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Abstract

Learning transferable region embeddings is fundamental to urban computing, support-
ing applications from economic forecasting to public safety. Existing multi-view fusion
methods predominantly rely on coarse-grained fusion, applying uniform weights across
an entire city or task, thereby neglecting spatial heterogeneity—the fact that the dominant
view driving a region’s function varies significantly across regions. To address this, we
propose RAMEN, a two-stage framework for Region-adaptive Mixture of Ego-Networks
learning. In the pre-training stage, a unified spatially aware Transformer distills universal
urban semantics. In the fine-grained adaptation stage, a Mixture of Ego-Networks (MoEN)
module employs a region-adaptive gating mechanism to dynamically allocate exclusive
view weights for each region. A Region Ego-aware Spatial Transformer (REST) then aggre-
gates these fused local subgraphs by explicitly injecting degree and physical distance priors,
overcoming the over-smoothing limitations of traditional GNNs. Extensive experiments
on real-world datasets for check-in, crime, service call and population prediction show
that RAMEN consistently outperforms state-of-the-art baselines, achieving up to 35.3%
MAE improvement. Visualizations of gating weights further suggest that RAMEN’s fusion
aligns well with real-world urban physical characteristics.

Keywords: urban region representation learning; multi-view fusion; ego-networks

MSC: 68T07

1. Introduction
Characterizing urban regions from heterogeneous geospatial data is a core problem

in geospatial artificial intelligence (GeoAI), underpinning applications from public safety
to urban planning [1–3]. No single source captures the full profile of a region. Remote
sensing imagery records physical morphology and land cover, points of interest (POIs)
reflect functional composition, and human mobility encodes connectivity and accessibility.
Therefore, the learning of a transferable region representation depends on the fusion of these
complementary modalities into a unified embedding that supports diverse downstream
tasks, including crime, check-in, service demand, and population prediction [4,5].
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Existing studies have made significant progress in fusing multi-source heterogeneous
data to learn urban region embeddings. For instance, some approaches capture inter-view
correlations through attention-based multi-view joint learning [6–8], while others enhance
cross-view information consistency via contrastive learning [9–11]. However, the majority
of these methods adopt “globally shared weights”, meaning a uniform set of fusion weights
is strictly applied across all regions within a city. While recent advancements have noticed
this limitation and begun to manually or learnably adjust view weights based on specific
downstream tasks (e.g., a check-in prediction task might inherently pay more attention
to attractive POIs) [12,13], a critical flaw remains. Whether operating at the city level or
the task level, these approaches fundamentally belong to coarse-grained fusion. They
inevitably ignore the most crucial attribute of urban spaces: spatial heterogeneity.

Modeling the spatial heterogeneity of urban regions across different tasks—specifically,
recognizing that the “dominant view” dictating a region’s function varies drastically from
one location to another—is of paramount importance. To illustrate this intuitively, consider
the check-in prediction task (as conceptually illustrated in Figure 1). Region A, a suburban
scenic area, draws a high volume of check-ins from its natural land cover, vegetation,
water, and open space, which remote sensing imagery captures but sparse POI records
and low transit flows do not; its check-in behavior is therefore driven by the physical
environment rather than digital footprints. Conversely, Region B, a downtown transit
hub, handles massive daily crowds where check-ins are largely a byproduct of immense
transit volume, making its behavior highly mobility-driven. Forcing uniform view fusion
weights upon these two distinct regions during prediction will inevitably neutralize their
unique characteristics, leading to sub-optimal representations. Therefore, a fine-grained,
region-adaptive fusion mechanism is urgently required.

Figure 1. Example of region-level spatial heterogeneity.

To achieve such fine-grained, region-level fusion, the ego-network—comprising a
target region and its immediate spatial context—serves as the most natural microscopic
granularity. Ideally, we need to dynamically learn a fused region ego-network for each
area and employ Graph Neural Networks (GNNs) to model this fine-grained spatial
heterogeneity. However, traditional message-passing GNNs encounter severe bottlenecks
in this scenario. First, they aggregate neighbors based on simple topological structures,
failing to capture the complex spatial relationships (e.g., physical distance or functional
similarity) between the central node and its specific neighbors. Second, they lack the ability
to explicitly model the connectivity degree of different regional ego-networks.
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To address the aforementioned challenges, we propose a novel framework: Region-
Adaptive Mixture of Ego-Networks for Multimodal Geospatial Fusion in Urban Region
Representation (RAMEN). First, we design the Mixture of Ego-Networks (MoEN) fusion
module. Through a region-adaptive gating mechanism, this module dynamically generates
exclusive view weights for each region, enabling the precise and fine-grained fusion of
multi-view ego-networks. Second, to overcome the limitations of traditional GNNs on
ego-networks, we introduce a Region Ego-aware Spatial Transformer (REST) module. By
injecting connectivity degree and distance priors (e.g., physical distance or cosine similarity)
directly into the attention mechanism, this module achieves highly precise aggregation of
the fused ego-networks. Furthermore, to maintain architectural uniformity and adequately
model physical spatial relations, this Transformer module is also repurposed as the front-
end single-view feature encoder.

The main contributions of this work are summarized as follows:

• We reveal the critical limitations of “coarse-grained fusion” in existing multi-view
urban region representation methods, explicitly identifying the problem of region-level
spatial heterogeneity.

• We propose an innovative Mixture of Ego-Networks module, achieving genuine fine-
grained, region-level multi-view fusion through a region-adaptive gating mechanism.

• We tailor a unified Region Ego-aware Spatial Transformer module, effectively overcom-
ing the structural defects of traditional GNNs when processing the spatial topology of
ego-networks.

• Extensive experiments on multiple real-world city datasets demonstrate that our
method not only achieves state-of-the-art (SOTA) performance but also exhibits strong
regional interpretability.

The remainder of this paper is organized as follows: Section 2 comprehensively re-
views the pertinent literature on multi-view urban region representation and the application
of ego-networks in graph learning. Section 3 formalizes the research problem and elaborates
on the proposed RAMEN framework, specifically detailing the mathematical formulations
of the Region-Adaptive Gating mechanism and the REST module. Section 4 presents a
rigorous empirical evaluation against state-of-the-art baselines across diverse downstream
tasks, accompanied by in-depth ablation, a case study and parameter-sensitivity analyses.
Finally, Section 5 concludes this work and discusses potential avenues for future research.

