contains
the description of land use information and patterns generated by
GPT-4V, can be constructed and used as the textual input for CLIP’s

pre-trained text encoder.

. Spatial-context prompt tuning: This step involves the tuning of
prompts to include or exclude the spatial and non-spatial contexts
augmented by GPT-4V in Step 3, in order to generate the desired
output. This process can show how prompts can be adjusted to focus
on different aspects of the context.

. Pre-trained image and text encoders: Given the textual input (i.e.,
various prompts) and visual input (i.e., various geospatial images),
this part represents two steps: (1) the text encoder embeds the
prompts, and the image encoder embeds the images; (2) the text and
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image embeddings then will be fused as dot product to calculate their
similarity. The cell with the highest similarity value will indicate the
predicted label associated with the image.

4.3 Experiment #1 Global Image

Geo-localization

Street View Imagery Geo-localization

Table 4.2: CLIP’s Prompt Tuning Results of Street View Imagery Geo-
localization

Accuracy on Place Pulse 2.0
City | Country | Continent
No prompt - 63.0% | 79.2% 93.6%
Non-spatial | Image Caption | 31.5% | 46.9% 64.7%
Image type 63.9% | 80.3% 93.7%

Prompt Type Prompt

Beauty 63.5% | 78.5% 91.4%
Boringness 64.6% | 80.0% 90.4%
Depression 65.9% | 80.3% 92.5%
Spatial Liveliness 65.0% | 81.1% 91.8%

Safety 63.9% | 81.1% 90.4%
Wealthiness 65.7% | 81.4% 90.0%

Land use \ 67.5%

83.6% | 92.1%

Spatial patterns | 66.1% | 79.3% 94.3%
Geo-features | 32.1% | 48.2% 65.0%
Geo-reasoning | 18.2% | 33.2% 47.9%

Table 4.2 provides the results from CLIP’s prompt tuning for street view
imagery geo-localization. The accuracies are given for the identification of
city, country, and continent based on different types of prompts.
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e No prompt: Without any prompts, the model achieves 63.0% accu-
racy for the city, 79.2% for the country, and 93.6% for the continent.
This indicates the model’s inherent ability to geo-localize street view
images to some extent based on the learned features during pre-

training.

e Non-spatial (Image Caption): Using a non-spatial prompt like im-
age captions significantly reduces the model’s accuracy across all
geographic scales compared to the baseline "no prompt." It decreases
to 31.5% for the city, 46.9% for the country, and 64.7% for the conti-
nent. This implies that non-spatial captions can confound the model

rather than assist in geo-localization.

e Spatial Prompts:

- Image type: The prompt concerning the type of image marginally
improves the model’s accuracy for city and country identifica-
tions and slightly for continents, suggesting that knowing the

image type can offer slight benefits for geo-localization tasks.

— Perception-based prompts (Beauty, Boringness, Depression,
Liveliness, Safety, Wealthiness): These prompts are subjective
descriptions of human perceptions towards urban environments
and they all show an improvement over "no prompt" for city-
level geo-localization, indicating that urban perceptions can be
tied to specific city characteristics. They generally show slight
improvements for country-level geo-localization and slight de-

creases for continent-level geo-localization.

- Land use: This prompt gives the highest increase in accuracy
for city-level geo-localization to 67.5% and substantial improve-
ments at the country level as well to 83.6%, suggesting that
understanding land use is very effective for the model in deter-

mining geo-locations.
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- Spatial patterns: This prompt significantly improves the accu-
racy for city-level and continent-level geo-localization to 66.1%
and 94.3%, respectively, implying that at a city or continental
scale, spatial patterns are more distinct and recognizable by the
model, but they might not provide enough detail for accurate

country-level identification.

— Geo-features and Geo-reasoning: These two prompts, which
involve describing geographical features and the reasoning
about the location based on those features, result in lower accu-
racies compared to "no prompt," especially for "geo-reasoning,"
which shows a substantial decrease. This could indicate that
these specific prompts provided by GPT-4V are not as effective
as others in aiding geo-localization. Based on a further inves-
tigation, when GPT-4V is asked to find geo-location clues, it
is likely to provide such a response as " I'm unable to confirm
the specific reason why this image was taken in [ geo-location | with-
out more context, as there’s no distinctive landmark or feature that
would distinctly indicate it was taken there." Therefore, these two
prompts may not provide much insight into street view imagery
geo-localization tasks.

In conclusion, spatial context-aware prompts generally improve geo-
localization accuracy, although the effectiveness of each prompt type varies
by scale. In contrast, the non-spatial prompt "image caption" appears to
hinder the model’s performance. Notably, perception-based prompts are
more useful at the city level; "land use" is the most effective prompt at
smaller scales; and "spatial patterns" are particularly useful at the largest

scale.
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Table 4.3: CLIP’s Prompt Tuning Results of Esri Satellite Imagery Geo-
localization (at 11 and 14 Zoom Levels in Years 2014 and 2023)

Accuracy
Prompt Type Prompt City | Country | Continent
No prompt - 10.5% | 43.7% 75.4%

Non-spatial Image Caption 1.9% 17.7% 51.9%
Image type 12.1% | 50.4% 78.4%
Land use 11.4% | 48.4% 75.2%
Land use changes | 11.1% | 48.7% 75.3%
Spatial patterns | 10.9% | 48.0% 75.4%
Geo-features 9.6% | 44.3% 73.0%
Urban growth 9.8% | 44.8% 73.2%

Spatial

Satellite Imagery Geo-localization

Table 4.3 presents the results of CLIP’s prompt tuning on Esri satellite
imagery geo-localization. The accuracy percentages are categorized based
on whether the task is to identify the city, country, or continent of the
imagery. Here’s the interpretation of the results with "no prompt" serving

as the baseline:

e No prompt: The model’s accuracies without any prompt, as a base-
line, are 10.5% for the city, 43.7% for the country, and 75.4% for the
continent.

e Non-spatial (Image Caption): When using an image caption as a
prompt, which normally contains a general description of an image
without spatial information, there’s a noticeable drop in accuracy
across all scales, with the most significant decrease at the city level
(10.5% to 1.9%). This suggests that non-spatial prompts may confuse
the model when attempting to geo-localize images, especially at finer-

grained zoom levels such as the city level.

e Spatial Prompts: almost all spatial prompts improve the accuracy
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over "no prompt" at the city and country levels, while almost all

maintain or slightly decrease the accuracy at the continent level:

— Image type: The prompt of "satellite” has the highest accuracy
improvements across all scales. It is particularly effective at
the country level (50.4%) and continent level (78.4%), showing
that knowing the type of image helps CLIP better contextualize
the geo-locations of images, as "street view" also produces this

improvement.

- Land use: The "land use" prompt also improves accuracy, es-
pecially at the country (48.4%) and continent levels (75.2%),
indicating that knowing the land use context can aid in better

geo-localization.

- Land use changes: A prompt detailing "land use changes"
shows similar improvements to the "land use" prompt, suggest-
ing that changes from historical to current land use situations

can contribute to geo-localization accuracy.

- Spatial patterns: The "spatial patterns” prompt improves ac-
curacy at the country (48.0%), and is slightly better than the
baseline at the city level while being stable at the continent
level, which could mean that recognizing patterns such as ur-
ban structures and layouts helps in identifying locations, albeit
not as significantly as other prompts.

— Geo-features: This "geo-features" prompt shows a slight im-
provement in country identification but a minor reduction in
accuracy at city and continent scales. Thus, for satellite images,
distinctive geographic features are more indicative of country-

level geo-localization.

— Urban growth: The country-level accuracy with the "urban
growth" prompt is higher than "no prompt" but the accuracies of
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the other two levels are lower. This suggests that understanding
how urban areas have developed over time aids in the country-

level geo-localization.

In summary, spatial prompts generally improve the model’s geo-localization
accuracy, especially at more granular geographic scales (city- or country-
level), compared to the baseline "no prompt.” On the contrary, "Non-
spatial" information such as image captions can actually decrease the
geo-localization accuracy, which emphasizes the importance of spatial

context in satellite imagery geo-localization tasks.

