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ABSTRACT

Urban and transportation research has long sought to uncover
statistically meaningful relationships between key variables and
societal outcomes such as road safety, to generate actionable in-
sights that guide the planning, development, and renewal of urban
and transportation systems. However, traditional workflows face
several key challenges: (1) reliance on human experts to propose
hypotheses, which is time-consuming and prone to confirmation
bias; (2) limited interpretability, particularly in deep learning ap-
proaches; and (3) underutilization of unstructured data that can
encode critical urban context. Given these limitations, we propose
a Multimodal Large Language Model (MLLM)-based approach for
interpretable hypothesis inference, enabling the automated genera-
tion, evaluation, and refinement of hypotheses concerning urban
context and road safety outcomes. Our method leverages MLLMs to
craft safety-relevant questions for street view images (SVIs), extract
interpretable embeddings from their responses, and apply them
in regression-based statistical models. UrbanX supports iterative
hypothesis testing and refinement, guided by statistical evidence
such as coefficient significance, thereby enabling rigorous scientific
discovery of previously overlooked correlations between urban
design and safety. Experimental evaluations on Manhattan street
segments demonstrate that our approach outperforms pretrained
deep learning models while offering full interpretability. Beyond
road safety, UrbanX can serve as a general-purpose framework
for urban scientific discovery, extracting structured insights from
unstructured urban data across diverse socioeconomic and envi-
ronmental outcomes. This approach enhances model trustworthi-
ness for policy applications and establishes a scalable, statistically
grounded pathway for interpretable knowledge discovery in urban
and transportation studies.

KEYWORDS

Urban Science, Road Safety, Street View Imagery, Multimodal Large
Language Models, Hypothesis Inference, Scientific Discovery

1 INTRODUCTION

Understanding how the physical structure of cities shapes societal
outcomes is a foundational objective in urban science. Across fields
such as transportation, planning, and public policy, researchers have
long aimed to identify statistically meaningful links between urban
environments and key social indicators, including traffic safety [46],
BCorresponding Author. §Project: https://github.com/YihongT/UrbanX.git
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Figure 1: UrbanX: an interpretable, MLLM-powered frame-

work for hypothesis-driven urban scientific discovery.

walkability [11], equity [15], and environmental health [27]. A cen-
tral challenge in this endeavor is the pursuit of scientific discovery:
finding interpretable and generalizable factors that explain urban
phenomena and support data-driven decision-making [4]. Yet, this
process is often hindered by the complexity and heterogeneity of
urban form. Much of the relevant information exists in unstruc-
tured formats, such as street-level imagery, architectural designs,
and visual cues that capture human perceptions of space [6]. These
modalities are difficult to quantify and analyze using traditional
feature engineering or structured data pipelines.

Although recent advances have enhanced the use of data in
urban research, existing methodological pipelines still face funda-
mental challenges when it comes to discovering new, interpretable
factors from complex urban environments. Traditional approaches
typically rely on expert-curated variables, black box predictive
models, or handcrafted metrics to study specific urban dimen-
sions [19, 35, 44]. These strategies face three key limitations. First,
hypothesis generation is a manual and cognitively intensive pro-
cess that depends heavily on prior knowledge and is vulnerable to
confirmation bias [12]. Second, while deep learning methods offer
strong predictive capabilities, they often rely on latent represen-
tations, limiting their interpretability and scientific value. Third,
unstructured urban data, particularly SVIs, remains underutilized as
a source of meaningful variables. These data contain rich contextual
cues about urban and social space, yet current methods struggle to
extract structured insights from them [34]. Together, these limita-
tions constrain our ability to explore the urban hypothesis space at
scale and with transparency.
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Meanwhile, the emergence of foundation models, particularly
Large Language Models (LLMs) [29], has transformed the land-
scape of data-driven reasoning. These models are trained on large-
scale corpora of natural language and are capable of understanding,
generating, and reasoning with text in �exible and context-aware
ways [40]. Building on this progress, recent developments have ex-
tended the capabilities of LLMs to include visual and other modal-
ities' inputs, giving rise to Multimodal Large Language Models
(MLLMs) [43, 49]. These models jointly process text and images,
enabling them to perform tasks such as visual question answer-
ing, open-ended scene interpretation, and multimodal reasoning
with minimal supervision. MLLMs can extract semantically mean-
ingful concepts from visual scenes and align them with natural
language in ways that re�ect human-like understanding. Rather
than serving only as tools for visual perception or image classi-
�cation, MLLMs can be used as semantic engines that generate
interpretable, human-aligned variables directly from raw visual
data. This capability opens a new avenue for scalable, transparent,
and cognitively grounded urban scienti�c discovery.

