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Abstract

In current sports facility management, the lack of unified IoT data standards
and the semantic fragmentation of multi-source heterogeneous data make it
difficult for Al decision support systems to form a consistent and effective
data foundation. This paper proposes a graph neural network (GNN) model
based on cross-modal semantic alignment. Taking multi-source sensor data
as input, it maps heterogeneous data to a shared semantic embedding space
through a unified encoding mechanism. A heterogeneous graph structure is
constructed based on device topology and functional coupling. Under the
guidance of a graph attention mechanism, weighted propagation and fusion
of semantic information between nodes are completed. Simultaneously, con-
trastive learning constraints are introduced to compress the representation
distance between semantically similar nodes, thereby achieving semantic
consistency reconstruction of cross-system data chains. Finally, a unified
feature representation is output to support upper-level decision analysis.
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Experimental results show that the system’s interoperability consistency
score improves from 0.52 to 0.89, cumulative probability increases from 0.30
to 0.82 when the alignment error is 0.2, and semantic alignment accuracy
reaches 92.4%, indicating that the proposed method achieves significant
improvements in cross-system data semantic consistency reconstruction and
feature representation capabilities. Research shows that this method provides
a feasible path for data chain integration and intelligent decision-making in
sustainable sports facility management.

Keywords: Sustainable sports facility management, Internet of Things data
interoperability, graph neural network, cross-modal semantic alignment, Al-
driven decision support.

1 Introduction

Against the backdrop of the ongoing advancement of “dual carbon” goals
and smart cities, the green and intelligent transformation of public infras-
tructure has become an important research direction [1, 2]. As a typical
high-energy-consuming and high-frequency-use space, the operational status
of sports facilities directly affects the energy consumption structure and pub-
lic service efficiency [3, 4]. The widespread deployment of 10T technology
enables the continuous collection of equipment operation data, environmental
parameters, and pedestrian flow information, providing a basic support for
data-driven management [5, 6]. Artificial intelligence methods are gradually
being applied to the fields of building operation and maintenance and energy
management, promoting the transformation from traditional experience-
based decision-making to intelligent decision-making [7, 8]. Sustainable
sports facility management not only involves energy conservation and emis-
sion reduction but also relates to system stability and service continuity.
Its complexity has prompted research to move from single optimization to
system-level collaboration [9, 10]. Decision support systems oriented towards
multi-source data fusion and intelligent analysis have become an important
research direction [11, 12].

Current sports facility management faces multi-dimensional technical
challenges at both the data and system levels. Significant differences exist
between multi-source IoT devices in terms of protocol standards, data struc-
tures, and semantic representation, resulting in heterogeneous data even
during the acquisition phase [13, 14]. The lack of a unified description mech-
anism in data chain transmission and storage makes it difficult to establish
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consistent data interfaces between different systems [15, 16]. Spatial topol-
ogy and functional coupling exist between devices, but these relationships
are not effectively modeled, making it difficult to express the correlation
information between data [17, 18]. Noise interference and missing data in
real-time data streams further weaken data quality and reliability [19, 20].
Existing management systems typically employ a distributed architecture,
with each subsystem operating independently, lacking a unified semantic
space, making it difficult for upper-level analysis models to directly integrate
multi-source data [21, 22]. These problems collectively lead to decreased data
utilization efficiency and limited decision support capabilities.

To address these issues, existing research has proposed various solutions.
Modeling methods based on BIM and digital twins integrate equipment and
spatial information by constructing virtual-real mapping relationships, but
these methods rely on stable data interfaces and unified data formats, lead-
ing to semantic inconsistencies in multi-source heterogeneous environments
[23, 24]. Optimization methods based on machine learning and reinforcement
learning have made progress in energy consumption prediction and control
scheduling, but their training process relies on high-quality data input and
is mostly concentrated in a single system, lacking cross-system data fusion
capabilities [25, 26]. Data-driven methods for IoT architecture achieve data
acquisition and processing through layered design but, in the data fusion
stage, they remain at the structural alignment level and have not established
a unified semantic expression mechanism [27, 28]. Graph model methods
are used to describe the relationship structure between devices, but most
studies focus on topological connections without introducing semantic con-
straint mechanisms, making it difficult to solve the semantic fragmentation
problem [29-30]. Existing methods have structural gaps between unified data
expression and intelligent analysis, making it difficult to build a unified and
effective Al decision support system.

To address the issues of insufficient interoperability and semantic incon-
sistency in IoT data chains, this paper proposes a graph neural network
(GNN) method for cross-modal semantic alignment. Raw multi-source data
is mapped to a shared semantic embedding space through a unified encoding
function, where initial alignment of different data types is achieved. A het-
erogeneous graph structure is constructed based on the spatial location and
functional relationships of devices, embedding the semantic information of
nodes and edges into the graph topological representation. Weighted feature
propagation and fusion between nodes are achieved under the action of a
graph attention mechanisms. Contrastive learning constraints are introduced
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to reconstruct the embedding space distribution by optimizing the distance
relationships between semantically similar samples, thereby eliminating
semantic inconsistencies in the data chain. Finally, a unified feature repre-
sentation is formed and output to the decision support layer, realizing the
connection from data collection to intelligent analysis. This method forms
a unified technical path in heterogeneous data semantic modeling, graph
structure relationship representation, and consistency optimization, providing
a stable data foundation and analytical support for sustainable sports facility
management.

