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Abstract

Urban region representation learning plays a
fundamental role in urban computing, provid-
ing compact embeddings that support a wide
range of downstream analytical tasks. Existing
methods are developed under a single-city set-
ting and rely on continuous vector representa-
tions learned from city-specific spatiotemporal
data. Learning transferable and semantically
meaningful region representations in cross-city
scenarios remains a significant challenge. In
this paper, we propose URBAN-PROTOS, a
two-stage framework for cross-city learning
of urban region representations. We first ab-
stract multi-city mobility data into discrete Ur-
ban Prototypes, which capture city-invariant
spatiotemporal regularities from localized het-
erogeneous contexts. These prototypes serve as
shared semantic units across cities and are fur-
ther integrated into the semantic space of large
language models through a prototype-guided
alignment mechanism. Extensive experiments
conducted demonstrate that URBAN-PROTOS
consistently outperforms existing methods in
cross-city transfer settings, while maintaining
strong performance in single-city evaluations.
Further analyses show that the learned region
embeddings encode deep semantic regularities
shared across cities, providing robust support
for cross-city generalization.

1 Introduction

The rapid acceleration of urbanization has pro-
duced vast amounts of heterogeneous urban data,
providing unprecedented opportunities to under-
stand and model the complex characteristics of ur-
ban environments (Rathore et al., 2018; Hu et al.,
2021; Zhang et al., 2023). Leveraging these data,
urban region representation learning has emerged
as a fundamental problem in urban computing (Fu
et al., 2019; Liu et al., 2020), aiming to encode
each urban region into a compact embedding. Such

*Equal contribution. †Corresponding author.

Figure 1: Illustration of cross-city urban region repre-
sentation learning. Existing methods learn embeddings
on fixed city graphs and generalize poorly across cities.
URBAN-PROTOS derives discrete Urban Prototypes
from subgraphs and aligns them with the semantic space
of LLMs for transferable region embeddings.

region embeddings serve as essential foundations
for downstream applications (Zhang et al., 2020;
Wu et al., 2022; Zhou et al., 2023; Li et al., 2024a).

Prior work has extensively studied region repre-
sentation learning from human mobility logs (Wang
and Li, 2017; Yao et al., 2018), with methods typ-
ically organized as flow-based (Li et al., 2024b;
Yuan et al., 2024), graph-based (Wu et al., 2022),
and side-information-based approaches (Jenkins
et al., 2019; Kim and Yoon, 2025; Zhang et al.,
2020; Li et al., 2024a; Zhou et al., 2023). How-
ever, most methods rely on city-specific graph
structures and continuous embeddings, which of-
ten lose robustness and semantic coherence under
cross-city distribution shifts. As shown in Fig. 1,
encoders trained on a fixed city graph may hard-
code source-specific structures, leading to degraded
transfer when the target city exhibits different spa-
tial and mobility patterns. Although recent transfer-
learning methods mitigate this issue by building
source-city pattern banks and aligning target fea-
tures via attention mechanisms (Liu et al., 2023)
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or similarity matrices (Jin et al., 2023), they re-
main largely flow-centric and are mainly evaluated
on forecasting tasks, leaving transferable region
embeddings with city-invariant structural and func-
tional semantics underexplored.

Recent advances in LLMs (OpenAI et al., 2023;
Touvron et al., 2023; Bai et al., 2023) offer a
new opportunity for cross-city region represen-
tation learning. Pretrained on large and diverse
corpora, LLMs provide strong semantic abstrac-
tion and generalization capabilities (Zhao et al.,
2026), making their semantic space a potential uni-
fied space for heterogeneous urban environments.
Although LLMs can encode spatial and temporal
structure (Gurnee and Tegmark, 2023), they are
primarily optimized for language and do not explic-
itly impose the heterogeneous graph and locality
biases required by urban mobility data. This raises
a key question: how can heterogeneous urban spa-
tiotemporal patterns be transformed and aligned
with the semantic space of LLMs for transferable
region representation learning?

To address this challenge, we propose URBAN-
PROTOS, a two-stage approach that learns dis-
crete Urban Prototypes from multi-city spatiotem-
poral data and integrates them with the semantic
space of pretrained large language models for cross-
city region representation learning. In Stage I,
URBAN-PROTOS learns discrete Urban Proto-
types from multi-city mobility data. In Stage II,
we design a prototype-guided semantic alignment
mechanism to integrate Urban Prototypes into the
semantic space of a pretrained large language
model. Through a progressive alignment strategy,
the LLM associates prototype-level spatiotempo-
ral patterns with its pretrained semantic space, en-
abling heterogeneous urban signals to be integrated
into a unified embedding representation.

In general, our contributions are summarized:

• Framework. We propose a unified two-stage
framework for cross-city region representa-
tion learning, which learns region embeddings
that generalize across heterogeneous cities by
decoupling spatiotemporal pattern abstraction
from semantic representation.

• Method. We introduce discrete Urban Proto-
types to capture city-invariant spatiotemporal
regularities, and design a prototype-guided se-
mantic alignment mechanism that integrates
abstractions into the embedding space of a

large language model, yielding a unified and
transferable region representation space.

• Evaluation. Extensive experiments on mul-
tiple scenarios demonstrate that URBAN-
PROTOS achieves strong performance in both
cross-city transfer and single-city settings.
Further analyses show that the learned em-
beddings encode deep semantic regularities
shared across cities, providing robust support
for cross-city knowledge transfer.

2 Preliminary

Definition 1 (Urban Region). A city is partitioned
into N disjoint urban regions, denoted as V =
{v1, v2, . . . , vN}, where each region vi represents
a geographical subarea of the city.
Definition 2 (Human Mobility) Human mobility
data capture the spatiotemporal patterns of popula-
tion movement within urban regions. In this study,
we aggregate the mobility data on a regional ba-
sis. The mobility data of the i′th region can be
denoted as Xi ∈ RT (1 ≤ i ≤ N), where T is the
time steps of the mobility data and each element
presents the flow numbers of one time step.
Definition 3 (Heterogeneous Regional Subgraph)
To capture the local spatial and functional context
of an urban region, we construct a heterogeneous
regional subgraph centered at region Si. Given
neighborhood sizes Kgeo,Kflow,Kpoi ∈ [1, N ], the
subgraph Gsub