Map Tile Imagery Geo-localization

Table 4.4: CLIP’s Prompt Tuning Results of OpenStreetMap Map Tile
Imagery Geo-localization

Accuracy
Prompt Type Prompt City | Country | Continent
No prompt - 12.7% | 59.7% 83.5%

Non-spatial | Image Caption | 2.6% | 22.8% 61.1%
Image type 15.1% | 57.2% 85.5%
Land use 14.5% | 54.9% 85.2%
Spatial patterns | 13.8% | 55.9% 85.0%
Geo-features | 11.3% | 51.9% 81.9%

Spatial

Table 4.4 presents the results of using different types of prompts to assist
CLIP in geo-localizing OpenStreetMap Map Tile imagery, with accuracies

measured at city, country, and continent level.

e No prompt: Without any prompt, CLIP achieves 12.7% accuracy for
the city, 59.7% for the country as the best, and 83.5% for the continent.
This sets the baseline to evaluate CLIP’s prompt-tuned performance

without any additional contextual information.
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e Non-spatial (Image Caption): Introducing a non-spatial prompt
drastically reduces accuracy at all levels (2.6% for city, 22.8% for coun-
try, and 61.1% for continent), indicating that non-spatial information

can mislead the model away from correct geo-localization.

e Spatial Prompts:

- Image type: This "image type" prompt improves city identifica-
tion (15.1%) most significantly and provides the greatest boost
for continent identification (85.5%) compared to "no prompt,"
while the country identification (57.2%) slightly drops. This
suggests that information about the image type has certain rele-

vance in aiding map tile geo-localization.

- Land use: The prompt that specifies "land use" offers an im-
provement for city-level accuracy (14.5%), a decrease for country-
level accuracy (54.9%), and a boost for continent-level accuracy
(85.2%) compared to "no prompt," highlighting its usefulness
particularly at the city level.

— Spatial patterns: With this "spatial patterns" prompt, there
are slight improvements in city-level accuracy (13.8%) and
continent-level accuracy (85.0%), yet with a marginal decrease
for country accuracy (55.9%). It implies that spatial patterns
are somewhat helpful in geo-localization but not as effective as

other spatial prompts.

- Geo-features: Similar to the situations of street view images and
satellite images, this prompt’s accuracy decreases at all levels
(11.3% for city, 51.9% for country, and 81.9% for continent)
compared to "no prompt," due to the issue of GPT-4V not being
able to provide geo-localization clues.



102

In summary, spatial prompts generally offer an improvement over "no
prompt" for city-level and continent-level geo-localization in the CLIP
model, although with varying effectiveness, while there is an overall ac-
curacy decrease for country identification. Notably, non-spatial prompts
again hinder CLIP’s performance, indicating that relevant spatial informa-
tion is crucial for map tile imagery geo-localization with CLIP.

4.4 Experiment #2 Urban Mixed Land Use

Detection

Table 4.5 shows the accuracies of CLIP’s prompt tuning for detecting mixed

land use from street view images, with various prompts applied:

e No prompt: The model achieves 69.36% accuracy without any prompts.
This serves as the baseline for comparing the effectiveness of other
prompts.

e Non-spatial prompts:

- Image Caption: Using an image caption as a prompt decreases
accuracy to 56.00%, suggesting that non-spatial captions may
not contain useful information for land use detection and can
actually degrade performance.

— Non-spatial ensemble: Referring to the work by Wu et al.
(2023), combining various non-spatial elements (e.g., "for [land
use]" or "[land use] purpose") with a softmax function to form an
ensemble prompt slightly improves the accuracy over the base-
line to 69.97%, indicating that a well-structured combination of
non-spatial information can be beneficial.

e Spatial prompts:
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Table 4.5: CLIP’s Prompt Tuning Results of Mixed Land Use Detection

Prompt Type Prompt Accuracy
No prompt - 69.36%
. Image Caption 56.0%
Non-spatial Non-spatial ensemble | 69.97%
Image type | 32.77%
Beauty 45.8%
Boringness 60.4%
Depression 62.7%
Spatial Liveliness 66.8%
p Safety 64.1%
Wealthiness 53.5%
Land use | 31.7%
Spatial patterns 51.5%
Geo-features 44.6%
City label | 71.27%

- Image type: This prompt indicating the "image type" signifi-
cantly reduces accuracy to 32.77%, which could imply that the
type of image alone (i.e., "street view") is not informative for
mixed land use detection.

- Perception-based prompts (Beauty, Boringness, Depression,
Liveliness, Safety, Wealthiness): These prompts generally de-
teriorate accuracy over the baseline, with Beauty leading to the
worst decrease to 45.8%. This suggests that subjective percep-
tions of a street view cannot provide useful contextual clues



104

about its land use.

- Land use: Very surprisingly, directly using a "land use" prompt
lowers accuracy to 31.7%, indicating that CLIP may be confused
by too complex land use descriptors, although its capability of
street view imagery geo-localization is significantly improved

by "land use" prompts.

- Spatial patterns: The prompt related to spatial patterns gives an
accuracy of 51.5%, which is lower than the baseline, indicating
that spatial patterns alone do not contribute to determining

mixed land use.

— Geo-features: This prompt also decreases accuracy to 44.6%,
probably due to the same reason mentioned earlier (i.e., GPT-4V

cannot provide sufficient information in this prompt).

- City label: The highest increase in accuracy is observed with
the "city label" prompt, jumping to 71.27%, which indicates
that knowing the city where the image was taken from pro-
vides significant contextual information that aids in land use

detection.

In conclusion, while most prompts do not boost CLIP’s performance
in this experiment, the "city label" prompt and the "non-spatial ensemble"
prompt contain contextual information that can assist CLIP in achieving

the best results over the baseline for mixed land use detection.

4.5 Experiment #3 Urban Perception Prediction

Table 4.6 shows the accuracies of different prompts used by CLIP in predict-
ing urban perceptions from street view images. Each column represents a
specific perception variable, and the results are compared against the "no
prompt" baseline:
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Table 4.6: CLIP’s Prompt Tuning Results of Urban Perception Prediction

Prompt Type Prompt Accuracy
ptyp P Beauty | Boringness | Depression | Liveliness | Safety | Wealthiness
No prompt - | 371% | 282% | 304% | 257% |332% | 30.7%
Non-spatial | Image Caption | 33.9% 30.7% 32.5% 32.9% 28.2% 35.7%
P &e Lap
Image type | 343% | 282% | 307% | 343% |261% | 357%
Beauty 27.1% 31.4% 36.1% 36.4% | 22.1% 32.5%
Boringness 31.1% 25.0% 34.3% 32.5% | 24.3% 30.4%
Depression 32.9% 31.8% 33.6% 35.7% 25.7% 35.4%
Spatial Liveliness 31.4% 29.3% 33.6% 30.4% 24.6% 32.1%
Safety 36.1% 29.6% 32.9% 289% | 27.1% 29.3%
Wealthiness 27.9% 26.4% 32.5% 329% | 23.6% 34.3%
Landuse | 30.0% | 314% | 321% | 40.0% |311% | 27.1%
Spatial patterns | 32.1% 29.6% 31.8% 24.3% | 30.4% 34.6%
Geo-features | 35.4% 31.1% 36.1% 38.6% 26.4% 32.5%
Geo-location | 35.0% | 31.8% | 318% | 321% |271% | 357%

e No prompt: CLIP achieves accuracies ranging from 25.7% for Liveli-
ness to 37.1% for Beauty without any additional context. It reaches
the best results for Beauty and Safety while yielding the worst result
for Depression. This means that all prompts decrease accuracies for

Beauty and Safety compared to "no prompt," especially for Safety.

e Non-spatial (Image Caption): the effectiveness of using the "image
caption” prompt varies compared to "no prompt,” with the improve-
ments seen in Wealthiness (35.7% up from 30.7%, also the best result
for Wealthiness), Liveliness (32.9% significantly up from 25.7%), De-
pression, and Boringness, but with decreases in Beauty and Safety.

e Spatial prompts:

— Image type: This prompt leads to an increase in accuracy for
Wealthiness (35.7%) similar to the "image caption" and "geo-
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location" prompts (as the best results for Wealthiness), but

shows different effectiveness in other variables, with some ac-

curacies slightly higher and others lower than the "no prompt"

baseline.

- Perception-based prompts (Beauty, Boringness, Depression,

Liveliness, Safety, Wealthiness): Each of these prompts leads

to varied accuracy changes:

*

Beauty: Surprisingly, "Beauty" as a prompt has the largest
drop to 27.1% for itself. It is also the worst case for Safety
(22.1%), while achieving the best result for Depression
(36.1%).

Boringness: The "Boringness" prompt shows different effec-
tiveness across perception variables, with some accuracies
slightly higher and others lower than the "no prompt" base-

line.

Depression: The "Depression” prompt reaches the best
result for Boringness, and significantly improves accuracies

for Depression itself, Liveliness, and Wealthiness.

Liveliness: "Liveliness" as a prompt exhibits various ef-
fectiveness across perception variables, with accuracies of
Boringness, Depression, Liveliness itself, and Wealthiness
slightly higher and others lower than the "no prompt" base-
line.

