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Abstract

Urban research involves a wide range of scenarios and
tasks that require the understanding of multi-modal data.
Current methods often focus on specific data types and lack
a unified framework in urban field for processing them com-
prehensively. The recent success of multi-modal large lan-
guage models (MLLMs) presents a promising opportunity to
overcome this limitation. In this paper, we introduce Urban-
LLaVA, a multi-modal large language model designed to
process these four types of data simultaneously and achieve
strong performance across diverse urban tasks compared
with general MLLMs. In UrbanLLaVA, we first curate a di-
verse urban instruction dataset encompassing both single-
modal and cross-modal urban data, spanning from location
view to global view of urban environment. Additionally,
we propose a multi-stage training framework that decou-
ples spatial reasoning enhancement from domain knowl-
edge learning, thereby improving the compatibility and
downstream performance of UrbanLLaVA across diverse
urban tasks. Finally, we also extend existing benchmark
for urban research to assess the performance of MLLMs
across a wide range of urban tasks. Experimental results
from three cities demonstrate that UrbanLLaVA outper-
forms open-source and proprietary MLLMs in both single-
modal tasks and complex cross-modal tasks and shows ro-
bust generalization abilities across cities. Source codes
and data are openly accessible to the research commu-
nity via https://github.com/tsinghua—fib-
lab/UrbanLLaVA.

1. Introduction

Urban science [53, 57] and geographic science research[35]
highlight that urban data spans multiple modalities, includ-
ing urban visual data [14], geo-text [45], structured geospa-
tial data [1, 2], and spatiotemporal series data [20, 28]. To-
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gether, these data types capture the multi-faceted nature of
urban environments, representing a wide range of spatial
information and urban knowledge [35, 46, 57]. Integrat-
ing these multi-modal data into a cohesive framework is
essential for developing a systematic understanding of ur-
ban spaces and advancing complex modeling architectures
in urban research. However, the inherent heterogeneity of
these diverse urban data presents substantial challenges for
the integration. While numerous deep learning based meth-
ods have been proposed to fuse various cross-domain ur-
ban data [57], they are often designed for specific urban
tasks, limiting their ability to achieve a comprehensive un-
derstanding of urban environment and advanced reasoning
for real-world urban applications [46, 53].

Recently, multi-modal large language models
(MLLMs) [49] have made notable advancements by
leveraging large language models (LLMs) [38] with
build-in common sense and reasoning abilities as a cen-
tral component for unifying the processing data across
various modalities, such as images [31], speech [19], and
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Figure 2. The framework of UrbanLLaVA, including UData, UTrain and UBench.

time series [25]. For example, Ma et al. [34] develop a
vision-language model as a conversational assistant for
autonomous driving, Brohan et al. [4] introduce RT-2,
a vision language model based end-to-end model for
flexible robotics control, Li et al. [27] train LLaVA-Med
for answering open-ended questions related to biomedicine
images. Building on this trend, researchers have begun
to explore the potential of MLLMs in urban studies [53].
As shown in the left part of Figure 1, notable examples
include GeoChat [26], an early effort in creating MLLMs
for remote sensing tasks; Mobility-LLM [20], which
extends LLM with capabilities for trajectory modeling; and
CityGPT [16], designed to process structured geospatial
data with LLMs. In contrast to earlier urban data fusion
methods developing in the deep learning era [53, 57], these
recent studies incorporate various unimodal urban data into
LLMs to create obtain MLLMs that maintain the powerful
reasoning abilities and address diverse urban tasks within a
single modality.

However, these recent works focus solely on process-
ing unimodal urban data and fall short of achieving a com-
prehensive understanding and modeling of urban system
across diverse tasks involving multi-modal urban data. Uni-
fied modeling of multi-modal urban data poses significant
challenges. The first challenge is the scarcity of high-
quality data for cross-modality alignment. While previous
works [16, 26] propose various methods for constructing
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instruction tuning dataset for different types of unimodal
urban data integrated with language, these efforts are in-
sufficient for unified modeling across multiple modalities.
A second challenge lies in the potential conflicts among
diverse urban tasks across different modalities, which can
lead to unstable training and inconsistent performance.

