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Accurate traffic flow forecasting hinges on modeling coupled spatio-temporal dependencies rather than treating space
and time in isolation. Many prior methods process spatial and temporal features separately — either in series or in parallel
— and then fuse them with simple operators, which weakens their ability to capture intrinsic space–time interactions. We
propose multi-graph transformer for traffic flow forecasting (MGTTP), a framework with an innovatively designed bidi-
rectional spatio-temporal interaction mechanism: temporal signals guide multi-graph spatial fusion, while spatial context
guides attention-based temporal aggregation. It addresses the limitations of static spatial fusion in existing multi-graph mod-
els and the serial spatio-temporal modeling paradigm in vanilla transformer baselines, achieving deep coupled modeling of
spatio-temporal features. First, MGTTP builds three complementary graphs — adjacency, reachability, and similarity —
and applies temporal feature-guided attention to dynamically fuse their multi-dimensional spatial representations. Subse-
quently, a transformer encoder captures long-term temporal dependencies, with spatial feature-guided attention to aggregate
the time series. Finally, a gated fusion module realizes the ultimate fusion of spatio-temporal features for prediction. Exten-
sive experiments on four public real-world traffic datasets demonstrate that MGTTP outperforms all compared mainstream
baseline models across all evaluation metrics, with statistically significant performance gaps, validating the effectiveness of
the proposed bidirectional spatio-temporal interaction mechanism.

Keywords: traffic flow forecasting, graph neural networks, spatio-temporal modeling, attention mechanisms,
transformer
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1. Introduction
Traffic flow forecasting is a core capability of intelligent

transportation systems (ITS), supporting congestion manage-
ment, route optimization, and urban planning. With rapid ur-
banization and growing vehicle ownership, the need for timely
and accurate forecasts is more pressing than ever. Histori-
cal data from loop detectors and global positioning system
(GPS) devices exhibit rich spatio-temporal structure: spatial
dynamics reflect road topology, multi-hop connectivity, and
functional similarity across regions; temporal dynamics show
daily/weekly cycles, seasonal trends, and regime shifts. Mean-
while, the raw traffic flow data inevitably contain noise inter-
ference caused by sensor failures, abnormal weather, and other
factors during data acquisition, which also reduces the accu-
racy of traffic flow forecasting.[1] Effectively modeling both
dimensions — and, crucially, their interactions — remains a
central challenge.

Classical time-series models such as autoregressive in-
tegrated moving average (ARIMA) capture temporal cor-
relations but struggle to encode the non-Euclidean spatial
dependencies of road networks.[2] Deep learning has ad-
vanced the field, especially graph neural network (GNN)-

based approaches that model traffic on graphs where nodes
are sensors or intersections and edges capture connectivity or
similarity.[3–6] However, existing methods have three core lim-
itations that hinder deep spatio-temporal coupled modeling.

First, most methods rely on a single, predefined adja-
cency matrix: e.g., diffusion convolutional recurrent neu-
ral network (DCRNN)[7] and spatio-temporal graph convolu-
tional network (STGCN)[8] only consider physical adjacency
relations, limiting their ability to represent multi-facet spa-
tial relations in traffic systems. Multi-graph fusion mod-
els, represented by spatio-temporal multi-graph convolutional
network (ST-MGCN)[9] and temporal multi-graph convolu-
tional network (TMGCN),[10] incorporate multi-dimensional
spatial graph structures yet only integrate multi-graph features
through static weighting or concatenation, without adaptively
tuning the weights of distinct spatial relations based on the
temporal dynamics of individual nodes. This results in a de-
coupling between spatial modeling and temporal features.

Second, recurrent neural network/long short-term mem-
ory (RNN/LSTM) models[11] face difficulties with very long-
range dependencies and limited parallelism despite their ex-
cellent temporal modeling performance. Transformer-based
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spatio-temporal models such as the ST-transformer and ST
large language model (ST-LLM)[12] excel at capturing long-
range temporal dependencies, but they still follow a two-
stage serial structure: “independently modeling spatial fea-
tures first, then independently modeling temporal features, and
finally performing shallow fusion”, where spatio-temporal in-
formation flows only unidirectionally, failing to achieve deep
feature-level interaction.

Most importantly, spatial and temporal modules are often
designed separately and only loosely fused via simple serial
or parallel feature fusion approaches, overlooking the intrinsic
coupling between space and time, which leads to suboptimal
prediction performance.

To address these issues, we present a multi-graph trans-
former for traffic flow forecasting (MGTTP), a multi-graph
transformer with bidirectional spatio-temporal closed-loop in-
teraction. Unlike existing approaches that simply combine
temporal and spatial features via serial or parallel concate-
nation (i.e., a simple two-step sequential design), our model
achieves deep coupling of spatio-temporal features through
two mutually conditional steps forming a closed-loop bidirec-
tional interaction: temporal-guided spatial fusion and spatial-
guided temporal aggregation. This differs fundamentally from
the unidirectional serial pipeline of existing methods: tem-
poral features dynamically guide the fusion of three spatial
views — adjacency, reachability, and similarity — while spa-
tial features inform temporal attention to focus on the most
relevant historical data. This design ensures that spatial fea-
ture extraction is conditioned on the temporal dynamics of
individual nodes, while temporal feature aggregation is mod-
ulated by spatial context, overcoming the limitations of uni-
directional information flow in conventional two-stage fusion
paradigms and yielding deeply coupled representations be-
yond naive concatenation or static weighting.

The main contributions of this work are summarized as
follows.

(i) We propose a bidirectional spatio-temporal interac-
tion architecture incorporating two novel mechanisms: time-
guided spatial feature fusion and space-guided temporal fea-
ture aggregation. This design realizes mutually conditional
closed-loop modeling of spatio-temporal features, address-
ing the drawbacks of spatio-temporal separation and unidirec-
tional information flow in existing methods.

(ii) We develop a multi-perspective spatial representation
learning framework that simultaneously constructs three dis-
tinct graph types — adjacency, reachability, and similarity
— each capturing complementary spatial dependencies aris-
ing from physical connectivity, path-based propagation, and
functional similarity, respectively.

(iii) We design a peak-aware adaptive weighted loss func-
tion that assigns higher weights to samples corresponding to

peak traffic periods, alleviating the critical limitation of con-
ventional MSE loss — its insensitivity to prediction accuracy
during peak traffic hours in real-world applications.

(iv) We conduct extensive experiments on four real-
world public traffic datasets, demonstrating that the proposed
MGTTP model achieves superior prediction performance over
all compared mainstream baseline models across all key eval-
uation metrics, validating the effectiveness of each core com-
ponent.