i = (Vsub
i , E sub

i ) is formed by select-
ing geographically proximate regions, regions with
strong human mobility interactions, and regions
with similar POI distributions to Si. Edges in the
subgraph encode heterogeneous relational seman-
tics, including geographic adjacency, mobility in-
tensity, and functional similarity, providing a multi-
view description of regional relationships.
Problem (Cross-City Region Representation
Learning) Given a source city CA and a target
city CB , each partitioned into urban regions with
corresponding human mobility data {XA

i }, {XB
i }

and heterogeneous regional subgraphs {Gsub,A
i },

{Gsub,B
i }, the goal is to learn a transferable region

encoder Enc(·) from the source city. The learned
encoder is directly applied to the target city without
further tuning to obtain region representations

zBi = Enc
(
XB

i ,Gsub,B
i

)
,

which are expected to preserve essential spatiotem-
poral structures and semantic characteristics of ur-
ban regions across different cities.
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Figure 2: Overview of URBAN-PROTOS. The framework consists of two training stages. In Stage I, heterogeneous
regional subgraphs and human mobility data are used to learn spatiotemporal region embeddings and discrete
semantic prototypes. In Stage II, the learned prototypes are aligned with the semantic space of a large language
model through instruction tuning, enabling transferable and semantically meaningful urban region representations.

3 Methodology

3.1 Overall Framework
We propose URBAN-PROTOS, a two-stage frame-
work for cross-city urban region representation
learning that integrates heterogeneous spatiotem-
poral urban data with large language models. As
illustrated in Figure 2, the framework first learns
transferable region representations from urban con-
texts and then aligns them with the semantic space
of a pretrained LLM for cross-city generalization.

3.2 Cross-City Spatial-Temporal Pretraining
Stage I aims to learn transferable and city-invariant
urban region representations from heterogeneous
spatiotemporal data. Given multi-city human mo-
bility observations, the goal is to extract canonical
spatiotemporal patterns that are shared across cities
and abstract them into a discrete latent space serv-
ing as the basis for cross-city knowledge transfer.

3.2.1 Problem Formulation
Let C denote a set of cities. For each city c ∈ C,
we consider a set of regions V(c) = {v1, . . . , vNc}
and a temporal human mobility tensor

X(c) ∈ RNc×T , (1)

where X
(c)
i,t denotes the human flow intensity of

region vi at time t.
The objective of Stage I is to learn a mapping

fproto : (X(c),G(c)) → Zdisc, (2)

where G(c) denotes heterogeneous relational struc-
tures among regions, and Zdisc is a discrete latent
space shared across all cities.

Heterogeneous Subgraph Sampling. To miti-
gate the heterogeneity of global city graphs, we
adopt a localized modeling strategy. For each re-
gion vi at time t0, we sample a subgraph

Gsub
i,t0 = (Vsub

i,t0 , {A
(r)
i,t0

}Rr=1), (3)

where Vsub
i,t0

contains the center region and its neigh-
bors sampled from multiple relational views (e.g.,
geographic proximity, mobility interaction, func-
tional similarity), and A(r) denotes the adjacency
matrix of relation r.

Each subgraph is associated with a local mobility
patch

Xi,t0 ∈ R|Vsub
i,t0

|×L
, (4)

covering a temporal window of length L. This
construction ensures that regions from cities are
represented through comparable local contexts.

3.2.2 Spatiotemporal Graph Encoder.
We employ a spatiotemporal graph encoder δenc
to jointly model temporal dynamics and relational
dependencies within each sampled subgraph. For-
mally, the encoder maps the local mobility patch
and heterogeneous graph structure to continuous
node embeddings:

Zi,t0 = δenc(Xi,t0 ,Gsub
i,t0), Zi,t0 ∈ Rk×d, (5)
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where k = |Vsub
i,t0

| and d is the embedding di-
mension. The encoder is designed to aggregate
multi-relational neighborhood information while
capturing short-term and long-term mobility pat-
terns, yielding continuous region representations
that encode local spatiotemporal contexts.

3.2.3 Discrete Urban Prototype Learning.
Although continuous embeddings encode rich infor-
mation, they are sensitive to city-specific distribu-
tions and hard to align across domains. To induce
a transferable representation space, we introduce a
vector-quantized layer that maps embeddings to a
finite set of discrete Urban Prototypes. Specifically,
we maintain a learnable codebook

E = {e1, . . . , eM}, em ∈ Rd, (6)

shared across all cities. Each continuous embed-
ding z ∈ Rd is quantized to its nearest prototype:

q(z) = arg min
em∈E

∥z− em∥22. (7)

The quantized representation zq = q(z) serves
as the discrete Urban Prototype associated with
the region. This vector quantization mechanism
encourages regions with similar functional roles
and mobility patterns to share the same prototypes,
thereby inducing implicit cross-city alignment.

Optimization Objective. The spatiotemporal en-
coder and the Urban Prototype codebook are jointly
optimized via self-supervised objectives derived
from mobility data. In particular, we employ a
reconstruction-based pretraining objective Lrec to
preserve essential spatiotemporal information, to-
gether with a vector quantization commitment loss
Lvq to stabilize the discrete latent space:

L = Lrec + βLvq,

Lvq = ∥sg[Z]− Zq∥22.
(8)

where sg[·] denotes the stop-gradient operator and
β controls the strength of commitment to discrete
prototypes.

After optimization, each urban region is repre-
sented by a discrete Urban Prototype summariz-
ing its city-agnostic spatiotemporal characteristics.
These prototypes form a transferable semantic ba-
sis for alignment with LLMs in Stage II.

3.3 Cross-City Semantic Alignment
While Stage I learns city-invariant discrete Urban
Prototypes that summarize spatiotemporal patterns,

these prototypes remain purely numerical and lack
explicit semantics. The objective of Stage II is to
align these discrete prototypes with the semantic
space of a pretrained large language model (LLM),
enabling semantic interpretation, reasoning, and
cross-city generalization.

3.3.1 Prototype-to-Semantic Alignment
Module

Let zq
i ∈ Rd denote the discrete Urban Prototype

obtained for region vi. To integrate such prototypes
into the LLM, we design a prototype-to-semantic
alignment module that maps them into the LLM
embedding space while preserving their spatiotem-
poral semantics.

Direct linear projection is insufficient to ensure
semantic consistency between numerical proto-
types and linguistic representations. To guide the
alignment process, we introduce a set of semantic
anchors, which serve as reference concepts describ-
ing common urban characteristics and mobility pat-
terns. These anchors are expressed as short textual
phrases and grouped into three categories:

A = {Afunc,Aloc,Amob}, (9)

where Afunc describes urban functions (e.g., res-
idential area, commercial district), Aloc captures
spatial properties (e.g., city center, suburban area),
and Amob characterizes mobility patterns (e.g.,
morning peak, high population inflow).