In this paper, we introduce UrbanLLaVA, a multi-modal
large language model designed to build comprehensive ur-
ban cognition and addressing a wide range of urban tasks,
which is shown in the right part of Figure 1. In Ur-
banLLaVA, we first design UData, a systematic urban in-
struction data pipeline that enables the generation of high-
quality synthetic data. In UData, data generation is metic-
ulously structured to span multiple perspectives—f{rom a
localized view for single modality data to trajectory and
global view for cross-modality data—capturing the inher-
ently multi-faceted nature of urban system. To improve the
training stability and model performance, we conduct ex-
tensive experiments to identify key factors impacting the
training process and develop an effective three-stage train-
ing pipeline UTrain, based on these insights. In fact, the
proposed multi-stage training framework can be viewed as
a promising practice that explicitly decouples the learning
of reasoning capabilities from domain-specific knowledge
in MLLMs. Finally, we extend existing urban benchmarks
to build a systematic urban benchmark UBench for evalu-
ating the capabilities of MLLMs in tackling diverse urban
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Figure 3. The thorough composition of UData in Beijing.

tasks. In summary, our contributions are as follows,

* UrbanLLaVA is the first MLLM designed for the unified
modeling of four major types of urban data, with the
goal of fostering comprehensive understanding and ef-
fective task-solving for urban environments, to the best
of our knowledge.

* We conduct extensive experiments to identify the key
factors influencing training and propose a three-stage
training pipeline that ensures stable performance of Ur-
banLLaVA across a wide range of urban tasks involving
multiple data modalities.

UrbanLLaVA demonstrates effective integration of
multi-modal data, establishing comprehensive spatial
cognition and outperforming general MLLMs across
various urban tasks based on results from an enhanced
urban task benchmark.

2. Methods

As illustrated in Figure 2, UrbanLLaVA comprises three
key components: 1) the data pipeline, UData, designed
for generating diverse and high-quality urban instruction
data across various urban scenarios; 2) the training pipeline,
UTrain, which facilitates efficient and stable training across
a wide range of urban tasks; 3) the evaluation benchmark,
UBench, for evaluating the capabilities of MLLMs in multi-
modal urban tasks.
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2.1. UData: Constructing Urban Instruction Data
from a Multi-View Perspective of Urban Space

Over the past decade, effectively integrating multi-modal
urban data has emerged as a key research question in urban
studies [57]. Building on the successes of MLLMs in var-
ious fields [49, 53], we extend the modelling of four types
of urban data into a unified model, UrbanLLaVA, by con-
structing a diverse urban instruction data from a system-
atic view on the urban environment. Specifically, we or-
ganize the urban instruction data in a sequence that move
from location view to a trajectory view, and finally to a
global view. This approach ensures both broad spatial
coverage and the integrity of relationships between differ-
ent modalities in the final data. UData builds upon four
kinds of original urban data: 1) the structured geospatial
data from OpenStreetMap '; 2) public trajectory data, e.g.,
Foursquare-checkins [48] and OpenStreetMap traces *; 3)
satellite images from GoogleEarth °; 4) street view images
from GoogleMap * and BaiduMap °. Before experiments,
we collect original data from above platforms and using the
following data pipeline to build instruction data. We fol-
low the license of these platforms and ensure that the data
is used only for academic research.

2.1.1. Location View Data

In the location view data construction stage, we focus on
structured geospatial data and single street view images.
Following the recent practices [1, 16] for structured geospa-
tial knowledge learning, we create geospatial instruction
data by designing question templates that transform basic
geospatial data into natural language question and answers.
For single street view image, we synthesize three types
of questions: 1) two types based on predefined templates
populated with information from structured geospatial data,
such as, location addresses and landmark details; 2) one
general MLLM generated detailed description of the image
content, following the common practice for image caption-
ing [6]. Throughout the data construction, we maintain a
core principle of integrating street view image content with
structured geographical knowledge, such as consistency in
location addresses and landmark descriptions.