The remainder of this paper is organized as follows: Sec-
tion 2 provides a review of related work; Section 3 details the
methodology underlying the MGTTP model; Section 4 dis-
cusses experimental results; and Section 5 concludes with a
summary and directions for future research.

2. Related work
2.1. Traffic flow forecasting based on graph neural net-

works

Early spatial modeling approaches predominantly em-
ployed convolutional neural networks (CNNs) to process grid-
ded traffic data. However, these methods encountered inher-
ent difficulties when applied to the non-Euclidean topology
of real-world road networks. The advent of graph neural net-
works (GNNs) provides a robust framework to address this
challenge. Notably, DCRNN, introduced by Li et al.,[7] inte-
grates diffusion convolution with gated recurrent units to cap-
ture spatial dependencies on graph-structured data. Similarly,
STGCN, proposed by Yu et al.,[3] models spatio-temporal cor-
relations through the combination of graph convolution and
temporal convolution operations. These seminal contributions
underscore the efficacy of GNN-based methodologies in traffic
flow forecasting.

Nonetheless, the majority of early GNN models rely on
predefined static graphs constructed primarily on the basis of
physical proximity, thereby constraining their capacity to rep-
resent non-local spatial dependencies. To mitigate this limita-
tion, subsequent research has investigated adaptive graph con-
struction strategies. For instance, Graph WaveNet, developed
by Wu et al.,[13] employs learnable node embeddings to gen-
erate an adaptive adjacency matrix, while AGCRN, proposed
by Bai et al.,[14] uncovers implicit node relationships in a fully
data-driven manner. Although these adaptive approaches en-
hance model flexibility, the resultant graph structures often
lack explicit physical interpretability.

2.2. Multi-graph fusion methods

In light of the limitations associated with single-graph
structures, recent research has progressively shifted towards
multi-graph fusion techniques. For example, ST-MGCN, in-
troduced by Geng et al.,[9] integrates a proximity graph with a
point-of-interest (POI) similarity graph. Similarly, TMGCN,
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proposed by Lv et al.,[10] simultaneously models adjacency,
functional similarity, and traffic connectivity among regions.
These studies collectively highlight the promise of multi-graph
fusion in capturing complex spatial dependencies. Nonethe-
less, existing approaches exhibit several inherent limitations:
the dimensionality of fused graphs remains relatively con-
strained; fusion strategies commonly employ simplistic oper-
ations such as weighted summation or feature concatenation,
which are essentially static fusion approaches; they lack adap-
tive mechanisms to dynamically adjust fusion weights accord-
ing to the temporal dynamics of individual nodes; and crit-
ically, there is no interaction between spatial modeling and
temporal features.

2.3. Spatio-temporal modeling based on attention mecha-
nisms

In recent years, attention mechanisms have been exten-
sively employed in spatio-temporal prediction tasks. The

transformer architecture[15] has demonstrated superior capa-
bility in capturing long-range temporal dependencies via its
self-attention mechanism. Xu et al.[16] applied the transformer
framework to traffic forecasting, empirically validating its ef-
fectiveness in modeling long-term temporal dynamics. How-
ever, most existing attention-based methods predominantly
follow the serial pipeline of “spatial modeling, temporal mod-
eling, and feature fusion”, without explicitly enabling bidi-
rectional interaction and collaborative optimization between
spatio-temporal features.

In contrast to these approaches, the bidirectional spatio-
temporal interaction mechanism proposed herein not only in-
tegrates richer and more comprehensive graph information
but also fosters deep, reciprocal interactions between spatial
and temporal features. This design enables coupled spatio-
temporal representation learning that transcends simplistic
feature fusion strategies.
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Fig. 1. Overall architecture of MGTTP with bidirectional spatio-temporal interaction.

2.4. Problem definition

Let 𝑋 ∈ RN×T×F denote the historical traffic flow data,
where N represents the number of nodes (i.e., traffic detectors)
within the traffic network, T corresponds to the total number of

historical time steps with a fixed input window size of T = 12

(each time step is 5 minutes, corresponding to 1 hour of histor-

ical data), and F indicates the feature dimension per time step.

The raw input features include traffic flow, average speed, and
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average occupancy; however, only the traffic flow value is used
for prediction in this work, hence F = 1. The objective is to
predict the future traffic flow 𝑌 ∈ RN×T ′×F over the subse-
quent T ′ = 12 future time steps (corresponding to 1 hour of
future data).

2.5. Overall model architecture

The MGTTP model is grounded in the core principle of
bidirectional spatio-temporal closed-loop interaction and com-
prises four essential components: (1) initial temporal feature
extraction, which supplies temporal context to guide subse-
quent spatial feature learning; (2) multi-view spatial repre-
sentation learning, involving the construction and fusion of
feature representations derived from multiple spatial graphs;
(3) long-term temporal dependency modeling, which lever-
ages the transformer architecture to capture complex temporal
patterns across extended time horizons; and (4) bidirectional
spatio-temporal interaction fusion, facilitating deep recipro-
cal interaction between spatial and temporal features to gen-
erate the final prediction. Figure 1 provides an overview of
MGTTP, integrating multi-graph spatial learning with bidirec-
tional spatio-temporal interaction.

2.6. Initial temporal feature extraction

To effectively capture the temporal dynamics inherent to
each node within the spatial feature extraction process, we be-
gin by deriving an initial temporal feature vector for each indi-
vidual node. Given the historical traffic flow matrix for node i,
denoted as 𝑋i ∈ RT×F , a one-dimensional convolutional neu-
ral network (1D CNN) is applied

xinit,i = Conv1D(𝑋i) ∈ Rd′ , (1)

where Conv1D(·) denotes the 1D convolution operator and d′

represents the dimensionality of the convolutional output fea-
ture. The complete hyperparameters of the 1D convolution are
set as: kernel size = 3, stride = 1, padding = 1, which ensures
the output sequence length is consistent with the input, and the
output feature dimension d′ = 64. This vector encapsulates the
essential temporal dynamic characteristics of node i and con-
stitutes the key input for the subsequent time-guided spatial
feature fusion.

2.7. Multi-perspective spatial representation learning
2.7.1. Multi-graph construction

(i) Adjacency graph construction The adjacency graph
Ga(V,E,𝑊a) is employed to characterize local spatial depen-
dencies among nodes within the traffic network. An edge
(i, j) ∈ E is established if nodes i and j are directly connected
by a road segment. The corresponding edge weight is defined
by an exponential decay function dependent on the physical

distance di j between nodes:

𝑊a(i, j) = e−αdi j , (2)

where α denotes the attenuation coefficient, which physically
represents the strength of distance decay and governs the in-
fluence range of local adjacency relationships. This parame-
ter is determined via grid search on the validation set and is
fixed at 0.1 throughout this work. This setting achieves an
optimal balance between capturing local correlations and fil-
tering out noise. The optimality of this value has been veri-
fied through the hyperparameter ablation experiment detailed
in Subsection 4.5.2, and the parameter remains fixed across all
datasets.