2 Method

2.1 System Overall Architecture and Unified Data Link
Representation Mechanism

A standardized framework for an Al-enabled decision support system for
sustainable sports facility management is established. Its unified data chain
representation mechanism is implemented based on the overall system archi-
tecture. This architecture clearly defines end-to-end processing specifications
for multi-source IoT data, ranging from the acquisition layer to the deci-
sion layer. This includes real-time acquisition of raw sensor signals, data
cleaning and timestamp alignment, cross-modal semantic embedding and
encoding, heterogeneous graph structure construction, graph attention infor-
mation propagation, contrastive learning optimization, and unified feature
output.

Modules interact through standardized data interfaces that define data
formats, dimensional transformation rules, and transmission protocols. This
ensures consistent interoperability of data flows between devices from
different manufacturers and heterogeneous systems.

Let the original multi-source sensor dataset be X = {z1,z2,...,2n},
where x; represents the original data vector of the i-th sampling point, and N
is the total number of sampling points. A unified representation mechanism
defines a mapping function ® : X — 7 that maps the original data space to a
shared semantic embedding space Z C R4, where d denotes the embedding
dimension. This mapping satisfies the semantic fidelity condition under the
invertibility constraint, as shown in Equation (1):

(i) =W - ¥(zi) +b (1

where v(-) is the nonlinear feature extraction function, W € RIX™ is
the learnable weight matrix, m is the dimension of the extracted feature
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Figure 1 Overall architecture and data-flow process of the Al-enabled decision-support
framework for sustainable sports facility management.

Y(x;), and b € R is the bias term. The mapped embedding vector
z; = ®(x;) retains the device type, spatiotemporal label, and functional
attributes, forming the basic expression unit of the unified data chain. The
overall system architecture and data flow relationship between modules are
shown in Figure 1.

Figure 1 presents the overall architecture and data-flow logic of the pro-
posed Al-enabled decision-support framework for sustainable sports facility
management. The framework begins with a multi-source [oT data acquisition
layer, where raw sensor signals are collected in real time and processed
through data cleaning and timestamp alignment. The standardized data
interface then transfers the preprocessed data to the cross-modal semantic
embedding module, in which nonlinear feature extraction and learnable
transformation are used to convert heterogeneous sensor inputs into a unified
representation space.

Based on the embedded features, a heterogeneous graph structure is
constructed to model the relationships among devices, spatial locations,
temporal states, and functional attributes. Graph attention-based information
propagation is subsequently applied to estimate the relative importance of
different nodes and edges, enabling weighted feature aggregation across the
system. To further enhance representation robustness, contrastive learning
optimization is incorporated by constructing positive and negative sample
pairs and applying contrastive loss constraints. The resulting unified feature
output is then delivered to the decision layer, supporting resilience assessment
and intelligent analysis for facility operation and management.
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2.2 Cross-Modal Semantic Embedding Modeling of Multi-Source
Heterogeneous Data

To address modal differences and semantic gaps in the original feature spaces
of multi-source heterogeneous sensor data in sports facilities, a cross-modal
semantic embedding model is constructed to obtain a unified representation.

Let iL‘Z(k) € R% denote the i-th observation sample from the k-th data source
or modality, where dj, is the original feature dimension of that modality.
A modality-specific encoding function is defined as fy, : R% — R<, which
maps heterogeneous input features into a shared semantic embedding space.
The mapping relationship is formulated as follows:

2P = fy @) = o W™ 1), Wi e RE b e R (2)
where zi(k) € R? denotes the cross-modal semantic embedding vector of the
i-th sample from the k-th modality, W}, is the modality-specific learnable
weight matrix, by is the bias vector, o(-) is the nonlinear activation func-
tion, d is the unified embedding dimension, and 0, = {W}, by} represents
the trainable parameter set of the k-th encoder. Through this transforma-
tion, heterogeneous data from different modalities are projected into the

same semantic space while retaining modality-specific information related to
device attributes, temporal patterns, spatial locations, and operational states.

All embedding vectors z; " constitute a point set in the shared semantic
space. Their spatial distribution reflects the semantic similarity, aggrega-
tion tendency, and dispersion characteristics of different source data after
cross-modal mapping. The resulting semantic embedding distribution of
multi-source heterogeneous data is shown in Figure 2.

Figure 2 visualizes the distribution of multi-source sensor data in the
shared semantic embedding space after cross-modal mapping. To facilitate
interpretation, the high-dimensional embedding vectors are projected onto
the first two principal components. The temperature and humidity sensor data
show partial overlap, indicating that these two environmental modalities share
certain correlated temporal and operational characteristics. In contrast, the
energy consumption monitoring data form a relatively independent cluster,
suggesting that energy-related features contain distinct semantic information
compared with environmental sensing signals. The occupant flow sensor
data are distributed in a separate band-like region, reflecting their stronger
association with spatial usage intensity and dynamic facility occupancy
patterns.
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Figure 2 Two-dimensional PCA visualization of multi-source sensor data after cross-modal
semantic embedding.

Overall, the distribution demonstrates that the proposed cross-modal
semantic embedding model can project heterogeneous sensor inputs into a
unified representation space while preserving modality-specific differences.
The clear separation among most clusters indicates that the learned embed-
dings retain discriminative information across different data sources, whereas
the partial overlap between temperature and humidity data reflects their
natural physical correlation. This result supports the feasibility of using
the unified embedding representation for subsequent heterogeneous graph
construction and graph attention-based semantic relation propagation.