Building on this insight, we propose a new framework,UrbanX,
for interpretable, hypothesis-driven scienti�c discovery in urban
domains, powered by MLLMs. As shown in Figure 1, rather than
treating machine learning as a black box predictor, we reframe it
as a collaborative agent in the scienti�c process, one that can gen-
erate candidate hypotheses, operationalize them into interpretable
variables from structured and unstructured data, and evaluate their
statistical relevance to real-world outcomes.UrbanX introduces an
iterative structure: at each step, the model formulates hypotheses
as natural language queries, extracts semantically meaningful fea-
tures by applying MLLMs to unstructured inputs, and assesses their
explanatory power using interpretable statistical models. Hypothe-
ses with weak statistical support are pruned, and new ones are
proposed, allowing the system to gradually converge on a compact
set of variables that are human-aligned and empirically grounded.

We instantiate this framework in the domain of urban road safety,
a high-impact area where interpretability is essential for actionable
insight, and where the discovery of new, semantically meaningful
factors can directly inform planning and policy. We demonstrate
the e�ectiveness ofUrbanX on a Manhattan case study, where it
discovers novel visual variables from SVIs that exhibit signi�cant
correlations with crash rates. Our approach achieves predictive
performance superior to pretrained deep learning baselines such
as ResNet [17] and Vision Transformer (ViT) [9], while preserving
full transparency through interpretable variable construction and
attribution. Our work makes the following contributions:
� We formalize scienti�c discovery in urban domains as an infer-

ence problem over a hypothesis space, where each hypothesis
is a natural-language conjecture linking urban form to societal
outcomes. This framing enables machines to generate, test, and
re�ne hypotheses directly from structured and unstructured data,
o�ering a scalable foundation for data-driven urban science.

� We propose a novel use of MLLMs as semantic engines that
translate unstructured inputs (e.g., SVIs) into structured, inter-
pretable variables through natural-language hypotheses. This
approach bridges perception and statistical modeling within a
uni�ed, human-interpretable framework and holds broad appli-
cability across urban and transportation research.

� We develop a nonparametric, interpretable framework for hypoth-
esis inference, formulated as an iterative posterior approximation
over a hypothesis space. At each iteration, the framework gen-
erates new hypotheses, constructs semantically aligned embed-
dings, and evaluates variable signi�cance using interpretable sta-
tistical models. This process enables scalable, statistically grounded,
and transparent discovery of novel urban factors while reducing
the human e�ort involved in the scienti�c discovery process.

� We apply our framework to study road safety in the Manhattan
area and demonstrate its ability to uncover novel, interpretable
visual variables that signi�cantly correlate with crash rates. Our
approach outperforms strong vision baselines in predictive per-
formance while maintaining interpretability through hypothesis-
level attribution. Beyond this case study, our approach serves as
a general-purpose framework for scienti�c discovery in urban
domains, with the potential to reveal structured insights from
unstructured data across a wide range of socioeconomic and
environmental outcomes.

2 RELATED WORK
2.1 Urban Scienti�c Discovery
The pursuit of understanding how urban form in�uences societal
outcomes, such as public health, equity, and road safety, is a cor-
nerstone of urban science and transportation research [2, 16]. Tra-
ditionally, this has involved developing statistical models to �nd
correlations between expert-de�ned built environment variables
and speci�c outcomes [33]. For instance, in road safety, studies
have long linked street design elements, tra�c calming measures,
and infrastructure for pedestrians and cyclists to crash frequencies
and severity [10, 30, 46].

However, these conventional work�ows face signi�cant hurdles
in uncovering novel, interpretable insights from the complex urban
milieu. A primary challenge is the manual and intuition-driven
nature of hypothesis generation, which is often slow, susceptible
to researchers' con�rmation biases, and may overlook unconven-
tional relationships [44]. This reliance on pre-existing knowledge or
limited observations can constrain the breadth of scienti�c inquiry.