Each anchor phrase is tokenized and embedded
using the frozen LLM tokenizer and embedding
layer, yielding anchor embeddings

EA = EmbedLLM(A) ∈ R|A|×dL , (10)

where dL is the LLM hidden dimension.
To align Urban Prototypes with semantic con-

cepts, we treat each discrete prototype zq
i as a query

and perform cross-attention over the anchor embed-
dings as follows:

esem
i = Softmax

(
Q(z

q
i )K(EA)⊤√

dL

)
V (EA),

(11)
where Q(·), K(·), and V (·) are learnable linear
projections.

This operation extracts anchor-aware semantic
signals aligned with the spatiotemporal character-
istics encoded in the prototype. To preserve struc-
tural information learned in Stage I, we further
project the prototype into the LLM space:

e
proj
i = Wpz

q
i + bp, (12)
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where Wp ∈ RdL×d and bp ∈ RdL .
The final prototype-conditioned LLM input em-

beddings are obtained by concatenation:

ei = esem
i ∥ e

proj
i . (13)

Through anchor-guided alignment, discrete Urban
Prototypes are mapped into the semantic space
of the pretrained LLM. This alignment associates
spatiotemporal patterns with high-level urban con-
cepts, yielding representations that integrate trans-
ferable structural regularities with semantic priors
and lay the foundation for subsequent instruction-
based adaptation.

3.3.2 Two-Step Instruction Tuning
We adopt a two-step instruction tuning strategy to
align Urban Prototypes with language semantics
while preserving the intrinsic reasoning and gener-
ation capabilities of the LLM.

Step 1: Foundational Alignment via Contrastive
Tuning. In Step 1, we freeze all LLM parame-
ters θLLM and optimize only the alignment module.
The goal is to establish a coarse semantic corre-
spondence between prototype embeddings and tex-
tual concepts. Given a region pair (vi, vj) with
embeddings (ei, ej), we construct comparative in-
struction prompts that require the model to reason
about their relative properties (e.g., mobility inten-
sity or spatial centrality). The alignment module
is trained to maximize the likelihood of generating
the target comparison text:

f∗ = argmax
f

logP (w | ei, ej ; θLLM), (14)

where w = (w1, . . . , wT ) denotes the generated
response and f represents the alignment module.

This step encourages the model to associate
prototype differences with semantic distinctions,
achieving an initial cross-modal alignment without
modifying the LLM itself.

Step 2: Semantic Integration via Generative
Tuning. In the second step, we further refine the
alignment by jointly optimizing the alignment mod-
ule and a small subset of LLM parameters. To
avoid catastrophic forgetting, we adopt parameter-
efficient fine-tuning based on low-rank adaptation
(LoRA) (Hu et al., 2022). Given a single region
embedding ei, the model is instructed to generate
a detailed semantic description of the region:

θ∗LLM, f∗ = arg max
θLLM,f

logP (w | ei), (15)

where w is a free-form textual description captur-
ing functional roles, spatial properties, and mobility
characteristics.

Through this step, the LLM internalizes the se-
mantics encoded in Urban Prototypes and becomes
capable of producing interpretable, context-aware
region representations that generalize across cities.

3.4 LLM-based Representation Inference
URBAN-PROTOS employs a pretrained LLM as
the semantic backbone to integrate heterogeneous
urban signals into a shared embedding space, pro-
ducing unified and transferable region representa-
tions across cities.

For each region vi, the LLM input is constructed
by concatenating three components along the token
dimension:

EInput = EInstruct ∥ EAttr ∥ EProto, (16)

where EInstruct encodes task-level instructions for
cross-city representation learning, EAttr represents
static regional attributes such as POI distribu-
tions, and EProto denotes the prototype-aligned em-
beddings from Stage II that capture semantically
aligned spatiotemporal patterns.

The LLM encodes the input sequence and ag-
gregates the hidden states into a fixed-dimensional
region representation:

HLLM
i = LLM(EInput),

Ri = MeanPooling(HLLM
i ),

(17)

where Ri ∈ RdL denotes the final representation
of region vi. By integrating discrete Urban Pro-
totypes, static regional attributes, and task-level
context within the LLM semantic space, URBAN-
PROTOS produces region representations that cap-
ture transferable spatiotemporal regularities and
high-level urban semantics. These representations
form a unified embedding space for downstream
cross-city urban analysis tasks.

4 Experiments

In this section, we conduct extensive experiments
on multiple downstream urban tasks across two
cities to evaluate the effectiveness of URBAN-
PROTOS with following research questions (RQs):

• RQ1: How does URBAN-PROTOS perform
in cross-city settings compared with existing
region representation learning and transfer
learning methods?
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Table 1: Performance comparison under cross-city transfer settings.

City Method
Business Crime Crash 311 Service

MAE RMSE R2 MAE RMSE R2 MAE RMSE R2 MAE RMSE R2

CHI2NYC

PatchTST 21.78 29.16 0.26 66.74 104.12 0.09 7.05 9.61 0.16 305.18 417.62 0.11
TSLANet 24.95 32.29 0.09 71.05 106.44 0.06 7.65 10.31 0.04 320.82 437.34 0.04

TimesURL 22.06 29.78 0.22 63.92 99.81 0.16 7.18 9.97 0.11 298.27 412.61 0.14
STID 24.13 31.76 0.15 72.36 108.87 0.01 7.52 10.17 0.07 313.74 428.76 0.10
STBP 17.21 24.73 0.40 60.12 94.61 0.23 6.82 9.52 0.15 293.51 407.62 0.17

TransGTR 20.58 28.19 0.30 63.44 97.88 0.19 7.02 9.87 0.12 289.94 414.68 0.13
CrossST 16.62 24.59 0.45 59.42 94.88 0.25 6.87 9.68 0.14 290.89 413.12 0.14

CoRE 21.74 29.20 0.26 66.68 104.21 0.09 7.06 9.63 0.16 305.41 418.03 0.11
UrbanGPT 18.03 27.86 0.32 59.21 92.88 0.26 6.58 9.21 0.18 280.94 404.87 0.15
UrbanCLIP 19.11 28.02 0.30 59.84 97.31 0.20 6.53 9.27 0.18 284.06 389.42 0.18