2.3 Semantic Relation Propagation Model Based on Graph
Attention Mechanism

After cross-modal semantic embedding is mapped to the shared space, the
device topology relationship and functional coupling dependency between
the sensing nodes, actuator nodes, and functional unit nodes in the sports
facility constitute the basic edge definition of the heterogeneous graph struc-
ture. The node set contains various types, and the edge set is constructed
according to the physical connection of the device, spatial proximity, or func-
tional cooperation relationship to form a heterogeneous graph G = (V, E),
where V' represents the set of all nodes (such as data acquisition nodes,
status monitoring nodes, control nodes), and F represents the set of edges
between nodes (such as communication links, spatial adjacency relationships,
or functional cooperation relationships). Each node v; € V carries an initial
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feature vector from the shared semantic embedding space hz(»o) € R?, where
d represents the dimension of the embedding vector hl(.o) and is the feature
representation of the node v; in the initial layer. In order to capture the
differential contribution of different neighboring nodes to the semantic update
of the target node, a graph attention mechanism v; is introduced to calculate
the attention weight of each node’s neighborhood /N; (including itself). v;
The attention coefficient of node ¢;; to node is v; calculated by a feedforward
neural network, which takes the node features after linear transformation as
input, as shown in Equation (3):

¢ij = LeakyReLU(a” [Wh{" |Wh'")) 3)

where W € R%* s a learnable linear transformation matrix that maps the
input features from d to a higher-dimensional latent space d; hgl) and are hgl)
the feature vectors of node || and node v; in the layer [ respectively; v; rep-

resents the vector concatenation operation, with the concatenated dimension
being 2d; a € R2? is a learnable attention parameter vector, whose transpose
a’ is the dot product of the concatenated vector; LeakyReLU is a non-linear
activation function used to introduce small gradients in the negative range.
The final attention weights are obtained by normalizing «;; the results e;; of
all neighbors 7 € V; of the node v; using SoftMax, as shown in Equation (4):

_ exp fo(ei;)
ZkinNi exp fo(eir)

Qij “4)
where exp fy(e;;) the numerator is (v;,v;) the exponential form of the
attention coefficient of the node, and the denominator v; is the sum of the
exponential coefficients of «;; all the node’s neighbors, ensuring that the sum
of all weights & € N; is 1. The normalized weights c;; measure the relative
importance of neighboring nodes v; to the semantic update of the node during
the aggregation process v;. The feature representation of the node v; at the 1st
[ 4+ 1 layer is obtained by weighted aggregation of neighboring features and
nonlinear transformation, as shown in Equation (5):

Y=o | S a;wnl! 5)
JEN;

where ¢ is a nonlinear activation function (using ELU), which acts on
the weighted summation result; «;; is the attention weight calculated by
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Equation (2); W shares the same parameters as the transformation matrix

in Equation (1); hg-l) is the feature vector of the neighbor node in the [
layer; summation iterates through v; all neighbors of the node ;7 € N,.
This propagation process is stacked between multiple graph attention lay-
ers and, after each layer is updated, the node features gradually integrate
semantic information from more distant neighbors. The attention parameters
and transformation matrices W corresponding to different a edge types in
the heterogeneous graph are learned independently to adapt to the semantic
propagation characteristics under different relational patterns. After multiple
layers of propagation, each node obtains enhanced semantic features that
integrate topological structure and functional coupling relationship. Figure 3
shows the distribution of attention weights among nodes in the graph struc-
ture. The color depth reflects the normalization coefficient on different
edges, thus intuitively presenting the adaptive propagation path and gathering
hotspots of semantic information in the network.

Figure 3 illustrates the heterogeneous topological relationships and atten-
tion weight distribution among nodes within the sports facility. Each circular
node represents a device unit, with data acquisition nodes represented by solid
circles, status monitoring nodes by concentric rings, and control nodes by
diamonds containing smaller circles. All nodes are horizontally divided into
three vertical strips based on their respective physical areas (lighting, venti-
lation, drainage). Within each strip, nodes are arranged vertically according
to their spatial installation location, with clear intervals separating the strips.
The connecting edges between nodes are drawn as curves. The line width
and color depth of each edge jointly encode the corresponding normalized
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Figure 3 Semantic weight distribution of graph structure.
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attention weight coefficient «;;. Edges with weight values between 0.7 and
1.0 are 3 pixels deep red, edges between 0.3 and 0.7 are 2 pixels orange,
and edges below 0.3 are 1 pixel light yellow. Each edge is also labeled with
a weight value rounded to two decimal places. The diagram shows several
nodes forming radial clusters where multiple high-weight edges converge.
For example, a data acquisition node (S02) in the center of the lighting area
is connected to six surrounding status monitoring nodes (M0O1 to M06) by a
thick, dark red edge, with a light red background highlight for this node. All
node identifiers use a uniform format: S indicates a data acquisition node, M
indicates a status monitoring node, and C indicates a control node. A gradient
legend corresponding to the line width is provided below the diagram, with
the horizontal axis indicating attention weight values ranging from O to 1,
accompanied by a description of “edge weight”. A node type legend is
displayed in the upper left corner of the diagram, using the same fill pattern as
in the diagram. The overall layout clearly shows the dense connection paths
formed by high-weight edges, highlighting the main channels for semantic
information propagation.