(ii) Reachability graph construction The reachability
graph Gr(V,E,Wr) is designed to capture path dependencies
among nodes from a global perspective, thereby accounting
for the indirect influence propagated through multi-hop con-
nections. In practical traffic networks, certain intersections
may lack direct geographic adjacency yet form potential traffic
propagation pathways via intermediate nodes. For instance, as
illustrated in Fig. 2, although nodes A and F are not directly
connected by a road segment, congestion occurring at node A
can indirectly impact traffic conditions at node F through other
intermediary nodes.

A

B

C

D

E

F

G

Factory

School

School

Fig. 2. An example of a toy urban road network.

To effectively capture the indirect propagation relation-
ships between nodes, we employ the communicability func-
tion to model global reachability. Originally introduced by
Estrada et al.,[17] the communicability function quantifies
the capacity for information transmission between two nodes
within a complex network by considering all possible paths,
including multi-hop connections. Concretely, it represents the
cumulative influence between nodes as the matrix exponential
of the adjacency matrix, thereby assigning greater weight to
shorter paths. Mathematically, the matrix exponential of the
adjacency matrix can be expanded as a Taylor series

e𝑊a =
∞

∑
k=0

𝑊 k
a

k!
= 𝐼+𝑊a +

𝑊 2
a

2!
+

𝑊 3
a

3!
+ · · · , (3)
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where the term with k = 0 corresponds to the identity matrix
𝐼 (node self-loops, 0-hop paths), the term with k = 1 corre-
sponds to 𝑊a (direct node connections, 1-hop paths), and the
terms with k ≥ 2 correspond to multi-hop indirect paths with
two or more hops.

Building upon this idea, we define the reachability weight
matrix 𝑊r from the adjacency weight matrix 𝑊a associated
with the underlying graph

𝑊r = e𝑊a −𝑊a −𝐼. (4)

Here, eWa represents the matrix exponential of Wa, serving as
the communicability function within the graph. This function
can be interpreted as a weighted summation over all possible
paths between nodes, thereby encapsulating both direct and
indirect connectivity. The identity matrix 𝐼 is subtracted to
remove trivial self-loops; the subsequent subtraction of 𝑊a

eliminates the information of direct 1-hop connections, which
are exclusively modeled by the adjacency graph. This design
ensures that 𝑊r only retains the cumulative influence of all
indirect paths with a length ≥ 2 between nodes, realizing com-
plete functional decoupling between the adjacency and reach-
ability graphs. The adjacency graph exclusively models 1-hop
direct local connections, while the reachability graph focuses
on multi-hop global path propagation, reducing feature redun-
dancy in multi-graph fusion. In real-world traffic scenarios,
1-hop congestion effects are captured by the adjacency graph,
while cross-node indirect propagation effects modeled by the
reachability graph serve as effective supplements.

To improve computational efficiency and highlight valid
paths, a threshold εr is applied to 𝑊r for sparsification. For
all datasets in this study, the sparsity threshold εr is uniformly
set to 10−5, representing the lower effective weight bound of
multi-hop paths. Its value is determined via grid search on the
validation set and remains fixed across all datasets, ensuring
computational control while preserving core multi-hop paths.

For computational complexity and numerical stability, we
implement:

(i) Computational complexity optimization: The ma-
trix exponential e𝑊a is computed using the industry-standard
Scaling and Squaring algorithm, with time complexity O(N3),
where N is the number of nodes. Combined with spar-
sity thresholding, this approach reduces computational over-
head while maintaining accuracy, rendering graph convolution
complexity comparable to that of the sparse adjacency ma-
trix. This allows scalability to large-scale networks, such as
the PEMS07 dataset.

(ii) Numerical stability control: Prior to computing the
matrix exponential, spectral normalization is applied to Wa to
constrain its spectral radius below 1, avoiding numerical ex-
plosion. Double-precision floating-point arithmetic further en-
sures stability for large-scale graphs.

(iii) Similarity graph construction: The similarity
graph captures functional relationships between nodes that,
while not necessarily spatially proximal, exhibit analogous
traffic patterns. For instance, intersections in different re-
gions near schools may share similar commuting patterns. To
quantify these similarities, we employ the dynamic time warp-
ing (DTW) algorithm, denoted as DTW(·, ·), which calculates
the optimal nonlinear alignment distance between two time
series.[18] Unlike point-wise metrics such as Euclidean dis-
tance, DTW mitigates sensitivity to temporal shifts and scal-
ing, better capturing the dynamic shapes of traffic flow.

Formally, given two time series A = (a1,a2, . . . ,an) and
B = (b1,b2, . . . ,bm), DTW constructs a cost matrix and ap-
plies dynamic programming to find the minimal cumula-
tive cost path from (1,1) to (n,m). For efficiency, we
adopt FastDTW,[19] which approximates DTW with near-
linear complexity by constraining the search space of the
warping path, e.g., via the Sakoe–Chiba band.

For nodes i and j, with daily traffic sequences 𝑋i,k and
𝑋 j,k for day k, the alignment distance is computed via Fast-
DTW. The average distance over T days is

DTWavg(i, j) =
1
T

T

∑
k=1

FastDTW(𝑋i,k,𝑋 j,k). (5)

This average distance is transformed into a similarity weight
via exponential decay:

Ws(i, j) = e−DTWavg(i, j). (6)

Graph sparsification retains edges exceeding a threshold
εs, set to 10−3 for all datasets. This parameter represents
the effective lower bound of functional similarity and is fixed
via grid search, ensuring a balance between capturing cross-
regional similarity and controlling graph sparsity.

The core hyperparameters of the three graphs are fixed via
grid search to ensure clear physical meaning, avoid semantic
ambiguity, and enhance generalization stability. Fixed thresh-
olds also support the reproducibility and practical engineering
deployment of traffic flow forecasting models.