2.1.2. Trajectory View Data

Here, we construct the trajectory view data, which includes
the geospatial data, trajectory data, and street view images.
We start by creating two types of text-based trajectory data.
The first type is generated by randomly sampling origin and
destination points for routing, while the second type uses
the real-world trajectory data collected from the public web

Uhttps://www.openstreetmap.org
Zhttps://www.openstreetmap.org/traces
3https://earth.google.com/
“https://www.google.com/maps
Shttps://map.baidu.com/



source, including Foursquare-checkins and OpenStreetMap
traces. To enhance geospatial context of trajectory data, we
align the GPS coordinates from these original data sources
with the structured geospatial data, using the textual ad-
dresses to represent locations within the trajectory. Addi-
tionally, we integrate street view images to enrich trajec-
tory data, resulting two types of vision-augmented trajec-
tory data. The first data extends the text-based trajectory
data by incorporating street view images captured along the
route (excluding intersections). We organize this data with
the similar interleaved image-text format in VILA [29]. The
second data builds on the navigation instruction format akin
to the classic vision-language navigation task [5]. In this
data, multiple street view images are presented at intersec-
tion during the trajectory, and the correct image is selected
to guide the continuation of the journey.

2.1.3. Global View Data

Here, we present the construction of global view data de-
signed to capture relationships among diverse data types
over long distances, with street view images and satellite
images as primary components and geospatial data serving
as auxiliary support. Initially, we create a basic form of
global view data by generating captions for single satellite
image data enriched with structured geospatial data. Specif-
ically, we define three types of data: 1) prompting gen-
eral MLLM to produce detailed content description for indi-
vidual satellite image; 2) sampling location address within
satellite image and using a general LLM to summarize the
spatial coverage of it based on these location address; 3)
prompting general MLLM with land use ground-truth label
to generate land use inference results with reason.

Furthermore, we introduce the multiple satellite images
for more complex instruction data. The first task is to com-
pare the building densities across multiple satellite images.
The second task focuses on identifying functional point of
interest within these images. For these tasks, we provide
manually crafted reasoning steps in a chain-of-thoughts for-
mat, supported by structured geospatial data, to improve the
alignment between satellite images and geospatial data. Fi-
nally, we design two tasks to strengthen the alignment be-
tween the street view images and satellite images. The first
task is to select the correct satellite image from a set when
given a street view image, requiring the model to under-
stand and match content or address across both image types.
The second, more challenging task involves pinpointing the
location of the street view image within a specific satellite
image, such as identifying it as located in the top-left region
of satellite image.

Based on the data generation steps described before, we
perform data quality checks and filtering on the synthesized
data to ensure its quality.
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2.2. UTrain: A Multi-Stage Training Pipeline for De-
coupling Reasoning and Knowledge Learning

UTrain
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Figure 4. UTrain: three-stage training pipeline.

Training UrbanLLaVA presents significant challenges
due to the heterogeneity of multi-modal urban instruction
data and the diversity of urban tasks. Achieving stable train-
ing and balancing performance across various tasks is no-
tably difficult. We chose VILA[29] as the base model for
our experiments and conduct extensive studies to identify
key factors affecting training. We examine the impact of the
training order of multi-modal data and trained components,
observing minimal effects. However, we find that learning
rate has significant effects on training stability and perfor-
mance. Detailed results of them are provided in the sec-
tion 3.3. Additionally, inspired by Dong et al. [12], we ex-
plore and propose an effective multi-stage training pipeline
which is shown in the Figure 4.

We first introduce three kinds of learning procedures:
knowledge learning, task alignment and mixture learn-
ing. The knowledge learning procedure refers to the train-
ing process which UrbanLLaVA acquires foundational ur-
ban knowledge from various urban data, such as the in-
formation of geospatial data, pure textual trajectory, and
detailed description of street view and satellite images.
The task alignment learning focuses on equipping Urban-
LLaVA with task-specific skills for urban applications, in-
cluding vision-language navigation, trajectory prediction,
chain-of-thoughts reasoning across multiple satellite and
street view images. Finally, mixture learning represents
the standard training method used by most MLLMs, which
training by directly mixing all types of instruction data.