2.4 Contrastive Learning-Driven Semantic Consistency
Optimization Mechanism

In the cross-modal semantic embedding space, the initial representation
formed after unified encoding of multi-source heterogeneous data still suffers
from the problem of scattered features of data of the same type and blurred
boundaries of data of different types. To solve this semantic fragmentation, a
contrastive learning strategy is introduced to impose structural constraints on
the embedding space. For anchor samples in each training batch, a set of pos-
itive samples is constructed based on the device type and function category
of their original data, that is, samples that share the same semantic label with
the anchor. At the same time, all other samples with different semantic labels
are regarded as a set of negative samples. The goal of contrastive learning is
to bring the anchor and positive samples closer in the embedding space, while
pushing the anchor and negative samples further apart, thereby strengthening
the clustering of semantically similar data representations. This optimization
process is achieved by defining a normalized temperature scale cross-entropy
loss function, as shown in Equation (6).

ZpEP(i) exp fo(sim(z;,2p)/7)
jeN@uP @) €XP fo(sim(zi,2;)/T)

Lcontrast = — 10g fO Z (6)
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where z; is the normalized feature vector, ¢ represents the cosine similarity
function, 7 is the temperature hyperparameter used to adjust the sharpness of
the similarity distribution. The union of the positive and negative sample sets
in the denominator is summed to ensure the effectiveness of the normalized
probability distribution. This loss function forces the similarity between the
anchor and the positive sample to be significantly higher than the similarity
between the anchor and the negative sample by minimizing the negative log-
likelihood. During training, the contrastive learning loss and the main loss of
the graph attention network are jointly optimized to update the parameters
of the semantic embedding encoder. The constraint driven by contrastive
learning causes semantically similar node representations to form compact
clusters in the embedding space, while the boundaries between clusters of
different semantic categories are clearly separated, ultimately eliminating
semantic inconsistencies in the cross-system data chain. Figure 4 shows
the convergence distribution of similar samples in the semantic space after
contrastive learning optimization, where different colors represent differ-
ent semantic categories. Intra-cluster distance is significantly reduced and
inter-cluster boundaries are clear, indicating that the semantic consistency
reconstruction goal has been achieved.

In Figure 4, the horizontal axis of the two-dimensional Cartesian coordi-
nate system represents the first principal component, and the vertical axis
represents the second principal component, both ranging from —3 to 3.
Figure 4 contains multiple clusters of points of different colors, each color
uniquely corresponding to a semantic category. The number of clusters is

Distribution Diagram of Semantic Alignment and Convergence
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Figure 4 Semantic alignment convergence distribution diagram.
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equal to the total number of semantic label categories in the dataset. Each
cluster consists of a large number of densely packed circular data points with
minimal Euclidean distance between them, presenting a compact, clumped
structure. Clusters of different colors are separated by distinct blank areas,
and the boundaries between clusters are clear and non-overlapping. A dia-
mond symbol marks the geometric center of each cluster, serving as the
cluster center for that category.

2.5 Unified Feature Output Mechanism for Decision Support

Through semantic information propagation guided by graph attention mech-
anism and semantic space optimization driven by contrastive learning,
multi-source heterogeneous sensor data form semantically consistent feature
representations in a shared embedding space. This feature representation
exists in the form of N heterogeneous graph node embedding matrix, where
H ¢ RV*? is the total number of nodes in the graph and d is the unified
semantic embedding dimension. To support upper-level decision analysis
tasks, this embedding matrix needs to be converted into standard interface
feature outputs oriented towards specific decision requirements. An output
mapping function is defined ® : RV*? — RP to aggregate the embeddings
of all graph nodes into a fixed-dimensional decision feature vector z € R,
where D is the decision feature dimension. This mapping process adopts a
global attention pooling mechanism, as shown in Equation (7).

N T
3 tanh fo(Wah; + b,
7= aihi, o = Nexp (Wa an fO( ™ ))
=1 i1 exp fo (Wl tanh fo(Wsh; + b))

(N

where W, € R%*4 and b, € R% are learnable linear transformation
parameters, d,, is the attention hidden layer dimension. w, € R% is the atten-
tion vector, tanh fo(+) is the hyperbolic tangent activation function. Through
this mechanism, the model performs weighted summation on the features of
different nodes in the graph, highlighting the contribution of nodes related
to the decision task while suppressing redundant information. The obtained
decision feature vector z is connected to a standardized output interface,
which defines a unified data format specification, including feature dimen-
sion D, numerical range normalization [—1, 1] interval, and missing value
filling rules. Interface output is directly passed to the upper-level decision
module to support tasks such as facility operation status assessment, resource
scheduling optimization, and resilience quantification analysis. The entire
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output process does not change the result of semantic consistency optimiza-
tion but only completes the conversion from graph structure representation to
vectorized decision input, ensuring the closure and reproducibility of the data
chain.

3 Experiment
3.1 Dataset Construction and Source Description

A multi-source IoT sensor system is deployed in a real sports venue. The
acquisition period covered 30 consecutive days of operation in the venue,
involving five heterogeneous data sources: environmental monitoring, per-
sonnel flow, energy consumption, equipment status, and lighting conditions.
Each sensor device synchronously recorded the raw signals at a predeter-
mined sampling frequency. After timestamp alignment and outlier removal,
a structured sample set was formed, and the final statistical information is
shown in Table 1.