Furthermore, while advanced machine learning, particularly
deep learning, has shown promise in predictive tasks using ur-
ban data, such models often function as �black boxes� [13]. Their
internal representations are typically opaque, making it di�cult to
understand which speci�c factors drive predictions or to extract
actionable, causal insights for urban planning and policy-making.
This lack of transparency can hinder trust and adoption, especially
in high-stakes decisions [5].

Another critical limitation is the underutilization of rich, unstruc-
tured data sources. SVIs encapsulate vast amounts of visual infor-
mation about the urban environment, from infrastructure quality
to perceived safety cues [6]. Yet, their integration into quantitative
analysis is hampered by challenges in image acquisition consistency,
quality, spatial-temporal variability, and the di�culty of system-
atically extracting meaningful, structured variables [37]. Existing
e�orts to automate feature extraction from SVIs often rely on stan-
dard computer vision models that may not capture the nuanced,
context-speci�c attributes relevant to complex societal outcomes
without signi�cant task-speci�c �ne-tuning or annotation.
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Recent explorations into AI-driven scienti�c discovery have be-
gun to address some of these issues. For example, frameworks are
emerging that use large language models for causal inference in
urban contexts [44] or to assist in generating hypotheses in other sci-
enti�c �elds by leveraging knowledge graphs alongside LLMs [25].
These works highlight a growing recognition of AI's potential to
augment the discovery process, yet a dedicated, interpretable frame-
work for hypothesis inference directly from SVIs remains an open
area. Our work seeks to bridge this gap by leveraging MLLMs to
systematically generate and test interpretable hypotheses about the
urban environment's impact on road safety.

2.2 Multimodal Large Language Models
The advent of Large Language Models (LLMs) has signi�cantly ad-
vanced capabilities in natural language understanding, generation,
and reasoning [1, 41, 47]. Building upon this foundation, Multi-
modal Large Language Models (MLLMs) have emerged, extending
these powerful reasoning abilities to encompass multiple modalities,
most notably vision and language [36, 45, 49]. These models are
designed to jointly process and interpret information from textual
descriptions and visual inputs, such as images or videos.

Typical MLLM architectures integrate a pre-trained vision en-
coder with a pre-trained LLM [39]. A crucial component is the
vision-language connector module, which projects visual features
into a space compatible with the LLM's word embeddings. This
connector can range from a simple linear projection layer, as seen
in early models like LLaVA [24], which can perform instruction-
aware visual feature extraction targeted by textual queries [23].
Training MLLMs often involves a multi-stage process: an initial
pre-training phase to align visual and language representations
using image-text datasets, followed by �ne-tuning on multimodal
instruction-following datasets to enhance their ability to perform
speci�c tasks and engage in dialogue [31].

MLLMs have demonstrated remarkable capabilities across a wide
range of tasks, including visual question answering (VQA), im-
age captioning, multimodal dialogue, and complex visual reason-
ing [3, 38]. They can generate nuanced textual descriptions of im-
ages, answer questions about visual content, and follow instructions
that require grounding language in visual information. This ability
to extract semantically meaningful concepts from visual scenes
and align them with natural language is central to their potential.
Recent research also explores techniques like Optimal Transport
to achieve more interpretable semantic alignment between modali-
ties, allowing for insights into the MLLM's reasoning process by
visualizing how visual and textual elements correspond [21]. This
is particularly relevant for applications requiring trustworthiness.

The application of MLLMs to automated scienti�c discovery is a
burgeoning �eld, with studies exploring their use for generating
novel research ideas, designing experiments, and even assisting in
writing scienti�c papers [14]. In urban contexts, vision-language
models have been used for tasks such as function inference from
street-level imagery [20]. However, the dominant focus in auto-
mated scienti�c discovery has often been on the novelty or e�-
ciency of hypothesis generation, rather than on the interpretability
of the generated hypotheses or the variables used, especially when
derived from complex visual data in speci�c domains like urban

science. Our framework distinctively proposes using MLLMs not
just as predictors or general-purpose reasoners, but as semantic en-
gines to derive interpretable, human-aligned variables directly from
unstructured visual data (SVIs) for statistically rigorous hypothesis
inference concerning road safety.