Ours 15.18 22.26 0.53 58.27 89.75 0.27 6.46 9.09 0.20 277.90 387.07 0.20

NYC2CHI

PatchTST 22.94 51.03 0.22 83.06 142.81 0.14 285.96 396.12 0.15 183.61 233.21 0.18
TSLANet 24.17 52.76 0.16 90.04 145.31 0.11 293.84 414.92 0.08 203.12 256.43 0.06

TimesURL 19.58 51.39 0.20 86.32 143.94 0.12 252.81 380.74 0.21 189.71 241.12 0.15
STID 23.72 52.31 0.17 92.87 149.32 0.07 291.52 410.34 0.10 197.84 249.68 0.10
STBP 16.83 44.96 0.35 83.24 138.85 0.18 238.55 351.24 0.29 178.42 226.83 0.19

TransGTR 17.91 45.88 0.34 86.71 141.76 0.16 257.42 372.96 0.23 194.88 244.96 0.14
CrossST 16.54 48.19 0.30 80.96 136.51 0.20 225.73 348.11 0.33 184.33 237.24 0.16

CoRE 22.87 51.17 0.21 82.94 143.21 0.13 286.74 397.03 0.14 184.02 234.07 0.17
UrbanGPT 18.47 46.12 0.33 76.89 136.41 0.21 228.36 358.92 0.24 170.98 229.11 0.19
UrbanCLIP 15.92 44.01 0.36 82.07 127.64 0.23 227.11 339.58 0.34 175.31 218.94 0.20

Ours 15.20 42.12 0.39 72.31 123.69 0.25 207.98 308.78 0.41 159.92 202.06 0.32

• RQ2: What are the contributions of the pro-
posed modules in enhancing the effectiveness
and generalization?

• RQ3: Can URBAN-PROTOS remain compet-
itive in single-city settings against classical
urban region representation methods?

• RQ4: Does URBAN-PROTOS learn trans-
ferable and semantically meaningful region
representations across cities?

4.1 Experimental Settings

We conduct experiments on two large-scale cities,
New York City (NYC) and Chicago (CHI), where
each city is partitioned into grid-based regions.
Detailed dataset descriptions are provided in Ap-
pendix A.1. We then compare URBAN-PROTOS
with representative region representation learning
methods under both single-city and cross-city set-
tings. Detailed descriptions are provided in Ap-
pendix A.2. We evaluate model performance using
MAE, RMSE, and R2. Additional implementation
details are reported in Appendix A.3.

4.2 Cross-City Performance(RQ1)

In this section, we evaluate URBAN-PROTOS
under cross-city transfer settings, where models
trained on a source city are directly applied to

Figure 3: Ablation study of the proposed framework.

a target city. The results are reported in Ta-
ble 1 across four downstream tasks. The base-
line methods can be broadly categorized into time-
series-based approaches, spatiotemporal forecast-
ing models, graph-based transfer methods, and
recent LLM-driven urban models. Conventional
time-series-based approaches exhibit limited trans-
ferability, as human mobility dynamics are highly
city-dependent and difficult to generalize across
heterogeneous urban environments. Spatiotempo-
ral forecasting models show mixed transferability,
since they either tie region representations to city-
specific indices or reuse recurring patterns in a
purely numerical space without semantic ground-
ing, and thus remain fragile under structural dis-
crepancies between cities. Graph-based transfer
methods improve performance by modeling traffic-
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Table 2: Performance comparison under single-city settings.

City Method
Business Crime Crash 311 Service

MAE RMSE R2 MAE RMSE R2 MAE RMSE R2 MAE RMSE R2

NYC

GCN 20.97 28.01 0.27 64.21 100.43 0.09 6.80 9.22 0.17 294.79 401.81 0.12
Graph WaveNet 18.42 25.92 0.38 60.42 93.67 0.23 6.72 9.35 0.16 283.46 392.98 0.14

ZE-Mob 24.03 31.08 0.10 68.31 102.18 0.06 7.35 9.91 0.04 308.86 419.52 0.04
MVURE 21.25 28.71 0.23 61.72 96.25 0.17 6.90 9.56 0.11 287.31 393.99 0.15

HREP 19.83 27.15 0.31 61.29 94.05 0.20 6.76 9.49 0.12 277.63 396.76 0.14
ReCP 16.01 23.75 0.47 57.44 90.77 0.26 6.61 9.31 0.15 282.15 394.98 0.15
STID 20.14 27.67 0.30 65.58 100.86 0.15 7.13 9.78 0.10 305.82 418.76 0.10
STBP 16.28 23.82 0.43 59.06 92.23 0.25 6.63 9.17 0.19 281.06 391.39 0.19
Ours 14.97 21.45 0.55 54.01 87.53 0.33 6.44 9.01 0.24 261.97 372.86 0.31

CHI

GCN 21.11 47.07 0.23 76.59 131.77 0.15 263.21 365.96 0.17 167.75 215.02 0.23
Graph WaveNet 16.82 43.72 0.34 76.88 128.14 0.20 233.84 343.65 0.26 174.32 222.06 0.18

ZE-Mob 22.28 48.73 0.17 83.02 133.60 0.13 271.11 381.49 0.09 186.75 236.14 0.07
MVURE 18.03 47.59 0.21 79.15 132.98 0.13 232.99 351.28 0.23 175.14 223.23 0.17

HREP 16.50 42.39 0.37 79.41 130.32 0.17 237.33 345.90 0.25 178.84 224.17 0.16
ReCP 15.18 44.30 0.32 74.68 125.47 0.23 209.03 322.66 0.35 169.41 217.88 0.21
STID 19.36 46.03 0.26 81.64 133.82 0.12 264.53 372.61 0.12 182.73 231.24 0.11
STBP 15.87 42.61 0.36 75.36 127.35 0.21 216.87 328.94 0.32 170.24 216.85 0.22
Ours 14.14 41.49 0.43 65.41 116.75 0.34 199.97 293.58 0.45 155.21 193.38 0.37

flow dependencies between regions, but their re-
liance on mobility interactions and limited handling
of structural heterogeneity restricts representation
expressiveness, especially in cross-city settings.
Recent LLM-based urban models incorporate lan-
guage priors and show promising results. However,
their effectiveness in cross-city transfer remains
limited, as spatiotemporal mobility patterns are
often introduced implicitly and lack an explicit,
city-invariant alignment with the language seman-
tic space. Overall, URBAN-PROTOS consistently
outperforms all baselines across tasks and trans-
fer directions, demonstrating strong robustness to
cross-city distribution shifts. By abstracting spa-
tiotemporal dynamics into city-invariant Urban Pro-
totypes and aligning them with the semantic space
of an LLM, URBAN-PROTOS captures transfer-
able urban regularities with semantic consistency,
enabling robust performance across diverse cross-
city prediction tasks.

