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ABSTRACT

Inferring urban functions using street view images (SVIs) has gained tremendous
momentum. The recent prosperity of large-scale vision-language pretrained models
sheds light on addressing some long-standing challenges in this regard, e.g., heavy
reliance on labeled samples and computing resources. In this paper, we present a
novel prompting framework for enabling the pretrained vision-language model CLIP
to effectively infer fine-grained urban functions with SVIs in a zero-shot manner, i.e.,
without labeled samples and model training. The prompting framework UrbanCLIP
comprises an urban taxonomy and several urban function prompt templates, in
order to (1) bridge the abstract urban function categories and concrete urban object
types that can be readily understood by CLIP, and (2) mitigate the interference in
SVIs, e.g., street-side trees and vehicles. We conduct extensive experiments to verify
the effectiveness of UrbanCLIP. The results indicate that the zero-shot UrbanCLIP
largely surpasses several competitive supervised baselines, e.g., a fine-tuned ResNet,
and its advantages become more prominent in cross-city transfer tests. In addition,
UrbanCLIP’s zero-shot performance is considerably better than the vanilla CLIP.
Overall, UrbanCLIP is a simple yet effective framework for urban function inference,
and showcases the potential of foundation models for geospatial applications.
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1. Introduction

Delineating the spatial distribution of urban functions (functional land use) in our
cities has been a primary focus in the communities of geographic information science
and urban studies. This task is fundamental to effective urban management and sus-
tainable development (Zhang et al|2018, Srivastava et al.|2020} Qiao and Yuan [2021}
Huang et al.|2022)). Specifically, our cities are organic and dynamic complexes, which
are composed of numerous functional areas that afford various socioeconomic activi-
ties and needs of human habitation, e.g., residential, commercial, and industrial areas.
Today, in view of the massive human efforts required in field or airborne survey, data
mining techniques using varying urban sensing data sources, e.g., remote sensing data
(Bai et al.|2023) , points of interest (Huang et al.2023), human trajectories (Hu et al.
2021)), and SVIs (Xu et al|2022), are widely applied to urban function recognition.
Among various data sources, SVIs have shown significant potential in discerning



urban functions, in virtue of their increasing spatial coverage, human perspective of
photographing, and abundant visual information (Biljecki and Ito 2021). The visual
information carried by SVIs has been proved to be effective and has favorable discrim-
ination power for this task, e.g., the facades of residential and commercial areas can
be readily discerned in SVIs, which is challenging for aerial imagery (Srivastava et al.
2020). In addition, SVIs provide insights into urban function at granular levels, such
as scene or single building scales (Kang et al.|2018|, Zhang et al.|2022).

From a methodological perspective, many recent studies treat fine-grained urban
function inference using SVIs as an image classification problem, and train (fine-tune)
a deep vision model, e.g., a ResNet (He et al.|2016)), for recognizing scene- or building-
level urban function (Kang et al.|2018| [Srivastava et al.|2020). This strategy has been
useful, but it has an inherent limitation: data hungriness. Usually, a large number of
labels (ground truth data) are required for sufficiently training or fine-tuning a deep
vision model, in order to yield competent inference capability. This limitation makes
the task often difficult in real-world practice, when ground truth data is not available.
Even if labels could be collected with substantial endeavors, the transferability of the
trained models is questionable (Zhang et al.|[2022)), as different cities (urban areas)
often exhibit distinctive traits in their built environments, and target at inferring dif-
ferent urban function categories. These limitations undermine the underlying incentive
of the task. Furthermore, we believe that the previously utilized visual models (e.g.,
ImageNet-pretrained ResNets) are not well suited in an urban context, because they
are trained in image classification or segmentation tasks using pre-determined sets of
object categories (e.g., plane, car, dog, etc.). Transferring such models to an urban
context could lead to compromised capability.

The recent prosperity of pretrained vision-language foundation models unfolds a
promising avenue to tackling the aforementioned limitations (Du et al.[2022). A key
advantage of such models is that their training and inference are not confined to a
fixed set of pre-determined object categories. Instead, they are trained through cou-
pling visual and language models (encoders) and the objectives like finding the correct
image-text pairs. Such properties unleash the potential of using a pretrained vision-
language model to answer urban questions, e.g., inquire it for the embodied urban
functions in an SVI. In this way, we could accomplish zero-shot learning, i.e., inferring
urban functions with no labeled samples and no training of the model, which is a
previously impossible mission. In addition, such vision-language models are often pre-
trained with a great diversity and number of image-text pairs, which makes them more
competent in tackling the domain shift from general-purpose natural image tasks to
an urban context. Today, a representative visual-language model is CLIP (Contrastive
Language-Image pretraining) (Radford et al.[2021]), which is trained with an enormous
number (400 million) image-text pairs and a contrastive learning strategy. CLIP has
demonstrated remarkable capabilities in several vision tasks, particularly in zero-shot
image classification.

With the promising capability of CLIP, it is a natural idea to leverage it for zero-
shot urban function inference. For example, we could simply ask what urban function
does an SVI reflect through matching SVIs with textual descriptions, e.g., residential,
industrial, etc. This process is denoted prompting for vision-language models (Zhou
et al.2022b). However, we find that simply prompting CLIP with the raw urban func-
tion category names does not work well. The first impediment is that urban function
categories imply high-level, abstract, and sometimes polysemous semantics, whereas
CLIP is more capable of handling concrete concepts, and often fails to understand
abstract language phrases (Radford et al.[2021, Liao et al.|2023|). The underlying rea-



son is the inherent ambiguity of visual representations of abstract terms. Each urban
function encompasses a myriad of structures and visual cues, e.g., residential could
be associated with vastly different visual forms like terrace house, urban village, and
condominium. A recent investigation reveals that CLIP struggles with comprehending
abstract concepts, regardless of its model size (Liao et al.2023). The second obstacle
stems from the overwhelming presence of common yet potentially distracting elements
in real-world SVIs, due to their street view nature, e.g., vehicles, road surface, trans-
portation facilities like bus stops, street-side landscape like trees, etc (Biljecki and Ito
2021)). Such frequently appearing visual information is only weakly indicative for infer-
ring urban functions, but may divert CLIP’s attention, e.g., CLIP could erroneously
believe that an SVI with several cars reflects a parking lot.

In this context, we develop the prompting framework UrbanCLIP to tailor CLIP for
urban function inference. The key design principle of UrbanCLIP is simplicity, which
requires no labeled samples and no model training, and can be readily used in practice.
To this end, UrbanCLIP performs fine-grained (scene-level) urban function inference
in a zero-shot manner. The zero-shot UrbanCLIP prompting is empowered by two key
components, including an urban taxonomy that maps abstract urban function cate-
gories (e.g., residential) to concrete urban object types (UOTSs; e.g., condominium),
and several urban function prompt templates to mitigate the interference and noise
in SVIs. We conduct extensive experiments in three different settings. First, we uti-
lize UrbanCLIP to infer the most predominating urban function (primary function) in
each SVI. Second, UrbanCLIP is applied to scenes carrying multiple functions, e.g.,
residential and commercial. These two settings are conducted in the main study area
of Shenzhen, China. In the third setting, we test UrbanCLIP’s transfer capacity in
Singapore and London. In all three settings, we compare zero-shot UrbanCLIP with
a series of competitive supervised baseline models, and the results demonstrate that
UrbanCLIP has superior zero-shot capacity. For primary and multiple function infer-
ence, zero-shot UrbanCLIP largely outperforms most of the supervised baselines (e.g.,
a fine-tuned ResNet101) regardless of how many labeled samples are used to train
them. In addition, UrbanCLIP more prominently prevails in the transfer experiment,
i.e., it performs well in two other cities, while other baselines trained with the Shenzhen
dataset exhibit compromised performances.

Following the introduction, we provide the background and review related works
in Section [2| In Section (3| we elaborate on the details of the proposed framework
UrbanCLIP. In Section [4) we demonstrate the results of fine-grained urban function
inference using UrbanCLIP, compare the results with several baseline methods, and
present an ablation study along with an error analysis. The paper ends with a discus-
sion in Section [§l and conclusions in Section [6l

2. Background and related work

2.1. Urban function inference with SVIs

Utilizing SVIs for urban function inference has attracted tremendous attention in
recent years. SVIs bring up the opportunity of mapping urban function at fine spatial
scales. For example, [Kang et al.| (2018)) fine-tuned several visual models like VGG and
ResNet for classifying building types with SVIs. |Srivastava et al.| (2020)) carried out
building-level land use classification using SVIs, in which they utilized a CNN in a
Siamese-like architecture to use SVIs from varying views (angles) for the task. Zhang



et al. (2022)) transformed SVIs into textual descriptions using an image captioning
model, and fed the image captions to a language model BERT (Devlin et al.|2019))
for urban scene classification. |Zhu et al. (2019) used geo-referenced images from social
media platforms for land use classification, and they proposed a two-stream model (an
object stream and a scene stream) for the task.