3 METHODOLOGY
3.1 Overview
Let D = f¹ G8•~8ºg=

8=1 denote a dataset of= SVIsG8 and their as-
sociated road-level crash rates~8 2 R. We de�ne a hypothesis
spaceH comprising all natural-language queries that describe vi-
sually observable variables potentially related to road safety. Our
objective is to uncover an optimal subset of hypothesesH � =
f � 1• � 2• ” ” ” • �: g � H that captures meaningful visual semantics
from each SVI and enables interpretable, accurate prediction of
~8. We formalize this as a posterior mode estimation problem over
the hypothesis space:H � = arg maxH 0�H %¹H 0 j Dº / %¹D j
H 0º � %¹H 0º•whereH 0 is a candidate hypothesis subset. The like-
lihood %¹D j H 0º captures how well the hypothesis-derived vari-
ables explain variation in crash rates, typically assessed via a regres-
sion model. The prior%¹H 0º encodes structural preferences over
hypothesis subsets and is implicitly governed by the generative
behavior of the MLLM. Each hypothesis� 9 2 H � corresponds to a
semantically meaningful question with a categorical answer that
could be inferred from an SVI using an MLLM. Applying these:
hypotheses to each imageG8 yields a: -dimensional interpretable
embeddingq¹G8•H � º 2 R: , where each component re�ects the
MLLM's answer to the corresponding hypothesis. We denote the
complete embedding matrix asE 2 R=� : , where48 = q¹G8•H � º is
the embedding vector for the8-th image.

Bayesian inference over all possible hypothesis subsets is compu-
tationally infeasible due to the combinatorial size ofH and the lack
of a tractable likelihood model. Instead, we adopt an approximate
inference strategy and frame the task as a nonparametric struc-
ture learning problem. Starting from an initial hypothesis setH 0

sampled from an LLM, we iteratively re�ne the set by evaluating
each hypothesis using a linear regression model. For each hypoth-
esis� 9, we assess the statistical signi�cance of its corresponding
regression coe�cient via a two-sidedC-test under the null hypoth-
esis that the coe�cient equals zero. This yields a?-value vector
P = f?1• ?2• ” ” ” • ?: g, where each?9quanti�es the probability of ob-
serving the estimated coe�cient under the null. Hypotheses with
?9 ¡ U (typically 0”05) are considered statistically insigni�cant
and are discarded. New hypotheses are generated to replace them,
forming an iterative process. This process constitutes a data-driven,
nonparametric approximation to Bayesian posterior inference over
the hypothesis space, guided by statistical evidence and LLM priors.
An overview of theUrbanX framework is illustrated in Figure 2.

3.2 Hypothesis Generation
A key challenge in data-driven urban science is formulating mean-
ingful and testable hypotheses that connect observable environmen-
tal variables to societal outcomes. In conventional work�ows, this
process relies heavily on human intuition, expert-de�ned variables,
and domain-speci�c heuristics, creating scalability, objectivity, and
scope bottlenecks. To overcome these limitations, we propose LLMs
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Figure 2: The UrbanX framework consists of three iterative modules: (1) Hypothesis Generation using LLMs, (2) Embedding
Construction via MLLM-based VQA on SVIs, and (3) Hypothesis Assessment using interpretable regression analysis.

as cognitive engines that can explore and articulate semantically
rich, visually grounded hypotheses about urban safety.

At each iterationC, the framework re�nes the hypothesis set
H C� 1 using statistical evidence derived from the previous assess-
ment. For each hypothesis� 9 2 H C� 1, we compute a?-value?9
using a two-sidedC-test on the coe�cient estimated by a regression
model, where the input variable is derived from the MLLM-inferred
categorical responses to� 9 across all SVIs. The detailed procedure
for constructing hypothesis-driven embeddings is described in a
later subsection. Hypotheses with?9 ¡ U (typically U = 0”05) are
considered statistically insigni�cant. While the prompt for the LLM
includes the full set of previous hypothesesH C� 1 and their?-values
PC� 1, only< Cnew hypotheses are generated, where< Cequals the
number of pruned hypotheses. This maintains a �xed hypothesis
set size while ensuring that each iteration incorporates empiri-
cal feedback into the generative process. Formally, the hypothesis
generation step is given by:

H C � LLM
�
PromptHypoGen¹H

C� 1•PC� 1•<Cº
�

• (1)

where< Cis the number of new hypotheses to generate. The prompt
is constructed to elicit< Cdiverse, categorical, and visually inferable
questions that are relevant to crash prediction. By conditioning
on statistically grounded examples, the LLM acts as a posterior-
informed generator, implicitly sampling from a distribution biased
toward hypotheses that are both semantically coherent and empir-
ically promising. This design allows the system to balance explo-
ration of new concepts with exploitation of previously validated
structure, enabling e�ective re�nement of the hypothesis space
over time. The full construction of the prompt used in this stage is
detailed in Appendix A.