This dataset contains five types of sensor data: ambient temperature and
humidity, pedestrian flow, energy consumption, equipment operating status,
and light intensity, corresponding to 120,000, 85,000, 200,000, 45,000, and
60,000 samples, respectively. Temperature and humidity sensors, with a
sampling frequency of 1 Hz, are deployed in stands A and B of the stadium;
infrared pyroelectric counters, with a sampling frequency of 0.5 Hz, are
located at the main entrance and various passageways; smart meters, with
a sampling frequency of 10 Hz, monitor the energy consumption of the

Table 1 Statistics on data acquisition from multi-source heterogeneous sensors

Data Sample Sampling Deployment

Type Size Frequency (Hz) Device Category Area

Ambient 120,000 1 Temperature & Zone A/B Stands

Temperature & Humidity Sensor

Humidity

Personnel Flow 85,000 0.5 Infrared Pyroelectric =~ Main Entrance &
Counter Aisles

Energy 200,000 10 Smart Meter Lighting & Air

Consumption Conditioning

Equipment 45,000 0.2 PLC Status Monitor  Fitness

Operation Equipment &

Status Fans

Illuminance 60,000 1 Illuminance Sensor Functional Areas
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lighting and air conditioning systems; PLC status monitors, with a sampling
frequency of 0.2 Hz, are connected to fitness equipment and ventilation fans;
and light intensity sensors, with a sampling frequency of 1 Hz, are distributed
throughout the venue’s functional areas.

3.2 Experimental Environment and Parameter Settings

In the experimental phase, for the proposed cross-modal semantic alignment
GNN, a unified hardware and software operating environment was first built,
and the core hyperparameters required for model training were configured
based on the PyTorch and DGL frameworks, including semantic embedding
dimension, number of graph attention layers, number of multi-head attention
heads, optimizer learning rate, batch size, regularization coefficient, temper-
ature coefficient, and sample pair sampling number related to contrastive
learning. All parameters were kept consistent in the multi-source heteroge-
neous data scenario of sports facilities. The specific configuration is shown in
Table 2.

Table 2 summarizes the core hyperparameter configuration of the pro-
posed model, including nine key parameters related to embedding repre-
sentation, graph neural network structure, optimization strategy, regulariza-
tion, contrastive learning, and training control. The semantic embedding

Table 2 Core hyperparameter configuration of the proposed model

Parameter Category Parameter Name Parameter Value Description
Embedding Semantic Embedding 256 Dimension of shared
Representation Dimension embedding space
Graph Neural Network Number of Graph 2 Number of GAT layers
Attention Layers
Graph Neural Network Number of Attention 4 Number of multi-head
Heads attention heads
Optimization Strategy  Initial Learning Rate le-3 Learning rate for
Adam
Optimization Strategy ~ Batch Size 64 Batch size
Regularization Dropout Ratio 0.2 Dropout rate
Contrastive Learning Temperature 0.07 Temperature for
Coefficient contrastive loss
Contrastive Learning Number of 256 Number of sampled
Positive/Negative Pairs pairs per batch
Training Control Weight Decay Se-4 L2 regularization

coefficient
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dimension is set to 256. The graph attention network contains two attention
layers and four attention heads. For optimization, the initial learning rate is
set to 1 x 1073, and the batch size is 64. The dropout ratio is set to 0.2 to
reduce overfitting, while the temperature coefficient for contrastive learning
is set to 0.07. In addition, 256 positive/negative sample pairs are constructed
in each batch, and the weight decay coefficient is set to 5 x 10~% for L2
regularization. These settings are used to support stable model training and
effective convergence of the shared semantic embedding space.

3.3 Comparison Methods and Evaluation Indicator Setting

To verify the semantic alignment effect and decision support capability of
the proposed model in a multi-source heterogeneous sports facility IoT data
environment, the experimental part first constructed a standardized dataset
containing attributes such as device type, sampling frequency, and data
scale. Then, a unified hardware platform and model training parameters
were set, and corresponding experimental tasks and evaluation indicators
were designed around five dimensions: data interoperability consistency,
semantic alignment accuracy, graph structure information propagation effi-
ciency, semantic consistency optimization degree, and system-level decision
response latency. This formed a quantitative test scheme for the output
characteristics of each module of the model. The specific configuration is
shown in Table 3.

Table 3 systematically organizes three core experimental tasks and their
corresponding five evaluation metrics. Each task is matched with a specific
metric name, computational logic, and model output level. The data inter-
operability consistency verification task uses an interoperability consistency
metric, measuring the output quality of the unified feature representation
layer by the mean cosine similarity of cross-system feature vectors. The
semantic alignment accuracy evaluation task uses semantic alignment accu-
racy as a metric, determining the representational capability of the semantic
embedding layer based on the K-nearest neighbor classification results
of cross-modal data in the shared embedding space. The graph structure
information propagation effect evaluation task uses a node neighborhood
similarity gain metric to calculate the average similarity improvement rate
between the node and its neighboring node representations before and after
propagation through the graph attention layer. The semantic consistency
optimization effect evaluation task introduces the positive-negative sam-
ple comparison distance ratio, reflecting the distance relationship between



326  Rui Zhang and Yang Jiang

Table 3 Correspondence between experimental tasks and evaluation indicators

Experiment Evaluation Calculation Corresponding
Task Metric Method Output
Data Interoperability Mean cosine similarity of Unified feature
Interoperability ~ Consistency feature vectors for same-type representation layer
Consistency Indicator (I0C) data across systems vector
Semantic Semantic KNN classification accuracy ~ Semantic
Alignment Alignment of cross-modal data in shared embedding layer
Accuracy Accuracy (SAA) embedding space vector
Graph Node Improvement rate of mean Graph attention
Information Neighborhood cosine similarity between layer node features
Propagation Similarity Gain node and neighbor

(NSSG) representations after graph

attention propagation

Semantic Positive-Negative Ratio of positive pair distance Contrastive
Consistency Sample Distance to negative pair distance learning loss
Optimization Ratio (PNR) function value
Decision System-level End-to-end average time Unified feature
Response Decision Response  from raw data input to interface timestamp
Performance Delay (DRD) decision feature output (ms)  difference

positive and negative sample pairs in the semantic space through the output
value of the contrastive learning loss function. The decision response per-
formance testing task uses a system-level decision response latency metric,
measuring the end-to-end time from the original data input to the unified
feature interface output.