During our experiments, we observe that different com-
bination of various learning procedures significantly impact
the training. Based on the observations, we propose a three-
stage tuning pipeline to improve the training stability and
performance on diverse urban tasks. This pipeline con-
sists of three sequential stages:task alignment, knowledge
learning, and finally mixture learning. Starting with a well-
trained general MLLM as our base model, we first intro-
duce the task alignment learning procedure, fine-tuning the
model with diverse urban task related instructions to pre-
pare it for various urban tasks. Through this phase, the
model become familiar with a variety of urban tasks, lever-



aging its pre-existing general knowledge to complete them.
However, familiarity with general knowledge alone is in-
sufficient for effectively addressing diverse urban tasks, so
we incorporate the second stage, knowledge learning pro-
cedure. This stage imparts specialized urban knowledge
from multi-modal urban data that is essential for task res-
olution. Finally, we introduce the mixture learning stage
to enhance the model’s awareness of combining knowledge
and skills for solving diverse urban tasks. Here, we resam-
ple 1/3 domain specific data from the first two stages and
1/3 general textual instruction data, e.g. ShareGPT ° and
UltralChat [11], for final tuning.

2.3. UBench: An Enhanced Multimodal Benchmark
for Urban Intelligence Tasks

To assess the potential of MLLMs in urban studies, City-
Bench [18] and Urbench [56] have been recently intro-
duced. Drawing from the diverse evaluation tasks in these
two benchmarks, we reorganize and expand them to create
the urban evaluation benchmark UBench, which includes
12 tasks for our experiments. All the evaluation tasks are
presented in Tablel. We select 6 of these tasks based on
the utility of the evaluation data and their relevance to ur-
ban scenarios involving UrbanLLaVA’s urban data. For
structured geospatial data and trajectory modelling, we in-
corporate the GeoQA, trajectory prediction and navigation
task from CityBench. For cross-view urban tasks involving
both street view and satellite images, we adopt the image
retrieval, camera localization, and scene comparison task
from UrBench. In addition, we introduce 6 new tasks in
UBench. Four of these tasks are designed for single street
view and satellite images, including address inference for
both image types, landmark recognition for street view im-
ages, and land use inference for satellite images. These
single-image tasks are aligned with the urban instruction
data, and we partition the original dataset into training and
validation sets to prevent potential data leakage. Moreover,
we build 2 additional tasks involving multiple images: 1)
STV-Outlier, is a spatial consistency task for street view
image, where multiple images from a single trajectory are
compared to identify an outlier image not part of the trajec-
tory; 2) SceneFunc, extends the scene comparison task from
UrBench, challenging model to select the correct satellite
image that fulfills specific functional requirements.

3. Experiments

3.1. Settings

We select Beijing, London and New York to conduct exper-
iments. Due to the large volume of data, we select a region

Ohttps://huggingface.co/datasets/share Al/ShareGPT-Chinese-English-
90k
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Table 1. Detailed information about UBench for Beijing, ‘STV’
refers to street view image, and ‘SAT’ refers to satellite image.

Tasks Data Category Metrics  Samples Source
GeoQA Geospatial Data  GeoQA  Avg. Accuracy 1450 CityBench
TrajPredict Trajectory Data  Geo+Traj Top-1 500 CityBench
Navigation Single STV Geo+Traj Success Rate 50  CityBench
SceneComp Multi SAT Geo+SAT  Accuracy 200 UrBench
ImgRetrieval ~ Multi STV & SAT Geo+SS Accuracy 200 UrBench
CameraLoc Multi STV & SAT Geo+SS Accuracy 200  UrBench
STV-Address Single STV Geo+STV  Accuracy 200 UBench
STV-Landmark Single STV Geo+STV  Accuracy 200 UBench
SAT-Address Single SAT Geo+SAT  Accuracy 200 UBench
SAT-Landuse Single SAT Geo+SAT  Accuracy 200 UBench
STV-Outlier Multi STV Geo+STV  Accuracy 200 UBench
SceneFunc Multi SAT Geo+SAT  Accuracy 200 UBench

from each cities to conduct experiments. The spatial cover-
age of each region is shown in supplementary material.

MLLMs We consider the following MLLMs as base-
lines: Qwen2VL-7B/72B [41], InternVL2-8B/26B [7, 8],
VILA1.5-3B/8B/13B [29], LLama3.2-11B/90B [36], and
GPT40 and GPT40-mini [40]. For open source MLLMs,
we deploy them through VLMEvalKit [13]. The max out-
put tokens are set to 1000, and the temperature is set as 0.

Metrics Table 1 contains all the metrics for UBench.
For general evaluation tasks including LLaVA-Bench(In-
the-Wild) [30], RealWorldQA [44], and MM-Vet [50], Re-
alWorldQA uses accuracy as the metric, while LLaVA-
Bench(In-the-Wild) and MM-Vet use rating score form
GPT4o as the judgement.