4.3 Ablation Study (RQ2)

To assess the contribution of each component in
URBAN-PROTOS, we conduct an ablation study
under cross-city settings, with RMSE results re-
ported in Figure 3. We consider three variants:
w/o LLM Semantics (LS), which removes LLM-
derived semantic information; w/o Urban Proto-
types (UP), which removes spatiotemporal context
modeling and relies only on semantic representa-
tions; and w/o Semantic Anchors (SA), which re-
places anchor-guided alignment with a simple pro-
jection. As shown in Figure 3, URBAN-PROTOS

consistently outperforms all variants, demonstrat-
ing the contribution of each component. The degra-
dation of LS and UP indicates that semantic knowl-
edge and mobility-driven spatiotemporal dynamics
provide complementary signals for cross-city rep-
resentation learning. The inferior performance of
SA further verifies the role of semantic anchors in
stabilizing the alignment between spatiotemporal
representations and the LLM semantic space. Over-
all, these results confirm that the three components
are jointly essential for learning transferable urban
region representations.

4.4 Single-City Performance (RQ3)

We further evaluate URBAN-PROTOS under
single-city settings, where models are trained and
tested on the same city. As summarized in Table 2,
URBAN-PROTOS achieves consistently strong
and competitive performance across downstream
tasks. Compared with traditional graph-based and
mobility-driven methods, it obtains comparable
or better results in most cases, indicating that im-
proved transferability does not come at the cost of
in-city performance. We further compare with re-
cent spatiotemporal forecasting backbones, which
are competitive on flow-related tasks yet remain
inferior to URBAN-PROTOS across all metrics, as
they model numerical dynamics alone without se-
mantic abstraction. By integrating spatiotemporal
context modeling with LLM-driven semantic repre-
sentations, URBAN-PROTOS effectively captures
both local urban patterns and high-level semantics,
leading to stable performance across tasks.
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Figure 4: Clustering Analysis and Case Study. (a) Prototype attention scores for representative regions, illustrating
how Urban Prototypes contribute to region characterization. (b) Overall clustering results, where representations are
grouped into six clusters. (c) Word cloud analysis of clusters, highlighting their intrinsic characteristics.

4.5 Clustering Analysis and Case Study (RQ4)

We conduct a case study on NYC to examine
whether URBAN-PROTOS captures interpretable
urban semantics. K-Means clustering of region rep-
resentations shows clear structural separation, as
illustrated in Figure 4(b).

Prototype attention analysis. We visualize at-
tention weights over Urban Prototypes for two rep-
resentative regions from different clusters in Fig-
ure 4(a). Region 95 mainly attends to commercial,
recreational, and high-activity prototypes, reflect-
ing intensive daily activities and mixed commercial
functions. In contrast, Region 831 focuses more
on residential, public-service, and mixed-use pro-
totypes, indicating a neighborhood-oriented area
dominated by residential and routine community
activities. These distinct attention patterns suggest
that URBAN-PROTOS adaptively activates proto-
types to encode region-specific functions.

Cluster-level semantic interpretation. We fur-
ther decode clustered region representations with
the LLM backbone and aggregate the generated
semantic descriptions into word clouds. As shown
in Figure 4(c), Cluster 3 is associated with key-
words such as peak, dining, commercial, and activ-
ity, corresponding to bustling commercial districts,
while Cluster 5 emphasizes transportation, resi-
dents, daily, and central, indicating well-connected
residential areas. Such semantic distinctions show
that URBAN-PROTOS organizes regions by co-
herent functional patterns rather than superficial
spatial proximity. These results demonstrate that
URBAN-PROTOS learns interpretable and seman-
tically meaningful urban representations, further

supporting its cross-city transferability.

5 Related Work

Urban Region Representation Learning. Urban
region representation learning aims to encode re-
gions into compact embeddings. Early mobility-
based methods, such as HDGE (Wang and Li, 2017)
and ZE-Mob (Yao et al., 2018), model regions as
graph nodes connected by mobility flows. Sub-
sequent studies incorporate heterogeneous urban
attributes, including POIs, check-ins, and mobility
patterns, through multi-view or contrastive learning
frameworks (Zhang et al., 2020; Li et al., 2024a;
Zhou et al., 2023). However, most methods are still
coupled with single-city spatial structures and data
distributions, limiting their transferability.
Region Transfer Learning. Region transfer learn-
ing transfers knowledge from data-rich cities to
data-scarce ones. Pattern-based methods, such as
TPB (Liu et al., 2023) and CrossST (Liu and Zhang,
2025), construct spatial or temporal pattern banks
to guide target-city learning. CrossTReS (Jin et al.,
2022) adaptively re-weights source-city regions to
facilitate target-city fine-tuning. Recent studies
further explore selective refinement of source-city
gradients (Zhang et al., 2025) or latent-manifold
alignment (Chen et al., 2025). Nevertheless, these
methods rely on continuous representations and
comparable cross-city graphs, while semantic con-
sistency and interpretability remain underexplored.
LLMs for Urban Computing. LLMs have demon-
strated strong semantic understanding and gener-
alization capabilities (OpenAI et al., 2023; Zhao
et al., 2026), and have been extended to time-
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series analysis, graph reasoning, and representation
learning (Jin et al., 2024; Ren et al., 2024; Tang
et al., 2024). In urban computing, recent works
such as UrbanGPT (Li et al., 2024b), Mobility-
LLM (Gong et al., 2024), and UrbanCLIP (Yan
et al., 2024) adapt LLMs to urban analysis, mo-
bility prediction, and multimodal representation
alignment. However, existing LLM-based urban
methods are largely task- or city-specific, leaving
transferable, semantically consistent cross-city re-
gion representation learning underexplored.

6 Conclusion

We propose URBAN-PROTOS, a two-stage frame-
work for cross-city learning of urban region repre-
sentations. By decoupling spatiotemporal pattern
abstraction from semantic representation, URBAN-
PROTOS learns embeddings that generalize across
heterogeneous spatial structures and mobility dy-
namics. It introduces Urban Prototypes to cap-
ture city-invariant spatiotemporal regularities and
aligns them with the semantic space of pretrained
LLMs, yielding a unified transferable represen-
tation space. Extensive experiments show that
URBAN-PROTOS outperforms existing methods
in cross-city transfer while maintaining strong
single-city performance.

