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Abstract
As global populations age rapidly, incorporating age-specific
considerations into urban planning has become essential to
addressing the urgent demand for age-friendly built environ-
ments and ensuring sustainable urban development. However,
current practices often overlook these considerations, result-
ing in inadequate and unevenly distributed elderly services in
cities. There is a pressing need for equitable and optimized ur-
ban renewal strategies to support effective age-friendly plan-
ning. To address this challenge, we propose a novel frame-
work, Fairness-driven Age-friendly community Planning via
Conditional Diffusion generation (FAP-CD). FAP-CD lever-
ages a conditioned graph denoising diffusion probabilistic
model to learn the joint probability distribution of aging facil-
ities and their spatial relationships at a fine-grained regional
level. Our framework generates optimized facility distribu-
tions by iteratively refining noisy graphs, conditioned on the
needs of the elderly during the diffusion process. Key innova-
tions include a demand-fairness pre-training module that in-
tegrates community demand features and facility characteris-
tics using an attention mechanism and min-max optimization,
ensuring equitable service distribution across regions. Addi-
tionally, a discrete graph structure captures walkable acces-
sibility within regional road networks, guiding model sam-
pling. To enhance information integration, we design a graph
denoising network with an attribute augmentation module
and a hybrid graph message aggregation module, combining
local and global node and edge information. Empirical re-
sults across multiple metrics demonstrate the effectiveness of
FAP-CD in balancing age-friendly needs with regional equity,
achieving an average improvement of 41% over competitive
baseline models.

Code — https://github.com/jinlin2021/FAP CD

Introduction
Over the past two decades, global population aging has ac-
celerated. By 2050, individuals aged 65 and older are pro-
jected to comprise 38% of the world’s population (Rud-
nicka et al. 2020), posing new demands on urban infras-
tructure and services. To address these challenges, the World
Health Organization (WHO) introduced the concept of Age-
friendly Cities in 2007 (Organization 2007), highlighting the
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Figure 1: Local Moran’s Index analysis of the distribution
of age-related facilities in Beijing, illustrating spatial dis-
parities in resource allocation. Two regions with contrasting
resource levels are magnified, with blue-shaded zones indi-
cating 15-minute walkable areas around facilities.

need for developing Age-friendly Communities (AFCs) to
support aging populations (Menec et al. 2011). AFCs aim
to improve the quality of life and social participation of el-
derly residents through enhanced community services. Re-
search further shows that most elderly individuals prefer to
age in residential communities rather than rely on institu-
tional care services (Sun and Yang 2023). In this context,
studying and optimizing the distribution of aging-related fa-
cilities and services within communities is essential for the
effective development of age-friendly cities.

Unfortunately, even in some of the most advanced and
developed modern metropolises, the level of age-friendly
infrastructure remains far from adequate (Wang, Gonza-
les, and Morrow-Howell 2017; Xie 2018). For instance, in
Beijing, although 22.6% of the population was aged 60
and above by 2023, significant deficiencies in elderly care
facilities persist. Our analysis, leveraging the 15-minute
Walkability metric (Moreno et al. 2021)—which evalu-
ates resource accessibility and captures the ease of ac-
cess to community-based elderly services—shows that only
40.85% of communities have senior care centers within a 15-
minute walking distance, and merely 24.51% offer meal as-
sistance services for the elderly. Furthermore, an analysis us-
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ing Local Moran’s Index reveals significant spatial inequal-
ities in the distribution of elderly care facilities across Bei-
jing’s neighborhoods, as illustrated in Figure 1. More criti-
cally, as the aging population grows, demands for medical,
recreational, and educational facilities become increasingly
diverse and urgent (Yung, Conejos, and Chan 2016), yet cur-
rent facility allocations fail to meet these needs or support
AFCs development and regeneration.

The planning of age-friendly communities is crucial for
achieving active aging among community seniors and estab-
lishing sustainable communities. The core task is to create
an optimized spatial layout that reflects the needs of the el-
derly in urban areas (Sun and Yang 2023). Traditional large-
scale urban planning, from initial sketches to detailed de-
signs, is not only complex and time-consuming but also in-
curs substantial costs. In today’s rapidly digitizing world,
fueled by urban big data and advancements in artificial in-
telligence (AI), automated spatial layout design has not only
become feasible but is also emerging as a prevailing trend.