2.7.2. Graph convolution feature extraction

Following the construction of the adjacency graph Ga,
reachability graph Gr, and similarity graph Gs, graph con-
volutional networks (GCNs) are employed to extract spatial
dependency information embedded within these graphs from
the input features. Each GCN utilizes the initial temporal
feature matrix xinit,i (Subsection 3.3) as input. For a given
graph Gt = (V,E,Wt), where t ∈ {a, r,s} denotes the adja-
cency, reachability, and similarity graphs respectively, normal-
ized graph convolution operations are applied

𝑊̂t =𝐷
− 1

2
t (𝑊t +𝐼)𝐷

− 1
2

t , (7)
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where 𝐷t is the degree matrix corresponding to 𝑊t , and 𝐼 is
the identity matrix to include self-loops. A multi-layer GCN
then extracts spatial features. The graph convolution at layer l
is formulated as

𝐻
(l+1)
t = σ

(
𝑊̂t𝐻

(l)
t Θ

(l)
t

)
, (8)

where Θ
(l)
t denotes the trainable weight matrix at layer l, and

σ(·) represents a nonlinear activation function. After L layers,
the spatial representations 𝐻t ∈ RN×ds are obtained, captur-
ing local spatial dependencies (𝐻a), global path dependencies
(𝐻r), and functional similarity dependencies (𝐻s) among the
nodes.

2.7.3. Time-guided spatial feature fusion

Given the distinct temporal dynamics of nodes, each node
may rely differently on the three spatial relationships under
varying traffic conditions. Unlike transformer-based baselines
such as ST-transformer and ST-LLM, which use mean pool-
ing, fixed-step extraction, or independent temporal modeling,
and only perform static multi-graph feature fusion, we design a
temporal-guided attention mechanism to dynamically fuse the
three types of spatial features. This mechanism is the first core
component of our bidirectional spatio-temporal interaction de-
sign, allowing temporal features to guide spatial modeling and
breaking the decoupling between spatial and temporal mod-
ules in existing methods.

For each node i, its initial temporal feature xinit,i serves as
the query, while the corresponding spatial features hi,t act as
keys and values. The attention weight αi,t for graph t ∈{a, r,s}
is computed as

αi,t =
exp
(
(𝑊qxinit,i)

T(𝑊khi,t)
)

∑t ′∈{a,r,s} exp
(
(𝑊qxinit,i)T(𝑊khi,t ′)

) , (9)

where 𝑊q and 𝑊k denote learnable projection matrices. The
fused spatial feature for node i is obtained via a weighted sum

hspace,i = ∑
t∈{a,r,s}

αi,thi,t . (10)

Collectively, the fused spatial feature matrix 𝐻space ∈
RN×d is constructed by aggregating these node-level represen-
tations. This mechanism enables the model to adaptively ad-
just the importance of different spatial relations based on real-
time temporal dynamics of each node, rather than using a fixed
fusion strategy. The fused spatial features will subsequently
serve as the query vector for the spatial-guided temporal ag-
gregation module (Subsection 3.5.2), forming the second half
of our bidirectional spatio-temporal interaction closed loop.

2.8. Long-term temporal dependency modeling
2.8.1. Time encoding based on transformer

To capture temporal dependencies across multiple scales
— such as daily peaks, weekly cycles, and irregular holiday

patterns — we employ a multi-layer transformer encoder to
process the historical sequence 𝑋i ∈RT×F for each node i. At
layer l, temporal dependencies are modeled via a multi-head
attention mechanism

MultiHead(Q,K,V ) = Concat(head1, . . . ,headh)𝑊o, (11)

where each attention head is computed as

headi = Attention(Q𝑊Q
i ,K𝑊 K

i ,V𝑊V
i ), (12)

and the scaled dot-product attention is defined by

Attention(Q,K,V ) = softmax
(

QKT
√

dh

)
V. (13)

The output of each attention layer is followed by a
residual connection and a position-wise feed-forward network
(FFN)

𝑍
(l)
i = LayerNorm

{
𝑍

(l−1)
i +FFN

[
LayerNorm

(
𝑍

(l−1)
i

+MultiHead(Q,K,V )
)]}

. (14)

After passing through L transformer layers, the final tempo-
ral feature sequence 𝑍

(L)
i ∈ RT×dmodel is obtained, effectively

encoding multi-scale temporal patterns.

2.8.2. Spatially guided temporal feature aggregation

Traffic temporal patterns are often strongly correlated
with the spatial attributes of nodes. For example, nodes in
commercial districts exhibit weekday peaks, whereas residen-
tial nodes may emphasize weekends and nighttime traffic. Mo-
tivated by this observation, we propose a spatially guided tem-
poral feature aggregation mechanism that dynamically selects
and weights historical time intervals based on the spatial fea-
tures learned in Subsection 3.4.3.

Formally, for node i, let hspace,i denote the spatial fea-
ture obtained via time-guided fusion, and let the temporal
feature sequence from the transformer encoder be 𝑍

(L)
i =

[zi,1,zi,2, . . . ,zi,T ] ∈ RT×d . We employ a cross-modal attention
mechanism where the spatial feature acts as the query and the
temporal features as the keys and values

βi,t =
exp
(
(𝑊 ′

qhspace,i)
T(𝑊 ′

kzi,t)
)

∑
T
t ′=1 exp

(
(𝑊 ′

qhspace,i)T(𝑊 ′
kzi,t ′)

) . (15)

The aggregated temporal feature for node i is then

htime,i =
T

∑
t=1

βi,t · zi,t , (16)

where 𝑊 ′
q and 𝑊 ′

k are learnable projection matrices.
This mechanism enables the model to adaptively extract

the most relevant temporal patterns conditioned on the spa-
tial context of each node. By assembling the temporal fea-
tures of all nodes, the final temporal representation matrix
𝐻time ∈ RN×d is produced.
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Importantly, the spatial features from the time-guided
spatial fusion module serve as the query for this spatial-
guided temporal aggregation, forming a closed-loop bidirec-
tional spatio-temporal interaction. This design fundamentally
differs from conventional two-step serial attention paradigms,
achieving deep coupling between spatial and temporal repre-
sentations.

2.9. Final prediction
2.9.1. Adaptive gating fusion mechanism

Following the bidirectional spatio-temporal interaction,
we obtain the coupled spatial and temporal feature matrices
𝐻space and 𝐻time, respectively. The relative importance of
these features may vary across traffic conditions, forecasting
horizons, and node types. For instance, spatial propagation
effects dominate during peak hours, while historical temporal
patterns may be more influential during off-peak intervals.

To account for this variability, we design a parameter-
ized gating fusion mechanism that adaptively modulates the
contribution of spatial and temporal features at the feature-
dimension level. Formally, we introduce two learnable gat-
ing matrices 𝑃space and 𝑃time ∈ RN×d and compute the fused
features as

𝐻combined =
(
𝐻space ⊙σ(𝑃space)

)
+
(
𝐻time ⊙σ(𝑃time)

)
,

(17)

where σ(·) denotes the sigmoid function, constraining gating
weights to [0,1], and ⊙ represents element-wise multiplica-
tion. Through end-to-end training, the gating parameters learn
to optimally balance the contributions of spatial and tempo-
ral features for each node and feature dimension, improving
adaptability and predictive accuracy.