Limitations

In this section, we discuss several limitations of
this work. First, due to computational constraints,
our current implementation is based on a single
LLM architecture and model scale. While the
empirical results demonstrate the effectiveness of
the proposed prototype-guided alignment frame-
work under this setting, evaluations with additional
backbone families and model sizes would further
strengthen the assessment of scalability and robust-
ness. Second, our downstream evaluation focuses
on four representative urban analytics tasks, includ-
ing business activity, crime, traffic accidents, and
311 service requests. These tasks cover multiple
practical aspects of urban region modeling and pro-
vide a meaningful testbed for representation learn-
ing. Nevertheless, additional downstream scenarios
could provide a more comprehensive view of the
generality of the learned representations.
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A Appendix

In this section, we provide further details on our
methods and experiments.

A.1 Dataset Descriptions

In our experiments, we focus on two major
metropolitan areas: New York City and Chicago.
To facilitate the study, we partitioned each city
into grid-based regions, resulting in 1,390 valid
regions for NYC and 1,931 valid regions for CHI.
We utilize Point-of-Interest data and shared bike
trip records as input features to extract the func-
tional and semantic information embedded within
urban regions. The POI data, sourced from Open-
StreetMap1 , includes details such as geographical
coordinates, names, and categories. Meanwhile,
the shared bike trip data was collected from City
Bike NYC 2 and Divvy Bike 3, covering the second
half of 2023.

To evaluate the effectiveness of the learned repre-
sentations, we curated four downstream tasks from
official municipal portals. Specifically, we gath-
ered datasets from NYC Open Data 4 and Chicago
Data Portal 5, encompassing the following urban
analytics tasks in practice:

(1) Business Counts: This dataset includes over
40,000 businesses in NYC and over 46,000 in
Chicago. We filtered active businesses and mapped
them to regions, providing insights into commer-
cial activity distribution.

(2) Crime Counts: Covering over 200,000 ar-
rests in NYC and over 240,000 criminal incidents
in Chicago, this dataset enables crime distribution
analysis by region, highlighting public safety pat-
terns.

(3) Traffic Accidents: With nearly 100,000 re-
ported collisions in NYC and 800,000 in Chicago
for 2023, this dataset helps assess traffic safety and
identify high-risk areas.

(4) 311 Service: Recording over 310,000 ser-
vice requests in NYC and 1,300,000 in Chicago,
this dataset reflects infrastructure issues, public
concerns, and service distribution across urban re-
gions.

A.2 Details of Baselines

We compare URBAN-PROTOS with represen-
tative urban region representation learning meth-
ods under both single-city and cross-city settings.
These baselines cover graph-based urban modeling,

1https://www.openstreetmap.org/
2https://citibikenyc.com/system-data
3https://divvybikes.com/system-data
4https://opendata.cityofnewyork.us/data/
5https://data.cityofchicago.org/
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multi-view representation learning, spatiotempo-
ral forecasting, temporal sequence modeling, re-
gion transfer learning, and recent LLM-driven ap-
proaches.

Single-City Urban Region Representation. In
the single-city setting, all methods are trained and
evaluated within the same urban environment. We
consider classical urban region representation learn-
ing approaches that exploit spatial structures, hu-
man mobility patterns, and heterogeneous urban
attributes.

• GCN (Kipf and Welling, 2016): learns region
embeddings by aggregating neighborhood in-
formation over a predefined urban graph.

• Graph WaveNet (Wu et al., 2019): learns
region embeddings by combining a self-
adaptive adjacency matrix with stacked di-
lated causal convolutions.

• ZE-Mob (Yao et al., 2018): learns region em-
beddings by modeling origin-destination co-
occurrence patterns extracted from taxi trajec-
tories data.

• MVURE (Zhang et al., 2020): learns re-
gion embeddings by integrating heteroge-
neous urban attributes and human mobility
flows through multi-view modeling.

• HREP (Zhou et al., 2023): learns universal
region embeddings by constructing hetero-
geneous regional relations and prompt-based
downstream objectives.

• ReCP (Li et al., 2024a): learns region em-
beddings by combining intra-view and inter-
view contrastive learning across multiple ur-
ban views and modalities.

• STID (Shao et al., 2022): learns region em-
beddings by attaching spatial and temporal
identity embeddings to a purely MLP-based
architecture.

• STBP (Liu and Zhang, 2026): learns region
embeddings by pairing a general spatiotempo-
ral backbone with a scalable contextual pat-
tern bank.

Cross-City Evaluation. For cross-city scenar-
ios, we additionally include baselines designed
to encode temporal mobility patterns or explicitly
transfer urban knowledge across cities.

Sequence-based Methods. These methods model
regional mobility time series and focus on captur-
ing temporal regularities without explicit spatial
transfer mechanisms.

• PatchTST (Nie et al., 2023): learns region
embeddings by encoding human mobility time
series as patch sequences with a Transformer
encoder architecture.

• TSLANet (Eldele et al., 2024): learns region
embeddings by capturing temporal and fre-
quency patterns using adaptive convolution.

• TimesURL (Liu and Chen, 2024): learns re-
gion embeddings by applying self-supervised
contrastive learning on augmented time-series
data representations.

Spatiotemporal Forecasting Models. These mod-
els are trained on the source city and directly ap-
plied to the target city without transfer-specific de-
signs.

• STID (Shao et al., 2022): transfers region
embeddings learned by spatial and temporal
identity embeddings over a purely MLP-based
architecture.

• STBP (Liu and Zhang, 2026): transfers re-
gion embeddings by reusing spatiotemporal
patterns stored in its scalable contextual pat-
tern bank.

Region Transfer Learning Methods. These ap-
proaches explicitly address cross-city distribution
shifts by transferring spatial or spatiotemporal
knowledge.

• TransGTR (Jin et al., 2023): learns transfer-
able region embeddings by reducing spatial
discrepancies between source city and target
citie during transfer.

• CrossST (Liu and Zhang, 2025): learns trans-
ferable region embeddings by constructing
pattern banks from the source city.

• CoRE (Chen et al., 2025): learns transferable
region embeddings by aligning region repre-
sentation manifolds across different cities.

LLM-based Urban Models. To further evaluate
existing LLM-based explorations, we include:
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• UrbanGPT (Li et al., 2024b): learns region
embeddings by aligning external urban repre-
sentations with the semantic space of a pre-
trained large language model.

• UrbanCLIP (Yan et al., 2024): learns region
embeddings by aligning satellite imagery with
textual descriptions via contrastive learning
objectives.