In recent years, a few studies have attempted to gener-
ate planning schemes automatically through deep generative
techniques. For instance, Wang et al.(2020) proposed a gen-
erative model for land use allocation, utilizing geographic
and human mobility data to build spatial graph representa-
tions and training a generative adversarial network with pos-
itive and negative sample contrasts. Wang et al.(2023) de-
veloped an instruction-based hierarchical planner (IHPlan-
ner) that captures the spatial hierarchy and planning depen-
dencies between urban functional zones and land use allo-
cation using human instructions and the surrounding envi-
ronment, generating land use configurations for vacant ar-
eas. Zheng et al.(2023) proposed a reinforcement learning
(RL)-based urban planning model, constructing an urban
adjacency graph with urban geographic elements (blocks,
roads) as nodes and framing urban planning as a sequen-
tial decision-making problem on the graph. Additionally,
some studies (Ye, Du, and Ye 2022; Eskandar et al. 2023)
have viewed urban areas as two-dimensional images, treat-
ing scheme generation as an image generation task.

Although these methods have advanced the field of auto-
mated urban planning scheme generation, they are limited
in scope: either simulating urban development patterns at a
macro level while neglecting detailed land use and building
layouts, or coarsely updating land allocation without incor-
porating the urban multimodal data (Yong and Zhou 2024;
Xu and Zhou 2024) of target communities. Moreover, no
algorithms currently exist for generating planning schemes
specifically tailored to age-friendly urban renewal. Address-
ing this critical technical gap is an urgent priority.

Recently, diffusion models (Ho, Jain, and Abbeel 2020;
Song, Meng, and Ermon 2020) have made significant ad-
vancements in the field of computer vision, becoming
the most advanced deep generative models, surpassing
other generative models such as Variational Autoencoders
(VAEs) (Kingma and Welling 2013) and Generative Adver-
sarial Networks (GANs) (Goodfellow et al. 2020). Diffusion
models approximate complex data distributions by gradu-
ally removing small amounts of noise from a simple distri-
bution. The refined denoising process enables these models

to effectively fit complex distributions and generate high-
quality data. In this study, we propose a fairness-driven age-
friendly community planning method (FAP-CD) based on
the denoising diffusion model guided by stochastic differ-
ential equations (SDEs). Leveraging conditional diffusion
generation, this approach frames the planning problem as
a facility graph generation task. It utilizes complex walking
graphs to capture spatial relationships among regional fa-
cilities, aiming to better meet the needs of elderly residents
while promoting fairness across regions.

More specifically, we deploy a unified graph noise predic-
tion model that intricately interacts with the node and edge
representations in both real-valued matrices and discrete
graph structures. Initially, we develop a fair-demand pre-
training module, utilizing min-max optimization (Pardalos,
Migdalas, and Pitsoulis 2008) to derive spatial region rep-
resentations that achieve maximum minimum entropy (Han
and Sung 2021; Razaviyayn, Hong, and Luo 2013). These
representations are meticulously crafted to reflect residential
demands within the region and to promote equitable char-
acteristics across communities. Subsequently, we guide the
diffusion process by carefully adjusting the mean of the in-
troduced Gaussian noise. During the denoising phase, we
implement a hybrid graph noise prediction model, which
comprises a message-passing layer on the discrete graph and
a graph transformer layer. The message-passing layer is re-
sponsible for modeling the dependencies among the edges
of neighboring nodes, while the transformer layer is ded-
icated to extracting and disseminating global information.
Furthermore, we utilize a straightforward walking capabil-
ity graph to support conditional discrete graph denoising and
employ m-step random walk matrices, derived from the dis-
crete adjacency matrix, to enhance the representation learn-
ing of nodes and edges.

Our main contributions are summarized as follows:
• We propose an efficient conditional discrete graph dif-

fusion framework. To the best of our knowledge, this is
the first study on generating AFCs planning that consider
both elderly needs and equity.

• We design a novel graph denoising diffusion network
conditioned on fair-demand embedding and simple dis-
crete structure to ensure practicality and fairness of the
spatial layout in the generated grid layouts.