2.9.2. Prediction output and loss function design

The fused spatio-temporal feature 𝐻combined is subse-
quently mapped to the prediction space via a multi-layer per-
ceptron (MLP) to forecast traffic flow over the upcoming T ′

time steps

𝑌̂i = MLP(hcombined,i) ∈ RT ′×F . (18)

Given the characteristics of traffic flow forecasting, the
conventional mean squared error (MSE) loss treats all time in-
tervals equally, neglecting the critical importance of accuracy
during peak traffic periods. To mitigate this, we introduce a
peak-aware adaptive weighted loss

ℒ=
1

N ·T ′ ·F

N

∑
i=1

T ′

∑
t=1

F

∑
f=1

wi,t, f · (𝑌̂i,t, f −𝑌i,t, f )
2, (19)

where the adaptive weight wi,t, f is defined as

wi,t, f = 1+ρ ·ReLU
(Yi,t, f −µi

σi
− τ

)
. (20)

Here, µi and σi are the historical mean and standard de-
viation of traffic flow at node i, ensuring cross-node compara-
bility; τ is a peak threshold controlling the onset of additional
weighting; ρ is the peak weight coefficient controlling the am-
plification for high-demand periods. In this study, τ = 1.0 and
ρ = 0.5 are determined via grid search on the validation set
and fixed across all datasets. This design follows conventions
in spatio-temporal forecasting and is inspired by the focusing
parameter γ in focal loss,[20] ensuring training stability and in-
terpretability. The ReLU function guarantees non-negativity
of additional weights.

3. Experiment
3.1. Dataset

We evaluated the proposed MGTTP model on four public
traffic network datasets: PEMS03, PEMS04, PEMS07, and
PEMS08. These datasets were originally compiled and re-
leased by Song et al. (2020),[8] and collected from traffic mon-
itoring systems in four distinct regions of California, USA.

All data are derived from the Performance Measurement
System (PeMS) operated by the California Department of
Transportation (Caltrans) and are aggregated at 5-minute in-
tervals, yielding 288 time points per working day. Prior to
modeling, all input features were standardized using Z-score
normalization.

Detailed statistics of these datasets are summarized in Ta-
ble 1. For experimental evaluation, each dataset is chronolog-
ically partitioned into training, validation, and test sets in a
6:2:2 ratio, without any random shuffling. This chronological
split strictly adheres to the standard protocol for time-series
forecasting, ensuring that future data are never used to inform
past predictions.

Table 1. Description and statistical summary of the traffic datasets.

Datasets Nodes Edges TimeSteps MissingRatio

PEMS03 358 547 26208 0.672%
PEMS04 307 340 16992 3.182%
PEMS07 883 866 28224 0.452%
PEMS08 170 295 17856 0.696%

3.2. Baseline methods

We evaluated the proposed MGTTP model against a suite
of mainstream representative baseline methods commonly em-
ployed in traffic flow forecasting. All baseline models were
configured with core architecture parameters strictly follow-
ing the optimal settings reported in their original publications,
and uniformly adapted to the 12-step input and 12-step output
prediction window used throughout this work.

FC-LSTM: Fully connected long short-term memory
network, a classical recurrent architecture capable of mod-
eling long-term temporal dependencies in time series data
(Sutskever et al., 2014).[21]
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DCRNN: Diffusion convolutional recurrent neural net-
work, integrating diffusion convolution within gated recurrent
units under an encoder-decoder framework to capture spatial
dependencies in traffic networks (Li et al., 2017).[7]

STGCN: Spatio-temporal graph convolutional network,
combining graph convolution with one-dimensional tempo-
ral convolution to jointly extract spatial and temporal features
from traffic data (Yu et al., 2017).[3]

ASTGCN(R): Attention-based spatio-temporal graph
convolutional network, enhancing modeling capability via
spatio-temporal attention mechanisms. We adopt the variant
that models only recent periodic components for fairness (Guo
et al., 2019).[22]

Graph WaveNet: A graph neural network framework
incorporating adaptive adjacency matrices alongside dilated
one-dimensional convolutions to automatically learn spatial
dependencies (Wu et al., 2019).[13]

STSGCN: Spatial-temporal synchronous graph convolu-
tional network, synchronously modeling spatial and tempo-
ral relationships via local spatio-temporal subgraph modules
(Song et al., 2020).[9]

STGODE: Spatio-temporal graph neural ordinary differ-
ential equation, introducing continuous graph neural networks
to capture dynamic spatio-temporal evolution in traffic fore-
casting (Fang et al., 2021).[23]

ST-LLM: Spatio-temporal large language model, treat-
ing each location’s time step as a token, learning spatio-
temporal embeddings for spatial positions and global tempo-
ral patterns, and fusing them through convolutional operations
with a partially frozen attention mechanism to adapt large lan-
guage models for global spatio-temporal dependency model-
ing (Liu et al., 2024).[12]

3.3. Experimental setup

To ensure consistency, reproducibility, and fairness,
all experiments maintained identical data preprocessing
pipelines, dataset partitioning strategies, input/output window
settings, training environments, and hyperparameter tuning
budgets across MGTTP and all baseline models.

All models were implemented using the PyTorch frame-
work and trained on hardware consisting of an Intel(R)
Xeon(R) Gold 6133 CPU @ 2.50 GHz and an NVIDIA
GeForce RTX 3090 GPU. During training, hyperparameters
were consistent across all models: the Adam optimizer was
used with an initial learning rate of 0.001, a cosine anneal-
ing learning rate scheduler was applied, the batch size was set
to 32, and the maximum number of training epochs was 100.
Early stopping was employed, terminating training if the vali-
dation RMSE did not decrease for 10 consecutive epochs.

The core architectural hyperparameters of MGTTP are
summarized in Table 2. For transparency and fairness, the

main architectural settings of four strong baseline models are
presented in Table 3, strictly following their original optimal
configurations and adapted to the 12-step input/output pre-
diction window. The remaining baseline models (FC-LSTM,
DCRNN, STGCN, ASTGCN) adhere to the above hyperpa-
rameter tuning rules.

Table 2. Summary of core hyperparameters of the MGTTP model.

Module category Hyperparameter name Symbol Value

Initial temporal feature ex-
traction module

Output feature dimension
of 1D convolution

d′ 64

1D convolution kernel
size/stride/padding

– 3/1/1

Multi-view spatial feature
extraction module (GCN)

Number of graph convolu-
tional layers

L 2

Hidden dimension of
graph convolution

ds 64

Transformer temporal en-
coding module

Number of transformer en-
coder layers

Ltrans 3

Number of self-attention
heads

h 8

Model hidden dimension dmodel 64

Intermediate dimension of
feed-forward network

dffn 256

Dropout Rate pdrop 0.1

Table 3. Key architecture settings of core strong baseline models.