Safety: The "Safety" prompt has different effectiveness
across perception variables, with some accuracies slightly
higher and others lower than the "no prompt" baseline.
Wealthiness: Similarly, the "Wealthiness" prompt also has

different effectiveness in other variables.

- Land use: This prompt increases Liveliness’s accuracy to the
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best level at 40.0%, but shows different results for others, and

having the worse case for Wealthiness (at 27.1%).

- Spatial patterns: The "Spatial patterns" prompt demonstrates
different effectiveness across perception variables, with some
accuracies slightly higher and others lower than the "no prompt"

baseline.

- Geo-features: Similar to the "Spatial patterns" prompt, this
"Geo-features" prompt leads to varied accuracy changes com-
pared with "no prompt" across the perception variables. It
reaches the best result for Depression at 36.1%.

— Geo-location: This prompt improves accuracies across sev-
eral categories, matching the highest increase in Wealthiness
(35.7%) and Boringness (31.8%) and showing boosted results

in Depression and Liveliness.

In summary, for Beauty and Safety, the model performs best with-
out any prompt. For Boringness, the best results come from prompts
"Depression” and "Geo-location." Next, Depression sees the best results
with the "Beauty" and "Geo-features" prompts. Liveliness sees the most
significant improvement with the "Land use" prompt. The Wealthiness
variable has three prompts tied for best, "Image caption,” "Image type,"
and "Geo-location," which may offer contextual clues about economic

conditions.

4.6 Conclusions and Discussion

This chapter explored the transformative impact of spatial-context prompt
tuning on MFMs, specifically digging into its efficacy across three geospa-
tial tasks. The innovative approach of integrating spatial context into
prompts has not only enhanced the models’ performance but also opened
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up new avenues for GeoAl research (e.g., how to better leverage MFMs’
capabilities for geospatial applications). The conclusions and discussion
in this section will synthesize the advancements achieved and outline the
fertile grounds for future work.

Advancements by Spatial-context Prompt Tuning

In the rapidly evolving field of Al, spatial-context prompt tuning has been
one of the latest innovations for the GeoAI domain, aiming to optimize the
performance of Al models by leveraging the spatial context of prompts
to enhance their interpretive and generative capabilities. By learning the
intricacies of this approach and its impact on multimodal models, its

advancements and effects can be outlined as follows:

e Enhanced Comprehension: Spatial-context prompt tuning allows Al
models to better interpret multi-faceted relationships, resulting in
improved comprehension of complex inputs, which is particularly
beneficial for multimodal models working with visual and textual
data.

e Improved Prediction Performance: By learning and understanding
spatial relationships, MFMs with spatial-context prompts demon-
strate better prediction performance across varying geospatial inputs
and tasks. This indicates that spatial-context prompts can effectively
facilitate MFMSs’ capacities to identify and adapt to new patterns,
enabling them to be more suitable for geospatial applications with
significant variability.

e Efficiency in Learning: Incorporating spatial context into prompts
reduces the data requirement and training cost for achieving more
accurate predictions. That is, based on the spatial cues from textual
prompts, MFMs can recognize contextualized patterns and indica-
tions better, without the need for exhaustive training datasets.
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In general, spatial-context prompt tuning represents a promising leap
forward in GeoAl research, offering models the ability to incorporate
spatial and contextual cues into their comprehension tasks, holding the
potential to revolutionize how models interpret complex relationships, as
well as enabling them to generalize across diverse inputs and to provide
profound insights in a range of geospatial applications.

Specifically, the experiments in this chapter were conducted for three
geospatial tasks, including global image geo-localization, mixed land use
detection, and urban perception prediction, and the subsequent para-
graphs have highlighted the significance of spatial-context prompt tuning
for these tasks.

Global Image Geo-localization Spatial-context prompt tuning signif-
icantly advanced the MFMs’ capacity to geo-localize images accurately,
including street view images, satellite images, and map tiles. By embed-
ding spatial context directly into the prompts, CLIP showed an improved
understanding of geographical clues, such as recognizing landmarks, ar-
chitectural styles, and urban land uses across different scenes, leading to a

more accurate geo-location prediction.

Mixed Land Use Detection The application of spatial-context prompts
(e.g., "city label") and the non-spatial ensemble prompt improved CLIP’s
ability to identify and categorize mixed land uses within urban street view
settings. This indicates that the prompt-tuned model received contextual
enhanced clues that enabled a deeper understanding of human activities
on urban land and the complex interplay of mixed land uses. These results
also showcased how to guide the application of MFMs to benefit urban

land use detection in the future.

Urban Perception Prediction Incorporating spatial context into the prompts

resulted in a more in-depth interpretation of urban environments, as evi-
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denced by the model’s ability to predict urban perceptions with higher
accuracies in most cases. This task highlighted the potential of integrating
MFMs with spatial-context prompt tuning to contribute to urban design
and policy, by providing a more profound understanding of how elements
(e.g., the status of buildings and utilities, brightness, and green spaces)
affect different perception variables.

Future Work and Promising Directions

The advancements demonstrated in this chapter not only underscore the
effectiveness of spatial-context prompt tuning, but also underline several

areas ripe for further exploration:

e Dynamic urban environments: future work can encompass more
dynamic aspects of urban environments (e.g., weather and seasonal
variations), which may add extra layers to spatial-context aware
consideration for prompt tuning in the field of urban analytics. In
addition, a prospective examination might focus on refining the data
structures that can represent spatial patterns and relationships.

e Cross-modal spatial reasoning: the integration of additional modali-
ties, such as audio or environment sensor data, can be investigated,
alongside how they could be converted into meaningful textual de-

scription as an addition to spatial-context prompt tuning.

e Prompt ensembling: a further investigation on prompt ensembling
may open up new opportunities to use MFMs for geospatial tasks,
e.g., assigning different weights to prompts that reflect different as-
pects of spatial context, by quantitatively evaluating the effectiveness
of each individual prompt when combining them.

e Newer applications: spatial-context prompt tuning has unlocked

possibilities in fields where spatial-context reasoning is crucial, such
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as autonomous navigation and robotics. By understanding spatial
patterns in input data, MFMs can offer insights that were previously

challenging to obtain.

In conclusion, the exploration into spatial-context prompt tuning has
enriched our understanding of its impact on MFMs’ performance on multi-
ple geospatial tasks. By gaining a better understanding of different aspects
of spatial context and their various influences on MFMs’ prompt-tuned
performance, we can anticipate a future where MFMs play a more vital
role in assisting urban researchers, designers, and planners in an informed

decision-making process.
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5 TOWARDS GEOAI MULTIMODAL FOUNDATION
MODELS: DEVELOPING GEOSPATIALCLIP AS A GEOAI

VISION-LANGUAGE FOUNDATION MODEL

5.1 Introduction

As Al continues to advance, there is a growing recognition of the impor-
tance of multimodal models that can effectively process and understand
both visual and textual information, the two most common modalities as
data input. To date, the integration of vision and language has held im-
mense potential for many geospatial applications (e.g., navigation, urban
planning, and disaster response). To harness this potential, researchers
are working towards the development of GeoAl multimodal foundation
models (GeoAl MFMs), which can seamlessly fuse spatial knowledge
with both vision and language inputs.

In particular, GeoAI MFMs would represent a paradigm shift in spatial
computing, enabling MFMs to understand and interpret geospatial infor-
mation more comprehensively. Similar to generic MFMs, GeoAI MFMs not
only leverage insights learnt from multimodal data interchangeably, which
promotes transfer learning, domain adaptation, and generalization across
diverse geospatial tasks and datasets, but also enhance human-AlI interac-
tion in a more intuitive way, by accepting multimodal queries as inputs as
well as supporting multimodal output. On top of these advantages, GeoAl
MFMs possess an enhanced spatial understanding and reasoning, allowing
themselves to comprehend spatial concepts and relationships expressed in
both visual and textual formats, and thus showing huge potential to boost
varied geospatial analytical tasks (e.g., scene understanding, perception
prediction, and land use classification). In other words, the significance of
GeoAI MFMs lies in their capability to capture rich and spatially contextual
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relationships and semantics from visual cues and linguistic information
inherent in geospatial data, which holds substantial implications for the
future of spatial computing and GeoAl development and thus deserves
more research efforts for further exploration.

Within this context, this research activity aims to develop a vision-
language foundation model tailored specifically for geospatial applications,
i.e., Geospatial CLIP (i.e., GeoAl-empowered CLIP), which will emerge as
a pioneering initiative. Building upon the success of CLIP, the proposed
Geospatial CLIP will extend its capabilities to incorporate location-based
reasoning, spatial context understanding, geospatial semantics, and hu-
man perceptual indications in urban areas.