• Extensive experiments on real-world multi-modal urban
data demonstrate that FAP-CD delivers superior perfor-
mance and significantly outperforms contemporary state-
of-the-art methods. Additionally, we provide in-depth
analyses to highlight the superiority of our framework.

Preliminaries
Problem Statement
Given a city area divided into an H × W grid map based on
latitude and longitude, with each grid of size d × dm2, the
grid regions are denoted as R = {r1, r2, . . . , rk}, where k
is the number of grid regions in the city. In our study, d is set
to 2 km, and each grid encompasses the following aspects:
Urban attributes. Urban attributes are the inherent social
and geographic features of urban regions. A specific type
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of regional attribute can be denoted as A ∈ RN×fa , where
fa is the region attribute dimensions. In our work, multiple
region attributes, like demographics and socio-economic in-
dicators, are considered.
Walking graph. For each grid region ri, we construct an
undirected weighted graph, denoted as G = {N ,E,A},
where N , E are the node set and edge set, respectively.
A ∈ {0, 1}N×N is the adjacency matrix to describe the
walkable accessibility between every two nodes in the re-
gion. N ∈ RD×fd , where D denotes the total number of
facilities and fd dictates the distinct categories of facilities
within the grids R. Each category is encoded using a one-
hot representation. Additionally, textual modal descriptions
of each facility are captured as grid features F ∈ RN×d.
Grids region demand. This includes the current status of
facility distribution on each grid region, based on Beijing’s
standards for facilities per thousand residents1 and the reg-
ulations for age-appropriate amenities2, we evaluate the ex-
isting facility on each grid. We classify the state of area fa-
cilities into four categories: no supply, under supplied, ap-
propriately supplied, and oversupplied. We standardize each
demand representation D ∈ {0, 1, 2, 3}N×N (i.e., high con-
figuration, proper fit, low configuration, under allocation).
AFCs Planning Generation. Given a set of grid regions
R = {r1, r2, . . . , rk}, each characterized by grid demand
D, urban region attribute A and grid feature F , our goal is
to generate the AFCs planning that addresses equitable de-
mands across various urban areas in different time intervals.

Preliminaries on Diffusion Process
Diffusion models are a class of generative models that gen-
erate samples by learning a distribution that approximates
a data distribution. The first step in constructing diffusion
models (Ho, Jain, and Abbeel 2020; Song, Meng, and Ermon
2020) is to define a forward diffusion process. Assuming a
continuous random variable x0 ∈ Rd, the diffusion models
consist of a forward process that gradually add noise to per-
turbs x0 until the output distribution becomes a known prior
distribution within the specified time range t in the interval
[0, T ], we have a Gaussian transition kernel as follows:

q0t(xt|x0) = N (xt|αtx0, σ
2
t I), (1)

where αt and σt are time-dependent differentiable functions,
usually chosen to ensure that the signal-to-noise ratio α2

t

σ2
t

de-
creases. This ensures that qT (xT ) ≈ N (0, I), resulting in a
tractable prior distribution with a low signal-to-noise ratio
that is convenient for sampling. The forward process can be
represented by the following SDE:

dxt = f(xt, t)dt+ g(t)dwt, (2)

where f(·, t) is the drift coefficient, g(t) is the scalar diffu-
sion terms (a.k.a. noise schedule function), and wt is a stan-
dard Brownian motions on f(·, t). The reverse-time SDEs
from time T to 0 is denoted as:

dx̄t = [f(t)xt − g2(t)∇ log qt(xt)]dt+ g(t)dw̄t, (3)

1http://www.cacp.org.cn
2https://www.beijing.gov.cn/zhengce/zhengcefagui/
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Fair-Demand Module

Figure 2: Framework overview of the proposed FAP-CD.

where ∇ log qt(xt) is the score function and dw̄t is the
reverse-time standard Wiener process. By learning to re-
verse this process, the diffusion model generates new sam-
ples from the data distribution.