Baseline
model

Core architecture set-
tings

Fixed key hyperparameters

Graph
WaveNet

2 stacked spatio-
temporal convolution
blocks; 8 dilated causal
convolution layers per
block

Dilation factor sequence:
[1,2,1,2,1,2,1,2]; adap-
tive graph embed-
ding dimension = 10;
hiddendimension = 64;
diffusion step K = 2

STSGCN 3 spatio-temporal syn-
chronous convolution
modules; 3 graph con-
volutional layers per
module

Hidden dimension = 64; in-
put window = 12; predic-
tion window = 12

STGODE TCN–ODE-TCN sand-
wich structure; tensor-
based ODE solver

TCN hidden dimensions =
[64,32,64]; 3 STGODE
blocks; ODE step size = 1;
adjacency threshold σ = 10,
ε = 0.5

ST-LLM 6-layer GPT2-based
transformer; partially
frozen attention strategy

Spatio-temporal embedding
dimension = 64; input
window = 12; prediction
window = 12

For performance evaluation, three standard metrics are
adopted: mean absolute error (MAE), mean absolute percent-
age error (MAPE), and root mean squared error (RMSE). All
baseline models are based on their official open-source im-
plementations, and the reported results represent the mean of
three independent runs with different random seeds, ensuring
stability and reproducibility by mitigating randomness.
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3.4. Comparative analysis of model performance

To evaluate the effectiveness of the proposed MGTTP
model, we conducted a comprehensive quantitative compari-
son against all selected baseline methods on the four PEMS
datasets, using the evaluation metrics defined in Subsec-
tion 4.3. The results, summarized in Table 4, consistently

demonstrate that MGTTP achieves state-of-the-art prediction
performance across all metrics and datasets.

Specifically, MGTTP attains MAE values of 15.49, 19.37,
21.62, and 15.50, and RMSE values of 26.83, 31.42, 34.85,
and 24.47 on PEMS03, PEMS04, PEMS07, and PEMS08, re-
spectively, outperforming all comparative baselines, including
the recent ST-LLM, on most evaluation metrics.

Table 4. Performance comparison of the proposed MGTTP model and baseline methods on the PEMS datasets.

Datasets Metric FC-LSTM DCRNN STGCN ASTGCN Graph
WaveNet

STSGCN STGODE ST-LLM MGTTP

PEMS03 MAE
MAPE(%)
RMSE

21.33 ± 0.24
23.33 ± 4.23
35.11 ± 0.50

18.18 ± 0.15
18.91 ± 0.82
30.31 ± 0.25

17.49 ± 0.46
17.15 ± 0.45
30.12 ± 0.70

17.69 ± 1.43
19.40 ± 2.24
29.66 ± 1.68

19.85 ± 0.03
19.31 ± 0.49
32.94 ± 0.18

17.48 ± 0.15
16.78 ± 0.20
29.21 ± 0.56

16.05 ± 0.15
16.69 ± 0.20
27.84 ± 0.26

15.78 ± 0.13
15.42 ± 0.17
27.15 ± 0.23

15.49 ± 0.11
14.73 ± 0.15
26.83 ± 0.20

PEMS04 MAE
MAPE(%)
RMSE

26.24 ± 0.20
19.30 ± 0.40
40.49 ± 0.21

24.70 ± 0.22
17.12 ± 0.37
38.12 ± 0.26

22.70 ± 0.64
14.59 ± 0.21
35.55 ± 0.75

22.93 ± 1.29
16.56 ± 1.36
35.22 ± 1.90

25.45 ± 0.03
17.29 ± 0.24
39.70 ± 0.04

21.19 ± 0.10
13.90 ± 0.05
33.65 ± 0.20

20.84 ± 0.18
13.77 ± 0.22
32.82 ± 0.29

19.89 ± 0.15
13.24 ± 0.19
31.87 ± 0.25

19.37 ± 0.12
12.92 ± 0.18
31.42 ± 0.21

PEMS07 MAE
MAPE(%)
RMSE

29.96 ± 0.42
14.34 ± 0.53
43.94 ± 0.57

25.30 ± 0.52
11.66 ± 0.33
38.58 ± 0.70

25.38 ± 0.49
11.08 ± 0.18
38.78 ± 0.58

28.05 ± 2.34
13.92 ± 1.65
42.57 ± 3.31

26.85 ± 0.05
12.12 ± 0.41
42.78 ± 0.07

24.26 ± 0.14
10.21 ± 1.65
39.03 ± 0.27

22.59 ± 0.20
10.14 ± 0.24
37.54 ± 0.32

21.89 ± 0.17
9.47 ± 0.20
36.24 ± 0.28

21.62 ± 0.14
9.19 ± 0.17
34.85 ± 0.24

PEMS08 MAE
MAPE(%)
RMSE

22.20 ± 0.18
15.02 ± 0.59
33.06 ± 0.32

17.86 ± 0.03
11.45 ± 0.03
27.83 ± 0.05

18.02 ± 0.14
11.40 ± 0.10
27.83 ± 2.20

18.61 ± 0.40
13.08 ± 1.00
28.16 ± 0.48

19.13 ± 0.08
12.68 ± 0.57
31.05 ± 0.07

17.13 ± 0.09
10.96 ± 0.07
26.80 ± 0.18

16.81 ± 0.16
10.62 ± 0.20
25.97 ± 0.27

15.94 ± 0.12
10.18 ± 0.15
24.92 ± 0.22

15.50 ± 0.09
9.84 ± 0.11
24.47 ± 0.15

Compared with classical graph-based models such as
DCRNN and STGCN, which integrate graph convolution with
recurrent architectures, MGTTP achieves a relative improve-
ment of 10% to 15% in RMSE across all datasets, highlight-
ing the effectiveness of the multi-graph fusion strategy in cap-
turing spatial heterogeneity. Notably, even against stronger
baselines such as Graph WaveNet and STGODE, which lever-
age adaptive adjacency matrices and neural ordinary differen-
tial equations (ODEs) respectively, MGTTP maintains supe-
rior predictive performance. This advantage is primarily at-
tributed to its richer spatial relation modeling and fine-grained
bidirectional spatio-temporal attention mechanism, which en-
ables more accurate traffic forecasting across diverse traffic
conditions and datasets.