Overall, these baselines provide a comprehen-
sive comparison across vector-based, spatiotempo-
ral predictive, transfer-oriented, and LLM-based
urban representation learning paradigms.

A.3 Experimental Setup and Implementations
A.3.1 Spatial-temporal Pre-training.
We conduct spatial-temporal pre-training using
bike-sharing datasets from New York City and
Chicago, where raw trip records are aggregated into
hourly Inflow and Outflow sequences for each re-
gion. Regional mobility time series are segmented
into overlapping patches of length 2016 with a
sliding window stride of 168, and corresponding
origin–destination (OD) matrices are constructed
for each patch to facilitate heterogeneous subgraph
sampling. For every target region, we sample a
localized second-order neighborhood consisting of
five first-order and five second-order neighbors to
preserve balanced local topological contexts. The
dataset is split into training, validation, and test sets
with a ratio of 7:1:2. All experiments are optimized
using the Adam optimizer with a fixed learning
rate of 0.001, and early stopping is applied with
a patience of 30 epochs during pre-training and
50 epochs during downstream evaluation. The fi-
nal region representation dimension is fixed to 512
across all tasks.

A.3.2 LLM Backbone.
We employ Llama3.1-8B as the backbone model.
During the instruction-tuning phase, we use a batch
size of 16 and a learning rate of 1e-4 with decay,
training the model for two epochs. In URBAN-
PROTOS, the pretrained mobility embedding di-
mension is set to 512, while the final region rep-
resentation dimension is configured as 4096. In
the first stage of instruction tuning, all LLM pa-
rameters are frozen. In the second stage, we apply
LoRA-based fine-tuning to selectively update a sub-
set of parameters, ensuring that the model’s core
language capabilities remain intact. During infer-
ence, to enhance stability and consistency in the

generated outputs, we set the temperature parame-
ter to 0.01.

A.4 Illustration of Urban Prototypes

Urban prototypes are a set of semantic tokens that
bridge the spatiotemporal context with the prior
knowledge of LLMs, mapping heterogeneous ur-
ban signals into a unified semantic space. We or-
ganize them along three axes that are canonical in
urban spatiotemporal modeling: function (land use
and POI composition), location (how a region is po-
sitioned relative to and interacts with its surround-
ings), and human flow (finer-grained and largely
implicit mobility dynamics). The concrete proto-
type words of each axis are obtained through an
LLM-based multi-round iterative procedure. Tak-
ing function as an example, we feed the Open-
StreetMap POI corpus to the LLM and prompt it to
propose, revise, and filter candidates over several
rounds, retaining ten prototypes that are semanti-
cally unambiguous and as mutually orthogonal as
possible; the resulting prototypes are listed in Ta-
ble 4. Since the procedure is corpus-driven, it is
readily extensible: new city-related corpora can be
plugged into the same loop to derive prototypes
tailored to specific downstream tasks.

Sensitivity to prototype categories. To quan-
tify the contribution of each prototype, we remove
one category at a time under the CHI2NYC cross-
city setting (Table 3). Discarding all prototypes
yields the largest degradation across the four tasks,
confirming that prototype-level semantics are in-
dispensable for cross-city transfer. The reliance is
further task-dependent: for function-related tasks
(Business and Crime), dropping functional proto-
types is more harmful than dropping human-flow
ones, whereas the opposite holds for the flow-
related Crash prediction. Nevertheless, removing
any single category still outperforms removing all
of them in most cases, indicating that the three
axes provide complementary rather than redundant
semantics. This observation also suggests task-
adaptive weighting over prototype categories as a
natural extension of our framework.

A.5 Transfer with a Distinct Source City

All cross-city experiments follow a strict data-
isolation protocol: taking NYC2CHI as an exam-
ple, both pretraining and instruction tuning con-
sume only NYC data, and the target city is touched
exclusively at inference time. To further stress-test
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Table 3: Ablation on the three categories of urban prototypes under the CHI2NYC cross-city setting. Best results
are in bold and the second best are underlined.

Variant
Business Crime Crash 311 Service

RMSE R2 RMSE R2 RMSE R2 RMSE R2

w/o All Prototypes 24.19 0.46 97.02 0.21 9.52 0.17 396.45 0.14
w/o Function Prototypes 23.88 0.48 95.85 0.23 9.17 0.20 390.68 0.17
w/o Location Prototypes 23.38 0.50 92.65 0.24 9.23 0.18 388.64 0.19

w/o Human-flow Prototypes 22.47 0.51 88.92 0.29 9.43 0.17 395.23 0.15
Full (Ours) 22.26 0.53 89.75 0.27 9.09 0.20 387.07 0.20

Table 4: Categories and Examples of Urban Prototypes

Prototypes Examples

Function Residential area, Office district, Com-
mercial area, Educational zone, Medi-
cal zone, Industrial zone, Recreational
zone, Green space, Mixed-use area,
Vacant land

Location Urban core, Suburban area, Transport
hub, Edge zone, City center, Residen-
tial fringe, Highway adjacent, Near
railway station, Airport vicinity, Low-
density outskirts

Human Flow Morning peak commute, Evening
peak commute, Weekday movement,
Weekend activity flow, High transit
flow, Low pedestrian flow, Inbound
population flow, Outbound population
flow, Commute patterns, Population
concentration

transferability, we introduce Chengdu (CD) as an
additional source city, which differs substantially
from NYC and CHI in spatial layout, urban scale,
and mobility rhythm, and is processed with the
same pipeline. We transfer from CD to NYC and
CHI, and report the RMSE results in Table 6, where

each newly added setting is placed next to its coun-
terpart in the main experiments.

Transferring from CD yields performance com-
parable to transferring between NYC and CHI
across all four tasks, and the results remain sta-
ble regardless of which city serves as the source.
Such stability indicates that Urban Prototypes ab-
stract city-invariant regularities and align them with
a shared semantic space, so that the transferable
knowledge is not tied to the specific spatiotempo-
ral patterns of any individual source city. Conse-
quently, the effectiveness of our framework does
not rely on the source and target cities being geo-
graphically or culturally similar.

A.6 High Quality Instruction Dataset.

To align spatiotemporal contexts with the LLM’s
semantic space, we construct a high-quality instruc-
tion dataset for two-stage instruction tuning. Stage
1 focuses on comparative tasks to establish a foun-
dational understanding of mobility patterns. The
instruction dataset comprises positive and negative
sample judgments based on key mobility statistics,
such as human flow volume and centrality within
the mobility network. Stage 2 involves generating
detailed mobility descriptions using GPT-4o, where
each region is characterized by multiple descrip-
tive attributes, including net mobility flow, peak
hours, deviations from citywide averages, weekday-
weekend variations, and inferred semantic at-
tributes. Table 5 provides representative examples
of instructions from both stages.