2. Related Work
2.1. Multi-View Urban Region Representation Learning

Early endeavors in urban region representation primarily focused on single-view
learning, relying on isolated data sources such as human mobility trajectories [4,14], satel-
lite or street-view imagery [2,15,16], and Points of Interest (POIs) [17]. Such uni-modal
approaches inevitably yield partial urban profiles and generally perform well only on a
narrow set of specific tasks.

To enrich region representations, recent studies have shifted towards multi-view learn-
ing, fusing diverse data modalities to comprehensively profile urban spaces [18,19]. For
instance, methods like MV-PN [20] and CGAL [21] model intra-region structural informa-
tion and inter-region spatial autocorrelations from POI and mobility views, but they often
rely on naive concatenation or basic MLP assemblies for multi-view fusion. To discern the
varying importance of different views, models such as MVURE [5], Region2Vec [8], and HA-
Fusion [7] employ attention mechanisms to capture cross-view correlations. Concurrently,
inspired by contrastive learning paradigms, approaches like ReMVC [9], ReCP [10], and
UrbanMMCL [1] align multi-view semantic spaces to ensure cross-modal consistency. More
recently, the focus has expanded to task-specific adaptation, with works like HREP [22],
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FlexiReg [23], and GURPP [12] exploring prompt tuning to align general embeddings with
downstream objectives.

Despite their tremendous success, a critical limitation persists: most of these methods
rely on globally shared weights or merely distinguish view importance at the task level.
Consequently, they overlook the fine-grained spatial heterogeneity inherent in urban
spaces—specifically, the phenomenon whereby different regions exhibit vastly different
view dependencies, even within the exact same task. The MoEN proposed in this paper is
precisely designed to bridge this gap.

2.2. Ego-Networks and Mixture of Experts for Graph Learning

In graph learning, capturing micro-level spatial heterogeneity is crucial, and ego-
centric networks are naturally suited for this characteristic. Recently, the superiority of
ego-centric modeling has been validated in broader graph-learning domains. For instance,
in spatiotemporal forecasting, ENRLF [24] constructs ego-centric networks for sample-level
targets, effectively filtering out irrelevant long-distance noise while preserving critical
micro-dependencies. Similarly, CS-GNN [25] utilizes ego-networks to distill local structural
diversity, successfully mitigating structural distribution shifts during graph knowledge
transfer. These advances corroborate that, to effectively model spatial heterogeneity at the
urban region level, the ego-network—a subgraph comprising a central region and its direct
neighbors—serves as the most natural and effective granularity for delineating micro-level
urban features.

Concurrently, the Mixture-of-Experts (MoE) architecture has demonstrated immense
potential as a dynamic routing mechanism for the processing of heterogeneous and mul-
timodal data. Recent works, such as UniGraph2 [26], I2MoE [27], and HMoE [28], have
successfully leveraged MoE to dynamically align multimodal features and quantify modal
interactions. In the specific context of graph learning, MoEGCL [29] takes a pioneering
step by integrating MoE with ego-networks to achieve sample-level fusion for multi-view
node clustering.

However, existing MoE-based graph methods exhibit critical limitations when applied
to complex urban predictive tasks. Models like UniGraph2 and I2MoE primarily route at the
flat node-feature level, largely ignoring the local topological structures inherent in spatial
data. Furthermore, while MoEGCL incorporates ego-graphs, it is strictly designed for
unsupervised node clustering without task-specific guidance, and it fails to overcome the
inherent bottlenecks of traditional GNNs when processing ego-networks. In contrast, our
proposed MoEN module explicitly leverages task-specific supervision signals to generate
unique, region-specific fusion weights for each ego-network. To further complement this,
we tailor a REST module to execute fine-grained message passing specifically on ego-
networks, thereby maximizing the preservation of fine-grained spatial heterogeneity for
specific downstream tasks.

3. Methodology
3.1. Preliminaries

Definition 1 (Urban Region). A city is partitioned into a set of N non-overlapping regions
(R = {r1, r2, . . . , rN}) based on administrative boundaries or census tracts. Each region (ri ∈ R)
is associated with multi-view data capturing functional, visual, and social characteristics.

Definition 2 (Geographic Topology Graph). We construct a spatial adjacency matrix
(A ∈ RN×N) based on geographical distance. Specifically, for any pair (ri, rj), we compute
the Manhattan distance (dij) between the centroids. The adjacency weight is defined via a Gaussian
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kernel: Aij = exp(−d2
ij/2σ2) if dij ≤ τ and Aij = 0 otherwise, where σ is the standard deviation

and τ is a distance threshold to maintain sparsity.

Definition 3 (Multi-View Features). We denote the input feature matrices for POIs, Satellite
Imagery (SI), and mobility as Xpoi ∈ RN×P, Xsi ∈ RN×S, and Xmob ∈ RN×N , respectively.
Here, P represents the total number of distinct POI categories, and S denotes the dimensionality of
the visual feature vectors extracted from satellite imagery. Specifically, Xpoi encapsulates regional
functional attributes, Xsi captures visual urban morphology and land-use patterns, and Xmob reflects
the integrated connectivity and accessibility between regions.

Definition 4 (Region Ego-Network). The ego-network of a target region (ri) under view v is
defined as a local subgraph (Gv

i = (Vi, E v
i ), where Vi comprises ri and its Top-k nearest neighbors

based on view-specific similarities). We denote the local adjacency matrix of this ego-network as
S(v)

i ∈ R|Vi |×|Vi |.

Definition 5 (Problem Formulation). Given R and multi-view features, we aim to learn a unified
mapping function (F : R → Rd), assigning each region (ri) a fine-grained embedding (hi ∈ Rd)
that effectively captures spatial heterogeneity for diverse downstream tasks.

3.2. Framework Overview

As illustrated in Figure 2, the proposed framework is designed as a hierarchical
architecture that progressively evolves urban representations from coarse-grained universal
profiles to fine-grained task-specific descriptors. Specifically, the framework first learns
coarse-grained universal embeddings from multi-view heterogeneous data, which capture
fundamental cross-modal correlations and task-agnostic urban semantics across the entire
city. This foundational layer serves as a coarse-grained knowledge base that encapsulates
the global consensus of urban functions.

Figure 2. The model framework.