4 Results

4.1 Data Interoperability Consistency Analysis

To verify the practical effectiveness of the proposed model at the cross-
system data fusion level, the experiment selected five typical system pairs
in sports facilities (HVAC-lighting, HVAC-security, lighting-security, energy
consumption-pedestrian flow, and HVAC-energy consumption). The interop-
erability consistency scores before and after model processing were com-
pared, and the changes in the cumulative distribution function under different
alignment error thresholds were statistically analyzed. Furthermore, the
impact trend of different data scales on the consistency index was evaluated.
Based on the above experimental design, the data interoperability consistency
analysis results are shown in Figure 5.
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Figure 5 Results of data interoperability consistency analysis: (a) system consistency com-
parison, (b) cumulative distribution of alignment error, and (c) data scalability analysis.

Figure 5 shows the experimental results for the three subplots. Figure 5(a)
is a grouped bar chart, with the horizontal axis representing the five system
pairs and the vertical axis representing the interoperability consistency score.
The light blue bars represent the original data, and the orange bars represent
the data after model processing. The consistency scores of the original data
were 0.52, 0.48, 0.55, 0.46, and 0.50, respectively, which improved to 0.89,
0.86, 0.91, 0.84, and 0.88 after processing. The consistency scores of all
system pairs improved by more than 0.35. This phenomenon indicates that
the model significantly enhanced the level of data interoperability between
different systems. This is because the unified semantic embedding and graph
attention propagation mechanism effectively eliminated the semantic bias
in the original heterogeneous data. Figure 5(b) is a cumulative distribution
function plot, with the horizontal axis representing the alignment error and
the vertical axis representing the cumulative probability. The light blue curve
represents the original data, and the orange curve represents the data after
processing. The cumulative probability of the original data at an error of 0.2
was 0.30, which increased to 0.82 after processing; the cumulative probability
of the original data at an error of 0.3 was 0.48, which increased to 0.94
after processing. The processed curve approached 1.0 earlier, indicating that
the alignment error of most cross-system data pairs was compressed to a
lower range. This is because the contrastive learning loss function forces
semantically similar node representations to converge, thereby reducing the
misalignment distribution of cross-modal features. Figure 5(c) is a line graph,
with the horizontal axis representing the data size (in thousands of samples)
and the vertical axis representing the interoperability consistency score. The
light blue line represents the original data, and the orange line represents the
processed data. When the data size increased from 10k to 100k, the original
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consistency slowly increased from 0.42 to 0.54, while the processed consis-
tency rapidly increased from 0.71 to 0.92. The processed curve consistently
lies above the original curve and exhibits a steeper growth slope, demon-
strating that the model maintains stable semantic alignment capabilities even
with large-scale data. This is because the weighted propagation of the graph
attention mechanism can adaptively extend to newly added nodes, while the
unified encoding function remains invariant to inputs of different sizes. In
summary, the model effectively improves data interoperability across three
dimensions: system pairs, error distribution, and data scale.

4.2 Semantic Alignment Accuracy Analysis

To evaluate the effectiveness of the proposed cross-modal semantic alignment
mechanism in eliminating semantic fragmentation in the embedding space,
a multi-source heterogeneous dataset containing five semantic categories
(temperature, humidity, energy consumption, occupancy rate, device status)
was constructed. The distribution coordinates of source and target domain
samples in the two-dimensional embedding space were recorded before
and after alignment, and the classification accuracy of different methods
on the semantic alignment task was calculated. By comparing the intra-
class clustering and inter-class separation before and after alignment and
contrasting the accuracy improvement before and after the introduction of the
learning module, the semantic alignment accuracy analysis results are shown
in Figure 6.