This iterative, LLM-in-the-loop design ensures that hypothesis
generation is continuously shaped by empirical evidence, fostering
the discovery of novel but statistically grounded variables. The use
of in-context prompting enables controlled and diverse exploration
of the hypothesis space, avoiding redundancy and incorporating

feedback from previous evaluations. The generation process also
supports a nonparametric Bayesian interpretation: the LLM de�nes
a �exible, data-informed prior over hypothesis space, while sta-
tistical assessment provides approximate posterior guidance. This
synergy supports a principled and interpretable re�nement of the
variable space over successive iterations. An illustration of this
process is shown in the left panel of Figure 2.

3.3 Embedding Construction
To leverage the generated hypothesesH C = f � C

1• � C
2• ” ” ” • �C: g for

downstream modeling, we must transform their semantic content
into structured, machine-interpretable representations. Traditional
deep models rely on latent high-dimensional features extracted
from images, which lack transparency and hinder hypothesis-driven
analysis. In contrast, our goal is to construct a hypothesis-guided
embedding that is transparently aligned with the semantics of each
generated question. For each imageG8, we use an MLLM to answer
all questions inH Cbased on the visual content of the image. These
categorical answers are then encoded into a: -dimensional vec-
tor 4C

8 2 R: , where each element corresponds to the response to
hypothesis� C

9. Formally, we de�ne:

4C
8 � MLLM

�
G8•PromptEmbed¹H

Cº
�
• (2)

wherePromptEmbed¹H
Cº denotes the prompt that queries the MLLM

to answer all hypotheses inH Cbased on the visual content ofG8.
This embedding ensures full semantic traceability and supports
interpretable downstream modeling.

This procedure yields a hypothesis-aligned, semantically inter-
pretable embedding for each image, where each dimension has
a well-de�ned linguistic meaning. It enables transparent variable
construction while supporting statistical assessment and iterative
re�nement in subsequent stages. The embedding process is illus-
trated in the center panel of Figure 2.
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3.4 Hypothesis Assessment
Given the hypothesis-aligned embedding matrixEC 2 R=� : con-
structed from the current hypothesis setH C, the next step is to
evaluate the empirical relevance of each hypothesis in explain-
ing variation in segment-level crash rates. Rather than optimiz-
ing for predictive performance alone, our objective is to support
transparent, interpretable modeling that enables attribution of out-
comes to individual hypotheses. This is particularly important in
transportation and urban policy contexts, where analytical trace-
ability and explanatory clarity are essential for decision-making
and public accountability. To this end, we adopt linear regression
as the primary modeling framework. Each column ofEC corre-
sponds to a hypothesis-speci�c variable derived from categorical
responses generated by the MLLM. We �t a linear model of the
form:~8 = V0 ¸

Í :
9=1 V94C

8 9¸ Y8•where~8 is the observed crash rate

for SVIG8, 4C
8 9is the value of the9-th embedding dimension for the

8-th SVI,V9 is the corresponding regression coe�cient, andY8 is an
independent error term assumed to be normally distributed.

We then apply a two-sidedC-test to each coe�cientV9 to assess
the null hypothesis thatV9 = 0, using standard errors estimated
from the �tted model. This yields a?-value?C

9 that quanti�es the
likelihood that the observed e�ect could arise under the null. Collec-
tively, the vectorPC = f?C

1• ?C
2• ” ” ” • ?C: gsummarizes the statistical

signi�cance of each hypothesis inH C. Hypotheses with?C
9 ¡ U

(typically U = 0”05) are considered statistically insigni�cant and
are pruned in the next round. The number of such hypotheses,< C,
determines how many new hypotheses are generated in the subse-
quent iteration. Fitting the regression modelM to the embedding
matrix ECyields both �tted outcomes and statistical estimates of
hypothesis relevance:

fb~8g=
8=1• f bV9• ?C

9g
:
9=1  M¹E Cº• (3)

whereM denotes the linear regression model applied to the em-
bedding matrixEC.