In addition, SVIs have been used for region-level urban function inference. For
example, | Xu et al.| (2022)) extracted visual features from SVIs using a semantic seg-
mentation model, and fed SVI features into a graph convolutional network (GCN)
(Kipf and Welling 2017)) for urban function classification. [Wang et al.| (2020) pro-
posed an unsupervised region embedding technique Urban2Vec using SVIs and POls,
in which they fine-tuned a ResNet using a spatial proximity-based contrastive learning
method. Although not tested in their paper, Urban2Vec can be potentially used for
urban function inference.

These studies have fostered prominent strides in SVI-based urban function inference.
However, most of them encounter the difficulty of collecting a considerable quantity
of labeled samples to sufficiently train a machine learning model. In reality, such
ground truth data in fine scales is rarely available. To this end, the most common
resort is the object tags from OpenStreetMap (OSM), whereas it has been revealed
that OSM tags have several shortcomings, including misalignment between images
and buildings, incorrect annotation of tags, and notable incompleteness (Qiao and
Yuan|[2021}, [Srivastava et al.[2020). This implies that the ground truth data from OSM
tags could lead to a considerable number of noisy samples. Furthermore, such models
are potentially lacking in the transferability across different cities (urban areas), and
often require massive resources for training. In this paper, we present the UrbanCLIP
framework to overcome the limitations.

2.2. Vision-language pre-training and CLIP

Vision-language pre-training pertains to the practices of utilizing large-scale image-
text pairs to learn multi-modal foundation models that can facilitate various vision-
language tasks, e.g., image-to-text retrieval, and visual question answering (Li et al.
2021). The state-of-the-art vision-language foundation models generally have two
prominent strands (Wang et al. 2021). The first strand leverages dual uni-modal en-
coders to separately learn image and text representations, and uses cosine similarity
or linear projection to model their interactions (Radford et al.|2021)). Dual-encoder
models are competent for image-text retrieval, and their inference is highly efficient.
CLIP is a representative model in this strand. Another influential model is ALIGN (Jia
et al[[2021)), which scaled up the dual-encoder models with billion-level noisy image-
text pairs. The second strand models the multi-modal interactions with additional
encoders such as VL-BERT (Su et al/2019), UNITER (Chen et al.2020), and ViLT
(Kim et al.|2021). These models have advantages in more complex vision-language
tasks, e.g., visual question answering and visual grounding, while their inference is
slower than dual-encoder models. For our task, scene-level urban function inference is
essentially an image-text retrieval task (retrieve relevant text samples, namely urban
function types, given SVIs as queries), and requires high inference efficiency, as a city
usually has enormous SVIs for fine-grained inference. In this context, CLIP (Radford
et al.|2021)), arguably the most recognized dual-encoder vision-language pretrained
model, is a natural choice.

CLIP is composed of an image encoder and a text encoder. The image encoder allows



for different choices, including various ResNets (He et al.|2016|) or Vision Transformers
(ViT) (Dosovitskiy et al.|2020)). The text encoder is based on Transformer (Vaswani
et al|2017, Radford et al.2019). CLIP’s training follows a contrastive learning ap-
proach: in each training batch, the two encoders separately transform images and
their paired textural descriptions into vector representations; then the two encoders
are trained using the objective of maximizing the cosine similarities between the em-
beddings of the images and their associated textual descriptions, while minimizing
the cosine similarities of the unmatched pairs. In order to sufficiently train the two
encoders, [Radford et al| (2021)) constructed a new dataset of 400 million image-text
pairs collected from the Web. They attempted to make the dataset cover as a broad
set of visual concepts as possible, so as to learn semantically-rich and transferable
visual encoders. With the pretrained image and text encoders, CLIP is able to carry
out zero-shot image classification by finding the text description which has the largest
cosine similarity to the query image in the embedding space.

2.3. Prompt engineering

Several machine learning domains are undergoing a sea change to the “pre-train,
prompt, and predict” paradigm (Liu et al.[2021)), where we could simply ask the
large-scale pretrained models questions, i.e., prompting them, so as to obtain desired
answers without further fine-tuning the pretrained models. Essentially, prompt engi-
neering processes are reformulating downstream tasks to make them similar to those
solved during pre-training (Liu et al.|2021). In natural language processing (NLP),
prompting usually appears in two major forms: (1) cloze prompts, i.e., the “fill-in-the-
blank” cloze tests, and (2) prefix prompts that induce language models to continue a
string prefix, as commonly used in GPT-family models. Prompting appears in different
forms for vision-language models. For CLIP, it is prompted to perform zero-shot im-
age classification using text embeddings, i.e., given a search space of text embeddings
and an image, finding the text description that is the most similar to the image in
the embedding space. A simplistic way of generating such text embeddings is directly
transforming category names (usually single words or few-word phrases) into embed-
dings using CLIP’s pretrained text encoder. However, this naive manner usually leads
to sub-optimal performance, and Radford et al. (2021)) identified two major reasons
for this problem. The first issue is polysemy, and CLIP’s encoder is unable to differen-
tiate between varying senses of a word with only the category name. The second issue
is distribution shift, as CLIP is pretrained mostly with full sentences describing the
images, and single-word descriptions are rare.

Radford et al.| (2021) found that simply using the prompt template “A photo of a
{1label}.” could slightly lift CLIP’s zero-shot performance on ImageNet. They finally
utilized prompt ensembling on 80 prompt templates to cover different scenarios, e.g., “A
bright photo of a {label}.” and “A blurry photo of a {label}.”. With these
80 prompt templates ensembled, they observed nearly 5% accuracy improvement on
ImageNet in a zero-shot setting, compared to merely using category names. In addi-
tion, they found that for specialized image classification tasks, it helps to specify the
nature of the images. For example, the prompt template “A satellite photo of a
{label}.” is useful for handling remote sensing imagery in EuroSAT.

Such studies provide valuable insights into our study, whereas their prompting meth-
ods do not align the requirement of this task, which goes beyond only addressing pol-
ysemy and distribution shift. First, prompting on the basis of function categories is



not ideal, as their semantics are generally ambiguous and polysemous. In this con-
text, using function categories, even supplemented with carefully crafted prompt tem-
plates, would lead to substantial difficulties for CLIP. Second, we need to alleviate
the irrelevant and sometimes overwhelming foreground information in SVlIs, e.g., ve-
hicles, street-side trees, etc. This necessitates prompt templates that can guide CLIP
to emphasize the most relevant clues while sidelining the distracting ones. These two
obstacles underscore the demand of prompt engineering of our task. The prompt en-
gineering studies for vision-language models like CLIP are few and in an early stage.
Nevertheless, several directions in prompt engineering in NLP (Liu et al|2021) — a
relatively ripe research field — shed light on tackling our challenges.

A relevant direction is prompt answer engineering, which aims to develop an answer
space and map to the desired outputs, e.g., categories in a classification problem. For
example, in sentimental analysis, one might use multiple bearing words like “excellent”,
“fabulous”, “wonderful” to represent a single class “4++4” (the most positive class).
This is enlightening for overcoming the problem that the urban function categories are
abstract and difficult to comprehend for CLIP. We could develop an additional answer
space with concrete visual concepts to establish a more direct linkage between visual
clues in SVIs and corresponding descriptions, and the answers are eventually mapped
to urban function categories. In NLP, prompt answer engineering largely relies on
manual design, and there are some studies on automatically search ideal answers, e.g.,
using answer paraphrasing and prune-then-search, which are also partially built upon
manual design (Liu et al.|2021)). In this paper, given the relatively uncharted territory
of automated prompt answer engineering for vision-language models, we choose to
handcraft an urban taxonomy as the “prompt answers” for the UrbanCLIP framework.
This design is primarily rooted in domain knowledge and existing categorizations from
varying urban data sources.