In this work, to address the scarcity of elderly-friendly
facilities and spatial inequity within contemporary urban
structures, we adopt a diffusion model based on graph SDEs.
Specifically, we abstract the spatial and facility relationships
within grid region into a graphical representation, construct-
ing a graph G = (X,A) composed of N nodes with fea-
tures X∈RN×F encoded using one-hot encoding to denote
the types of facilities, and the adjacency matrix A ∈ RN×N

(i.e., Ai,j = 1 if the walking time between node i and j is
within 15 minutes).

Methodology
Figure 2 illustrates the overall framework of FAP-CD, which
can be divided into two stages: forward process and reverse
process with conditional graph denoising. The fair-demand
module learns to ensure a valid fair representation optimized
by the min-max principle across regions, which serves as the
condition supporting the graph denoising diffusion process.

Fair-demand Module
To generate a target optimized spatial distribution map of
facilities from noise in vector space, we design an atten-
tion mechanism-based fair-demand module as shown in Fig-
ure 3 (c). The denoising process utilizes the region-specific
max-min fairness demand embeddings, which are learned
through the fair-demand module, to guide the AFCs genera-
tion. Specifically, for each region ri, let D̄i denotes the rep-
resentation obtained by concatenating the urban attributes
and demand representations, then use a linear projection to
obtain the query vector Q = D̄iWq . Subsequently, grid fea-
tures are mapped through a fully connected layer to the same
vector space to get the key vector K = FiWk and the value
vector V = FiWv . The importance of region demand repre-
sentations and the output are calculated as follows:

αi = softmax(
QF⊤

i√
dh

), (4)

Hi = αsVWH , (5)

where WO is the output projection matrix.
In this study, we advance beyond simply concatenating

various conditional embeddings for control conditions. We
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Figure 3: The architecture of (a) graph denoising network, (b) graph transformer block, and (c) fair-demand module.

focus on detailed modeling of demand interactions among
facilities and the semantic characteristics of residential ar-
eas, while also addressing inter-regional fairness. Our re-
fined conditional embedding, represented as Ci = Hi ◦ Fi,
empowers the model to adaptively leverage these represen-
tations for more nuanced and effective outcomes.

To generate a distribution of service facilities that meets
the requirements of age-friendliness and spatial fairness,
we develop a pre-trained model optimized based on the
principle of max-min entropy. This framework has been
widely applied across various optimization and control do-
mains (Liu, Dai, and Luo 2013; Zhang, Lemoine, and
Mitchell 2018; Wai et al. 2019). Our model is trained by
minimizing the loss function:

L =
1

min(−p̄i ∗ log(p̄i)) + 1
, i ∈ M, (6)

where p̄i =
∑n

i=1 pij , represents the normalized probability
distribution, while pij = 0 if j ∈ Ri. The term pij is the
softmax output of Oi, n is the batch size, Ri denotes the
index of the residence within the grid region. M represents
the maximum number of facilities per region.

Discrete Graph Diffusion Model
In this work, we formulate the AFCs planning generation
task in a conditional SDEs-based graph denoising frame-
work. Inspired by (Jo, Lee, and Hwang 2022; Vignac et al.
2022) which treats (X,A) as a whole and omit the intrinsic
graph structure. we diffuse separately on each node and edge
feature of the constructed graph G = (X,A). We apply the
variance-preserving SDE introduced by (Song et al. 2020),
which in its discrete-time manifestation adopts the frame-
work of a denoising diffusion probabilistic model (Ho, Jain,
and Abbeel 2020). Similarly to diffusion models for images,
which apply noise independently on each pixel, we diffuse
separately on each node and edge feature. Roughly speak-
ing, the forward diffusion process for each graph sample can
be described by the SDE with t ∈ [0, T ] as:

dGt = f(Gt, t)dt+ g(t)d(wXt
,wAt

), (7)

where wXt and wAt are independent standard Wiener pro-
cesses for the node and edge, respectively. This forward SDE
shares the same transition distribution as in Eq. 1 to conve-
niently sample Gaussian noise Gt = αtG0 + σtϵG at any
time t. For undirected graphs, noise is applied only to the up-
per triangular part of E and then symmetrized to maintain
the undirected nature of the graph.