Building upon these base representations, the framework transitions into a micro-
level refinement phase to untangle spatial heterogeneity. This is achieved through the
Mixture of Ego-Networks (MoEN) module, which adaptively re-weights multi-view local
topologies via a region-adaptive gating mechanism, thereby shifting the focus from global
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patterns to region-level view dependencies. Subsequently, these dynamically fused ego-
networks are processed by the Region Ego-Aware Spatial Transformer (REST) to capture
fine-grained structural dependencies and micro-spatial priors. By seamlessly progressing
from coarse-grained semantic learning to fine-grained, region-adaptive modeling, the
framework produces highly expressive embeddings tailored to diverse urban tasks.

3.3. Coarse-Grained Region Representation Learning

To capture the spatial autocorrelation within each view, heterogeneous inputs are
first projected into a unified space using MLPs. To maintain architectural uniformity, we
leverage the REST module (detailed in Section 3.5) as the backbone view encoder, which
extracts fundamental spatial dependencies by injecting distance-based priors.

After obtaining view-specific embeddings (hv
i ), we adopt an attention-based fusion

mechanism following [7] to derive the coarse-grained embedding (hcoarse
i ). This represen-

tation is pre-trained using a multi-task reconstruction loss (LRec). Specifically, we apply
view-specific decoders to hcoarse

i to generate reconstructed outputs (x̂v
i ).

• Similarity Reconstruction: We reconstruct the pairwise similarity matrix by comput-
ing the inner product of POI and SI outputs:

Lu =
1

N2 ∑
i,j

∥sim(x̂u
i , x̂u

j )− sim(xu
i , xu

j )∥2 (1)

where u ∈ {poi, si} and sim(·, ·) denotes the cosine similarity between original features.
• Mobility Reconstruction: We follow [7] to reconstruct region-to-region transition

probabilities using KL divergence:

Lmob = ∑
i,j

Pij log

(
Pij

P̂ij

)
(2)

where Pij and P̂ij represent the empirical and predicted transition probabilities from
region ri to rj, respectively.

The total reconstruction loss is LRec = λ1Lpoi + λ2Lsi + λ3Lmob. Once pre-trained,
these parameters are strictly frozen during the fine-grained learning stage.

3.4. Mixture of Ego-Networks Module (MoEN)

We first construct view-specific ego-networks for each region (ri) using K-Nearest
Neighbors based on feature similarity, yielding the local adjacency matrices (S(v)

i ). To
address spatial heterogeneity, where different regions exhibit varying view dependencies,
we introduce region-adaptive gating. This module takes the concatenated multi-view
embeddings as input and computes region-specific view weights (wi = [wpoi

i , wsi
i , wmob

i ])
as follows:

wi = Softmax(MLP([hpoi
i ∥hsi

i ∥hmob
i ])) (3)

The fused regional ego-network topology (S f used
i ) for region ri is derived by the

weighted summation of its multi-view adjacency matrices:

S f used
i = ∑

v∈{poi,si,mob}
wv

i S(v)
i (4)

Unlike global weighting schemes, this gating mechanism dynamically evaluates the
task-specific importance of each view solely based on the micro-profile of region ri, enabling
genuine fine-grained spatial heterogeneity modeling.
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However, during the training process, the region-adaptive gating mechanism may
suffer from the view dominance problem. The model might greedily assign an overwhelm-
ingly high weight (e.g., a near one-hot vector) to a single dominant view that converges
faster, thereby suppressing the informative signals from other complementary views. To
prevent such weight collapse and encourage a balanced yet adaptive fusion, we intro-
duce an entropy-based regularization mechanism, which is jointly optimized during the
downstream task adaptation (detailed in Section 3.6).

3.5. Region Ego-Aware Spatial Transformer (REST)

To overcome the inability of traditional GNNs to capture fine-grained spatial hetero-
geneity and distance-weighted dependencies, we propose the REST module. Note that
this REST module is instantiated independently from the frozen view encoders in the
pre-training stage, aiming specifically to aggregate the fused ego-networks.

3.5.1. Spatial Encodings

For each region (ri), we first distill two types of spatial priors from the dynamically
fused ego-network (G f used

i ).
Degree Encoding: To characterize regional hub-ness within the local context, we

compute the node degree (degi = ∑j∈Vi
S f used

ij ). To ensure numerical stability and scale-
invariance across different urban graphs, we perform max-normalization:

degi =
degi

maxk(degk) + ϵ
(5)

where ϵ is a small constant. This normalized degree is then mapped via a linear projection
layer to a d-dimensional vector (edeg

i = Linear(degi)), which is added to the coarse-grained

region embedding (hcoarse
i ) to form the initial hidden state: z(0)i = hcoarse

i + edeg
i .

Distance Encoding: To capture explicit pairwise spatial correlations, we map the
topological edge weights in S f used

i to a distance-aware attention bias:

Bij = Linear(S f used
ij ) (6)

This bias provides an explicit structural prior for the subsequent information aggregation.

3.5.2. Ego-Aware Attention Mechanism

Inside each REST layer, message passing is executed strictly within the bounded recep-
tive field of the ego-network. To enhance training stability, we adopt a pre-normalization
architecture as illustrated in Figure 2.

Let z(l)i ∈ Rd denote the representation of region ri at the l-th layer. The input is first
normalized and projected by weight matrices (WQ, WK, WV ∈ Rd×dk ) to obtain the query,
key, and value matrices:

qi = LN(z(l)i )WQ, kj = LN(z(l)j )WK, vj = LN(z(l)j )WV (7)

To explicitly model fine-grained spatial heterogeneity, we incorporate the distance-aware
attention bias (Bij) into the similarity calculation. The pre-softmax attention score (eij) and
the final attention weight (αij) between region ri and its neighbor (rj ∈ Vi) are formulated
as follows:

eij =
qik⊤

j√
dkey

+ βBij, αij =
exp(eij)

∑u∈Vi
exp(eiu)

(8)
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where dkey is the dimension of the key vectors and β is a hyperparameter controlling the
importance of the spatial inductive bias. Crucially, the softmax normalization is strictly
constrained to the neighborhood (Vi) defined by the fused ego-network.

The final output of the ego-aware attention mechanism for region ri is computed as
the weighted sum of the value vectors:

Attn(z(l)i ) = ∑
j∈Vi

αijvj (9)

Following the attention stage, this output is added to the un-normalized input via a residual
connection to form an intermediate state (z′(l)i ), which is then processed by a Feed-Forward
Network (FFN):

z′(l)i = z(l)i + Attn(z(l)i ) (10)

z(l+1)
i = z′(l)i + FFN(LN(z′(l)i )) (11)

where LN(·) denotes layer normalization. After L layers of such spatially aware aggrega-
tion, the final output is mapped via an MLP head to derive the task-specific fine-grained
representation: h f ine

i = MLP(z(L)
i ).