Implementation We use codes from official repository ’
of VILA [29] for fine-tuning on a single 8xA100 node. The
training parameters are set as follows: a learning rate of le-
5, a maximum sequence length of 2048, a batch size of 8
per GPU, and one training epoch. Training UrbanLLaVA
for Beijing on 4xA100 took a total of 10.7 hours.

3.2. Main Results

The main results of UrbanLLaVA on three cities are pre-
sented in Table 2. We use VILA1.5-8B as the default
base model in most experiments and use UData with
UTrain methods to fine-tune it to obtain the final model Ur-
banLLaVA.

We analyze the results in Beijing first. One point to
note is that, since LLama3.2 series models currently do
not support multi-image input, the results for evaluation
tasks involving multiple images in the UBench are left
blank. For models within the same series, the general
trend is that larger parameter models tend to perform bet-
ter, e.g., VILA1.5-13b significantly outperforms VILA1.5-
3b on 5 out of 6 tasks, including both single modal and cross
modal tasks. Additionally, we observe that the latest re-
leased Qwen2VL series models outperform the GPT4o se-

"https://github.com/NVlabs/VILA



Table 2. Results on UBench at Beijing, London, and New York. UrbanLLaVA significantly outperforms other baselines in most task across
cities. Here, ‘STV’ denotes street view images related tasks, ‘Geo’ denotes geospatial data, ‘Traj’ denotes trajectory related task, ‘SAT’

denotes satellite images related tasks, and ‘SS’ denotes street view

+ satellite images. Detailed subtask and metrics can refer to Table 1.

City Beijing London New York

Task Group GeoQA Geo+Traj Geo+STV Geo+SAT Geo+SS GeoQA Geo+Traj Geo+STV Geo+SAT Geo+SS GeoQA Geo+Traj Geo+STV Geo+SAT Geo+SS
VILA1.5-3B 03873  0.0200  0.3967 03200 02575 0.4362 0.0400 0.2557  0.2850 0.2725 0.3954 0.0400  0.4400 0.2713  0.2425
VILA1.5-8B 04322  0.0589 04300 03488 02425 0.4841 0.0884  0.4495 04575 0.2575 04575 0.1200 0.4983 03763  0.2525
VILA1.5-13B 0.4410 0.1156  0.5167 03638  0.2400 0.4592 0.1298  0.4991  0.4538 0.2625 0.4501 0.2350  0.5583  0.4025  0.2825
InternVL2-8B 0.4709 0.1578  0.4667 03313 02325 04973 0.1347  0.4477 04763 0.2400 0.4632 0.1830 04917 04175  0.2400
InternVL2-26B 0.4877 0.1478  0.4550 03825 02275 0.5168 0.1288  0.4923  0.5138 0.2425 04766 0.2240  0.5217 04738  0.2375
Qwen2VL-7B 0.4950  0.1389 04383 03638 02675 04991 0.1560  0.4381 04863 0.2775 04567 0.1700  0.5117  0.5100  0.2950
Qwen2VL-72B 0.5491 0.1611  0.5817 03588  0.2975 0.5802 0.2322  0.6375  0.4375 0.3250 0.5273 0.2540  0.6333  0.3788  0.3275
LLaMA3.2-11B 04229 0.0756 04375  0.3075 / 0.4804 0.1180  0.4000  0.3800 / 0.4127  0.1100  0.5200  0.2225 /
LLaMA3.2-90B 0.4502 0.1056  0.5325  0.2925 / 0.5659  0.2010  0.5450  0.4700 / 0.5234  0.1570  0.6825  0.3400 /
GPT40-mini 04542  0.1622 04350 03800 0.2475 0.5357 0.1278  0.4752  0.5388 0.2675 0.5075 0.2320 0.5633  0.4775  0.2350
GPT4o 0.5479  0.1522 04300 04125 03025 0.6446 0.1300  0.5469  0.6050 0.2850 0.6232 0.2340  0.5767  0.5400  0.2900
UrbanLLaVA-VILA1.5-8B 0.5682 0.2800  0.8650  0.6663  0.7025 0.6399 0.2680  0.7500  0.7100 0.4325 0.5773 0.3060  0.8500  0.7725  0.5825
vs. VILA1.5-8B +31.47% +375.38% +101.16% +91.03% +189.69% +32.18% +203.17% +66.85% +55.19% +67.96% +26.19% +155.00% +70.57% +105.32% +130.69%
vs. Best Baseline +3.48% +72.63% +48.710% +61.53% +132.23% -0.73% +15.42% +17.65% +17.36% +33.08% -7.37% +20.47% +24.54% +43.06% +77.86%