In the reverse process with conditional denoising, FAP-
CD defines the conditional reverse diffusion process
pθ(Gt−1|Gt,C, Ā), which performs iterative denoising
from pure Gaussian noise to generate optimized spatial fa-
cilities in vector space. This process is conditioned on the
region fair-demand embeddings C and a discrete adjacency
matrix Ā, representing facility nodes within a 15-minute
walk from residential areas. The corresponding reverse-time
SDEs are given by:

dXt =
[
f(t)Xt − g2(t)∇X log qt(Xt,At)

]
dt+ g(t)dw̄Xt

,

dAt =
[
f(t)At − g2(t)∇A log qt(Xt,At)

]
dt+ g(t)dw̄At

.
(8)

Then, we train two time-dependent score networks
ϵθ,X(·) and ϵθ,A(·) i.e., the parametric score func-
tion, for estimating the score ∇X log qt(Xt,At) and
∇A log qt(Xt,At) for both (Xt, At), separately. The de-
noising score matching objective (Vincent 2011) is modified
for score estimation training as:

min
θ

Et{λ(t)EG0EGt|G0
[||ϵX − ϵθ,X(Gt,C, Āt, t)||22+

||ϵA − ϵθ,A(Gt,C, Āt, t)||22]} ,
(9)

where λ(t) is a given positive weighting function to keep
the transition kernel p0t(xt|x0) to be a tractable Gaus-
sian distribution. ϵX = ∇Xlog p0t(Xt|X0) and ϵA =
∇Alog p0t(At|A0) are the sampled Gaussian noise. For the
diffusion step t, we use a positional encoding method as de-
scribed in Ho, Jain, and Abbeel(2020), followed by two fully
connected layers before feeding into the denoising network.

Conditional Graph Denoising Network
The architecture of our denoising network is shown in Fig-
ure 3 (a). The conditional denoising network processes a
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noisy graph represented by Gt = (Xt, At), alongside the
regional fair-demand embedding C and the discrete graph
Ā as input conditions. The backbone network of our dif-
fusion model integrates the graph transformer, as proposed
by (Dwivedi and Bresson 2020), with standard message-
passing networks to form a Residual Hybrid Layer. This de-
sign enhances the model’s ability to effectively process and
integrate graph-based data. To incorporate time information,
we normalize the time step to [0, 1] and treat it as a global
feature to add noise. It outputs tensors X and A in different
time intervals t, which respectively represent the optimiza-
tion distribution over clean graphs.
Graph Transformer Block. In each layer, the attention
weights between every pair of nodes are calculated through
self-attention. Notably, the calculation of attention weights
for the propagation of information between nodes also in-
corporates the influence of edge features.

ai,j = softmax(
(tanh((W k,l

0 El
i,j)) ·Qk,l)Kk,l

√
dk

), (10)

M l+1 =
N−1∑
j=0

ak,lij (tanh(W
k,l
1 (El

i,j)) · V k,l), (11)

where Ei,j is the corresponding image-like tensor i.e. edge
feature, Q, K, V are projected from the node features H(l)

i,j ,

H(l+1) ∈ RN×d represents the node outputs, W (l)
0 and W

(l)
1

are learnable parameters, tanh is the activation layer and
l is transformer layer. Our transformer layers also feature
residual connections and layer normalization.
Message Passing Block. Since the graph transformer cap-
tures global graph information, in our task, there is also
a need to focus on neighboring nodes within a 15-minute
walking range. Therefore, we rely on the decoded discrete
graph structure and employ a standard message-passing
layer based on the Graph Convolutional Network (GCN) to
aggregate local neighbor edge features. Then, we feed the
node outputs H̄(l+1) into the FFN(l), which comprises a
multi-layer perceptron (MLP) and a normalization layer. Fi-
nally, we obtain the aggregated node output H̄(l+1)

i,j ∈ RN×d

and the corresponding edge features Ē(l+1)
i,j ∈ RN×N×d.