Another pertinent area is prompt template engineering. Originally, the prompt tem-
plates for CLIP are largely handcrafted, drawing from domain expertise and tailored
to the characteristics of the target datasets and categories they aimed to deduce. Re-
cently, the idea of learning prompt templates instead of engineering them is gaining
traction, in view of the labor-intensiveness and difficulty in guaranteeing optimal per-
formance from handcrafting templates, e.g., [Zhou et al.| (2022a.b), Jia et al. (2022),
Lu et al.|(2022)). Despite their advantages, they are misaligned with our goal. The first
reason is that most of these methods require training samples (few-shot). Even if we
were to adapt to a few-shot setting, they can hardly be utilized in conjunction with
our urban taxonomy. As revealed in our experiments, the urban taxonomy is a major
driver of performance enhancements. The cause of the issue is that the supervision
signals cannot be readily propagated when we match SVIs to UOTs in the taxonomy
while the labels are associated with urban function types. The second reason is that
the automatically discovered prompts are in the form of embeddings that can hardly
be converted to tangible real-world text. As a pioneering study in using CLIP for urban
function inference, we believe that it is desirable to develop human-readable templates,
so as to manifest how our domain knowledge in urban studies and the insights gleaned
from the datasets can be harnessed to steer a pretrained foundation model.

Over the past year, a few studies have emerged to utilize foundation models by
prompting them for different urban and geospatial applications. Yong et al.| (2023)
prompted CLIP for both zero-shot and few-shot building defect detection and clas-
sification using the textual definitions in construction jargon dictionaries as domain
knowledge. Haas et al.| (2023) fine-tuned CLIP to enhance its capacity in image geo-
localization, in which they devised a prompt template for fune-tuning and several tem-
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Figure 1. The architecture of UrbanCLIP zero-shot urban function inference.

plates for inference, e.g., “A street view photo in {country}”. Hu et al| (2023)
harnessed geospatial knowledge, e.g., location types like door number address and
street name, to prompt GPT-family models for few-shot location extraction from so-
cial media messages. These prior studies provide valuable insights that utilizing domain
knowledge is a key to effectively prompt foundation models in urban and geospatial
applications. In addition, similar to the scope of this study, (Wu et al.| (2023) utilized
CLIP for mixed land use inference through ensembling several prompt templates,
which specifies the contexts of the target analysis and locations, e.g., “{label} use
in New York.” and “{label} purpose in New York.”, and they found that incor-
porating more granular location descriptions decreases the performance for this task.
This study is inspiring, while it directly matches land use categories with SVIs, and
does not mitigate the interference in SVIs, leaving room for improvements.

3. UrbanCLIP

We propose the prompting framework UrbanCLIP for SVI-based urban function in-
ference at the scene level, i.e., for individual SVIs. With UrbanCLIP, we infer the
primary urban function and multiple functions (if available) that each SVI reflects.
Specifically, UrbanCLIP complements CLIP with (1) an urban taxonomy that maps
ten fine-grained urban function categories to hundreds of concrete UOTSs, which could
be well understood by CLIP , and (2) several urban function prompt templates that
are ensembled to mitigate the interfering information in SVIs, e.g., vehicles and street-
side trees. With these two components, urban function inference can be performed in
a zero-shot manner. The UrbanCLIP framework includes the pretrained CLIP as its
foundation, and leverages the urban taxonomy and urban function prompt templates
to prompt CLIP for effective urban function inference. The architecture of the zero-shot
urban scene understanding using the UrbanCLIP prompting framework is illustrated
in Figure

In essence, the development of urban taxonomy and urban function prompt tem-



plates are respectively practices in prompt answer engineering and prompt template
engineering. To be best of our knowledge, UrbanCLIP is a pioneering endeavor in
prompt answer engineering for pretrained vision-language models, and previous stud-
ies on engineering an answer space in vision-language models are rare. In addition, the
developed prompt templates are a novel way to enforce CLIP to pay less attention to
the foreground interfering visual clues. Overall, we believe that the proposed Urban-
CLIP framework entails novelty in both the communities of GIScience and prompt
engineering for vision-language models.

3.1. Urban taxonomy

The first key component in the proposed UrbanCLIP framework is an urban taxonomy,
which transforms abstract urban function categories to concrete UOTs, to facilitate
CLIP to comprehend urban scenes.

The urban taxonomy contains ten fine-grained urban function categories F =
{f1, ..., fio}, i.e., (1) residential, (2) commercial, (3) hotel, (4) industrial, (5) edu-
cation, (6) health care, (7) civic, governmental, and cultural, (8) sports and recreation,
(9) outdoors and natural, and (10) transportation. This categorization is formulated
by harmonizing the land use/urban function classifications prevalent in several major
cities, including Singapore, Shenzhen, and New York City, to create a unified cate-
gorization. Among them, Singapore’s system is rather detailed with over 30 function
types, and the classifications in the other two cities are less detailed. The categorization
is guided by two main considerations: (1) they mainly focus on built-up areas, where
SVIs have sufficient coverage, and (2) they are used for understanding urban scenes,
which is a spatially detailed scale, so they should be also semantically fine-grained to
inform urban planning in a detailed manner, e.g., we use separate education, health
care, and civic, governmental, and cultural categories instead of a generic public service
category.

The urban taxonomy includes 354 UOTs (O = {01, ...,0354}) that are concrete
visual concepts and can be readily understood by CLIP. The UOTs are merged from
several well-known sources, including Amap POI categories EL building classification
system of New York CityEL example UOTSs from the Urban Redevelopment Authority
in Singapore EL and the list of building types in Wikipedia ﬁ The reason for integrat-
ing multiple information sources is that POIs categories are inclined to commercial
venues, and fall short in representing some other functions like residential and indus-
trial, which constitute most of the urban areas. In this context, the other two sources
provide indispensable complement to the POI categories in forming the urban taxon-
omy, especially the building classification system in New York City offers a detailed
categorization for residential buildings. Behind this process, the overall guiding prin-
ciples are: (1) UOTs should have a generally comprehensive coverage for the visual
elements in the built-up environment; (2) UOTs should be commonplace in urban
environments, and extremely specialized or unique objects are generally avoided; (3)
UOTs potentially with polysemy or multiple interpretations are normally not included.
Specifically, the UOTs are selected in the following steps. First, we collate the afore-
mentioned information sources and remove duplicated UOTSs, whereas the UOTs are
not necessarily semantically disjoint, so as to lift their semantic coverage, e.g., both

Thttps://lbs.amap.com/api/ios-sdk/guide/map-data/poi
2https://wwwl.nyc.gov/assets/finance/jump/hlpbldgcode.html
Shttps://www.ura.gov.sg/-/media/Corporate/Planning/Master-Plan/MP19writtenstatement.pdf?la=en
4https://en.wikipedia.org/wiki/List_of_building_types
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shopping mall and community shopping center are included in the urban taxonomy.
Second, domain experts are solicited to refine the urban taxonomy, mainly through
removing some unnecessary UOTS, e.g., terms linked to rare objects (e.g., flex space),
overly specific objects (e.g., office only 7-9 stories), and ambiguous descriptions (e.g.,
entertainment).

Finally, we establish 1-to-n matching relations between the ten urban function cat-
egories and the 354 UQOTs, namely each urban function category subsumes tens of
UQOTs. For instance, the urban function category residential subsumes apartment, at-
tached housing, bungalow etc. This matching is performed based on the categorical
hierarchy in their respective sources (e.g, in the building classification system in New
York City, each building type is subsumed by a generic type), followed by domain
expert engagement. We present the entire urban taxonomy in Appendix [A]

We recognize that some UOTSs (e.g., flats with commercial uses at first storey) could
be linked to more than one function categories (e.g., residential and commercial),
while we generally match such multi-function objects to their predominating functions
(residential in this case). In addition, the urban taxonomy could be readily enriched
(e.g., adding further UOTSs), and re-mapped (e.g., match filling station to commercial
instead of transportation) to adapt to different study areas and applications.

3.2. Urban function prompt templates

Another pivotal component of UrbanCLIP is a set of urban function prompt templates,
which could alleviate the interference in SVIs for our task. As SVIs are mostly captured
alongside streets, they commonly include visual information of road surfaces, vehicles,
trees, etc. In fact, such visual information is indispensable for some other SVI-based
analyses, e.g., the appearance of street-side landscapes like trees is key for analyzing
urban greenery (Li et al.[2015)). However, such visual clues are only weakly relevant to
our task, and could possibly mislead CLIP in its inference. This is an especially notable
problem, as such interference often appears as the salient foreground in SVIs. To
tackle this challenge, we devise several prompts to help CLIP neglect the interference
and concentrate on the useful information for our task, which often appears in the
background.