The following subsections are organized in a structure that first high-
lights the importance and strengths of vision-language foundation models
in the field of Al, along with its limitations and biases identified, espe-
cially for geospatial applications. Next, the advancements achieved by
GeoAl for vision-language learning are then underlined, which leads
to the integration of GeoAl knowledge and techniques for developing a
GeoAl-empowered vision-language foundation model that can enhance

various geospatial tasks.

5.1.1 Vision-Language Foundation Models

The advent of vision-language foundation models (VLFMs) represents a
significant milestone in the evolution of Al. These models, which compre-
hend and/or generate content that combines visual elements with natural
language, have become instrumental in a variety of applications, from
image captioning to sophisticated VQA tasks.

Basically, VLFMs leverage the synergistic potential of combining visual
and textual data, offering a more comprehensive understanding of the
given inputs and tasks. Models such as OpenAl’s CLIP and Google’s
ALIGN have demonstrated remarkable capabilities in visual reasoning,
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which is not possible for single-modal models (e.g., text-based or image-
based ones). Similar to other foundation models, VLFMs are pre-trained
on vast datasets with pairwise images and text, enabling them to learn a
wide range of visual concepts and their linguistic descriptors and to be
fine-tuned for various downstream applications.

However, due to their reliance on the diversity and quality of pre-
training data, a significant concern is their inherent systematic biases,
including the bias in their understanding of geospatial information. Specif-
ically, VLFMs are often pre-trained on datasets that lack rich geospatial
(meta)data, leading to challenges for applications that require precise
geospatial understanding. For instance, in environmental monitoring or
urban planning where the spatial distribution of features is critical, VLFMs
may struggle to provide accurate insights due to the absence of evenly
distributed geospatial information in their pre-training data. This limita-
tion underscores the need for incorporating rich geospatial datasets in the
pre-training phase to enhance VLFMs’ spatial awareness more compre-
hensively.

5.1.2 GeoAl for Vision-Language Learning

To address these challenges, recent research studies have started to leverage
GeoAl techniques to enhance VLFMs, by integrating geospatial (meta)data
directly into the models’ pre-training datasets or updating the models’ ar-
chitectures to better process geospatial information. For example, SkyScript
(Wang et al., 2024) and RemoteCLIP (Liu et al., 2023a) have been devel-
oped and successfully equipped VLEMs (e.g., CLIP) with geospatial rea-
soning capabilities by incorporating location tags, satellite imagery, and
geographically diverse text sources into their (re)pre-training process for
remote sensing applications.

Another potential line of research can be focused on modifying the
architectures of VLFMs to better accommodate geospatial information. A
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vision paper by Mai et al. (2022) stated that a notable limitation of VLFMs
is their insufficient integration with vector data, which is essential for spa-
tial reasoning and facilitates the coordination between various modalities
in GeoAl. To address this, the authors suggest modifying the model ar-
chitectures to enrich multimodal geospatial representations with location
encoding (e.g., geo-tagged texts and remote sensing images) before com-
bining these multimodal data. By leveraging geographic footprints (vector
data) embedded in location encoders, it is more straightforward to syn-
chronize geo-tagged textual data with geospatial images, enabling VLFMs
to improve their spatial reasoning capabilities and facilitate knowledge
transfer between modalities.

Yet, one major concern is the scarcity of applicable geospatial image-
text pairs for a wide range of geospatial tasks, which makes it difficult
to develop a GeoAl VLEM that can generalize well. Moreover, the input
datasets should also incorporate spatiotemporal dynamics of geospatial in-
formation, which is important for VLFMs to capture and adapt to changes

over time and space.

5.2 Methodology

5.2.1 Geospatial Image-Text Pairwise Input

As discussed above, the process of geospatial dataset curation is the key
to developing GeoAl VLEMs. In fact, this dissertation research has started
this curation process since RA-1, in which GPT-4V has generated extensive
high-quality, large-scale geospatial image-text pairs that hold satisfactory
spatial representation across the globe and different tasks. Specifically,
this dataset contains geotagged street view images, satellite imagery, and
map tiles, along with their corresponding textual descriptions with di-
verse aspects of non-spatial and spatial contexts. Moreover, GPT-4V’s
remarkable zero-shot performances in RA-1 for the tasks of mixed land
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use detection and urban perception prediction have manifestly validated
the effectiveness of this geospatial multimodal dataset.

Therefore, this curated dataset sourced from RA-1 would be leveraged
to develop GeoAI VLFMs. Specifically, the training sets defined in Ta-
ble 3.3 shall be employed for model pre-training. Next, to evaluate the
proposed GeoAl VLFMs’ zero-shot learning and spatial-context prompt
tuning performance, the testing sets would be utilized for the same three
tasks in RA-1 and RA-2.

5.2.2 Spatially Explicit Contrastive Learning on CLIP

First, the foundation of our methodology is built on the CLIP architec-
ture, known for its robust performance in associating images with textual
descriptions through contrastive learning. With this backbone, this disser-
tation study introduces a spatially explicit textual module in the stage of
text processing, designed to manipulate textual input for CLIP, allowing
the model to understand and encode spatial relationships and contexts
explicitly in the text embedding.

Specifically, the spatially explicit textual module is integrated with
CLIP’s text encoder. It first extracts different types of textual descriptions
paired with a geo-tagged image, which are then concatenated with the
labels of a given task to create contextualized text input. Later, the textual
input becomes text embeddings after being encoded by the text encoder.
Next, the image embeddings and the formulated text embeddings would
be fused as dot products to measure their similarity, which is used to
update the parameters in both text and image encoders based on the pre-
defined contrastive loss computation. This integration allows the model
to not only learn from the visual data, but also from the spatial context
reflected by the textual data.

As for the training details, I adopted an initial learning rate of Ir = 1e—7.
The model was trained with 50 epochs, allowing sufficient time to learn
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spatially contextualized text embeddings effectively and to integrate these
insights with the image embeddings. Regarding the pre-training data,
180,119 pairs of geospatial image-text records are used, including 43,202
pairs of satellite images (14-level in 2023 and 2014), 30,626 pairs of map
tiles (14-level), 20,334 pairs of Mapillary’s street view images, and 85,957
pairs of Place Pulse 2.0 street view images, to reach a balance of learned rep-
resentations across different geospatial tasks. A batch size of 32 was used,
optimized with Adam, with parameters as betas = (0.98,0.999), eps =
le — 10, weight decay = 0.0, to achieve better computational efficiency
and meet the need for a diverse set of inputs for effective contrastive learn-
ing. Lastly, CLIP’s original contrastive loss function was implemented,
as its mechanism has already penalized incorrect geospatial associations
between the contextualized text and the geospatial image. That is, the
contrastive loss function brings closer the representations of "positive"
pairs of geospatial text and images, while pushing apart those of "negative"
pairs.

5.2.3 Workflow

To evaluate the performances of the proposed GeoAl VLFM (i.e., Geospa-
tial CLIP), experiments have been conducted in the same three tasks as
RA-1 and RA-2. The workflow of (1) spatially explicit contrastive pre-
training CLIP to develop Geospatial CLIP and (2) zero-shot learning on
Geospatial CLIP is demonstrated in Figure 5.1. Specifically, the outcome
of spatially explicit contrastive pre-training is the spatially augmented
text encoder and image encoder, which can better extract geospatial repre-
sentations in both text and image formats and capture a more in-depth
understanding of the geospatial relationships (e.g., similarity or dissim-
ilarity) between visual and textual features. After pre-training in (1),
Geospatial CLIP is further evaluated or tested on datasets it hasn’t seen
during pre-training (zero-shot learning) in (2), further demonstrating its
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Figure 5.1: The workflow of (1) developing Geospatial CLIP via spatially
explicit contrastive learning based on the backbone of CLIP and (2) zero-
shot learning on Geospatial CLIP for downstream tasks.

ability to generalize from learned spatial knowledge to new geospatial
data (e.g., data across different years and zoom levels).