It is particularly noteworthy that MGTTP consistently
outperforms the recently proposed ST-LLM method across all
datasets. Although ST-LLM innovatively leverages large lan-
guage models by treating time steps as tokens and design-
ing spatio-temporal embeddings to capture global patterns, its
general-purpose architecture lacks task-specific specialization
for traffic prediction. In contrast, MGTTP is explicitly tailored
for traffic flow forecasting, enabling more precise modeling of
the unique spatio-temporal dynamics inherent in traffic data.
For example, on PEMS04, MGTTP reduces MAE by 2.6%
relative to ST-LLM (from 19.89 to 19.37), while on PEMS08,
the improvement reaches 2.8% (from 15.94 to 15.50).

Compared with STGODE, the second-best performing
model, MGTTP achieves notable MAE improvements of 7.1%
on PEMS04 and 7.8% on PEMS08. In particular, MGTTP re-
duces MAPE to 9.19% and 9.84% on PEMS07 and PEMS08,

respectively, surpassing all compared baselines and demon-
strating superior accuracy in low-error scenarios. These con-
sistent and significant performance gains underscore the ef-
fectiveness of the MGTTP architecture in capturing complex
spatio-temporal dependencies, dynamics, and heterogeneity in
traffic flow data.

In terms of stability, MGTTP exhibits smaller perfor-
mance standard deviations than all baseline models across the
datasets, indicating enhanced robustness under different ran-
dom seeds.

To verify the statistical significance of the improvements,
we conducted a one-tailed paired samples t-test between
MGTTP and ST-LLM at a 95% confidence level. The test set-
tings are as follows:

Paired objects: Prediction errors (MAE, RMSE, MAPE)
of MGTTP and ST-LLM for each test sample across three in-
dependent repeated experiments (with different random seeds)
were paired one-to-one.

Prediction horizons: The test was performed over all 12
prediction steps (5–60 min).

Hypotheses: The null hypothesis H0 states that “there
is no significant difference between the prediction errors of
MGTTP and ST-LLM,” while the one-tailed alternative hy-
pothesis H1 states that “the prediction error of MGTTP is sig-
nificantly lower than that of ST-LLM.” A p-value < 0.05 indi-
cates statistical significance.

The p-values of the paired t-test are summarized in Ta-
ble 5. All metrics yielded p-values below 0.05, leading to re-
jection of H0. This confirms that MGTTP’s performance im-
provements are statistically significant and not attributable to
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random fluctuations.

Table 5. P-value results of the paired t-test between MGTTP and
ST-LLM.

Dataset MAE MAPE RMSE

PEMS03 0.023 0.031 0.018
PEMS04 0.017 0.024 0.021
PEMS07 0.028 0.019 0.025
PEMS08 0.015 0.020 0.016

3.5. Ablation study

To rigorously assess the effectiveness of each core com-
ponent of the proposed MGTTP model, we conducted two cat-
egories of ablation experiments following the single-variable
control principle: (i) Necessity ablation of core modules,
which evaluates the performance contribution of each essen-
tial design. (ii) Optimality ablation of key hyperparameters,
which verifies the validity of the selected core hyperparameter
settings.

All ablation experiments were performed on two repre-
sentative datasets, PEMS04 and PEMS08, while keeping the
training environment and all non-pertinent hyperparameters
fixed to ensure fair comparison.

3.5.1. Necessity ablation of core modules

The results of the necessary ablation experiments are
summarized in Table 6, illustrating the contribution of each
individual module to the overall predictive performance.

Table 6. Component analysis of the MGTTP model.

PEMS04 PEMS08

MAE MAPE RMSE MAE MAPE RMSE

-Htime 20.64 15.54 33.18 17.15 12.87 26.42
-Adjacency graph 19.84 13.31 32.33 16.29 10.74 25.70
-Reachability graph 19.80 13.25 32.20 16.57 11.36 25.72
-I–Wa 19.76 13.22 32.18 16.31 10.76 25.64
-Similarity graph 19.79 13.02 32.21 16.28 10.73 25.65
-Adaptive gating fusion+
Feature concatenation

19.94 13.58 32.56 16.74 10.81 25.78

-Peak-aware adaptive
weighted loss + (MSE)
loss

19.87 13.47 32.49 16.55 10.76 25.67

MGTTP 19.37 12.92 31.42 15.50 9.84 24.47

3.5.1.1. Effectiveness of the temporal feature extraction
module

We first evaluate the contribution of the temporal fea-
ture extraction module. As shown in Table 6, the variant “-
Htime”, which omits the spatio-temporal attention mechanism
and simply averages the transformer outputs at the final time
step, exhibits notable performance degradation. On PEMS04,
MAE increases from 19.37 to 20.64. These results confirm
that the spatio-temporal attention mechanism effectively inte-
grates spatial context when aggregating temporal features, en-
abling richer and more informative temporal representations.

3.5.1.2. Effectiveness of the multi-graph fusion strategy

To assess the contribution of the multi-graph fusion strat-
egy, we conducted ablations by removing each graph struc-
ture — adjacency, reachability, or similarity — individually.
Excluding any single graph consistently increases prediction
error, indicating that the multi-graph fusion framework out-
performs any two-graph combination. A comparison with the
full MGTTP model (Table 4) shows that all ablated variants
(-adjacency, -reachability, -similarity) degrade performance
across all metrics. This highlights that adjacency, reachability,
and similarity graphs capture complementary spatial depen-
dencies essential for accurate traffic forecasting. Notably, the
relative importance of each graph varies between datasets: on
PEMS04, removing adjacency has the largest impact (MAE
19.84), whereas on PEMS08, omitting either adjacency or
similarity yields significant degradation, reflecting differences
in network topology and functional zoning.

3.5.1.3. Validity of the reachability graph design

We further validate the design choice in Eq. (3) by con-
structing an ablation variant Wr = eWa , retaining self-loops and
the 1-hop adjacency term. This variant shows clear perfor-
mance drops: on PEMS04, MAE rises from 19.37 to 19.76
and RMSE from 31.42 to 32.18; on PEMS08, MAE rises from
15.50 to 16.31 and RMSE from 24.47 to 25.64. Retaining I
and Wa introduces redundant modeling between reachability
and adjacency graphs, validating the necessity of the original
functional decoupling in the multi-graph design.

3.5.1.4. Effectiveness of the adaptive gating fusion
mechanism

The adaptive gating fusion mechanism is evaluated by re-
placing it with simple feature concatenation (– adaptive gating,
+ feature concatenation). As reported in Table 6, this ablation
leads to substantial performance degradation: on PEMS04,
MAE increases from 19.37 to 19.94; on PEMS08, from 15.50
to 16.74. These results demonstrate that the adaptive gating
mechanism dynamically modulates the contributions of spatial
and temporal features at both node and feature levels, adjust-
ing to heterogeneous traffic scenarios. In contrast, fixed con-
catenation fails to capture the varying importance of spatio-
temporal information, highlighting the gating module as criti-
cal for high-performance prediction.