In this context, we design a set of urban function prompt templates to enforce
CLIP to focus on the most relevant information for our task. This implies that our
incentive is divergent from |[Radford et al| (2021), where mitigating polysemy and
distribution gap is the primary motivation. For example, we design a prompt template
“a street photo of {UOT} with many trees.”, and each of the 354 UOTs is used
to replace the placeholder {UOT} in the template to form 354 sentences. In all these
sentences, the information of “many trees” is presented with all UOTs, which waters
down the importance of trees in zero-shot inference, thereby mitigating such interfering
foreground objects. In addition, the information of “street photo” also accompanies
every UOT, providing contextualization for SVI understanding. We devise six urban
function prompts (PT = {pt1, ...,pts}) and demonstrate the prompt templates and
their rationales in Table [Il

With the UOTs and urban function prompt templates, we could then generate UOT
textual embeddings using CLIP’s text encoder and prompt ensembling. To this end,
each UOT replaces all the placeholder {UOT} in the prompt templates P7T to form
six sentences (language phrases). The six sentences of each UOT then go through the
pretrained CLIP text encoder to generate six textual embeddings of the UOT. The six



Table 1. Urban function prompt templates

Prompt template

Rationale

PT1: {UOT} PT1 enforces the model to focus on the target UOT
itself, which fits the SVIs with little noisy and inter-
fering information.

PT2: A street photo of PT2 provides the context of SVIs by explicitly stating

{UOT} in city. the “street” and “city” natures of SVIs.

PT3: A street photo of PT3 enforces the zero-shot inference to pay less atten-

{UOT} with many trees. tion to the street-side and on-street trees, which are
usually in the foreground of SVIs.

PT4: A street photo of PT4 enforces the zero-shot inference to pay less at-

{UOT} with cars. tention to the interfering information of vehicles on
streets, which are usually in the foreground of SVIs.

PT5: A street photo of PT5 enforces the zero-shot inference to pay less atten-

{UOT} on the road. tion to the visual information of streets/roads them-
selves.

PT6: A street photo of PTG alleviates the zero-shot errors that an SVI with

{UOT} with parking lot.

many cars reflects a parking lot (in reality they are
moving though).
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textual embeddings are finally ensembled through element-wise averaging to generate
a single textual embedding for the UOT. Formally, the process can be defined as:

o= o3 6 oty 00) )

n

where o; is a particular UOT, e.g., condominium, pt; is a certain urban function prompt
template, ¢; is the pretrained text encoder of CLIP, n,; is the number of urban function
prompt templates, and 0; is the generated text embedding for o; through prompt
ensembling.

3.3. Zero-shot urban function inference

Till this point, the designed urban taxonomy and urban function prompt templates
are transformed into hundreds of text embeddings. In the meantime, each urban scene
(individual SVI) goes through the pretrained CLIP image encoder to generate an
image (SVI) embedding, i.e., §; = ¢; (s;), where ¢; is the pretrained image encoder in
CLIP, and §; is the embedding of an SVI s;. Then we can readily carry out zero-shot
urban function inference by calculating cosine similarity values between image and
text embeddings. For each SVI, we can obtain a ranking list of UOTs (most similar to
least similar), e.g., {condominium, terrace house, restaurant,...}. All the UOTSs in the
ranking list are subsequently replaced by their corresponding urban function types to
form a ranking list of urban functions, e.g., {residential, residential, commercial,...}.
We then de-duplicate the ranking list of urban functions to form a ranking set of
urban functions concerning this SVI (only the first appearance of each urban function
is kept), e.g., {residential, commercial, education,...}. For the inference of the primary
function, the first element in this ranking set of urban functions, e.g., residential, is
used as the prediction. In the scenario of multi-function inference, the top-k (e.g.,
top-2) elements are taken as the prediction, e.g., residential and commercial.

4. Experiments and results

4.1. Study area and data

We utilize the proposed prompting framework UrbanCLIP for fine-grained urban func-
tion inference in the main study area of Shenzhen, China. In Shenzhen, we obtain
226,881 SVIs from Baidu Map AP]E] with a sampling interval of one point/10,000m?,
mainly in built-up areas. In order to understand the zero-shot capability of Urban-
CLIP, we select a representative subset (i.e., the urban scene dataset) of the SVIs, and
annotate the ground truth functions of each image. The annotation for each image
can be a single function label, or multiple labels if entailed by that SVI. Specifically,
the urban scene dataset contains 1,518 SVIs, among which 1,179 are annotated with
a single urban function, while 339 are annotated with two different functions, e.g., an
urban scene reflects both residential (primary) and commercial (secondary) functions.
The categories of urban functions follow the ten fine-grained functions designed in the
urban taxonomy. Figure 2| demonstrates the distribution of primary functions in the
dataset, and a typical SVI for each function.

Shttps://Ibsyun.baidu.com/
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Figure 2. The distribution of primary function labels and example SVIs in the urban scene dataset.

For selecting the 1,518 SVIs, we focus on scenes reflective of the built environ-
ment, with smaller emphasis on less urbanized scenes and SVIs dominated by roads.
We strive for a balanced representation of various urban functions in the dataset, to
counter-balance the natural prevalence of residential areas with less commonly cap-
tured functions like hospitals. During the annotation process, we first analyze visible
indicators such as architectural styles, signage, and specific urban elements to estab-
lish initial function labels. This is performed side-by-side with cross-referencing using
detailed planning maps and online map services with POIs (from Baidu and Google)
for validation.

To further understand the level of difficulty of the task, an urban planning expert is
asked to gauge the urban functions in each SVI, meaning that each SVI is annotated
with both ground truth label(s) and the inferred urban function(s) from the human
expert. In addition, in order to investigate the transfer capacity of UrbanCLIP, we
harvest 100 SVIs from Google Map, in Singapore and London, respectively, and man-
ually annotate the ground truth labels for the 200 SVIs. In the datasets of Singapore
and London, the labels are distributed evenly across the ten function categories, i.e.,
in each dataset, ten images are annotated with each urban function category. In fact,
the previous studies of Kang et al| (2018), |Zhao et al| (2021) released a dataset for
building-level urban function recognition, while we choose to create and release our
own dataset mainly based on three reasons: (1) their datasets are oriented to buildings,
while other types of spaces (e.g., parks) are not included; (2) the semantic granular-
ity of their function categories is coarse with four categories residential, commercial,
public, and industrial; (3) the labels in their dataset are from OSM, and thus include
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noise (Qiao and Yuan [2021)).

4.2. Experimental settings

We evaluate the capacity of zero-shot UrbanCLIP in three different settings: (1) pri-
mary function classification: infer the primary function reflected in each SVI; (2)
multiple function classification: we test UrbanCLIP’s capacity in discovering multi-
ple functions (primary and secondary functions) reflected within individual SVIs; and
(3) cross-city transfer: we test the performance of UrbanCLIP and baseline models in
two other cities Singapore and London, so as to compare their transfer capabilities.

4.3. Baseline models

We compare the zero-shot performance of UrbanCLIP with the following categories of
baseline models:

(1) [Wu et al.|(2023): The prompting strategy for the same task from Wu et al. (2023))
is used as a zero-shot baseline. We ensemble (average) the prompt templates
proposed in this work for zero-shot urban function inference, in which the prompt
templates are attached with city names as spatial contexts.

(2) Supervised CLIP: We report the performance of using CLIP for this task in
a supervised manner, in three different ways: (a) CLIP-MLP, which extracts
the SVI embeddings from CLIP’s image encoder (ViT-L/14@336px) and feeds
the SVI embeddings into a multilayer perceptron (MLP) for inference; (b) CLIP-
RN101-MLP, which is the same as CLIP-MLP, except that it uses another image
encoder of CLIP, i.e., a ResNetl01; (c) CLIP-Finetune, which fine-tunes the
entire CLIP’s (ViT-L/14@336px) image encoder for the task.

(3) ViT, ResNet101, and Place365: We use the ViT pretrained on ImageNet-21k
(specifically ViT-large-patch16-384) as the baselines in two different ways: (a)
ViT-MLP, which extracts SVI embeddings from the pretrained ViT, and feeds
the embeddings into an MLP for prediction; (b) ViT-Finetune, which fine-tunes
the ViT pretrained on ImageNet21k for this task. We also utilize ResNet101 and
Place365 (Zhou et al|[2017) (a ResNet50 trained using the scene classification
dataset Place365) in the same ways, so as to form the baselines ResNet101-MLP,
ResNet101-Finetune, Place365-MLP, and Place365-Finetune.