ries models on 2 tasks. These results demonstrate the valid-
ity and usability of our UBench. Our UrbanLLaVA shows
marked improvements over all baselines across all tasks in
UBench. Against the best baselines, UrbanLLaVA achieves
performance gains ranging from 3.48% to 132.23% for
each task. When compared to the base model VILA1.5-
8B, the minimum increase is 31.47% on the GeoQA task,
while the maximum reaches an impressive 375.38% on the
Geo+Traj task. These results highlight the effectiveness of
the proposed multi modal dataset, UData, which success-
fully equips smaller MLLMs with a variety of capabilities
within urban space, achieving superior performance over all
advanced general MLLMs.

The results in New York and London are similar to those
in Beijing. Out of 5 tasks, UrbanLLaVA @London and Ur-
banLLaVA @NewYork both perform best in 4 tasks. How-
ever, in GeoQA task, their performance is slightly infe-
rior to GPT4o0, with reductions of -0.73% and -7.37%, re-
spectively. For UrbanLLaVA’s performance falling short
of expectations on certain task, we speculate two possi-
ble reasons: first, the quality of relevant data in the two
cities may be lower than that in Beijing, preventing the
model from acquiring urban capabilities through learning
in the training stage; second, the base model VILA1.5-
8B may have comparatively weaker capabilities than com-
mercial API GPT4o, e.g., for the GeoQA task, Urban-
LLaVA@London outperforms VILA1.5-8B by 32.18% but
falls short of GPT40 by 0.73%.

Overall, the proposed UrbanLLaVA sucessfully enhance
the performance of small MLLMs on diverse urban tasks.

3.3. Effects of Training Strategies

Since UrbanLLaVA is trained with multi-modal urban in-
struction data, we conduct various experiments to explore a

stable and well-performing training strategies. Due to the
limitation of space, we only report the multi-stage results
here, more results on learning rate, modality and trained
components can refer the supplementary material.

We divide the training dataset into two categories: ba-
sic knowledge data and task format aligned data, aiming to
develop a training pipeline that enables the model to per-
form stably and effectively on diverse urban tasks. As Fig-
ure 5a shows, ‘Three stage: TA—K—Mix’ performs best in
most tasks and maintains reliable performance, surpassing
the default tuning method for MLLMs. We also probe the
effects of the order between knowledge learning and task
alignment in Figure 5b and Figure 5c. We find that in two-
stage training, K—TA slightly outperforms TA—K. How-
ever, when the third mixture learning is added in a two-
stage training model, having task alignment first achieves
better results, surpassing the models in two-stage training.
We hypothesize that this is because in the two-stage train-
ing, the model first learns the foundational knowledge and
then learns how to solve specific tasks. In the three-stage
training, the two-stage model that knowledge learning first
and then task alignment already possesses considerable ca-
pabilities, so the impact of mixture training is not signif-
icant. However, for two-stage model that completes task
alignment before knowledge learning, mixture learning can
enhance its abilities, allowing it to recall how to solve urban
tasks learned previously.

On the whole, the proposed three-stage training pipeline
UTrain integrates cross-modal data to achieve stable train-
ing and balanced performance across various urban tasks.

3.4. Model Generalization Study

Here, we show that UrbanLLaVA can be generalized to dif-
ferent data distributions and tasks, which are crucial for
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Figure 5. Performance of different training strategies. ‘K’ refers to knowledge learning, ‘TA’ refers to task alignment, and ‘Mix’ refers to
mixture learning. ‘One stage: K + TA’ means knowledge learning and task alignment are merged in the same stage. ‘Two stage: TA—K’
means fask alignment first then knowledge learning in the second stage. ‘Three stage: TA—K—Mix’ adds a step in the third stage: mixture
learning. The tasks detailed in the table are those with significant differences across different training strategies, while ‘Others’ refers to
other tasks in UBench with smaller differences.