3.6. Task Adaptation and Optimization

The fine-grained embeddings (h f ine
i ) are fed into a task-specific FNN for final pre-

diction. For regression tasks (e.g., check-in or crime prediction), we minimize the mean
squared error (MSE) as the supervision loss:

Ltask =
1

|Rtrain| ∑
i∈Rtrain

(yi − ŷi)
2, (12)

where yi and ŷi denote the ground truth and the predicted value for region ri, respectively,
and Rtrain represents the set of training regions.

Furthermore, to mitigate the view dominance issue discussed in Section 3.4, we
explicitly regularize the gating weights (wi) by minimizing their negative entropy. This
prevents the gating distribution from degenerating into a one-hot state. The gating entropy
regularization loss (Lreg) is formulated as follows:

Lreg =
1
N

N

∑
i=1

∑
v∈{poi,si,mob}

wv
i log(wv

i + ϵ), (13)

where ϵ is a small constant to ensure numerical stability. Minimizing Lreg is mathematically
equivalent to maximizing the information entropy of the gating weights, thereby forcing
the model to continuously explore and extract valuable semantics from all available views
rather than overly relying on a single modality.

The overall objective function for the fine-grained learning stage is defined as follows:

Ltotal = Ltask + γLreg, (14)

where γ is a hyperparameter balancing downstream prediction and gating regularization.

3.7. Time-Complexity Analysis

We conducted a time-complexity analysis for the key modules. In the fine-grained
adaptation stage, the coarse-grained encoder is frozen, and the main computational cost
comes from MoEN and REST. For each region, MoEN computes region-adaptive view
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weights via an MLP and fuses multi-view adjacency matrices restricted to its top-K ego-
network. REST then performs ego-aware attention strictly within each region’s bounded
receptive field rather than over the full graph. The overall complexity is expressed as
follows: O(Nd2 + N · K · d), where O(Nd2) comes from linear projections and FFN layers
and O(NKd) comes from ego-network-restricted attention. Provided that K and d are
treated as fixed constants independent of N, the overall complexity scales linearly with
the number of regions (N). This linear scalability in N provides a favorable advantage
over baselines that rely on full graph-level attention (which can scale as (O(N2d)) in the
worst case).

4. Experiments
In this section, we conduct comprehensive experiments on real-world urban datasets to

thoroughly validate the superiority of the proposed framework. Specifically, our evaluation
is driven by the following five core research questions:

• RQ1: Does our framework achieve new state-of-the-art (SOTA) performance across
diverse downstream urban computing tasks compared to existing representation
paradigms?

• RQ2: To what extent do our core innovations—the Mixture of Ego-Networks (MoEN)
module and the Region Ego-Aware Spatial Transformer (REST)—contribute to the
final representation quality?

• RQ3: Is the RAMEN framework resilient to the absence of specific data modalities,
and can the MoEN effectively compensate for information loss across various task
scenarios?

• RQ4: Is the framework resilient to perturbations in critical hyperparameters, such
as the topological depth of ego-networks (K-hop) and the dimensionality of feature
embeddings?

• RQ5: Does the model genuinely untangle spatial heterogeneity? More importantly,
are the fine-grained view weights dynamically allocated by the model consistent with
observable urban physical characteristics?

4.1. Experimental Setup
4.1.1. Datasets

To comprehensively evaluate the proposed framework, we construct multi-view
datasets from two major metropolises: Manhattan, New York City (NYC), and Chicago
(CHI). The spatial granularity of the regions is rigorously defined by official administrative
boundaries. Specifically, the study area in NYC is delineated by census tracts in Manhattan,
whereas CHI is partitioned based on official community area boundaries obtained from the
government open data portal.

To profile the multifaceted nature of urban spaces, we extract features from three
distinct heterogeneous views: Points of Interest (POIs), high-resolution satellite imagery,
and human mobility trajectories. Furthermore, to rigorously assess the quality and transfer-
ability of the learned region representations, we curate four diverse downstream prediction
tasks using longitudinal urban records. These target variables encompass crime incidents,
user check-in volumes, public service requests (e.g., 311 calls), and demographic population
statistics. The detailed descriptive statistics of all datasets are summarized in Table 1.
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Table 1. Dataset statistics.

Dataset NYC CHI Source

Regions 180 77 Open Portal [30,31]
POIs 24,496 57,891 OpenStreetMap [32]
POI categories 26 26 OpenStreetMap [32]
Satellite images 180 77 Google Maps [33]

Taxi trips 10,953,879 3,381,807 Open Portal [30,31]
Land-use categories 11 12 OpenStreetMap [32]

Crime records 35,335 18,200 Open Portal [30,31]
Check-in counts 106,902 167,232 Foursquare [34]
Service call records 516,187 24,350 Open Portal [30,31]
Population counts 1,540,692 2,508,984 WorldPop [35]

4.1.2. Baselines

To comprehensively evaluate the effectiveness of our proposed framework, we com-
pare it against eight state-of-the-art (SOTA) urban region representation methods. Based on
their fusion paradigms and task-adaptation strategies, we categorize these baselines into
two distinct groups:

(1) Coarse-Grained Fusion Methods: These methods focus on generating task-agnostic
universal representations. They typically employ intra-graph message passing or
cross-modal contrastive alignment. However, a common limitation is their reliance
on globally shared fusion weights across the entire city, inherently ignoring regional
spatial heterogeneity.

• MGFN [36] constructs multi-period mobility graphs to capture spatial–temporal
mobility patterns, employing intra-graph message passing and an inter-graph
cross-attention mechanism for feature aggregation.

• MVURE [5] is a multi-view joint learning framework that leverages Graph
Attention Networks (GATs) to encode mobility and regional attributes (e.g.,
POIs), followed by a self-attention module for cross-view information sharing
and global weighted fusion.

• HAFusion [7] proposes a hybrid attentive fusion (DAFusion) mechanism
that first aggregates multi-view embeddings via view-aware attention and
subsequently captures high-order inter-region correlations through region-
aware self-attention.

• ReCP [10] is an unsupervised paradigm that enforces cross-modal consistency by
maximizing mutual information through inter-view contrastive learning, coupled
with intra-view feature reconstruction and conditional entropy minimization.

• UrbanCLIP [11] is an alignment-based method that leverages Large Language
Models (LLMs) to generate textual descriptions for satellite imagery, aligning vi-
sion and language modalities through contrastive pre-training to enrich regional
visual profiles.