This assessment step plays two complementary roles within
the overall framework. First, it provides a quantitative basis for
interpreting the in�uence of each hypothesis on crash outcomes,
enabling transparent attribution and variable importance compar-
isons. Second, it functions as a mechanism for iterative hypothesis
re�nement, systematically pruning low-utility hypotheses and in-
forming the next round of LLM-based generation. The right panel of
Figure 2 illustrates this process within the broader iterative pipeline.

3.5 Iterative Posterior Approximation
The overall framework is executed through an iterative loop that
approximates posterior inference over the hypothesis space by
alternating between generation, embedding, and statistical assess-
ment. This process re�ects a structure-learning approach where
hypothesis subsets are progressively re�ned based on empirical
evidence. Unlike standard optimization methods such as gradient
descent [32] or expectation maximization [28], where the objective
function is guaranteed to monotonically improve, our setting in-
volves sampling from a nonparametric, LLM-driven space that lacks
such guarantees. To mitigate the risk of degeneracy or performance
collapse, we adopt a conservative update rule: new hypothesesH C

Algorithm 1 Iterative Posterior Approximation

Require: DatasetD = f¹ G8•~8ºg=
8=1; number of total hypotheses

: ; number of iterations) ; interpretable modelM
Ensure: Final hypothesis setH ) and embedding matrixE)

1: Initialize H 0 � LLM¹PromptHypoGen¹: ºº
2: for C= 1•2• ” ” ” •)do
3: H C � LLM¹PromptHypoGen¹H

C� 1•PC� 1•<Cºº

4: EC=
�
4C
8 = MLLM¹G8•PromptEmbed¹H

Cºº
	 =
8=1

5: f b~8g=
8=1•PC  M¹E Cº

6: end for

are only retained if they yield improved predictive performance on
the validation set compared to the previous iteration.

Algorithm 1 outlines the overall iterative procedure. In each
iteration, insigni�cant hypotheses from the previous setH C� 1 are
�ltered based on their?-valuesPC� 1. The remaining hypotheses
serve as context for LLM-based generation of new candidates. The
resulting hypothesis setH C is then used to construct interpretable
embeddingsECvia MLLM-based reasoning, which are subsequently
used to train an interpretable model and evaluate statistical sig-
ni�cance. This iterative process continues until convergence or a
prede�ned number of iterations.

4 EXPERIMENTS
4.1 Settings
Our study focuses on road segments in Manhattan, New York City,
using crash records, tra�c volume data, and street-view imagery
from 2013 to 2019. For each road segment, we compute the crash rate
following the works [18, 46, 48] as:�' 8 = No_crash8

���) 8� ! 8� 365
1•000•000

•where

No_crash8 denotes the average annual number of crashes,���) 8
is the average annual daily tra�c, and! 8 is the segment length in
kilometers. Crash records were obtained from NYC Open Data, and
���) data was sourced from the New York State Department of
Transportation. We sampled SVIs at 15-meter intervals along road
centerlines using ArcGIS [42], retrieving images via the Google
Street View API. After �ltering and processing, 16,000, 2,000, and
2,000 panoramic SVIs were used for training, validation, and testing,
respectively. Unless otherwise speci�ed, we use GPT-4o [22] as the
LLM for hypothesis generation and InternVL2.5-78B [7] as the
MLLM for answering hypotheses over images during embedding
construction. We deploy MLLMs using LMDeploy [8], an optimized
inference engine for serving MLLMs e�ciently.

To support downstream evaluation and comparison, we also
compile 58 conventional built environment variables from pub-
lic sources. These include �ve categories: (1) road attributes (e.g.,
width, highway indicator), (2) land use (six category proportions
and entropy), (3) point-of-interest (POI) features (density and dis-
tance for 13 POI types), (4) tra�c-related facilities (e.g., crossings,
bus stops, junctions), and (5) visual indices derived from panop-
tic segmentation of SVIs (e.g., proportions of sky, road, building,
and vegetation pixels). A full list and description of these variables
is provided in Table 1 in Appendix B. These features are aggre-
gated from multiple sources, including NYC Open Data, PLUTO,
CommonPlace, Geofabrik, and the Google Street View API.

5



KDD UrbComp'25, August, Toronto, ON, Canada Yihong Tang et al.