(4) Urban2Vec-Vision: This baseline is the vision model in the region representation
learning method Urban2Vec (Wang et al.|2020), which fine-tunes an ImageNet
pretrained ResNet101 by making spatially adjacent SVIs also close in the em-
bedding space. The SVI embeddings are finally fed into an MLP for prediction.

4.4. Implementation details

The prompting framework UrbanCLIP is implemented in a zero-shot manner with
the fully-fledged version of CLIP (ViT-L/14@336px). For the baselines that utilize
an MLP for prediction, we use a unified MLP architecture. The MLP has a single
hidden layer, which is 2048-dimensional and with a sigmoid activation function. For
the baselines that fine-tune a vision model, all layers are fine-tuned. We do not adopt
a few-shot linear probe protocol as used in Radford et al.| (2021), as we find that this
setting is generally not powerful enough, making it difficult to reveal the capacity of
UrbanCLIP.
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For the urban scene dataset in Shenzhen (1,518 SVIs), we use the entire dataset to
test UrbanCLIP in the primary function classification setting, and use the SVIs with
multiple labels for multi-function classification. For UrbanCLIP, no training data is
used. For comparison, supervised baselines are tested across incremental proportions
of labeled samples (10%, 20%, ..., to 80%), with 80% of these samples allocated for
training/fine-tuning and 20% for validation. For instance, using 60% of labeled sam-
ples implies 48% of the dataset is for training, 12% for validation, with the remaining
40% as the test set. This procedure, repeated 100 times for each proportion, aims to
determine the minimum labeled data needed to match UrbanCLIP’s zero-shot perfor-
mance. For fine-tuning baselines, we conduct data augmentation with horizontal flip.
Different from MLP baselines, we exclude scenarios using less than 50% labeled sam-
ples and repeat the dataset split 20 times to accommodate the longer training time
and increased needs of training samples.

For the cross-city transfer experiments, UrbanCLIP and the baseline method from
Wu et al.|(2023) still conduct zero-shot inference for the SVIs in Singapore and London.
As to other baselines, their training and validation sets remain the same, while the test
set is replaced by the SVIs in Singapore and London. This implies that the baseline
models are all trained and validated with the dataset in Shenzhen, and tested in other
cities.

4.5. Results on primary function classification

The primary urban function inference at the scene level is essentially an image clas-
sification task. Therefore, we utilize the evaluation metrics of weighted F1 score (in
view of the unbalanced distribution of the primary functions in the Shenzhen dataset)
and accuracy.

The performance of scene-level primary function inference is presented in Figure
We observe that The proposed UrbanCLIP considerably surpasses most of the baseline
models, including the zero-shot method proposed in Wu et al.| (2023). And the rich
content of Figure [3| can be interpreted from several perspectives:

(1) CLIP-MLP forms a strong baseline that can slightly outperform zero-shot Ur-
banCLIP when using more than 50% (roughly 700) of the labeled samples. This is
unsurprising, as this baseline utilizes the powerful image embeddings from CLIP,
and training with many labeled samples is able to make fairly accurate predic-
tions. But such a performance comes at the cost of more than 700 high-quality
human labels, and we believe that this number would increase if employing OSM
labels. In this regard, this finding does not undermine the effectiveness of Ur-
banCLIP, which is a zero-shot method. We observe that fine-tuned CLIP slightly
under-performs CLIP-MLP. This finding aligns with the recent investigation in
Dong et al. (2022)), which finds that fine-tuning CLIP needs a large dataset and
tedious hyper-parameter tuning.

(2) We observe that CLIP-based methods (i.e., CLIP-MLP and CLIP-RN101-MLP)
largely excel others, including the large ViT-based models, and the fine-tuned
vision models. This implies that the SVI embeddings from CLIP are more ef-
fective than from other models. The superiority of CLIP’s image embeddings
stems from not being confined by pre-determined categories, and the enormous
number of image-text pairs. The more powerful image encoder ViT is also a key
ingredient, as CLIP-MLP notably outperforms CLIP-RN101-MLP.

(3) Among other baselines, Urban2Vec-Vision and Place365-based methods are bet-
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Figure 3. Results of primary function classification, including the performance of UrbanCLIP, and baseline
models.

ter than the rest, which have been either trained with a spatial proximity-based
objective or trained by a large scene classification dataset. Further fine-tuning
Place365 using our dataset yields slightly better performance than Place365-
MLP, while still cannot approach the performance of CLIP-based methods.
ResNet101 comes after Place365, and it could also slightly benefit from fine-
tuning.

Overall, UrbanCLIP is competent for zero-shot urban function inference at the scene
level, which largely outperforms fine-tuning some deep vision models (e.g., ResNet101)
with more than 1,000 high-quality labeled samples. In the meantime, we recognize that
UrbanCLIP, despite its excelling performance, still cannot reach the competency of
human expert, and there is still a large room for improvement.

In order to further examine the effectiveness of UrbanCLIP, we derive the confu-
sion matrix from the zero-shot urban function inference and visualize it in Figure [4]
We observe that UrbanCLIP performs well for the functions residential (F1: 0.82),
commercial (F1: 0.72), and outdoors and natural (F1: 0.71). The competency in these
functions is encouraging, as such functions are generally predominating in cities, and
correctly recognizing them largely benefits fine-grained urban function mapping. We
observe that commercial could be misrecognized as hotel and industrial, as the visual
appearances of these functions are sometimes similar.

UrbanCLIP yields moderate performance for transportation (F1: 0.66), sports and
recreation (F1: 0.62), industrial (F1: 0.60), and education (F1: 0.57). We observe
that industrial buildings in Shenzhen could be misclassified as education facilities
like schools; education and residential can also be confused, possibly because that
education institutes like kindergartens are often situated in residential areas.

However, UrbanCLIP has comparatively low performance for hotel (F1: 0.46), health
care (F1: 0.44), and civic, governmental, and cultural (F1: 0.34). The errors for hotel
are mainly due to the confusion with commercial. Health care could be mis-interpreted
as various functions, e.g., residential, education, and industrial. The main challenge for
cwic, governmental, and cultural is confusion with industrial, which is likely because
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Figure 4. Confusion matrix of UrbanCLIP zero-shot primary function classification.

the building scales of the two functions can be similar.

4.6. Results on multiple function classification

Multiple function recognition for urban scenes can be boiled down to a multi-label
image classification problem, so we utilize the two evaluation measures of weighted F1
score and Jaccard index, which is, for two label sets, the proportion of their interaction
relative to their union (Murphy[1996). The results in this setting are demonstrated in
Figure [5

The results follow a similar pattern as the results for primary function inference
(Figure . UrbanCLIP’s zero-shot inference for multiple functions still surpasses the
zero-shot baseline and most of the supervised baselines. We observe:

(1) UrbanCLIP’s performance is comparable to CLIP-MLP with 10%-20% labeled
samples (roughly 150-300 samples). In a way, UrbanCLIP’s competency declines
compared to its capacity in primary function inference. This is likely due to
that multiple functions usually come with different objects in an SVI. For exam-
ple, there are two buildings in an SVI, in which one represents commercial, and
the other is residential. However, UrbanCLIP’s zero-shot inference could mainly
focus on the more salient commercial building, thereby possibly making the in-
ference of commercial and hotel (both are targeted at the salient commercial
building). Nevertheless, UrbanCLIP could still produce good multi-function in-
ference without the need of labeled samples. In fact, high-quality multi-function
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Figure 5. Results of multiple function classification, including the performance of UrbanCLIP, and baseline
models.

ground truth labels at the fine-grained scene level can be barely obtained in scale,
implying that it is often impractical to rely on a large number of labels in this
setting. This observation strengthens the usefulness of the zero-shot UrbanCLIP.

(2) Human expert performs considerably better than UrbanCLIP in this setting.
This could potentially be ascribed to that we use the machine learning models
in an image classification manner, determining each SVI as a whole. However, hu-
man perception could easily discover different objects in each SVI, thus yielding
wiser inferences. In this regard, one possible future work is to combine Urban-
CLIP and object detection to improve multi-function inference.

4.7. Results on cross-city model transfer

The previous two experiments focus on a single city. Considering that collecting a
certain amount of training labels for each city comes at great expenses, it is desirable
to have a generalizable model that requires no further training to be applied in a
new city. In this context, we test the cross-city transfer capacity of UrbanCLIP and
the baseline models. We infer the primary urban functions in Singapore and London.
The supervised baselines are trained and validated using the dataset in Shenzhen, and
tested in Singapore and London, while UrbanCLIP still carries out zero-shot inference.