general urban intelligence. As Table 3 shows, while our tion 2.1, the urban instruction data is divided into three dif-
UrbanLLaVA performs well in diverse urban tasks, it also ferent subsets: local view, trajectory view, and global view.
maintains the original stability in general scenarios, in- We remove each subset individually and observe the result-
cluding LLaVA-Bench [30], RealWorldQA [44], and MM- ing performance differences. Local view: It consists of tex-
Vet [50]. The results demonstrate that UrbanLLaVA is com- tual urban geography denoted as CityQA and street view re-
petitive in the dimension of various daily-life visual tasks, lated data denoted as STV. Local view data is important for
real-world spatial understanding and integrated capabilities different tasks requiring intelligence about a local part of
which is the base for general urban intelligence. cities. Noticeable deterioration is observed in both single-

modal and multi-modal tasks, indicating the importance of
locality knowledge for overall urban understanding. Tra-
Jectory view: 1Tt describes the knowledge about continu-
ous spaces in urban areas. It contains text-trajectory (ran-
dom walk routing and real-world trajectories) and visual-
LLe trajectory( visual-language navigation instructions and ran-
aVA-Bench . . . .

Test@General -~ e wigy RealWorldQA — MM-Vet dom walk with visual input). Both text and multi-modal
trajectory view datasets are essential for navigation task. It

Table 3. General benchmark results. Rating Score refers to re-
sult from the LLM-as-a-judge method with GPT40. For LLaVA-
Bench, scores range from 0 to 100, for MM-Vet, scores range from
0.0 to 1.0. Higher scores indicate better performance.

Metric Rating Score ACC Rating Score . . . . .

£ £ is also shown that trajectory view data is helpful for differ-
VILAL>-8B 60.75 0.3765 03518 ent tasks like SceneFunc and GeoQA. Global view: It in-
Ours-8B 58.95 0.4052 0.3239

cludes a subset of single satellite images that focus on urban
knowledge from a specific area, as well as a subset of mul-
tiple satellite images that highlight the correlations between
different regions and cross alignment between satellite and
street view images. Results show that they are essential to
empower MLLM to handle urban tasks from a global view,
e.g, ImgRetrieval and Cameraloc, while local capabilities
are already competitive.

Different cities exhibit various natural and artificial fea-
tures. Thus, the transferability of urban model is impor-
tant for its application. As Figure 6 shows, apart from
in-domain capabilities empowering and performance im-
provement after learning, UrbanLLaVA can generalize to
out-of-domain tasks in various cities. Here, we examined
our model trained in the Beijing training set and it exhibits
competitive capabilities when tested on London and New
York benchmarks. We can see from Figure 6, performance 4. Related Work
improvements are observed across all tasks in London and

4.1. Multi-modal Large Language Model
New York. Notably, for challenging aspects such as trajec- g guag

tory and regional tasks, the enhancements are significant, Since the success of GPT4-V [39], MLLM [49] have be-
indicating the presence of similarity structures across cities come a major area of focus in research community, exempli-
that go beyond simple, naive differences. fied by the development of models like the LLaVA [30, 31],

. VILA [29], QwenVL [41] and InternVL [7, 8]. One of
3.5. Data Ablation Study the most promising solution to develop advanced MLLM
Here, we investigate the influences of different data compo- is constructing diverse and high-quality instruction dataset.
sitions, with results shown in Table 4. As outlined in Sec- For example, LLaVA [31] use GPT4-V to create visual in-
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Figure 6. Learning from one city (Beijing) can be directly generalized to other cities (London and New York). In this figure, Baseline is
VILA1.5-8b, and our UrbanLLaVA is only trained with the urban instruction data from Beijing.

Table 4. Ablation results on different urban instruction data compositions. The arrows indicate corresponding comparison with ours. Only
significant differences are denoted. For TrajPredict task, the threshold is 1%, for other tasks, the threshold is 5%. All models are trained

using the one-stage strategy to optimize experimental efficiency.