Figure 3: Performance comparison between ResNet, ViT, and
our interpretable embedding-based models using linear re-
gression (LR) and LightGBM (LGBM).

In our primary modeling pipeline, only the LLM-generated hy-
potheses and MLLM-derived interpretable embeddings are used for
prediction. Built environment variables are used exclusively in post
hoc SHAP analysis to compare their relative explanatory power
against discovered hypotheses.

4.2 Predictive Performance
We �rst evaluate the predictive performance of our interpretable
embedding framework by comparing it with conventional vision-
based baselines. Figure 3 reports results across three standard met-
rics: root mean square error (RMSE), mean absolute error (MAE),
and the coe�cient of determination (' 2). For baselines, we use
two representative pretrained image encoders: ResNet50, a widely
adopted convolutional architecture, and ViT-Base (ViT-B/16), specif-
ically thevit_base_patch16_224 variant that segments each im-
age into16� 16patches and processes them with transformer blocks.
These models are �ne-tuned to predict crash rates directly from
raw SVIs. We compare these against two variants of our framework
that rely on interpretable embeddings constructed from MLLM re-
sponses: one using linear regression (LR) and another using Light-
GBM (LGBM) as the downstream predictor. Across all metrics, our
method consistently outperforms the deep learning baselines while
maintaining transparency and semantic interpretability. The Light-
GBM variant achieves the strongest overall results. These results
demonstrate that the embeddings retain su�cient information to
make accurate predictions while also enabling interpretability.

To visualize the spatial quality of our predictions, Figure 4 presents
the predicted and actual crash rates across Manhattan at the road
segment level. The predicted map closely mirrors the true spatial
distribution of risk, capturing key hotspots such as lower Manhat-
tan and the Midtown corridor. To ensure comprehensive spatial
coverage and generalizability, predictions are generated using a
�ve-fold cross-validation setup, where each segment is held out
once as test data. The aggregated predictions thus represent out-of-
sample estimates across the entire study area. This spatial �delity
highlights the reliability of our interpretable model for real-world
urban safety applications.

4.3 Discovered Factors
A central goal ofUrbanX is not just to predict societal outcomes,
but to enable interpretable, data-driven discovery of unstructured
or previously overlooked urban factors. To assess whether our

Figure 4: Spatial distribution of predicted (left) vs. actual
(right) crash rates (log) across Manhattan road segments.

framework successfully identi�es meaningful visual variables, we
examine the learned regression model using SHAP (SHapley Addi-
tive exPlanations) [26] analysis, which quanti�es each variable's
marginal contribution to the prediction.

Figure 5 presents a top-20 ranked summary of both traditional
(existing) built environment variables and the automatically discov-
ered hypotheses. Remarkably, a majority of the top-ranked variables
by explanatory power are generated by our LLM-based hypothesis
pipeline. This highlightsUrbanX 's capacity to uncover impact-
ful, interpretable factors that are not present in standard urban
datasets, supporting its role as a scienti�c discovery tool rather
than a black-box predictor.

Many of the discovered hypotheses align with well-established
urban safety principles, validating the model's ability to recover
known but unstated domain knowledge. For example,Hypo_11(�Is
there a median strip separating opposing tra�c?�) andHypo_0(�Is
the road surface marked with visible lane lines?�) are both highly
ranked and show negative SHAP contributions when absent, sug-
gesting their presence is associated with lower crash risk. These
align with conventional tra�c engineering wisdom on lane separa-
tion and visual guidance.

At the same time,UrbanX also surfaces more nuanced or less
commonly considered factors. Several high-ranking hypotheses re-
late to pedestrian visibility and activity, such asHypo_1(pedestrian
crossing),Hypo_41(pedestrian presence), andHypo_35(pedestrian
signals). These factors may have complex and context-sensitive
relationships with safety outcomes, underscoring the value of se-
mantically grounded, hypothesis-level variables. In addition,Ur-
banX identi�es less conventional features that might escape man-
ual enumeration. For instance,Hypo_16(�Are there any advertise-
ments or billboards?�) andHypo_6(�Are there barriers or guardrails
present?�) point to visual distractions and physical protection mea-
sures that may subtly in�uence crash risk. These hypotheses extend
the scope of interpretable modeling into environmental and percep-
tual dimensions that are often hard to encode using conventional
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Figure 5: SHAP summary plot of the regression model with
both traditional built environment variables and discovered
hypotheses. The right panel maps the top hypothesis vari-
ables to their natural-language question meanings.