The results of cross-city model transfer are presented in Figure [6] from which we
observe that UrbanCLIP significantly outperforms all baseline models. Specifically, we
can draw the following observations:

(1) Zero-shot UrbanCLIP outperforms all baselines, regardless of how many labeled
samples in Shenzhen are used. This situation differs from the primary function
and multi-function inference experiments in the same city, where supervised
CLIP baselines surpass UrbanCLIP if using a large or moderate number of la-
beled samples. The underlying driver of the difference is that although CLIP’s
image embeddings are powerful, the MLP or the entire image encoder (in the
fine-tuning cases) is trained in Shenzhen, and thus biased towards the style of the

17

—e— CLIP-MLP

—e&- CLIP-Finetune

—e— CLIP-RN101-MLP

—e— VAT-MLP

—-e- ViT-Finetune

— ResNet101-MLP

ResNet101-Finetune
Place365-Finetune
Place365-MLP
Urban2Vec-Vision



Weighted F1 score

0.9

0.8 1

0.7 4

0.6

0.5 1

0.4

0.3

0.2

0.1

Transfer experiment - Singapore

Transfer experiment - London

: 0.3 UrbanCLIP
ubancLP N v SO
(0.755) 0.8 :
: 074  Wwuetal
' (0.748)
Wu ét al. L 0.6
(0.646) S
. w
: b
L 05
2
-4
3 0.4
Q .4
3
0.3
0.2
: 0.1 :
0 10% 20% 30% 40% 50% 60% 70% 80% 0 10% 20% 30% 40% 50% 60% 70% 80%

Proportion of labeled samples used

Proportion of labeled samples used

Figure 6. Results of cross-city transfer experiments, including the performance of UrbanCLIP, and baseline
models. The baselines are trained with the urban scene dataset in Shenzhen, while tested in Singapore and
London.

particular city. Singapore and London have considerably different visual styles
and urban function distributions from Shenzhen. Using the trained models bi-
ased towards Shenzhen for inference in two other cities provides compromised
effectiveness. Nevertheless, we recognize that there are still commonalities among
the three cities, as increasing the number of training samples does benefit the
performance in Singapore and London.

Fine-tuning the deep vision models of CLIP, ViT, Place365 and ResNet101 does
not benefit the performance in comparison to their MLP-based counterparts.
In fact, fine-tuning, in most cases, results in performance decline. The declines
are more notable for larger models like CLIP and ViT. Such evidence hints on
that fitting a deep vision model with numerous parameters makes the fine-tuned
models highly tailored to the training dataset, while it generally does not benefit,
or could hurt, the inference in other study areas.

UrbanCLIP continues to perform better than the prompting method in|(Wu et al.
, while the margins become smaller in this setting, especially in London.
The reason behind this could be partially ascribed to the usefulness of spatial
context in these prominent and English-background cities, for which we provide
in-depth analysis in Section

Overall, UrbanCLIP demonstrates notable advantages compared to all baseline mod-
els, in the cross-city transfer scenario. It is encouraging to see that the proposed
UrbanCLIP is effective in various different cities in a zero-shot manner. In contrast,
the fine-tuning strategy does not perform well when tested in vastly different study

areas.

4.8.

Ablation study and UrbanCLIP variants

The proposed prompting framework UrbanCLIP has two major components: the urban
taxonomy and the urban function prompt templates. We thoroughly investigate the
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effectiveness of the two components in an ablation study through replacing each com-
ponent with its alternatives, and thus form various combinations of the prompts for
zero-shot urban function inference. The results are presented in Table [2| The ablation
study is carried out in all three settings, i.e., primary function inference (Primary),
multi-function inference (Multiple), and cross-city transfer (Singapore and London).
In each setting, we test both the scenarios of using the urban taxonomy (UOT) and
using only the category names of urban functions (FN), e.g., residential. In terms of
prompt templates, we test the urban function prompt templates (UrbanCLIP-PT)
proposed in this study; the ensembling (through averaging) of the templates from
Wu et al. (2023)); the ensembling of the designed 80 templates from Radford et al.
(2021)) (CLIP 80); the simple template “A photo of a {label}.” (A photo of); and
the scenario of only using categories (UOTs or function names) without any prompt
template (No template). To assess the usefulness of spatial context, we append city
names to the designed urban function prompt templates (except for PT1), e.g., for in-
ference in Shenzhen, PT2 becomes “A street photo of {UOT} in Shenzhen.”, and
PT3 becomes “A street photo of {UOT} with many trees in Shenzhen.”; such
templates are denoted UrbanCLIP-PT + SC. We also remove the spatial context (city
name) from the templates designed in Wu et al.| (2023)) to form Wu et al. w/o SC. In
addition, we test the Zero-shot Prompt Ensembling (ZPE) method (Allingham et al.
2023) for prompt template ensembling, to replace the averaging ensembling used in
UrbanCLIP, and form UrbanCLIP-PT + ZPE. From the results, the following obser-
vations are drawn:

Table 2. Results (weighted F1 scores) of the ablation study. The best performance of each setting is bolded,
while the second best is underscored.

Primary Multiple Singapore London
Templates UOT FN UOT FN UOT FN UOT FN
UFPT 0.655 0.519 0.696 0.548 0.755 0.674 0.820 0.674
Wu et al. 0.546 0.537 0.648 0.598 0.776 0.646 0.841 0.748
CLIP 80 0.558 0.368 0.681 0.363 0.731 0.591 0.840 0.655
A photo of 0.533 0.371 0.652 0.383 0.684 0.629 0.801 0.627

No template 0.502 0.363 0.672 0.393 0.686 0.569 0.763 0.633

UFPT + SC 0.579 0.533 0.617 0.553 0.797 0.691 0.839 0.642
Wu et al. w/o SC  0.527 0.482 0.676 0.552 0.721 0.662 0.809 0.766

UFPT + ZPE 0.632 0.514 0.709 0.522 0.770 0.618 0.809 0.663

(1) The usefulness of the proposed urban taxonomy is prominent, and is the major
source of performance gain in all settings. This is another evidence that CLIP is
more capable of understanding concrete concepts than abstract ones (Liao et al.
2023), which is an important experience for prompting pretrained models for
geospatial analyses where abstract and specialized concepts are prevalent.

(2) The proposed urban function prompt templates are useful in all settings, which
implies that our incentive of using these templates for mitigating the interfering
information in SVIs is valid. The templates from Wu et al|(2023) are also tested
in conjunction with the urban taxonomy designed in our study. Their templates
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bring slight benefits for the inferences in Shenzhen, while are more useful in
Singapore and London, leading to better performances than using the prompt
templates proposed in our study.

(3) The usefulness of spatial context varies in different cities. In the settings of
primary and multi-function inference, adding the city name Shenzhen mostly
undermines the performance. However, it is the opposite in two other cities. The
incorporation of spatial context is also one of the underlying reasons of that
the templates from |Wu et al. (2023) perform better than ours in Singapore and
London, when combined with the proposed urban taxonomy. This finding aligns
with the recent investigation in Nwatu et al. (2023]), which revealed that images
from lower-income places and in non-Western styles can be more challenging for
CLIP.

(4) Prompt template ensembling through simple averaging generally provides com-
parable performance to ZPE, which is encouraging to keep UrbanCLIP simple.
We believe that the underlying reason for this finding is that urban function
inference is a specialized application of CLIP, making the introduction of the
overall signal from the pre-training dataset (LAION 400M in this case) less
meaningful. In addition, the six urban function prompt templates in UrbanCLIP
are carefully crafted leveraging domain knowledge, so each template generally
holds value, which is different from the scenario of ensembling a large number of
prompt templates in [Allingham et al.| (2023).

We also investigate the usefulness of each of the proposed urban function prompt
templates. In primary function inference, all templates are proved beneficial, with
their removal leading to a decline in performance. In other settings, the necessity of
some templates varies. For example, using PT3 slightly diminishes the performance
in the transfer tests in Singapore and London, as there is not much interference from
road-side landscape in this setting, and the signal “many trees” becomes somewhat
distracting. In multi-function inference, removing PT6 results in a slight increase in
F1 score, as the signal of “parking lot” potentially overshadows its actual occurrence
as the second function in certain areas.