5.3 Experiment #1 Global Image

Geo-localization

As results, Table 5.1 compares the accuracy of the vanilla CLIP model, i.e.,
CLIP ("No prompt" or "Image type" prompt), with a GeoAl-empowered
CLIP version, i.e., Geospatial CLIP ("No prompt" or "Image type" prompt),
across different image datasets for the task of global image geo-localization.
Several general patterns are identified, using CLIP as the baseline to eval-
uate the performances of Geospatial CLIP:
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Zero-shot Learning Comparisons of Global Image Geo-

localization between CLIP and Geospatial CLIP ("No prompt" & "Image

type")
Accuracy
Image City Country Continent
Type Dataset CLIP Geospatial- CLIP Geospatial- CLIP Geospatial-
motiype) - S | moiype) - CHP | noiypey  CLIP
(noltype) P (noltype) P (noltype)
Street Place 63.0% | 67.0% | 79.2% | 81.7% | 93.6% | 94.5% |
view Pulse 2.0 | 63.9% 72.1% 80.3% 83.5% 93.7% 94.9%
images | Mapillar 22.8% | 24.9% | 52.7% | 54.5% | 80.9% | 82.0% |
24.0% 28.3% 55.8% 58.3% 81.2% 82.9%
zoom 11| 8.7%| [11.5% 34.7% | 40.6% | 63.6% | [70.1%
(2014) 12.1% 13.4% 42.4% 44.1% 71.3% 74.3%
zoom 12 | 8.2%] 10.1% | 33.4% | 37.7% | 63.0% | | 68.5%
(2014) 9.5% 11.8% 38.7% 39.8% 68.7% 71.0%
zoom 13 | 5.3% | 6.1% | 24.2% | 27.0% | 53.4% | 56.6% |
(2014) 5.8% 6.7% 25.4% 26.1% 58.6% 58.5%
zoom 14 | 10.1% | 12.3% | 39.1% | 45.9% | 71.8% | 74.9% |
. (2014) 11.4% 13.5% 46.5% 51.0% 74.9% 76.9%
Satellite
Mages | zoom 11| 104%|  11.9%| | 40.1%|  465%| | 70.0%|  74.1%]
(2023) 12.1% 13.9% 45.6% 46.6% 77.1% 77.2%
zoom 12 | 9.9% | 12.0% | 36.2% | 43.6% | 61.9% | 70.9% |
(2023) 11.6%  14.5% 43.0%  47.5% 69.0%  74.0%
zoom 13 | 10.0% | 12.6% | 38.9% | 46.6% | 68.1% | 74.9% |
(2023) 11.5% 14.7% 46.0% 52.2% 74.1% 78.0%
zoom 14 | 9.6% | 12.3% | 43.5% | 50.7% | 73.4% | 78.0% |
(2023) 11.1% 14.6% 49.7% 55.1% 77 .8% 80.4%
zoom 11 | 23.3% | 26.9% | 63.7% | 67.2% | 84.5% | 86.6% |
(2023) 28.8% 32.1% 66.2% 68.2% 87.2% 89.1%
zoom 12 | 20.6% | 24.5% | 65.7% | 69.2% | 88.0% | 89.8% |
Map (2023) 25.8% 29.2% 65.9% 69.7% 89.4% 91.5%
tile zoom 13 | 16.6% | 18.8% | 63.3% | 65.7% | 84.7% | 86.0% |
images | (2023) 18.2% 21.1% 59.3% 61.7% 86.0% 88.0%
zoom 14 | 13.3% | 16.9% | 58.8% | 54.4% | 80.1% | 84.8% |
(2023) 14.4% 14.8% 54.0% 59.7% 82.7% 81.2%

o Street View Images (Place Pulse 2.0 and Mapillary):

— Geospatial CLIP shows an overall improvement over CLIP in

both datasets across all geographic scales (i.e., city, country, and

continent).
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- The improvement is more pronounced in the Place Pulse 2.0
dataset, especially at the city level. This is probably because the
Place Pulse 2.0 dataset is a higher quality dataset, containing
Google street view images within the 56 most populated cities,
while the Mapillary dataset contains citizen-sourced street view
images captured and submitted by mobile devices from the 430

most populated cities worldwide.
e Satellite Images (2014 and 2023, Zoom Levels 11 to 14):

— Geospatial CLIP consistently outperforms CLIP across different
zoom levels for the years 2014 and 2023.

— The margin of improvement is generally more significant in

2023 than in 2014 across different zoom levels.

- The margin of improvement is generally more significant at
higher zoom levels (indicating a closer view) in 2023, while this
pattern shows at lower zoom levels (indicating a more distant
view) in 2014.

e Map Tile Images (2023, Zoom Levels 11 to 14):

— Geospatial CLIP again consistently outperforms the CLIP base-

line at all zoom levels.

— The improvement tends to increase with a lower zoom level (a
more distant view), indicating that after contrastive pre-training
with geospatial image-text pairs, Geospatial CLIP learns better

how to geo-localize map tiles at a more coarse-grained level.

Note that the "image type" prompt consistently outperforms "no prompt"
for both CLIP and Geospatial CLIP across various image datasets, indicat-

ing that "image type" (e.g., "street view", "satellite", and "map tile") can

enhance image geo-localization.
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To sum up, Geospatial CLIP evidently enhances the accuracy of image
geo-localization across different types of imagery and scales when com-
pared to the baseline CLIP model. The improvements are more noticeable
at both city and country levels, with considerable gains also observed at
the continent level. This suggests that further pre-training with geospa-
tial image-text pairs made on CLIP has equipped Geospatial CLIP with
a better spatial understanding to interpret and geo-localize geospatial
images. Particularly, the increased accuracy is more pronounced at higher
zoom levels for 2023 satellite images, suggesting that Geospatial CLIP’s
enhanced ability to discern useful geo-location details is more prominent
in closer views. On the contrary, this improvement is more significant at
lower zoom levels for map tiles, indicating that Geospatial CLIP’s ability
to distinguish a larger map extent is improved more profoundly.

Table 5.2: Model Performance Comparison of the Im2GPS3k Benchmark
Geo-localization (without prompt)

Accuracy
Model City | Region ~ Country
Geospatial CLIP 32.7% 50.8%
CLIP 32.4% 49.7%

ISN (Muller-Budack et al., 2018) 28.0% 36.6 ~49.7%
Translocator (Pramanick et al., 2022) | 31.1% 46.7 ~ 58.9%
GeoDecoder (Clark et al., 2023) 33.5% 459 ~ 61.0%
GeoCLIP (Cepeda et al., 2023) 34.5% 50.7 ~ 69.7%
PIGEOTTO (Haas et al., 2023) 36.7% 53.8 ~ 72.4%

Table 5.2 presents a comparison of various state-of-the-art geo-localization
models” performance on the Im2GPS3k Benchmark. At the city level,
Geospatial CLIP outperforms CLIP, ISN, and Translocator, but slightly
underperforms GeoDecoder, GeoCLIP, and PIGEOTTO. At the region
and country scales, both Geospatial CLIP and CLIP show competitive
performance, equaling GeoCLIP, while PIGEOTTO achieves the highest
accuracy.
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In summary, Geospatial CLIP exhibits competitive performance in the
Im2GPS3k geo-localization task, particularly at broader scales. It slightly
outperforms the baseline CLIP model. Although GeoCLIP and PIGEOTTO
appear to set the standard for state-of-the-art performance in this task, the
spatial representation of this benchmark remains an issue, as discussed in
Section 3.3, and therefore evaluating model performance merely based on

this dataset may be problematic.

80% 4 | |
GeospatialCLIP
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Figure 5.2: Zero-shot Geospatial CLIP significantly outperforms few-shot
Linear-probing ResNet-152, and achieves a competitive performance com-
pared with 4-shot Linear-probing CLIP on Place Pulse 2.0 image geo-
localization.

Meanwhile, the linear-probing performance of CLIP (i.e., Linear-probing
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CLIP) is also evaluated. Specifically, the image encoder from the CLIP-
ViT-L/14 model (without the final classification layer) is used as the visual
feature extractor. The output feature vector is then fed into a linear classifier
(i.e., a logistic regression classifier in our case study based on the scikit-
learn implementation) for model training on the Place Plus 2.0 dataset,
with Cross-entropy Loss calculated, L-BFGS as the optimization strategy,
and maximum 1,000 iterations. Likewise, a simple supervised baseline of
a linear classifier is trained on top of ResNet-152 He et al. (2016) to extract
teatures from the Place Plus 2.0 images, with Cross-entropy Loss calcu-
lated, Stochastic Gradient Descent (SGD) as the optimizer, and learning
rate as 0.001 trained with 32 epochs.