GIS-based variables. Compared to traditional indicators such as
street width or proximity to facilities, our hypotheses are more
granular, semantically aligned, and directly grounded in what is
observable in urban space. This illustrates the unique advantage
of UrbanX in supporting structured discovery over unstructured
inputs. A detailed list of all identi�ed hypotheses and their corre-
sponding analyses is provided in Appendix C.

Taken together, these results show thatUrbanX is capable not
only of achieving competitive predictive accuracy but also of sur-
facing novel, interpretable factors that enrich the scienti�c under-
standing of urban safety. Its ability to propose, test, and validate hy-
potheses from raw street imagery that without manual annotation
or expert-de�ned features, highlighting the potential of MLLM-
powered frameworks to transform how we conduct research in
urban and transportation science. The results reveal that many of
the top-ranked variables in terms of predictive contribution come
from LLM-generated hypotheses, underscoring the framework's
ability to discover meaningful and interpretable features beyond
standard urban design indicators.

4.4 Variable Signi�cance and Independence
To verify that the hypotheses uncovered byUrbanX are not only
predictive but also statistically robust and non-redundant, we per-
form two complementary analyses: signi�cance versus contribution,
and pairwise correlation, as shown in Figure 6.

The left panel plots each hypothesis by its average SHAP value
(x-axis) and the negative base-10 logarithm of its?-value from linear
regression (y-axis). This joint visualization enables simultaneous
assessment of feature importance and statistical signi�cance. Hy-
potheses located in the upper-left region of the plot are both highly
predictive and statistically signi�cant. Notably,Hypo_11, Hypo_41,
andHypo_0stand out as dominant factors, exhibiting both high
SHAP contributions and extremely low?-values. These questions
correspond to well-established road safety indicators, whether there
is a median strip separating tra�c, whether visible pedestrian activ-
ity is present, and whether lane markings are detectable, o�ering
domain-consistent evidence for their relevance.

Figure 6: (Left) Each hypothesis is plotted by its average SHAP
value and � log10¹?-valueº from regression. Variables in the
top left are highly signi�cant and predictive. (Right) Pearson
correlation matrix between hypotheses, showing low pair-
wise correlation and structural independence.

The right panel presents the pairwise Pearson correlation matrix
among all hypothesis-derived variables, based on their categorical
values across SVIs. The mostly light-toned o�-diagonal entries re-
�ect generally low correlations, indicating that the learned variables
capture complementary aspects of the visual environment rather
than redundant or collinear signals. This structural independence
further supports the interpretability and modularity of the learned
embedding space, reducing concerns about multicollinearity or
semantic overlap.

Together, these �ndings demonstrate thatUrbanX is capable of
discovering statistically grounded, interpretable, and non-redundant
variables that not only improve predictive performance but also
advance scienti�c understanding of urban safety phenomena.

4.5 Robustness and Validity
We assess the robustness ofUrbanX by varying three key factors:
(1) the capacity of the language model (LLM) used for hypothesis
generation, (2) the capacity of the vision-language model (MLLM)
used for embedding construction, and (3) the number of hypotheses
used to generate interpretable features. Figure 7 presents results
that illustrate how each of these choices a�ects convergence speed,
predictive accuracy, and model stability.

E�ect of model capacity.The left panel compares the conver-
gence of test performance over 50 training epochs using di�er-
ent combinations of LLMs and MLLMs. Speci�cally, we consider
GPT-4o and GPT-4o-mini as the hypothesis generators, paired with
InternVL2.5 models of 8B and 78B parameters for embedding con-
struction. Larger MLLMs (78B) consistently yield better predictive
performance and faster convergence, underscoring the critical role
of visual reasoning capacity in answering hypothesis queries from
SVIs. For example, with InternVL2.5-78B, models converge in fewer
than 10 epochs, while smaller models (8B) exhibit slower and nois-
ier learning curves. Language model size also a�ects convergence,
though to a lesser extent. GPT-4o achieves faster improvements
than GPT-4o-mini, but both converge to similar �nal performance.
This suggests that for categorical hypothesis generation, smaller
LLMs are su�cient, though larger models may enhance e�ciency
by producing more immediately useful hypotheses.
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