H l+1
i,j = FFNl

0(H̄
l+1), (12)

El+1
i,j = FFNl

1(H̄
l+1
i + H̄ l+1

j ). (13)
Next, node and edge outputs from the graph transformer

and message passing blocks are independently aggregated,
then each fed into a fully connected layer. The resulting out-
puts, ϵθ,X and ϵθ,A, are computed by aggregating data via
skip connections from each residual hybrid layer, followed
by processing through an MLP and three Conv1x1 blocks.
Augmentation Module. We design a module to enhance
node and edge features within graphs by incorporating sta-
tistical properties such as degree and centrality. Further-
more, using an m-step random walk derived from the dis-
crete adjacency matrix, we develop m-step random walk
matrices to employ the arrival probability vectors concate-
nated with original node features as enhanced node embed-
dings. Similarly, truncated shortest-path distances obtained

from the same matrix are used to augment edge embeddings.
Through node and edge augmentation, the network can com-
prehensively model the noisy topology structure from both
node and edge perspectives at each diffusion step.

Experiments
Experimental Setup
Data Description. We develop our model using real-world
datasets, focusing on Beijing. We obtain geographic infor-
mation from OpenStreetMap, including road networks and
administrative divisions. Additionally, we source 149,049
Points of Interest (POIs) within the city from Baidu Maps3,
categorized into 11 types such as food, medical services, etc.
We also gather data on 568 senior meal programs and 1,472
senior care centers from4. In collaboration with the real es-
tate agency5, we acquire comprehensive data on 8,201 res-
idential areas, detailing housing prices, property fees, com-
munity populations, and elderly populations over age 60.
Evaluation Metrics. To comprehensively evaluate our
model, we employ a set of evaluation metrics that take
into account facility types, spatial distribution and fairness,
which provide a multi-dimensional view of the effectiveness
and equity of the allocations. The key evaluation metrics
include: Efficiency= 1

|R|·|K|
∑
i∈R

∑
k∈K

∑
h∈Hi

maxn∈Nik
Ain,h

|Nik| ,

Diversity= 1
|R|

∑
i∈R

(
|{Ci,j |j∈Si and Ci,j ̸=Ri}|

N−1

)
, Accessibil-

ity= 1
|R|

∑
i∈R

∑
h∈Hi

max
n∈Nik

Ain,h

Pi·u , Gini=1 −
2·

N∑
i=1

i∑
j=1

X(j)

N ·
N∑

i=1

Xi

. In

this study, Efficiency refers to the distribution efficiency of
life service and elderly care facilities, as measured by the
Life Service and Elderly Care metrics. The Average metric
assesses the overall performance on all metrics, where the
Gini metric is negated.
Baseline Models. We compare our proposed FAP-CD with
two classes of methods. The first type is 1) Traditional
methods: Walking-based (Song, Kong, and Cheng 2024).
The Ant Colony Algorithm (ACA) (Yang, Yu, and Cheng
2007) generates an initial set of feasible metro lines and then
optimizes community planning through crossover and muta-
tion. The Genetic Algorithm (GA) (Jensen 2019) guides sta-
tion selection with a pheromone-based rule and updates edge
pheromones to optimize community planning. DRF (Ghodsi
et al. 2011) dynamically allocates resources to the user (grid
region) with the lowest dominant share until the user’s de-
mand cannot be met. And the other 2) Deep generative
models: VGAE (Kipf and Welling 2016) uses GCN to en-
code nodes into a latent space and then reconstructs the
graph by decoding the adjacency matrix from the node em-
beddings. GraphRNN (You et al. 2018) sequentially gener-
ates graphs by using recurrent neural networks to model the
dependencies between nodes and edges. CondGEN (Yang

3https://map.baidu.com
4https://www.beijingweilao.cn
5https://m.lianjia.com
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Model Life Service ↑ Elderly Care↑ Diversity ↑ Accessibility ↑ Gini ↓ Average↑
Walking-based 0.419 0.223 0.600 0.167 0.710 0.140

ACA 0.484±0.003 0.501±0.004 0.749±0.001 0.111±0.000 0.869±0.008 0.195±0.001

GA 0.445±0.004 0.393±0.005 0.645±0.015 0.102±0.013 0.479±0.005 0.221±0.003

DRF 0.449±0.098 0.604±0.083 0.728±0.053 0.123±0.024 0.376±0.139 0.306±0.024

VGAE 0.180±0.020 0.263±0.125 0.218±0.001 0.356±0.086 0.701±0.033 0.063±0.040

GraphRNN 0.442±0.022 0.546±0.035 0.503±0.061 0.361±0.004 0.387±0.016 0.293±0.021

CondGEN 0.643±0.092 0.667±0.059 0.563±0.010 0.345±0.041 0.323±0.029 0.379±0.035

DDPM 0.564±0.028 0.689±0.030 0.820±0.015 0.402±0.020 0.394±0.027 0.416±0.014

EDGE 0.431±0.002 0.590±0.068 0.667±0.055 0.234±0.115 0.327±0.003 0.341±0.051

FAP-CD (Ours) 0.888±0.015 0.923±0.031 0.843±0.004 0.520±0.103 0.232±0.013 0.588±0.028