Figure 6 shows three subplots. Figure 6(a) is a scatter plot of embedding
distribution before alignment. The horizontal and vertical axes represent
two dimensions of the embedding space, and different colors represent five
semantic categories. Each category contains samples from the source and
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Figure 6 Semantic alignment accuracy analysis results: (a) embedding distribution before
alignment, (b) embedded distribution after alignment, and (c) comparison of alignment accu-
racy of different methods.
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target domains. The data shows that before alignment the source domain
center of the temperature category is located at (—3.0, 2.5), while the target
domain center is located at (0.5, 2.0). The source domain center (—2.0, —1.5)
of the humidity category is about 3.0 Euclidean distances away from the
target domain center (1.0, —1.0). There is a significant offset between the
source domain (1.5, 3.0) and the target domain (3.5, 2.5) of the energy con-
sumption category. The occupancy rate and device status categories also show
a separation of source and target domain points. This phenomenon indicates
that without semantic alignment, the embedding representation of the same
semantic category in different data sources is mapped to different regions
in the space, directly resulting in the loss of semantic consistency across the
system data chain. Figure 6(b) is a scatter plot of embedding distribution after
alignment. The coordinate axes have the same meaning as in Figure 6(a). Data
shows that after alignment the source and target domains share centers for
temperature (—1.2, 2.2), humidity (—0.5, —1.2), energy consumption (2.5,
2.8), occupancy rate (1.2, —3.0), and device status (4.0, 0.2). Each color
point group is densely packed within itself, and the boundaries between
different color point groups are clear. This phenomenon is attributed to the
joint constraint of cross-modal semantic embedding and contrastive learning
loss: contrastive learning forces semantically similar nodes to shorten their
distance in the embedding space, thereby forcing the representations of the
same category in the source and target domains to cluster near the shared
center. Figure 6(c) is a bar chart with the horizontal axis representing the five
methods, the vertical axis representing the percentage of semantic alignment
accuracy, and the error bars representing the standard deviation. Data shows
that the proposed method achieves an accuracy of 92.4% with a standard
deviation of £1.2%; the ablation model without contrastive learning achieves
an accuracy of 78.0% with a standard deviation of +2.1%; the ablation model
without graph attention achieves an accuracy of 81.3% with a standard devia-
tion of +-1.8%; the original feature concatenation model without cross-modal
semantic embedding achieves an accuracy of 65.2% with a standard deviation
of +2.5%; and the traditional CCA method achieves an accuracy of 70.5%
with a standard deviation of +2.0%. The proposed method outperforms
the model without contrastive learning by 14.4 percentage points and the
model without cross-modal embedding by 27.2 percentage points. This result
demonstrates that the semantic alignment accuracy is significantly improved
when graph attention and contrastive learning work together, with contrastive
learning making a particularly significant contribution to eliminating seman-
tic fragmentation. In summary, Figure 6 fully validates the effectiveness of
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the proposed method in achieving cross-modal semantic consistency in the
embedding space.

4.3 Analysis of the Information Transmission Effect of Graph
Structure

To evaluate the modeling effect of the graph attention mechanism in the
information propagation process of graph structures, the experiment recorded
the attention weight distribution of node 0 to its neighboring nodes, the
cosine similarity changes of three representative nodes with the global aver-
age representation under different propagation rounds, and the improvement
curves of node classification accuracy with propagation rounds under three
configurations: single-head attention, multi-head attention, and no attention.
The above results are summarized in Figure 7.

In Figure 7(a), the horizontal axis represents the neighbor node numbers
and the vertical axis represents the attention weights of node 0 to each neigh-
bor. Node 0 has a weight of 0.45 for neighbor 1, 0.20 for neighbor 2, 0.15
for neighbor 3, 0.12 for neighbor 4, and 0.08 for neighbor 5. The attention
weights decrease as the neighbor numbers increase, indicating a stronger
semantic association between node 0 and neighbors with smaller numbers.
This distribution stems from the graph attention mechanism’s adaptive weight
calculation based on the feature similarity between nodes, allowing neighbors
semantically closer to the central node to receive a higher contribution to
information propagation. In Figure 7(b), the horizontal axis represents the
propagation rounds, and the vertical axis represents the cosine similarity
between the node representation and the global average representation. Node
A increases from 0.62 to 0.89, node B from 0.55 to 0.81, and node C from
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0.48 to 0.77. The similarity of all nodes increases monotonically with the
propagation rounds, indicating that message passing in the graph structure
gradually aggregates neighborhood information to the node representation,
causing node features to converge towards the global semantic center. Node C
has the lowest initial similarity, but its absolute growth rate of 0.29 is higher
than that of node A (0.27), reflecting that the attention mechanism exerts
a stronger correction effect on nodes with larger initial semantic offsets.
In Figure 7(c), the horizontal axis represents the propagation rounds, and
the vertical axis represents the node classification accuracy. The accuracy
increased from 0.72 to 0.92 under the multi-head attention configuration,
from 0.68 to 0.86 under single-head attention, and from 0.60 to 0.70 under
the no-attention configuration. Multi-head attention significantly outperforms
single-head attention in all rounds, and the latter outperforms the no-attention
configuration, indicating that multi-head attention captures different semantic
relationships in parallel across multiple subspaces, improving the complete-
ness of information propagation and node classification performance. The
no-attention configuration uses a simple neighborhood average, losing the
importance differences between nodes, and therefore has the lowest prop-
agation efficiency. Combining the three subgraphs, it can be seen that the
graph attention mechanism can effectively construct non-uniform semantic
propagation paths, accelerate the semantic alignment of node representations,
and improve the performance of downstream classification tasks.

4.4 Analysis of the Effect of Semantic Consistency Optimization

To verify the optimization effect of the contrastive learning mechanism on
the semantic space distribution, the contrastive loss value was recorded
after every five rounds during model training. At the same time, the cosine
similarity of positive and negative sample pairs was collected, and high-
dimensional features before and after contrastive learning were extracted
for t-SNE dimensionality reduction and visualization, thus obtaining the
semantic consistency optimization effect analysis diagram shown in Figure 8.