• ComSRE [37] is a commonality-specificity disentanglement framework that
learns multi-view urban region embeddings by combining region-specific at-
tentive fusion, view-to-commonality contrastive alignment, and differential
orthogonality constraints to preserve both shared cross-view semantics and
view-specific signals.

(2) Task-Adaptive Coarse-Grained Methods: Recognizing the gap between universal
representations and downstream objectives, these recent approaches introduce task-
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specific adaptations (e.g., prompt tuning). Nevertheless, their prompts or fusion
strategies remain coarse-grained—tuned solely at the task level—therefore failing to
accommodate the fine-grained, region-specific variations within the same task.

• HREP [22] constructs a heterogeneous urban graph and extracts generic embed-
dings via relation-aware GCNs. Crucially, it introduces a continuous prompt-
learning strategy (prefix tuning) to adapt the frozen pre-trained embeddings to
different downstream tasks.

• FlexiReg [23] learns fine-grained grid-level embeddings and employs an adap-
tive aggregation module for arbitrary regional partitioning. It utilizes prompt
enhancement driven by street-view and textual alignments to flexibly adapt
representations for specific downstream applications.

4.1.3. Implementation Details

RAMEN is trained following a two-stage paradigm. In the first stage, coarse-grained rep-
resentation learning is conducted for 3000 epochs with a learning rate of 5× 10−4 to capture
generalizable urban knowledge. In the second stage, fine-grained task adaptation is per-
formed for 1500 epochs to model task-specific spatial heterogeneity. During the fine-grained
adaptation stage, all parameters learned in the coarse-grained stage are frozen, which pre-
serves the stability of the pre-trained general urban knowledge while allowing the subsequent
optimization to focus on the region-adaptive fusion and spatial aggregation modules.

For each downstream prediction task, we conduct region-level ten-fold cross-
validation following [22,23]. Under each random seed, all regions are randomly shuffled
and partitioned into ten mutually exclusive folds. In each fold, 90% of the regions consti-
tute the training pool, while the remaining 10% are held out as the test set. The training
pool is further divided into 80% for model training and 20% as an independent validation
subset. Hyperparameters are selected exclusively according to performance on the vali-
dation subset, whereas the test fold remains unseen during both model optimization and
hyperparameter selection. The test fold is used only for the final performance evaluation.
We repeat the complete ten-fold cross-validation procedure using five different random
seeds and report the average performance across the five independent runs. For statistical
significance testing, each random-seed run is treated as one statistical observation: for each
seed, the results from the ten test folds are first averaged into a single aggregated value
per method; paired t-tests are then conducted using the five seed-level observations, with
RAMEN and each comparison method paired under the same random seed.

All experiments are implemented using PyTorch 2.4.0 and conducted on an NVIDIA
GeForce RTX 4090 GPU. We investigate the key hyperparameters of RAMEN over predefined
search spaces: the spatial inductive bias coefficient (β ∈ {0.0, 0.1, . . . , 1.0}), the ego-network
size (K ∈ {5, 10, 15}), the number of REST layers (L ∈ {2, 3, 4, 5}), and the second-stage
learning rate (η ∼ LogUniform(10−4, 10−2)). The final configurations are outlined as follows:
for the MoEN module, K is set to 10 (i.e., top-10 neighbors are selected for each region and each
data view); for REST, (β, L) is set to (0.5, 3) for NYC and (0.2, 2) for CHI; and the second-stage
learning rate is 5 × 10−3 for NYC and 1 × 10−3 for CHI. Following the settings adopted
in [7,22,23], the dimensionality of the final region representations is fixed at 144.

4.2. Overall Performance (RQ1)

Table 2 presents the comprehensive predictive performance of all evaluated methods
across the four downstream tasks in New York and Chicago. Overall, our proposed RA-
MEN consistently outperforms all baselines across all metrics, with statistically significant
improvements (p-value < 0.05) on the majority of task–metric combinations. Only a few
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metrics on Service Call CHI and Population CHI do not reach significance, though RAMEN
still achieves the best absolute values.

Notably, RAMEN yields larger relative improvements on tasks that exhibit stronger
spatial heterogeneity. For example, in the check-in prediction task, RAMEN reduces RMSE
by 18.6% in NYC and MAE by 35.3% in Chicago compared to the strongest baseline. These
results provide empirical support for RQ1, indicating the effectiveness of our fine-grained
representation paradigm.

Table 2. Performance comparison on four downstream tasks. Best: bold; second: underline.
↓ indicates lower is better; ↑ indicates higher is better. Values marked with * indicate statistically
significant improvements over the second-best result (paired t-test, p-value < 0.05). The improvement
is calculated against the best baseline.

Crime
NYC CHI

MAE ↓ RMSE ↓ R2 ↑ MAE ↓ RMSE ↓ R2 ↑

MVURE 67.4 ± 0.9 90.5 ± 1.3 0.625 ± 0.017 100.4 ± 6.6 129.2 ± 7.3 0.461 ± 0.062
MGFN 73.2 ± 2.6 91.4 ± 2.9 0.618 ± 0.014 107.4 ± 5.4 137.9 ± 5.2 0.386 ± 0.047
ReCP 81.4 ± 2.0 101.3 ± 1.9 0.483 ± 0.025 86.9 ± 5.5 120.1 ± 7.1 0.534 ± 0.057
HAFusion 56.1 ± 0.7 76.1 ± 2.0 0.734 ± 0.014 77.8 ± 1.2 107.1 ± 4.4 0.631 ± 0.033
UrbanCLIP 97.4 ± 2.6 126.1 ± 1.9 0.267 ± 0.012 101.6 ± 0.6 134.7 ± 1.7 0.416 ± 0.006
ComSRE 72.3 ± 1.1 99.6 ± 6.5 0.545 ± 0.059 75.2 ± 4.2 100.3 ± 6.2 0.675 ± 0.040

HREP 66.1 ± 2.7 84.4 ± 2.3 0.674 ± 0.009 88.3 ± 6.4 114.4 ± 5.5 0.578 ± 0.041
FlexiReg † 53.2 ± 0.4 73.6 ± 1.6 0.751 ± 0.009 61.7 ± 0.2 85.1 ± 2.0 0.766 ± 0.011