Task Data View GeoQA TrajPredict Address Landmark Address LandUse Navigation STV-Outlier SceneComp SceneFunc ImgRetrieval CameraLoc
Metric Avg. Acc  Acc@1 Acc Acc Acc Acc  Success Rate Acc Acc Acc Acc Acc
Ours 0.5741 0.0711 0.8550  0.8750  0.7450  0.7850 0.3600 0.7800 0.5500 0.5050 0.7300 0.5100
w/o CityQA Local 0.5409  0.0822 0.8700  0.8900  0.7150 0.6950 | 0.4000 0.8050 0.5400 0.5200 0.7750 0.5200
w/o STV Local 05192 0.0622 0.4300) 0.7300) 0.4700) 0.7200  0.4200 0.6700 | 0.4900 |  0.4550 | 0.6250 | 0.4250 |
w/o Traj-Text&Nav Trajectory 0.4769 |  0.0644 0.8100  0.8800 0.6350 ] 0.7050 |  0.0000 | 0.7600 0.4950 L  0.4300 | 0.6800 | 0.4600 |
w/o Traj-Vision  Trajectory 0.5590 0.0690 0.8350  0.9050  0.7300 0.7100 )  0.3000 | 0.8000 0.5150 0.4650 0.7150 0.4950
w/o SAT-Single Global  0.5345 0.0778 0.8600  0.9100 0.5550 | 0.4550 | 0.3800 0.7800 0.5150 0.4100 | 0.7200 0.4800
w/o SAT-Multi Global ~ 0.5420 0.0778 0.8500  0.8700  0.6200 ] 0.6800 | 0.3400 0.6450 | 0.3500 L 0.3400 | 0.3950 | 0.2600 |

struction tuning data, leading to the training of the first open
source MLLM. Following LLaVA, VILA [29] explore the
effects of training pipelines and data formats during the pre-
training stage. ShareGPT4v [6] further expand data scale by
developing a superb caption model trained on high-quality
caption data from GPT4-V. While general MLLM demon-
strate strong visual understanding and reasoning capabili-
ties [9, 21, 43, 47] in common scenarios, they often face
challenges in many specialized fields such as medical ap-
plications and remote sensing tasks. Thus, domain-specific
multi-modal large language models [42] are proposed, such
as, Dolphins [34] for autonomous driving, GeoChat [26] for
remote sensing tasks, and various models for medical appli-
cation [23]. In this paper, we propose the first MLLM for
urban intelligence which can handle various data and di-
verse tasks in urban field.

4.2. Multi-modal Model for Urban Study

Urban research is an interdisciplinary field that exists multi-
modal data sources [10, 17, 35, 53, 57], including structured
geospatial data [2], spatiotemporal series data [57], remote
sensing data [35, 55] and street view data [3, 14, 54]. In-
spired by the recent advances of MLLMs, researchers ex-
plore their potential in urban studies. For structured geospa-
tial data, Balsebre et al. [1] and Feng et al. [16] propose
various methods to convert structured geospatial data into
a language-compatible format to enhance the geospatial
knowledge of large language models. For remote sensing
data [24, 33, 37, 51], Kuckreja et al. [26] and Zhang et
al. [52] design various remote sensing instruction data to
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fine-tune general MLLMs for various downstream remote
sensing tasks. For street view data, Hao et al. [22] fine-
tune CLIP model for improved urban indicator prediction
by integrating street view data and remote sensing data. Liu
et al. [32] evaluate the potential of multi-modal language
model for urban socioeconomic sensing. For spatiotempo-
ral series data, Li et al. [28] and Gong et al. [20] introduce
domain-specific encoders to enhance LLM capabilities for
spatiotemporal series modeling. Feng et al. [15] propose
agentic framework to unleash the power of LLM for zero-
shot mobility prediction. Unlike these works that focus on
limited data types and specific tasks, our method is designed
to process all these data types and address a wide range of
urban tasks.

5. Conclusion

In this paper, we propose UrbanLLaVA, a MLLM with en-
hanced urban spatial cognition by integrating four types of
urban data and supporting a wide range of urban tasks. Our
approach begin with the development of diverse and high-
quality urban instruction data, spanning from local view to
global view of urban environment. We then design a three-
stage training pipeline to ensure the stable training and im-
proved performance of model on diverse urban tasks. Ex-
perimental results from three cities on an extended urban
benchmark highlight the effectiveness of UrbanLLaVA for
integrating multi-modal urban data and solving urban tasks.
In summary, UrbanLLaVA sheds lights for building the uni-
fied foundation model with powerful perception and reason-
ing abilities for general urban intelligence.
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