Figure 8 contains four sub-figures, comprehensively demonstrating the
promoting effect of contrastive learning on semantic space convergence.
Figure 8(a) shows the training epochs on the horizontal axis and the con-
trastive loss value on the vertical axis. The loss value decreased from 0.812
in epoch 0 to 0.085 in epoch 50, a cumulative reduction of 0.727. This
continuous downward trend indicates that the contrastive loss function was
effectively optimized during training, and the model gradually narrowed the
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representation distance between semantically similar samples. The reason
for this phenomenon is that gradient descent updates continuously adjust the
encoder parameters, enhancing the discriminative ability of positive and neg-
ative sample pairs. Figure 8(b) presents the cosine similarity distribution of
positive and negative sample pairs as a histogram. The similarity of positive
sample pairs is concentrated in the interval between 0.85 and 0.90, while that
of negative sample pairs is concentrated in the interval between 0.15 and 0.25,
with almost no overlap between the two distributions. This separation indi-
cates that contrastive learning successfully clustered similar data and pushed
apart dissimilar data, forming a clear semantic boundary. This is because
the contrastive loss function simultaneously imposes constraints to bring
positive sample pairs closer and push negative sample pairs further apart,
forcing the encoder to extract common features related to device categories.
Figure 8(c) shows the dimensionality reduction results of high-dimensional
features for HVAC, lighting, and water systems before contrastive learning.
The sample points show severe overlap, with different categories mixed
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in multiple regions and unclear class boundaries. This indicates significant
semantic fragmentation in the original multi-source heterogeneous data, with
similar devices scattered throughout the feature space due to differences in
sensor sources. This phenomenon arises because the original features were
directly concatenated without semantic alignment, resulting in inconsistent
distributions of data from different modalities. Figure 8(d) shows the fea-
ture distribution after contrastive learning. The three types of samples form
three separate clusters, each highly compact with clear intervals between
clusters. HVAC samples are concentrated in the lower left region, lighting
samples in the right region, and water system samples in the upper left
region. This distribution demonstrates that the contrastive learning constraint
effectively corrects the semantic space, causing the representation of similar
data to converge to a narrow region. This is because contrastive learning
forces the model to ignore irrelevant modal differences such as sensor type
and sampling frequency, focusing instead on semantic information related
to device function. In summary, the contrastive learning mechanism sig-
nificantly improves the semantic consistency of cross-system data chains,
providing an aligned and compact feature foundation for upper-level decision
analysis.

4.5 Decision Response Performance Analysis

To evaluate the response performance of the proposed model in the decision
support phase, this study designed three complementary tests: recording
the average latency change through an incremental concurrent request load,
characterizing the overall distribution characteristics of response latency
through cumulative latency distribution, and monitoring the system’s opera-
tional stability through continuous 60-second latency sampling under a fixed
load. Based on the above test results, the comprehensive decision response
performance diagram shown in Figure 9 is plotted.

In Figure 9(a), the horizontal axis represents the number of concurrent
requests and the vertical axis represents the average response latency. The
circular curve represents the proposed method, and the square curve repre-
sents the baseline method. When the number of concurrent requests increases
from 10 to 100, the average latency of the proposed method increases from
38.2 milliseconds to 115.3 milliseconds, consistently lower than the baseline
method’s 48.5 milliseconds to 205.1 milliseconds. This data indicates that the
latency growth of the proposed method is more gradual under high load. This
is because cross-modal semantic alignment and graph attention mechanisms
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Figure 9 Decision response performance analysis: (a) load-delay response curve, (b) delay
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reduce redundant computation in the data preprocessing stage, enabling the
decision module to obtain a unified feature representation more quickly. In
Figure 9(b), the horizontal axis represents the latency value and the vertical
axis represents the cumulative probability. The two curves correspond to the
latency distribution of the two methods, respectively. The proposed method
has a latency of 124 milliseconds at the 90th percentile, while the base-
line method reaches 125 milliseconds at the 50th percentile. The proposed
method increases the proportion of responses within 120 milliseconds to
approximately 90%. This distributional advantage stems from the fact that
the contrastive learning constraint compresses the representation distance
of semantically similar nodes, reducing outlier retrieval time in the feature
space. Figure 9(c) shows the horizontal axis as runtime (seconds) and the
vertical axis as instantaneous latency. The circular curve represents the pro-
posed method, and the square curve represents the baseline method. Within a
60-second monitoring window, the latency fluctuation range of the proposed
method remained between 97.8 ms and 103.5 ms, with a standard deviation of
only 1.8 ms, while the latency of the baseline method continuously climbed
from 95.2 ms to 190.1 ms with significant fluctuations. This difference in
stability reflects that the proposed method eliminates dynamic latency jitter
caused by cross-system data format conversion through a unified semantic
embedding space. Combining the test results of the three subgraphs, the
proposed method significantly outperforms the baseline method in terms of
mean, distribution, and temporal stability of response latency.

5 Conclusions

This paper addresses the problem of semantic fragmentation in multi-source
heterogeneous data for sustainable sports facility management. To this end, it
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develops a GNN framework for cross-modal semantic alignment, in which
raw [oT data are mapped into a shared embedding space through a uni-
fied encoding function. A heterogeneous graph structure is then constructed
by integrating device topology with functional coupling relationships, and
weighted propagation of node features is performed under the guidance of a
graph attention mechanism. In addition, contrastive learning constraints are
introduced to optimize the distribution of the semantic space, thereby gener-
ating a semantically consistent feature representation that can be effectively
incorporated into the decision-support process. Experimental results demon-
strate substantial improvements across several key indicators: interoperability
consistency increased from 0.52 to 0.89, cumulative probability at an error
threshold of 0.2 rose from 0.30 to 0.82, and semantic alignment accuracy
reached 92.4%. These results confirm the effectiveness of the proposed
method in semantic fusion and structural relationship modeling. Overall, the
study shows that the proposed framework enables unified data-chain repre-
sentation and high-quality semantic alignment in complex IoT environments,
thereby providing a reliable data foundation for facility operation assessment
and resource scheduling, with strong practical value for green, low-carbon,
and intelligent operation and maintenance.
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