Overall, the thorough ablation study verifies the design of UrbanCLIP. We recognize
that the design of UrbanCLIP may not be optimal in certain cases. Nevertheless,
it is generally effective across all settings, which is crucial for practical applications.
Particularly, we speculate that incorporating spatial context could lift the performance
in Western-style and higher-income cities, but it could possibly negatively impact
performance in other cities. Therefore, we choose not to introduce spatial context in
UrbanCLIP by default, because fine-grained mapping of urban functions in cities of
emerging and developing economies (which may have fewer resources) could be more
meaningful, and higher-income cities often have better curation of urban function (land
use) data. Furthermore, the ablation study unveils promising pathways to adjust the
proposed prompt templates, e.g., PT3 might not be necessary for SVIs with not much
appearance of road-side landscape, and ZPE could potentially be utilized when multi-
function inference is prioritized.

4.9. Error analysis

We carry out a thorough analysis of the inference errors of UrbanCLIP, and we select
nine representative examples. The selected cases are demonstrated in Figure[7] in which
(a)-(f) are representative errors in primary function inference, (g) is an error in multi-
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Figure 7. Error analysis of misclassified urban scenes. The labels indicate the first two inferred UOTs. For
(g), the first inferred UOT for each function is provided.

function inference, and (h)-(i) are two errors in Singapore and London respectively.
Figure [7[a) is a commercial complex in Shenzhen, which is transformed from a
cruise. UrbanCLIP is misled by the appearance and assigns the largest cosine simi-
larity to port in the urban taxonomy (transportation). Figure [7b) is a factory, while
UrbanCLIP believes that the most similar UOT to it is secondary school due to no-
table visual similarity, which belongs to the function of education. Figure m(c) is a
residential compound, and its wall is captured. The wall has a commercial advertise-
ment for a restaurant, so interestingly UrbanCLIP is misled by the advertisement and
recognizes it as a food center (commercial). Figure [7[d) is the building of a govern-
mental agency in Shenzhen which looks like an industrial park, and thus UrbanCLIP
believes this is most likely an industrial area. In fact, the name of the administration
is attached to the building and visible in the SVI, while UrbanCLIP still does not
recognize it, probably because that it has limited capacity in understanding Chinese
characters. Figure (e) is a shopping mall in Shenzhen with salient patterns of waves
on the building’s facade. In this case, UrbanCLIP assigns the highest similarity to
the UOT swimming complex (sports and recreation). Figure m(f) is a pavilion within a
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park (outdoors and natural), which has a classic Chinese roof. In this case, UrbanCLIP
misunderstands it to be a religious facility (civic, governmental, and cultural). Figure
[7(g) entails both residential and commercial. UrbanCLIP provides the correct answer
for its primary function, whereas believes that the secondary function is outdoors and
natural in view of the distant mountain in the SVI. Figure [7{h) in a science park
(industrial) in Singapore, while UrbanCLIP recognizes it as office towers. This could
be because the firms in this area belong to the research and development industry,
rather than manufacturing, so the working spaces are more similar to office buildings.
Figure [7(i) is a hospital (health care) in London, while UrbanCLIP believes that it is
most likely a university (education). In fact, such classic building facades sometimes do
not have explicit linkages to urban functions, as “form follows function” is a modern
architectural design principle.

Overall, we summarize the reasons for several representative errors in UrbanCLIP’s
zero-shot urban function inference: (1) uncommon building appearances (cases a and
e); (2) similar design/planning forms shared by different urban functions (cases b, d,
f, and h); (3) being distracted by side information (cases ¢ and g); (4) indirect linkages
between appearances and urban function in classical architectures (case i).

4.10. Fine-grained urban function mapping

In this section, we map out the scene-level urban functions inferred from each SVI, thus
generating a fine-grained functional land use map of Shenzhen. 226,881 SVIs points
are used in total, and the mapping results in the main urban area are demonstrated
in Figure

From the overview mapping, we observe that the overall spatial distribution of
urban functions is well captured, e.g., residential serves as the background of the city,
which is often mixed with commercial. Upon such background, there appear some
commercial and industrial functional clusters. In addition, the skeleton of the major
roads is apparent, which is delineated by linear aggregations of tramsportation and
outdoors and natural, as there are usually green buffers or natural areas besides major
roads.

We zoom in and choose four representative areas to further demonstrate the map-
ping results. Case 1 is a residential neighborhood by the sea, and UrbanCLIP success-
fully identifies the major occupation of residential, which is mixed with commercial
and education. Along the coastline, the function of outdoors and natural is also well
captured. Case 2 shows the urban spine of Shenzhen, in which the north (upper) side is
dominated by museums and exhibition halls (civic, governmental and cultural), while
the south side is a mixture of luxury hotels and commercial venues. Case 3’s center lies
a stadium (sports and recreation). UrbanCLIP successfully outlined the sports center,
which complements the land use classification found in Shenzhen’s detailed plan ﬁ
Case 4 maps a university campus, which has a cluster of university residence halls
(bottom left side), a cluster of education buildings mixed with open spaces (upper left
side), and a cluster of science parks affiliated with the university (upper right side).

The visualizations provide encouraging evidence of UrbanCLIP, proving the frame-
work is capable of mapping fine-grained urban functions without any labeled samples
and any model training. This urban function map has a fine granularity both seman-
tically and spatially, which can be particularly useful in various urban planning and
management practices.

Shttp://pnr.sz.gov.cn/d-xgmap/

22



Mount
Yangtai
Ihenzhen Forest Park
Bao'an

fernational

lairport

EN

Tiegang K
Reservoir Xili
Reservoig,

Tanglang
Mountain

Xiaochan
Island.

Dachan
Island’

Residential

Commercial

Hotel

Industrial

Education

Health care

Civic, governmental and cultural
Sports and recreation

Outdoors and natural
Transportation

Meilin
Mountain

aservoir

s

Esri, © OpenStreetMap contributors, TomTom, Garmin, Foursquare, METI/NASA, USGS

D)

B o oo o R

.
N Ui S 0 Ao B 35 A A EEAR N

s e

D s
.
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5. Discussion

Today, large-scale pretrained models (foundation models) leveraging the unbridled
powers of data and computing has become the frontier of machine learning research.
Some representative foundation models include GPT-family models (e.g., ChatGPTm),
DALL-E-2 (Ramesh et al[2022), and CLIP. Mai et al.| (2024) claimed that foundation
models hold great potentials for geospatial applications that are yet to be unleashed.
There have been some attempts to use foundation models for geospatial problems.
For example, Xue et al| (2022) fine-tuned several language foundation models for
human mobility prediction; Balsebre et al. (2023) fine-tuned the pretrained Bert for
completing missing relations in geospatial knowledge graphs. Such studies yielded
promising results, while they still fall under the paradigm dubbed “pre-train, fine-
tune”. In contrast, the proposed UrbanCLIP relies on an emerging new paradigm
dubbed “pre-train, prompt, and predict” (Liu et al.[2021)).

A key feature of the new paradigm is that it relies on minimal computing resources
and human labors for data annotation. This does not mean that UrbanCLIP’s superior
performance comes for free, and we have to remember that the foundation models like
CLIP are pretrained at enormous expenses. The foundation models are highly capable
of general domain understanding, while they need to be guided to understand geospa-
tial problems, which are often highly specialized. In our experiments, we demonstrate
that further fine-tune CLIP does not guarantee performance lift, especially in a small
dataset regime. In addition, fine-tuning entails tedious hyper-parameter tuning and
is usually only feasible with expensive computing infrastructures. Instead, we unlock
the potential of the pretrained CLIP in the target task with our instructions and
guidance, i.e., prompting. In this regard, we design the urban taxonomy and urban
function prompt templates to guide CLIP, enabling it to infer urban functions at low
cost.

A crucial message that can be distilled from this study is the indispensable role
of geospatial knowledge in prompting (guiding) the foundation models to understand
geospatial questions. This observation aligns with the recent study in geo-knowledge-
guided prompting for location description extraction from social media data, in which
they found that guiding GPT with a few examples in different categories results in no-
table performance enhancement (Hu et al.[|2023)). In this study, we incorporate several
types of geospatial knowledge in the UrbanCLIP framework, including (1) knowledge
embedded in the categorization of geospatial data (e.g., POIs) supplemented with ex-
pertise in urban studies to develop the urban taxonomy, so as to help CLIP understand
the abstract urban function types; (2) knowledge in geospatial ontology design (e.g.,
Kuhn|[2001) that informs the process of developing the hierarchical urban taxonomy;
(3) knowledge in the nature of SVIs to discover the potential interfering visual clues,
which is used to guide the design of urban function prompt templates.