Figure 5.2 visualizes prediction performance differences of zero-shot
Geospatial CLIP and CLIP, and few-shot Linear-probing CLIP and ResNet-
152, based on the testing set of the Place Plus 2.0 dataset. As results,
zero-shot CLIP wins the other two 1-shot models with an accuracy of
63.9%, achieving 2.8% and 55.6% better than Linear-probing CLIP and
ResNet-152, respectively, meaning that CLIP has captured distinctive rep-
resentations for each city label (Figure 3.4). Although it might be intuitive
to expect a zero-shot worse than a few-shot, yet this unexpected outcome
can be explained by the different training approaches between zero-shot
and few-shot. First, zero-shot CLIP is self-supervised by natural language,
which enables visual features to be directly described or specified based on
large amounts of pre-training pairwise data. By contrast, traditional super-
vised learning has to derive the visual features merely from input images,
and such context-irrelevant image-based learning has the drawback that
many different visual objects in one image can be linked to its class without
knowing which object(s) should be primary, especially in the one-shot
case, where the representative visual features of each class are not yet
established. This finding proves that natural language significantly facili-
tates the reference of learned visual features, enabling zero-shot transfer
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of CLIP for downstream geo-localization tasks. Furthermore, Geospa-
tial CLIP’s zero-shot performance is very strong, reaching an accuracy of
72.1%, significantly exceeding the 1-shot and 2-shot performances of CLIP
and all few-shot ResNets, and obtaining a comparable level with 4-shot
CLIP. This evidently validates the effectiveness of spatially explicit con-
trastive training, which has created a more sophisticated and powerful
MEFEM by enabling the model to encode and learn geospatial information
more effectively without the need for additional labeled data. Meanwhile,
during few-shot learning, Linear-probing CLIP’s predictability improves
steadily, indicating that Geospatial CLIP will likely achieve a better re-
sult via few-shot learning with the same amount of training samples for

downstream geospatial tasks.

54 Experiment #2 Urban Mixed Land Use

Detection

Table 5.3 compares the accuracies between CLIP and Geospatial CLIP
in detecting mixed land uses, with and without non-spatial and spatial

prompts. A detailed analysis is described below:

e No prompt: This serves as the baseline accuracy for each prompt-
tuned case, with CLIP at 69.36% and Geospatial CLIP at 70.81%.

e Non-spatial prompts:

— Image caption: When using an image caption, CLIP’s accuracy
talls to 56.00%, and Geospatial CLIP to 57.2%, suggesting that
non-spatial information might not be beneficial for mixed land

use detection.

- Non-spatial ensemble: Both models show an improvement

over their "no prompt" baselines with a non-spatial ensem-
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Table 5.3: Geospatial CLIP’s Prompt Tuning Results of Mixed Land Use
Detection

Prompt Type Prompt Acc. CLIP | Acc. Geospatial CLIP
No prompt - 69.36% 70.81%
. Image caption 56.0% 57.2%
Non-spatial Non-spatial ensemble 69.97% 72.41%
Image type | 32.77% | 40.85%
Beauty 45.8% 39.2%
Boringness 60.4% 44.2%
Depression 62.7% 46.7%
Soatial Liveliness 66.8% 58.1%
P Safety 64.1% 47.2%
Wealthiness 53.5% 41.4%
Land use | 31.7% | 34.6%
Spatial patterns 51.5% 48.0%
Geo-features 44.6% 49.2%
City label | 71.27% | 75.15%

ble, with CLIP reaching 69.97% and Geospatial CLIP reaching
72.41%. This indicates that a well-designed combination of

non-spatial information can contribute positively.
e Spatial prompts:

- Image type: Introducing the image type as a prompt leads to
a decrease in accuracy for both models, with CLIP falling to
32.77% and Geospatial CLIP to 40.85%. Despite the decrease,
Geospatial CLIP maintains higher accuracy than CLIP with this
prompt.
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- Perception-based prompts: All perception-based prompts re-
duce the accuracy compared to the "no prompt" baseline for
both models. However, for CLIP, the declines are less steep, and

it consistently outperforms Geospatial CLIP in these categories.

- Land use: The "land use" prompt deteriorates the performance
of Geospatial CLIP (to 34.6%) over its baseline, the same as CLIP
(decreasing to 31.7%).

- Spatial patterns and Geo-features: Both prompts result in
reduced accuracy for both models compared to the "no prompt"

baseline.

- City label: This prompt provides the highest accuracy for both
models, with CLIP reaching 71.27% and Geospatial CLIP achiev-
ing 75.15%. Both see an increase over the "no prompt" baseline,
especially Geospatial CLIP, which suggests that it learns and

leverages city-based knowledge very effectively.

To sum up, only "Non-spatial ensemble" and "City label" prompts can
lead to higher accuracy in mixed land use detection tasks compared with
the "no prompt" baseline.

In addition, Figure 5.3 compares the performance of different models,
with few-shot ResNets and few-shot ViT as the baselines, which have the
same model configuration as Section 3.4. Specifically, few-shot ResNets
have the lowest performance, and few-shot ViT shows a considerable
improvement over few-shot ResNets, displaying a variable performance
as more training examples are fed.

Next, comparing the MFMs to these baselines, GPT-4V shows a remark-
able performance of 76.10%, which not only significantly outperforms
the few-shot performance of both ResNets and ViT but also surpasses the
other MFMs. As for Geospatial CLIP, with an accuracy of 75.15%, it also

exceeds the few-shot models, gaining a comparable performance with
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Figure 5.3: Comparison of model performances on mixed land use detec-
tion.

GPT-4V. CLIP’s performance is impressive as well, topping the few-shot
models.

Based on the findings, several implications may be inferred:

e All zero-shot MFMs (GPT-4V, Geospatial CLIP, CLIP) demonstrate
a higher degree of matching accuracy, showcasing the strength of
MFMs in leveraging learned land use representations compared with
single-modal image-based models.

e Both GPT-4V and Geospatial CLIP excel in this task and show very
similar performances, indicating that they are particularly well-
suited for mixed land use detection, likely due to their extensive
pre-training on multimodal datasets that include urban scene and

land use information.
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e CLIP also performs quite well, suggesting that its vast image-text
pairwise pre-raining data endow it with satisfactory textual repre-
sentations of visual concepts related to land uses.

o The few-shot image-based models require labeled examples to learn.
While ViT shows a better performance than ResNets with a high
degree of variance in its learning trajectory, both are outperformed
by MEMs’ capabilities, highlighting the power of MFMs to generalize
sufficiently from their learned representation space and perform well
on land use tasks without additional labeled data.

5.5 Experiment #3 Urban Perception Prediction

As for the results and analysis of urban perception prediction, Tables 5.4
- 5.9 showcase the performance of CLIP and Geospatial CLIP across the
six perception variables. Below is the interpretation of the improvements
achieved by Geospatial CLIP compared to CLIP, as well as the effectiveness
of spatial prompts for Geospatial CLIP with "no prompt" as the baseline.

Beauty Perception

In "No prompt," Geospatial CLIP starts off with slightly higher accuracy
(37.9%) than CLIP (37.1%), and shows improved performance with spatial
prompts such as "Boringness," "Liveliness," "Safety," and "Geo-location," ex-
ceeding its "no prompt" baseline, especially with the "Image type" prompt
reaching the highest accuracy (41.8%).

Boringness Perception

Both models have the same accuracy (28.2%) with "No prompt." Never-
theless, Geospatial CLIP benefits from the "Geo-location" prompt most
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Table 5.4: Geospatial CLIP’s Prompt Tuning Results of Beauty Prediction

Prompt Type | Prompt | Acc. CLIP | Acc. Geospatial CLIP
No prompt —~ | 371% | 37.9%
Non-spatial | Image caption | 33.9% | 37.5%
Image type | 34.3% | 41.8%
Beauty 27.1% 25.0%
Boringness 31.1% 38.2%
Depression 32.9% 36.1%
Soatial Liveliness 31.4% 38.2%
p Safety 36.1% 39.3%
Wealthiness 27.9% 36.1%
Landuse | 30.0% | 31.1%
Spatial patterns 32.1% 32.5%
Geo-features 35.4% 36.4%
Geo-location | 35.0% | 39.6%

significantly, jumping to 43.2%, indicating a remarkable improvement over
the "no prompt" baseline.