RAMEN 49.3 ± 0.9 * 67.7 ± 2.1 * 0.798 ± 0.015 * 57.1 ± 0.3 * 74.1 ± 2.3 * 0.823 ± 0.010 *

Improv. 7.3% 8.0% 6.3% 7.4% 12.9% 7.4%

Check-in
NYC CHI

MAE ↓ RMSE ↓ R2 ↑ MAE ↓ RMSE ↓ R2 ↑

MVURE 285.1 ± 6.2 461.0 ± 8.4 0.682 ± 0.015 1693 ± 74 3171 ± 128 0.656 ± 0.029
MGFN 345.0 ± 13.3 503.5 ± 20.8 0.621 ± 0.032 1281 ± 41 2276 ± 86 0.817 ± 0.011
ReCP 233.8 ± 3.6 392.7 ± 19.1 0.763 ± 0.027 1272 ± 92 2341 ± 267 0.804 ± 0.045
HAFusion 202.8 ± 7.2 322.8 ± 12.6 0.844 ± 0.012 929 ± 62 1947 ± 75 0.870 ± 0.010
UrbanCLIP 393.6 ± 5.9 602.4 ± 3.1 0.458 ± 0.005 2612 ± 29 4885 ± 73 0.186 ± 0.024
ComSRE 251.7 ± 17.1 434.8 ± 44.4 0.716 ± 0.057 1609 ± 286 3927 ± 327 0.453 ± 0.088

HREP 274.1 ± 8.3 417.7 ± 14.9 0.739 ± 0.008 1679 ± 71 3135 ± 79 0.664 ± 0.017
FlexiReg † 198.2 ± 3.6 309.0 ± 17.2 0.850 ± 0.011 922 ± 76 1775 ± 199 0.891 ± 0.022

RAMEN 173.1 ± 4.5 * 251.4 ± 26.8 * 0.901 ± 0.013 * 597 ± 84 * 1207 ± 216 * 0.949 ± 0.014 *

Improv. 12.7% 18.6% 6.0% 35.3% 32.0% 6.5%

Service Call
NYC CHI

MAE ↓ RMSE ↓ R2 ↑ MAE ↓ RMSE ↓ R2 ↑

MVURE 1402 ± 27 2128 ± 36 0.398 ± 0.022 190.3 ± 9.8 266.9 ± 12.1 0.441 ± 0.050
MGFN 1653 ± 70 2250 ± 108 0.327 ± 0.060 208.2 ± 11.3 293.4 ± 16.6 0.329 ± 0.077
ReCP 1478 ± 59 2136 ± 41 0.366 ± 0.017 206.7 ± 11.1 303.4 ± 16.1 0.284 ± 0.076
HAFusion 1273 ± 20 1951 ± 27 0.493 ± 0.014 159.3 ± 13.9 222.0 ± 18.9 0.613 ± 0.067
UrbanCLIP 1409 ± 7 2401 ± 16 0.232 ± 0.005 183.2 ± 0.9 256.3 ± 1.8 0.491 ± 0.003
ComSRE 1459 ± 69 2254 ± 98 0.324 ± 0.058 213.0 ± 11.7 286.2 ± 18.8 0.362 ± 0.085

HREP 1396 ± 20 2011 ± 36 0.462 ± 0.021 185.7 ± 6.1 262.2 ± 10.8 0.468 ± 0.022
FlexiReg † 1303 ± 16 1989 ± 43 0.497 ± 0.012 121.1 ± 2.3 178.2 ± 5.1 0.753 ± 0.014

RAMEN 1187 ± 21 * 1785 ± 52 * 0.591 ± 0.010 * 110.3 ± 3.6 * 177.6 ± 3.2 0.755 ± 0.008

Improv. 6.8% 8.5% 18.9% 9.0% 0.3% 0.3%

Population
NYC CHI

MAE ↓ RMSE ↓ R2 ↑ MAE ↓ RMSE ↓ R2 ↑

MVURE 2899 ± 53 3708 ± 70 0.508 ± 0.007 13717 ± 322 17174 ± 552 0.313 ± 0.043
MGFN 3222 ± 47 4207 ± 119 0.367 ± 0.026 13071 ± 505 16578 ± 707 0.359 ± 0.054
ReCP 3527 ± 101 4434 ± 147 0.329 ± 0.043 12085 ± 400 17029 ± 561 0.325 ± 0.044
HAFusion 2497 ± 50 3277 ± 82 0.616 ± 0.019 10678 ± 390 13988 ± 548 0.544 ± 0.035
UrbanCLIP 3338 ± 11 4499 ± 16 0.276 ± 0.002 13328 ± 69 17498 ± 74 0.288 ± 0.006
ComSRE 2964 ± 95 3916 ± 100 0.452 ± 0.028 12063 ± 688 15308 ± 841 0.475 ± 0.057

HREP 3118 ± 67 4023 ± 121 0.421 ± 0.037 12063 ± 539 15397 ± 832 0.447 ± 0.061
FlexiReg † 2231 ± 24 2974 ± 60 0.701 ± 0.002 8126 ± 320 11395 ± 508 0.698 ± 0.028

RAMEN 2167 ± 21 * 2849 ± 59 * 0.717 ± 0.008 * 7881 ± 103 10669 ± 336 * 0.745 ± 0.023 *

Improv. 2.9% 4.2% 2.3% 3.0% 6.4% 6.7%

† The Chicago results of FlexiReg are taken from the original publication [23], since its pipeline requires a street-
view image dataset that has not been publicly released. All other results in this table are obtained from our
own reproduction.
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(1) Region-level fine-grained adaptation outperforms global coarse-grained fusion.
Compared with the first category of baselines (i.e., coarse-grained fusion and alignment
methods), RAMEN shows consistent performance gains. While models such as HAFusion
attain competitive results via dual-attention mechanisms, they still rely on globally shared
fusion weights and, thus, have limited capacity to customize the semantic integration for
distinct micro-environments. UrbanCLIP also yields relatively lower performance on most
regression tasks, suggesting that cross-modal semantic alignment alone (via LLMs) may
be insufficient without explicitly modeling fine-grained spatial topologies. In contrast, by
aggregating information within the bounded receptive field of ego-networks, our REST
module restricts message passing to locally relevant neighbors, which contributes to more
accurate region representations.

(2) Region-level fine-grained adaptation outperforms task-Level prompts. Within the
second category of baselines, FlexiReg is the strongest competitor and ranks second in
most cases, indicating that adapting universal representations toward specific downstream
objectives is, indeed, beneficial. Nevertheless, RAMEN still consistently outperforms
FlexiReg, with the largest margins observed on the check-in and service-call tasks. This
gap supports our core hypothesis that task-level tuning alone is insufficient in the presence
of pronounced spatial heterogeneity and suggests that even within the same task, different
regions may rely on different data views. By introducing the region-adaptive gating
mechanism, RAMEN allocates region-specific fusion weights that are more consistent with
the underlying multi-view urban characteristics.