A.7 Ablation on Instruction-Tuning Strategy.

We conduct an ablation study to evaluate the role of
the proposed two-stage instruction-tuning strategy
in cross-city urban region representation learning.
We compare three model variants: (1) w/o Tun-
ing, where the LLM backbone is used without in-
struction tuning; (2) S1 Tuning, which applies only
Stage 1 instruction tuning; and (3) S1+S2 Tuning,
which jointly employs both stages.

As shown in Table 7, instruction tuning con-
sistently improves performance across all down-
stream tasks and both cities. Notably, applying
Stage 1 alone already leads to clear gains over the
untuned model, suggesting that the initial align-
ment objective effectively bridges spatiotemporal
region representations with the semantic space of
the LLM, which is essential for cross-city general-
ization. Further incorporating Stage 2 results in ad-
ditional and consistent improvements, yielding the
best performance in all evaluated settings. These
results indicate that the staged instruction-tuning
strategy progressively enhances the transferability
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Table 5: Examples of Instruction Prompts for Spatiotemporal Alignment.

Example of stage 1 instruction
Input: Characterize the population mobility of regions A and B, which are sequentially represented
in the embedding vector <region_embedding> <region_embedding> . Compare and determine
which region is more central in the mobility network?
Output: Region B is more central in the mobility network than Region A.

Example of stage 2 instruction
Input: Given the human mobility embedding <region_embedding> , describe the average popula-
tion flow characteristics of this region.
Output: The region exhibits higher inflow and outflow rates compared to regional averages, particu-
larly during peak hours. There is a concentration of inflow in the early hours, suggesting morning
rush, with higher outflow during the afternoon and evening, indicating commuting and leisure
activities. The inflow and outflow patterns indicate a dynamic, active urban environment with a
strong flow of people in and out, possibly reflecting a busy commercial or tourist hub.

Table 6: Transfer performance (RMSE) with different
source cities.

Setting Business Crime Crash 311
CHI2NYC 22.26 89.75 9.09 387.07
CD2NYC 21.68 90.79 9.17 388.97
NYC2CHI 42.12 123.69 308.78 202.06
CD2CHI 41.97 125.03 310.63 201.97

Table 7: Ablation study on the Instruction-Tuning strat-
egy.

City Method Business Crime Crash 311

CHI2NYC
w/o Tuning 24.08 95.71 9.47 397.63
S1 Tuning 24.49 91.71 9.42 393.30

S1+S2 Tuning 22.26 89.75 9.09 387.07

NYC2CHI
w/o Tuning 46.88 131.34 350.98 244.98
S1 Tuning 43.45 124.79 320.46 214.78

S1+S2 Tuning 42.12 123.69 308.78 202.06

and semantic coherence of urban region represen-
tations, thereby facilitating more robust cross-city
urban analytics.

A.8 Representation Visualization

We visualize region representations from NYC
and CHI by jointly projecting them into a two-
dimensional space using t-SNE(van der Maaten
and Hinton, 2008), as illustrated in Figure 5. This
experiment compares ReCP and URBAN-PROTOS
to examine their representation distributions under
cross-city settings. For ReCP, region embeddings
form structured and well-separated clusters within
each city; however, representations from NYC
and CHI are largely distributed in disjoint regions
of the embedding space. This pattern indicates
that, although intra-city distinctions are preserved,

Figure 5: Cross-city visualization of urban region repre-
sentations learned by different models.

the learned representations remain strongly city-
dependent, limiting cross-city consistency. In con-
trast, URBAN-PROTOS learns region embeddings
that exhibit clear cluster structures within each city,
while sharing a common embedding space across
cities. Regions from different cities are organized
according to similar patterns rather than city iden-
tity, suggesting that URBAN-PROTOS captures
higher-level urban semantics that are transferable
across heterogeneous urban environments. We also
conducted a detailed case study in Section 4.5.

A.9 Examples of LLM-based Inference

For URBAN-PROTOS, the large language model
is employed as a semantic reasoning backbone to
integrate prototype-aligned spatiotemporal repre-
sentations with contextual urban attributes. To qual-
itatively examine the learned urban semantics, we
analyze the model’s internal reasoning by decoding
contextualized hidden states under a fixed analysis
prompt, as illustrated in Table 8. Given a region,
its aligned representation and textual attribute cues,
i.e., the location and POI descriptions, are fed into
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Table 8: Examples of URBAN-PROTOS’ Region Representation and Decoded Output.

Location Information: Region 95 is located at latitude 40.70530 and longitude -74.00609 in New
York City.
POI Information: Region 95 is a bustling area with a diverse range of Points of Interest (POIs)
including various dining options such as restaurants, cafes, fast food joints, and pubs. It also features
several financial institutions, shops offering services like hairdressing, cosmetics, and alcohol, as well
as accommodations like hotels. Additionally, the region has health-related POIs like pharmacies and
dentists, along with public services such as post offices and ATMs. Transport options are available
with bus stops, and there are cultural attractions like art galleries and historic landmarks.
Mobility Information: To better understand the region’s human mobility characteristics, we provide
the corresponding human mobility embedding <region_embedding>.
Task Prompt: Based on the provided information, generate a concise description of the region’s
characteristics, functionality, and potential roles within the city.

Output Representation: <region_representation> which is derived from the last hidden states of
URBAN-PROTOS.
Decoded Output: The region functions as a densely populated commercial area with a wide range
of amenities, including financial services, dining, healthcare, retail and accommodation facilities. It
exhibits high mobility levels during peak hours, suggesting strong transportation demand and active
population flow. Overall, the region functions as a central business district with substantial economic
activity, supporting a substantial workforce and attracting visitors from surrounding areas.

the LLM, and the decoded responses are inspected
to infer high-level properties such as functional
roles, spatial centrality, and characteristic mobility
patterns. These results are used solely for qual-
itative inspection rather than explicit generative
outputs, since the actual output of our model is the
region representation taken from the last hidden
states, whereas the decoded text is reported only
for interpretability. As shown in Table 8, the ob-
served reasoning outcomes are consistent with the
underlying mobility dynamics and regional con-
text, providing qualitative evidence that URBAN-
PROTOS captures meaningful and transferable
urban semantics in the LLM latent space.
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