Depression Perception

Geospatial CLIP begins with a slightly higher accuracy (32.5%) than CLIP
(30.4%) with "No prompt," and the "Geo-location" prompt boosts Geospa-
tial CLIP’s accuracy to the best at 41.1%, showcasing a notable improvement
over the "no prompt" baseline.
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Table 5.5: Geospatial CLIP’s Prompt Tuning Results of Boringness Predic-
tion

Prompt Type | Prompt | Acc. CLIP | Acc. Geospatial CLIP
No prompt — | 282% | 28.2%
Non-spatial | Image caption | 30.7% | 30.7%
Image type | 282% | 28.6%
Beauty 31.4% 37.1%
Boringness 25.0% 26.1%
Depression 31.8% 30.4%
Spatial Liveliness 29.3% 35.7%
p Safety 29.6% 31.1%
Wealthiness 26.4% 31.1%
Landuse | 314% | 34.6%
Spatial patterns 29.6% 32.5%
Geo-features 31.1% 36.1%
Geo-location | 31.8% | 43.2%

Liveliness Perception

Geospatial CLIP has a slightly lower baseline accuracy (24.6%) compared
to CLIP (25.7%) with "No prompt," however, its performance is enhanced
by all non-spatial and spatial prompts, especially with the "Depression”
prompt, which boosts its accuracy to the best at 44.6%.
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Table 5.6: Geospatial CLIP’s Prompt Tuning Results of Depression Predic-
tion

Prompt Type | Prompt | Acc. CLIP | Acc. Geospatial CLIP
No prompt — | 304% | 32.5%
Non-spatial | Image caption | 325% | 26.8%
Image type | 30.7% | 31.8%
Beauty 36.1% 36.4%
Boringness 34.3% 36.8%
Depression 33.6% 30.7%
Spatial Liveliness 33.6% 36.4%
p Safety 32.9% 31.4%
Wealthiness 32.5% 36.8%
Landuse | 321% | 28.9%
Spatial patterns 31.8% 33.9%
Geo-features 36.1% 38.2%
Geo-location | 31.8% | 41.1%

Safety Perception

Geospatial CLIP’s baseline accuracy (37.5%) is higher than CLIP’s (33.2%)
with "No prompt." In fact, this is Geospatial CLIP’s best performance in
safety prediction, meaning that prompt tuning with either non-spatial or
spatial context does not improve its capability to understand the safety
level in urban street scenes. Further exploration in the future may be
required in order to gain a better understanding of how safety is perceived
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Table 5.7: Geospatial CLIP’s Prompt Tuning Results of Liveliness Prediction

Prompt Type | Prompt | Acc. CLIP | Acc. Geospatial CLIP
No prompt —~ | 257% | 24.6%
Non-spatial | Image caption | 32.9% | 28.6%
Image type | 34.3% | 35.7%
Beauty 36.4% 35.0%
Boringness 32.5% 38.2%
Depression 35.7% 44.6%
Soatial Liveliness 30.4% 32.1%
p Safety 28.9% 33.2%
Wealthiness 32.9% 32.9%
Landuse | 40.0% | 32.5%
Spatial patterns 24.3% 26.8%
Geo-features 38.6% 36.4%
Geo-location | 32.1% | 30.0%

by humans in urban areas (e.g., objects and their spatial arrangement in

the street), which will be insightful to guide the development of an MFM

for enhanced performance.

Wealthiness Perception

With "No prompt," Geospatial CLIP starts with a lower accuracy (28.9%)

than CLIP (30.7%). Both non-spatial and spatial prompts enhance Geospa-

tial CLIP’s accuracy across the board, with "Wealthiness," "Safety," and
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Table 5.8: Geospatial CLIP’s Prompt Tuning Results of Safety Prediction

Prompt Type | Prompt | Acc. CLIP | Acc. Geospatial CLIP
No prompt —~ | 332% | 37.5%
Non-spatial | Image caption | 282% | 31.8%
Image type | 261% | 26.4%
Beauty 22.1% 23.2%
Boringness 24.3% 30.4%
Depression 25.7% 32.1%
Soatial Liveliness 24.6% 31.1%
p Safety 27.1% 25.4%
Wealthiness 23.6% 25.7%
Landuse | 31.1% | 33.9%
Spatial patterns 30.4% 25.0%
Geo-features 26.4% 31.1%
Geo-location | 27.1% | 35.4%

"Liveliness" yielding the most significant increases. Notably, the "Wealthi-
ness" prompt provides the most positive information for its prediction.
To sum up, in almost all cases, spatial prompts can effectively improve
Geospatial CLIP’s performance in urban perception prediction tasks, con-
stantly enabling Geospatial CLIP to outperform CLIP and its own baseline
("No prompt") results. Remarkably, the "Geo-location" prompt consis-
tently stands out as quite effective in enhancing Geospatial CLIP’s accuracy

across different perception variables, suggesting that knowing the geo-
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Table 5.9: Geospatial CLIP’s Prompt Tuning Results of Wealthiness Predic-
tion

Prompt Type | Prompt | Acc. CLIP | Acc. Geospatial CLIP
No prompt — | 30.7% | 28.9%
Non-spatial | Image caption | 35.7% | 33.6%
Image type | 357% | 32.1%
Beauty 32.5% 39.3%
Boringness 30.4% 37.1%
Depression 35.4% 37.1%
Soatial Liveliness 32.1% 41.1%
p Safety 29.3% 41.1%
Wealthiness 34.3% 41.4%
Landuse | 27.1% | 38.2%
Spatial patterns 34.6% 35.7%
Geo-features 32.5% 37.9%
Geo-location | 35.7% | 34.3%

location (e.g., a city label) of a street view can assist Geospatial CLIP in
extracting the local characteristic features, which helps Geospatial CLIP
better understand the link between these features and the social and psy-
chological impressions that these features may bring to humans across
different perception variables.
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5.6 Conclusions and Discussion

This chapter has performed the innovative practice of spatially explicit
contrastive learning/pre-training on CLIP to develop a GeoAI MFM, i.e.,
Geospatial CLIP, and its capabilities have been evaluated on the three
geospatial tasks, including global image geo-localization, mixed land use
detection, and urban perception prediction. This research marks a signifi-
cant methodological evolution in GeoAl, bringing to light new possibilities

and challenges.

Methodological Advancements

The introduction of spatially explicit contrastive pre-training has set a
new benchmark for the development of GeoAI MFMs capable of com-
prehending and interpreting complex geospatial datasets. This approach
has significantly enriched the models” understanding of spatial relation-
ships, enabling more precise predictions across varied geospatial tasks.
By encoding spatial context directly into the learning process of textual
embedding, a deeper level of geospatial insight has been unlocked for
MFMs, demonstrating the untapped potential of GeoAl, incorporated
with MFMs, in addressing complex spatial challenges in the future.

Future Work from a Methodological Perspective

Meanwhile, several promising directions have been pinpointed:

e Enhancing spatial feature extraction: future research could further
explore the modification of model architectures for extracting and
encoding more diverse spatial features into the pre-training process.
This includes processing and integrating spatial topological and mor-
phological information (e.g., from vector data) to deepen the models’

understanding of complex spatial dynamics, as well as developing
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spatial context encoders that can be integrated with multimodal

learning model architectures.

e Cross-Modal data integration: expanding the scope of data modal-
ities (e.g., audio, video, or even olfactory data) could potentially
enhance the models’ ability to interpret spatial environments more
comprehensively. Research into efficient cross-modal data represen-
tation and fusion techniques is particularly crucial for this advance-

ment.

e Developing more interpretable and explainable GeoAl: enhancing
the interpretability and explainability of GeoAI MFMs is crucial for
their application in the geospatial domain, especially for sensitive
areas (e.g., environmental health analysis). Future work could de-
velop both quantitative and qualitative methods to make the decision-
making process of these models transparent and understandable to
human users (Liang et al., 2022).

The exploration into spatially explicit contrastive learning/pre-training
for GeoAI MFMs has illuminated the methodological advancements neces-
sary for the next generation of GeoAl tools. The identified future research
directions emphasize the need for continued innovation in advancing
model architectures, integrating more multimodal data, as well as enhanc-
ing the interpretability of GeoAI MFMs. Moving forward, we can further
harness the promising potential of GeoAl and MFMs to revolutionize our
understanding and interaction with the geospatial fields, reaching a future
where geospatial sciences and Al converge to address global challenges
more effectively, redefining the boundaries of what GeoAl models can

achieve.
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6 CONCLUSIONS AND DISCUSSION: THE GOOD, THE

BAD, AND THE FUTURE

This dissertation study has proposed a foundational multimodal learn-
ing framework enhanced by spatial knowledge. Specifically, the signifi-
cance of the framework has been evidenced by demonstrating its valid-
ity in establishing benchmarks of the zero-shot performance of multi-
modal foundation models (RA-1), as well as empowering these models
with a stronger capability for various geospatial tasks (e.g., image geo-
localization and mixed land use detection in urban areas), via the methods
of spatial-context prompt tuning (RA-2) and spatially explicit contrastive
pre-training (RA-3), addressing the current challenges and limitations in
the realm of multimodal learning for the geospatial domain.