Table 1: Performance comparison of FAP-CD with baselines. The best results are in bold, and the second-best are underlined.

et al. 2019) is a variational graph generative model that inte-
grates flexible structures while maintaining permutation in-
variance. DDPM (Ho, Jain, and Abbeel 2020; Wen et al.
2023) uses the UGnet framework to build a diffusion process
applied to node representations and image-like adjacency
matrices. EDGE (Chen et al. 2023) leverages graph sparsity
during the diffusion process by focusing on a small subset of
nodes, improving efficiency and addressing the challenges
of large-scale graph generation. In this baseline, we use node
category sequences as guidance instead of node degrees.
Implementation Details. We conduct experiments using
two Nvidia A40 GPUs, configuring 200 diffusion steps and
employing a 3rd-order DPM-Solver (Lu et al. 2022) along
with a cosine noise scheduler (Nichol and Dhariwal 2021).

Experimental Results

Overall Comparison. Table 1 shows the overall compari-
son results in terms of all evaluation metrics in Beijing. Our
observations based on the results are as follows. First, the
AFCs planning generated by FAP-CD achieves the best re-
alism in terms of both facility distribution efficiency and eq-
uity. Specifically, compared with the best baseline, the Ac-
cessibility is improved by over 29% and Gini index reduced
over 28%, respectively. Moreover, our model outperforms
all baselines on average by a large margin. Second, We dis-
cover that when categorizing facility allocations, traditional
resource allocation models, particularly DRF, exhibit supe-
rior diversity. This superiority arises because the facility al-
locations in methods AC and GA are guided by a demand-
driven pheromone update mechanism and fitness functions,
respectively, and are also influenced by stochastic factors.

Our analysis further reveals that the overall performance
of the EDGE is inferior to that of DDPM and our model.
This indicates that while graph generation guided by node
categorization presents significant advantages in terms of
graph discretization and time efficiency, relying solely on a
denoising network composed of MLPs and Gated Recurrent
Units (GRUs) to extract neighborhood and global spatial in-
formation from the graph does not optimize graph genera-
tion. This underscores the relative advantages of our hybrid
message passing and augmentation strategy.
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Figure 4: Performance Comparison in the Ablation Study.
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Figure 5: Analysis of Hyperparameters.

Ablation Study. We conduct an ablation study to validate
the efficacy of the Residual Hybrid Layer. Results in Fig-
ure 4 indicate that incorporating the residual hybrid mod-
ule (w/o RHL) within the denoising model enhances AFCs
generation performance by up to 105.1% according to met-
ric accessibility. Additionally, ablation experiments are con-
ducted separately on the graph transformer block (w/o GTB)
and message passing block (w/o MPB) within the denoising
network, revealing that removing either mechanism causes
performance degradation to varying degrees. We also eval-
uate the impact of the node and edge attribute enhancement
module (w/o AM) within the SDE-based diffusion model.
As shown in Figure 4, this design yields up to a 13.1% im-
provement in performance according to metric Gini, mark-
ing the most significant enhancement observed.
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Figure 6: Comparison of Generated and Original AFCs.

Hyperparameters. We next conduct experiments on var-
ious hyperparameters, including the number of residual hy-
brid layers in the conditional graph denoising network and
the dimension of hidden variables. As illustrated in Figure 5
(a), the results show that a shallow and appropriate number
of layers (three in this case) is crucial for FAP-CD, as overly
deep networks tend to overfit, leading to a decline in perfor-
mance. Figure 5 (b) examines the impact of hidden variable
dimension size. The results indicate that an optimal hidden
size (e.g., 128) enhances model performance, whereas ex-
cessively large dimensions (e.g., 256) do not improve per-
formance and increase the computational burden.