We believe that UrbanCLIP is one of the pioneering works in prompting engineering
for geospatial applications, which has vastly unexplored potentials. In this paper, we
tailor CLIP to the task of urban function inference, while it is likely that it could also be
tailored to other investigations like analyzing urban greenery, road condition, and ur-
ban noise pollution. We speculate that we may need to develop distinct ways to prompt
CLIP to understand different applications. For example, one could develop a taxonomy
for urban noise analysis, including the concepts like “noisy area”, “quiet area”, and
“traffic-intensive area”. In this context, we envision that UrbanCLIP could be extended

"https://openai.com/blog/chatgpt/
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to support (zero-shot) inference for various urban applications, with a knowledge base
(Huang and Harrie|2020) encapsulating various taxonomies and prompt templates,
which can be organized in ontologies to foster wide adoption and reusability.

Despite the promising results, UrbanCLIP has several limitations. First, Urban-
CLIP’s multi-function inference has substantial room for improvement, as it sometimes
pays most attention to the most predominating object in each SVI, but not multiple
objects. In this regard, UrbanCLIP could be further developed to incorporate an ob-
ject detection pipeline to help multi-function inference. Second, our framework is still
heavily reliant on domain knowledge-informed manual design, which is laborious. The
performance can also be impacted by different choices of language phrases (Zhou et al.
2022a). Further developments can be carried out in developing city-specific urban tax-
onomies out of a comprehensive overall taxonomy, possibly through analyzing the
interpretation of image embeddings in a specific city (Bhalla et al.||2024). Another
possible future work is to learn prompt templates to be combined with the urban tax-
onomy, instead of hand-crafting them (Zhou et al. [2022b)). In addition, UrbanCLIP
inherents the limitations of its foundation CLIP, which is biased towards wealthy and
Western-style cities. In this regard, a vision-language model pretrained with global-
scale city images, if viable, would be desirable (Klemmer et al.2023).

6. Conclusions

In this paper, we propose the prompting framework of UrbanCLIP to enable the
pretrained vision-language model CLIP for zero-shot urban function inference with
SVIs, i.e., it requires no labeled training samples and no model training. UrbanCLIP
comprises an urban taxonomy and several urban function prompt templates, in order
to prompt CLIP to understand the specialized target application. Through extensive
experiments, we find that the zero-shot UrbanCLIP outperforms several competitive
supervised models with many labeled samples, e.g., it largely outperforms a fine-tuned
ResNet, and the advantages become more prominent in cross-city transfer scenarios.
In addition, UrbanCLIP’s zero-shot performance is considerably better than using
the vanilla CLIP without our prompting framework. In summary, UrbanCLIP is a
simple but effective framework for urban function inference with SVIs, and it could
substantially diminish the demand for labeled samples and computing resources.
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Urban function

Urban object type

Residential

apartment, attached housing, bungalow, central-passage house, chattel house, condo-
minium, cottage, courtyard house, detached housing, dormitory, duplex house, elevator
apartment, elevator apartment luxury type, elevator apartment with stores, elevator co-
operative, flats, flats with commercial uses at first storey, housebarn, loft apartment, loft
with stores, log house, mansion, mobile homes/ trailer parks, multi-family housing, per-
manent living quarter, primarily family residence with store/ office, primarily residence
- mixed use, quadplex house, residential area, residential shop, residential with shop first
floor, retirement housing, semi-detached house, serviced apartments, shanty town, shop-
house, single-family housing, single/ multiple dwelling with stores/ offices, strata-landed
housing, student hostel, suburban residence, summer cottage, tenement, terrace house,
townhouse, triplex house, urban village, walk-up apartment, walk-up cooperative

Commercial

bakery, bank, banking facilities, bath & massage center, beauty & hairdressing store,
big box retail, big box store, business office, business park, car repair, car sales/ rental,
car sales/ rental lots without showroom, car sales/ rental with showroom, car wash/
lubritorium facility, car washes, cinema, clothing store, coffee house, commercial build-
ings, commercial street, community shopping center, comprehensive market, convenience
store, daily life shop, dessert house, entertainment center, fast food restaurant, finance
& insurance institution, food & beverages, food & beverages shop, food centre, foreign
trade mission, franchise store, home building materials market, home electronics hyper-
market, icecream shop, laundry, leisure food restaurant, lifestyle center, logistics service,
lottery store, market, miscellaneous store building, mother & baby store, moving service,
multi-story department store, multi-story retail building, neighborhood shopping center,
office building with commercial uses at first storey, office towers, offices, one story retail
building, personal care shop, photo studio, plant & pet market, pop-up retail, power
center, predominant retail with other uses, regional shopping center, repair store, restau-
rant, retail, retail outlet, shared device, shopping, shopping center with/ without parking,
shopping mall, shopping plaza, sports store, stand-alone food establishment, stationary/
office supply store, store buildings, strip/ convenience shopping center, super-regional
shopping center, supermarket, tea house, trading house, travel agency

Hotel

backpackers hostel, boutique hotels, boutique rooms, economical chain hotel, extended
stay hotels, five-star hotel, four-star hotel, full service hotels, hostel, hotel, luxury hotel,
miscellaneous hotel, motel, resort hotels, three-star hotel, two-star hotel, youth hostel

Industrial

clean industry, contractors warehouse, distribution warehouse, distribution/ fulfillment
centers, factory, general industry, heavy manufacturing, industrial area, industrial en-
terprises, industrial estate, industrial machinery, industrial park, innovation park, light
industry, light manufacturing, manufacturing, manufacturing quarter, metal frame ware-
house, miscellaneous warehouse, science & technology park, self-storage warehouses,
warehouses

Education

city university, college, driving school, elementary school, faculty building, foreign sys-
tem school, high school, institute of technical education, junior college, kindergarten,
middle school, miscellaneous educational facility, nursery school, other college & uni-
versity, parochial school, polytechnic, primary school, private school, public elementary,
junior/ senior high school, religious school/ institute, research institution, school, sci-
ence, culture & education service, secondary school, special education school, training
institution, training school, university, university academic building, university cafeteria,
university canteen, university library

Healthcare

adult care facility, clinic, dental clinic, disease prevention institution, dispensary, emer-
gency center, health care facility, health center, hospital, hospitals & health facilities,
infirmary, inpatient building, medical center, medical service, mental institution, mis-
cellaneous hospital, pharmacy, polyclinic, sanitarium, special hospital, veterinary clinic,
veterinary hospital
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Civic, govern-

archives hall, art gallery, arts organization, assembly, church, civic institutions, commu-
nity center, community hall, community institutions, concert hall, consulate, convent,
convention & exhibition center, court house, cultural institutions, customs building, em-
bassy, exhibition hall, fire station, foreign organization, government,/ city departments,
governmental & social groups, governmental administration building, governmental asso-
ciation premises, governmental organization, governmental organization & social group,
jail, media organization, military & naval installation, miscellaneous indoor public as-
sembly, miscellaneous religious facility, mosque, museum, observatory, parliament house,
performing arts centre, planetarium, police station, post office, prison, public library,
public security organization, religious facilities, science & technology museum, temple,
theatres

mental and
cultural

Sports and
recreation

amusement park, baseball field, bowling alleys, campsite, ferris wheel, golf course, golf
driving range, gym, marina, yacht club, miscellaneous outdoor recreational facility,
Olympic stadium, outdoor recreational facilities, outward bound school, playground,
recreation club, sports & recreation, sports & recreation places, sports complex/ indoor
stadium, sports stadium, stadium, swimming complex, tennis court, theme park, water
sports centre

Outdoors  and
natural

bay, beach, botanic gardens, campground, canal, castle, cave, cemetery, coast, farm, foun-
tain, hiking trail, historic & protected site, hot spring, island, lake, memorial archway,
memorial site, monument, national park, natural park, nature preserve, park & square,
park, plaza, picnic area, pond, regional park, reservoir, river, rock climbing spot, scenery
spot, scenic lookout, swamp area, tourist attraction, volcano, waterfront, windmill, zoo-
logical gardens

Transportation

airport airfield terminal, airport related, bus depot/ terminal, car tunnel, coach station,
filling station, gas station only with/ without small kiosk, gas station with retail store, gas
station with service/auto repair, harbor, licensed parking lot, light rail station, marina,
MRT/LRT marshalling yard/depot, other energy station, parking lot, petrol station/
kiosk, pier dock bulkhead, port, railway station, ropeway station, subway station, toll
gate, trailer park, transport depot, transportation
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