6.1 The Good

The journey began with the ambition of extending the capabilities of
MFMs to process and comprehend geospatial information with an en-
hanced understanding of spatial context across different geospatial tasks.
Throughout the dissertation, we’ve seen how this objective was system-
atically addressed through innovative data curation and methodologies,
including spatial-context prompt tuning and spatially explicit contrastive
pre-training. The detailed experiments have demonstrated the enormous
potential of MFMs in geospatial applications, setting new benchmarks for
the development of GeoAl MFMs.

Specifically, this dissertation has demonstrated that GeoAl, an inno-
vative intersection of geospatial information sciences and artificial intelli-
gence (Al), has emerged as a transformative force in the integration with

multimodal learning for urban informatics. MFMs empowered by GeoAl,
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which leverage diverse data modalities such as images, text, and geospatial
context, are pioneering and advanced solutions for challenges in urban
studies.

One of the remarkable applications of GeoAI MFMs is in the field of
image geo-localization. This technology now allows for better identifica-
tion of the geo-location of an image by analyzing its visual and textual
contents, enabling the automatic cataloging of urban imagery without
explicit metadata, and aiding in the efficient management and retrieval
of geographic information as well as enhancing the richness of spatial
databases. The integration of this technology into mobile applications
may also help users navigate and discover urban areas, enriching their
interaction with city spaces.

Additionally, detecting and analyzing mixed land use in urban envi-
ronments is another area where GeoAl MFMs excel. By processing street
view images alongside urban land use depiction, these models can now
identify patterns and trends in land use that are not easily discernible
through traditional methods. For urban planners and developers, this is
crucial to design more efficient and sustainable urban spaces with mixed
land uses and to facilitate the understanding of how residential, commer-
cial, recreational, transportation, industrial, and greenfield zones should
coexist and interact, which is essential for traffic management, environ-
mental planning, and zoning regulations. Therefore, this method assists
in promoting a more balanced urban development, reducing commute
times, and enhancing the quality of life for city dwellers.

Furthermore, GeoAI MFMs have been instrumental in urban percep-
tion prediction, by providing more insights into how different urban
environments are perceived in terms of safety, aesthetics, livability, etc.
Through the analysis of urban scenes and descriptions, these models can
now accurately predict public perceptions and sentiments about different

urban areas. This capability is particularly beneficial for city councils and
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marketing agencies aiming to improve public spaces and for real estate de-
velopers interested in investment decisions. Predictive analytics in urban
perception also allows for proactive urban design that enhances public
satisfaction and engagement, aiding in monitoring and responding to the
changing dynamics of urban life, and contributing to more engaging and
responsive urban governance.

In summary, the integration of GeoAl MFMs in urban informatics
has marked a significant leap forward in managing and understanding
urban environments. With applications spanning image geo-localization,
mixed land use detection, and urban perception prediction, these models
offer a powerful toolkit for enhancing urban planning, development, and
management. The convergence of Al, geospatial information sciences,
and multimodal data not only enriches our analytical capabilities but
also paves the way for more informed and sustainable urban futures. As
these technologies continue to evolve, their potential to transform urban
landscapes grows, promising smarter, more efficient, and more humane
urban environments.

Methodologically, the dissertation stands out for pioneering the incor-
poration of spatial knowledge into the learning and operational mech-
anisms of MFMs, achieving remarkable improvements in model perfor-
mance across the evaluated tasks listed above. These advancements high-
light the capabilities of GeoAI MFMs in interpreting complex geospatial
data, suggesting a promising direction to leverage multimodal learning
for future GeoAl research.

6.2 The Bad

Despite the progress, this journey witnessed its own challenges. One of the
primary concerns has been the computational cost associated with training

a large GeoAI MFM. For example, the size of the pre-training geospatial
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datasets used in this dissertation is approximately 90 GB, and thus the
pre-training process was time-consuming with a considerable level of
uncertainty in hit-or-miss. Moreover, the issue of model interpretability
remains a significant hurdle. These challenges underscore the necessity
for continued effort in data efficiency, model robustness, and an enhanced
explainability of GeoAl

Another major consideration is ethical issues. For instance, one of
the primary ethical concerns with large foundation models is the bias
embedded in their vast (pre-)training data. These models often rely on
internet-sourced datasets that reflect historical prejudices, societal stereo-
types, and unequal representation across different groups and areas. As
such, they can inherit and even amplify biases related to race, gender, and
religion, potentially leading to Al outputs that are discriminatory or rein-
force harmful stereotypes, thus perpetuating existing social inequalities.
Note that this ethical challenge is not only identifying these biases, but
also developing methodologies to mitigate them. This involves curating
more balanced datasets, applying de-biasing techniques (e.g., data aug-
mentation, re-sampling, and incorporating fairness constraints) during
training, and continuously monitoring the outputs for biases. Moreover,
it requires a commitment from Al developers to prioritize fairness and
inclusivity in their Al systems.

Another ethical concern lies in the fact that large foundation models
are often associated with significant privacy concerns. The vast amount of
data used in (pre-)training these models likely include personal informa-
tion, which can be inadvertently learned and reproduced by the models,
which might generate text that discloses real personal data, potentially
leading to privacy violations. Therefore, privacy protection in Al demands
stringent data handling and processing protocols, involving anonymizing
datasets, obtaining consent from data subjects, and implementing robust

data security measures. For example, regulatory frameworks such as the
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General Data Protection Regulation (GDPR)! have provided guidelines
and obligations for Al developers to ensure that user data are protected
against misuse and exploitation.

Furthermore, an additional ethical issue is the potential that the ca-
pabilities of large foundation models could be exploited for malicious
purposes. The ease with which these models can generate convincing fake
content, such as deepfakes? or misleading news and articles, has posed
significant risks. Such fake content can be used to spread misinformation,
manipulate public opinion, or even conduct social engineering attacks.
To address this issue, we need to develop detection tools to identify Al-
generated content, foster media literacy among the public, and create
legal and ethical frameworks to govern the use of Al in content creation.
Therefore, it is essential for policymakers, Al developers, and civil society
to work together to mitigate the risks and dangers posed by the misuse of
AL

Lastly, the deployment of large foundation models could impact our
society in many profound ways. While they offer potential benefits such as
increased efficiency and new capabilities, they also raise questions about
job displacement, power dynamics, and the control of Al technologies. The
concentration of Al development in a few large corporations exacerbates
concerns about monopolistic practices and the lack of accountability in
Al governance. To ethically navigate these challenges, it is critical for
us to engage in broad societal dialogues about the role of Al, including
discussions on who benefits from Al technologies, who might be harmed,
and how to ensure equitable access to the benefits of Al. Moreover, this
process should involve implementing policies that encourage competition,
regulate monopolistic practices, and ensure that Al developments are
aligned with societal values and needs.

In summary, the ethical issues surrounding large foundation models,

https://gdpr-info.eu/
Zhttps://deepfakesweb.com/
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including GeoAI MFMs, are complex and multifaceted. Addressing these
concerns requires a collaborative effort among Al researchers, developers,
ethicists, policymakers, and the broader public. By fostering ethical frame-
works that promote fairness, privacy, accountability, and inclusivity, the
development and deployment of Al technologies can be directed towards
benefiting society as a whole. Ensuring ethical Al usage is not just a tech-
nical challenge but a societal imperative that calls for vigilant oversight,

thoughtful regulation, and active engagement from all stakeholders.

6.3 The Future

With the pros and cons discussed above, this dissertation has identified
several promising directions for future work. From enhancing spatial fea-
ture extraction to developing more reliable, interpretable, and explainable
GeoAl models, the potential for growth and innovation within this field
is immense. Particularly, the exploration of cross-modal data integration
and the refinement of model architectures for geospatial context embed-
dings offer exciting avenues for enriching the spatial understanding and
capabilities of MFMs in the future.

Moreover, the evolution of GeoAl MFMs towards achieving finer-
grained image geo-localization (e.g., at a street or district level), mixed
land use detection with a more refined classification scheme, and more
accurate urban perception prediction underscores the potential impact of
GeoAl technologies in shaping our understanding of urban landscapes.
As GeoAl continues to evolve, its integration with emerging technolo-
gies and data modalities holds the promise of revolutionizing the field of
geospatial sciences, urban studies, computer sciences, and beyond.

In conclusion, this dissertation marks a significant step forward in the
intersection of Al and geospatial sciences for urban informatics, laying a

solid foundation for future research while highlighting the importance of
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addressing the accompanying computational, methodological, and ethical
challenges. As we move forward, it is imperative to continue this explo-
ration with a commitment to innovation, responsibility, and the broader

goal of harnessing Al for the betterment of our society and environment.
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