4.3. Ablation Study (RQ2)

To thoroughly validate the necessity and effectiveness of our core architectural de-
signs, we conduct a comprehensive ablation study on the Chicago dataset across all four
downstream tasks. Specifically, we compare the complete RAMEN framework against four
critical degraded variants:

• w/o MoEN: We remove the entire Mixture of Ego-Networks module, reverting the
model to coarse-grained fusion by applying a globally shared attention weight across
all regions.

• w/o REST: We further replace our tailored Region Ego-Aware Spatial Transformer
with a standard Graph Convolutional Network (GCN) [38] to evaluate the specific
impact of our fine-grained ego-aware aggregation.

• w/o Entropy: We remove the entropy-based regularization term from the rout-
ing/fusion objective to evaluate whether this constraint stabilizes fine-grained region-
adaptive fusion.

• w/o Distance: We remove the spatial distance encoding from the REST module to
evaluate the contribution of explicit spatial priors in ego-aware aggregation.

As illustrated in Figure 3, the Chicago ablation results present an overall hierarchy
where RAMEN remains the strongest model; w/o Entropy is the best variant; w/o Distance
is competitive with or stronger than w/o MoEN on crime, check-in, and population tasks
though slightly weaker on service calls; and w/o REST is consistently the weakest. This
specific performance hierarchy explicitly answers RQ2 and reveals critical insights into
urban spatial modeling:

(1) Comparing the complete RAMEN with w/o MoEN, we observe a massive perfor-
mance drop when the entire module is removed. For instance, in the check-in prediction
task, removing the MoEN module causes the RMSE to sharply inflate from 1207 to 1952.
This degradation directly corroborates our core hypothesis: coarse-grained universal rep-
resentations fail to capture the nuanced, task-specific spatial heterogeneities of different
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regions. Extracting fine-grained, region-adaptive ego-networks is essential for accurate
urban profiling.
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(d) Population prediction

Figure 3. Ablation study of core components on the Chicago dataset across four downstream tasks.

(2) The most striking observation is that the w/o REST variant (which applies gating
but uses a GCN for aggregation) performs significantly worse than the purely coarse-
grained w/o MoEN variant. For example, in crime prediction, the R2 plunges from
0.701 (w/o MoEN) down to a mere 0.502 (w/o REST). This severe collapse highlights
a profound structural defect in traditional message-passing GNNs: when confronted
with highly heterogeneous, dynamically weighted multi-view ego-networks, standard
GCNs treat local topologies homogeneously, leading to catastrophic over-smoothing and
structural noise.

(3) The newly added w/o Entropy variant isolates the effect of the entropy-based
constraint. On the Chicago dataset, removing this term consistently weakens RAMEN: the
RMSE increases from 74.1 to 83.1 for crime prediction, from 1207 to 1421 for check-in predic-
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tion, from 177.6 to 182.5 for service-call estimation, and from 10,669 to 12,738 for population
prediction. The corresponding R2 values also decrease from 0.823/0.949/0.755/0.745 to
0.787/0.929/0.747/0.637 across the four tasks. These results indicate that entropy-guided
routing provides an additional regularizing effect that improves the robustness of fine-
grained ego-network fusion.

(4) The w/o Distance variant further substantiates the importance of explicit spatial
priors in REST. When distance encoding is removed, RMSE consistently increases across all
tasks: from 74.1 to 88.5 for crime prediction, from 1207 to 1871 for check-in prediction, from
177.6 to 244.8 for service-call estimation, and from 10,669 to 14,040 for population prediction.
These results indicate that spatial distance encoding provides essential structural guidance,
enabling REST to effectively distinguish interactions among proximate and distant ego-
networks instead of relying solely on data-driven attention weights.

These results demonstrate that entropy-guided routing, spatial encoding, fine-grained
fusion and region ego-aware aggregation are strictly co-dependent. Attempting to perform
fine-grained region-adaptive fusion without an advanced spatial aggregator (like REST)
does more harm than good. Our REST module, by explicitly injecting distance and connec-
tivity priors into the attention mechanism, helps the model better characterize the complex
micro-topologies within ego-networks, thereby complementing the MoEN framework.

4.4. Robustness Analysis Under Missing Modalities (RQ3)

To further evaluate the robustness of RAMEN in data-scarce scenarios, we conduct
an experiment where one specific data modality (POI, satellite, or mobility) is deliberately
removed during the fine-grained adaptation stage. We compare these variants against
the SOTA baseline, FlexiReg, which utilizes a full multi-modal profile. The results are
summarized in Figure 4.

Figure 4. Model robustness analysis under missing modalities. ↑ indicates higher is better.

A key observation is that the full version of RAMEN consistently provides the per-
formance upper bound across all tasks. More importantly, in the crime, check-in, and
service-call tasks, even when one view is missing, RAMEN variants generally maintain
superior or competitive performance compared to the full FlexiReg. This resilience can
be attributed to our MoEN module’s ability to autonomously re-allocate weights: when
one modality becomes unavailable, the gating mechanism adaptively increases the reliance
on the remaining informative views to compensate for the lost semantics. For instance,
in the service-call task, all three missing-modality variants significantly surpass FlexiReg,
demonstrating that our region-level ego-network modeling captures more robust spatial
dependencies than coarse-grained paradigms, even with incomplete data.
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The impact of missing modalities varies significantly across tasks, revealing the distinct
“dominant views” inherent in different urban phenomena. In crime prediction, the removal
of the mobility view leads to a more pronounced performance drop compared to other
views, confirming that human movement patterns are a critical precursor for criminal
activities. In check-in prediction, the model exhibits high stability, regardless of which single
view is missing, suggesting a degree of information redundancy where POI attractions and
mobility flows provide overlapping signals for social activity.

While RAMEN demonstrates strong overall robustness, the population estimation task
presents a more challenging case. Although the full RAMEN achieves the best R2 score,
the performance drops notably when the POI or mobility views are removed. Specifically,
the w/o Mob variant performs slightly worse than FlexiReg in this task. This indicates
that for socio-demographic indicators like population density, POIs (representing resi-
dential/commercial land use) and mobility (reflecting population distribution) provide
non-redundant and essential signals. In such cases, the MoEN’s capacity to compensate
is limited because each modality captures a unique, indispensable dimension of the re-
gion’s demographic profile. This observation underscores the necessity of maintaining
high-quality multi-source data for complex demographic modeling.