Visualization of Generated AFC Configurations. Fig-
ure 6 presents a visual comparison between the original and
generated AFCs in Beijing, analyzing the facility distribu-
tion across various land parcels. The results show that the
generated plan not only enhances community diversity but
also significantly improves the efficiency of aging-friendly
facility distribution. Furthermore, our model optimizes the
spatial arrangement of these facilities. For example, in the
lower grid, areas highlighted in green as 15-minute walka-
ble zones and outlined by red boxes now enjoy improved ac-
cess to previously hard-to-reach facilities, such as hospitals
and parks. This enhancement is facilitated by reconfigured
roadways, including major urban renewal projects like sub-
ways and overpasses. Thus, FAP-CD offers urban planning
experts valuable insights for facility planning and clearly
demonstrates its potential to optimize spatial allocations.

Related Work
Diffusion Models. Diffusion models, as an emerging gen-
erative technique, have demonstrated exceptional capabili-
ties in fields such as computer vision (Dhariwal and Nichol
2021), natural language processing (Li et al. 2022), and
graph generation (Niu et al. 2020; Vignac et al. 2022).
These models operate through two main phases: an initial
noise addition phase and a reverse denoising phase that re-

stores noisy data to complex distributions. The most perti-
nent works involve the application of diffusion models to
graph generation tasks (Niu et al. 2020; Vignac et al. 2022;
Huang et al. 2023). For instance, Niu et al.(2020) used score-
based models with Gaussian noise for permutation-invariant
graph, while Jo, Lee, and Hwang(2022) and recent studies
(Vignac et al. 2022; Haefeli et al. 2022) explored the po-
tential of diffusion models for generating node and edge-
enhanced graphs and using multinomial noise for discrete
models that preserve graph sparsity and enhance quality.
Moreover, incorporating additional information as condi-
tioning cues is crucial for targeted generation. For example,
Zhou et al.(2023) designed a novel diffusion process to gen-
erate city mobility flows, which are guided by a volume es-
timator and influenced by regional features.

Inspired by the significant success of diffusion models,
our study integrates age-friendly needs and urban region
characteristics into our model to optimize AFCs planning.
This study explores the capabilities of graph diffusion mod-
els in strategic planning for AFCs, aiming not only to de-
velop configurations for community revitalization but also
to provide insights into optimal geographic locations.
Automated Planning Generation. Traditional urban plan-
ning methods have encountered many challenges in prac-
tice, including high cost, low efficiency, lack of skilled fa-
cilitators, and low interest to participate (Abas et al. 2023).
Recently, the remarkable success of deep generative learn-
ing has led researcher about automated planning genera-
tion to improve the efficiency of urban planning. For exam-
ple, Wang et al.(2023) eveloped an instruction-based hier-
archical planner (IHPlanner), which automatically captured
the spatial hierarchy and planning dependencies between ur-
ban functional zones and land use allocation based on human
instructions. Zheng et al.(2023) proposed a RL-based urban
planning model that trained a value network to enhance spa-
tial planning quality focusing on the completeness of the
15-minute city concept (Moreno et al. 2021), with the aim
of improving the efficiency of transportation, services, and
ecological systems in urban regions. However, these plans
are either completed based on single human instructions or
remain inherently time-consuming. Furthermore, they lack
scalability in age-friendly service facilities and do not ad-
dress issues of planning efficiency and fairness. Compared
to these efforts, the FAP-CD model is more advanced in au-
tomation and the facilitation of age-friendly urban planning.

Conclusion
In this work, we propose a novel conditional graph diffu-
sion model FAP-CD, which transforms the planning issue
into a problem of graph generation by constructing a de-
tailed walking graph of spatial relationships among facili-
ties within a region. This model leverages fair-demand guid-
ance enhancement and discrete graph structure adjustments
along with a finely tuned graph noise prediction network to
generate AFCs planning during the reverse denoising pro-
cess. Extensive experiments and case studies validate FAP-
CD’s effectiveness, enhancing efficient and equitable age-
friendly urban renewal planning and supporting sustainable
urban development amid rapid global aging.
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