4.5. Parameter Sensitivity Analysis (RQ4)

To evaluate the robustness of our framework and explicitly answer RQ4, we conduct
a parameter sensitivity analysis on the New York City dataset. We focus on two critical
hyperparameters that govern our spatial modeling: the size of the ego-network (determined
by the top-K neighbors) and the spatial inductive bias weight (β) in the REST module. The
fluctuations in the R2 metric across the four downstream tasks are illustrated in Figure 5.
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Figure 5. Parameter sensitivity analysis on the New York City dataset. The first row demonstrates
the impact of varying the ego-network size (top-K neighbors), while the second row illustrates the
influence of the spatial inductive bias weight (β) in the REST module.

Impact of Ego-Network Size (K): The first row of Figure 5 demonstrates the model’s
performance as we vary the bounded receptive field of the ego-networks (K ∈ {5, 10, 15}).
Strikingly, across all four diverse urban tasks, the predictive performance consistently peaks
at exactly K = 10. When K is restricted to 5, the model misses crucial local context, leading
to slight performance drops. Conversely, expanding the ego-network too broadly (e.g.,
K = 15) causes a noticeable decline. For instance, in population prediction, the R2 drops
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from 0.717 at K = 10 to 0.707 at K = 15. This consistent trend yields a profound insight:
the defining functional attributes of an urban region are fundamentally dictated by its
immediate, highly localized micro-environment. Forcing the ego-network to include distant,
functionally irrelevant regions introduces structural noise, which effectively dilutes the
fine-grained spatial heterogeneity. This observation powerfully validates our architectural
choice of utilizing bounded ego-networks rather than global city graphs.

Impact of Spatial Inductive Bias (β): The second row depicts the sensitivity to β,
which balances the influence of the physical distance prior against the semantic attention
mechanism within the REST module. Overall, the curves improve as β approaches 0.5
and universally peak at β = 0.5 across all tasks. Setting β too low (e.g., 0.2) forces the
model to rely almost entirely on semantic correlations while neglecting geographic reality,
leading to sub-optimal results (e.g., crime prediction R2 drops from 0.798 at β = 0.5 to
0.750 at β = 0.2). On the other hand, an excessively large β (e.g., 0.6) forces the model
to over-emphasize physical proximity, thereby overshadowing critical latent functional
dependencies. The universal optimal sweet spot at β = 0.5 confirms that robust urban
region embedding necessitates a synergistic, carefully calibrated fusion of both global
functional semantics and local spatial–physical laws.

4.6. Case Study (RQ5)

To intuitively illustrate whether our proposed MoEN module effectively captures
spatial heterogeneity, we visualize the view-fusion weights learned by the region-adaptive
gating mechanism across Chicago. As illustrated in the top row of Figure 6a, the importance
assigned to each data modality is far from uniform, exhibiting distinct spatial patterns that
appear consistent with commonly observed urban structures.

Specifically, the POI view weights tend to be higher in the commercial corridors and
residential clusters of the central and southern areas, which is consistent with the intuition
that POI density can be informative for characterizing regional function. In contrast, the
satellite view weights are prominently highlighted in the peripheral and coastal regions,
where physical land-cover textures (e.g., water bodies and vegetation) tend to be visually
more distinguishable than through sparse digital records. The mobility view weights show
a concentrated dominance along major transit arteries and transportation hubs, suggesting
a possible association with human flow patterns in these regions.

To further investigate the model’s reasoning, we categorize each region by its dominant
view (the view with the highest weight) and highlight two representative cases, as shown
in Figure 6b:

• Mobility-Dominated Region: For the downtown core, characterized by a dense traffic
network, our model automatically assigns the highest weight to the mobility view.
This appears consistent with the common intuition that transit-intensive hubs are
often characterized by human flows and transport connectivity, in addition to static
POI categories.

• Satellite-Dominated Region: In contrast, for regions featuring extensive greenery and
open landscapes, the model shifts its focus to the satellite view. In these suburban or
ecological zones, where POI density and mobility flows are relatively low, the visual
morphological features from remote sensing imagery may offer complementary cues
for characterizing the region’s profile.

These qualitative observations are consistent with our core motivation: a “one-size-
fits-all” fusion weight, as used in existing coarse-grained methods, may be insufficient to
capture such fine-grained spatial variations. By dynamically adjusting view importance
at the region level, RAMEN’s gating mechanism provides an interpretable lens into how
different modalities contribute across regions, complementing its quantitative performance
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gains. We note that the visualizations here are intended to be illustrative rather than
a rigorous quantitative validation of interpretability, which we leave as an important
direction for future work.

(a) Weight distribution of each view

(b) Dominant view of each region and two representative cases

Figure 6. Case study on the check-in task in Chicago.

4.7. Model Running-Time Analysis

Table 3 reports the running time of downstream task adaptation on the NYC and CHI
datasets. RAMEN achieves comparable efficiency to the task-adaptive baselines, requiring
129 s on NYC and 127 s on CHI. Although the proposed region-adaptive fusion and
REST-based ego-network aggregation introduce additional spatial modeling operations,
the overall running time remains within the same scale as HREP and FlexiReg. These
results indicate that RAMEN improves prediction performance while maintaining practical
computational efficiency for downstream urban computing tasks.

Table 3. Running time (in seconds) of downstream task adaptation.

Method NYC CHI

HREP 92 146
FlexiReg 137 103
RAMEN 129 127

5. Conclusions
In this paper, we proposed RAMEN, a hierarchical framework designed to capture

the fine-grained spatial heterogeneity in urban region representation learning. By shifting
the multi-view fusion paradigm from a coarse-grained global level to a region-adaptive
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ego-network level, our model successfully addresses the limitation of uniform view de-
pendencies across diverse urban landscapes. The core innovations—the MoEN module
for dynamic weight allocation and the REST module for spatial-prior-guided aggrega-
tion—provide a robust mechanism for balancing universal urban knowledge with task-
specific micro-structures. Experimental results across multiple metropolitan cities and
diverse downstream tasks confirm the superiority and generalizability of RAMEN. Further-
more, the interpretability analysis suggests a qualitative alignment between the learned
gating weights and actual urban land-cover/mobility patterns, offering valuable insights
for urban planners.
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