3.5.1.5. Effectiveness of the peak-aware loss function

Finally, the peak-aware adaptive weighted loss function
is evaluated by replacing it with the standard MSE (i.e., peak-
aware loss vs. MSE). Table 6 shows clear performance dete-
rioration: on PEMS04, RMSE increases from 31.42 to 32.49;
on PEMS08, from 24.47 to 25.67, corresponding to a 4.90%
relative increase. The peak-aware loss enhances accuracy dur-
ing critical periods such as peak traffic hours by dynamically

078905-10



Chin. Phys. B 35, 078905 (2026)

weighting samples according to practical importance. Com-
pared with the uniform MSE loss, it guides the model to focus
on high-impact periods, supporting effective traffic manage-
ment and practical deployment.

3.5.2. Optimality ablation of key hyperparameters

3.5.2.1. Optimality ablation of hyperparameters for
multi-graph structures

In this set of experiments, we strictly adhere to the single-
variable control principle: all other model parameters are fixed
at their optimal values while only the core hyperparameters of
the target graph are varied. This allows for a direct assess-
ment of the optimality of the hyperparameter values adopted
in this work. All hyperparameters were initially determined
via grid search on the PEMS04 validation set and then fixed
across all other datasets. The ablation results demonstrate the
generalization stability of these fixed settings across similar
traffic datasets.

(i) Decay coefficient of the adjacency graph
To verify the optimality of the adjacency graph decay

coefficient, we conducted an ablation study varying its value
while keeping all other hyperparameters unchanged. The re-
sults, summarized in Table 7, show that the selected decay co-
efficient yields the lowest prediction error. Deviating from this
value leads to a gradual degradation in both MAE and RMSE,
indicating that the chosen coefficient effectively balances the
influence of neighboring nodes, capturing local spatial depen-
dencies without over-smoothing or under-weighting adjacent
information.

Table 7. Ablation results of the decay coefficient for the adjacency graph.

α value
PEMS04 PEMS08

MAE MAPE RMSE MAE MAPE RMSE

0.01 19.75 13.18 32.16 15.82 10.21 24.81
0.1 19.37 12.92 31.42 15.50 9.84 24.47
1.0 19.69 13.11 32.09 15.79 10.15 24.76

The experimental results indicate that the decay coeffi-
cient α = 0.1 selected in this work is optimal. When α = 0.01,
the decay intensity is too weak; this allows correlations from
overly distant nodes to persist and introduces noise interfer-
ence. Conversely, when α = 1.0, the decay intensity is ex-
cessively strong, retaining only the connections of very close
neighboring nodes and discarding valid spatial information
from adjacent road segments. The choice of α = 0.1 effec-
tively balances local correlation capture with noise filtering,
achieving the best prediction performance.

(ii) Sparsity threshold of the reachability graph
To validate the optimal sparsity threshold εr for the reach-

ability graph, we conducted an ablation study with varying
threshold values, and the results are summarized in Table 8.

The experiments show that εr = 10−5 is the optimal value. A
higher threshold, εr = 10−4, is overly strict, filtering out many
valid multi-hop paths and failing to fully capture global reach-
ability correlations. In contrast, a lower threshold, εr = 10−6,
is too permissive, introducing numerous edges with extremely
low weights, which increases computational overhead and the
risk of overfitting. Setting εr = 10−5 retains the core multi-
hop paths while maintaining graph sparsity and computational
efficiency.

Table 8. Ablation results of the sparsity threshold for the reachability
graph.

εr value
PEMS04 PEMS04 PEMS04 PEMS08 PEMS08 PEMS08

MAE MAPE RMSE MAE MAPE RMSE

10−4 19.71 13.14 32.12 15.77 10.13 24.74
10−5 19.37 12.92 31.42 15.50 9.84 24.47
10−6 19.63 13.07 32.03 15.71 10.09 24.70

(iii) Sparsity threshold of the similarity graph
To determine the optimal sparsity threshold εs for the sim-

ilarity graph, we conducted an ablation study with different
threshold values, and the results are summarized in Table 9.
The experiments indicate that the selected value of εs = 10−5

achieves the best balance. A higher threshold, εs = 10−4, is
excessively restrictive, removing many valid similarity-based
edges and weakening the model’s ability to capture functional
correlations between nodes. Conversely, a lower threshold,
εs = 10−6, is overly permissive, introducing a large number of
weak and potentially noisy connections, which increases com-
putational cost and risks overfitting. Setting εs = 10−5 effec-
tively preserves meaningful functional similarity edges while
maintaining sparsity and efficiency in the graph structure.

Table 9. Ablation results of the sparsity threshold for the similarity graph.

εs value
PEMS04 PEMS04 PEMS04 PEMS08 PEMS08 PEMS08

MAE MAPE RMSE MAE MAPE RMSE

10−2 19.82 13.15 32.25 15.91 10.27 24.89
10−3 19.37 12.92 31.42 15.50 9.84 24.47
10−4 19.68 13.10 32.08 15.76 10.12 24.75

(iii) Sparsity threshold of the similarity graph
To determine the optimal sparsity threshold εs for the

similarity graph, we conducted an ablation study with dif-
ferent threshold values. The result, summarized in Table 9,
shows that the selected value εs = 10−3 achieves the best
trade-off. When εs = 10−2, only node pairs with extremely
high similarity are retained, which fails to fully capture cross-
regional functional correlations. Conversely, εs = 10−4 intro-
duces many weak and redundant edges, causing noise interfer-
ence. The choice of εs = 10−3 effectively balances the extrac-
tion of meaningful functional similarity and the sparsity of the

078905-11
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graph, validating the scientific rationale of this hyperparame-
ter setting.

3.5.2.2 Optimality ablation of hyperparameters for the
peak-aware loss function

We further investigate the optimal values of τ and ρ in the
peak-aware adaptive weighted loss function. A grid search ex-
periment was performed on the PEMS04 validation set, and
the results are summarized in Table 10. The findings con-
firm that the selected values of τ = 1.0 and ρ = 0.5 achieve
the best prediction performance, effectively emphasizing peak
traffic periods while maintaining overall model stability and
accuracy.

Table 10. Ablation results of hyperparameters for the peak-aware loss
function (PEMS04).

τ∖ρ 0.2 0.5 0.8

0.5 19.62/31.78 19.51/31.62 19.58/31.71
1.0 19.45/31.55 19.37/31.42 19.42/31.51
1.5 19.55/31.68 19.48/31.59 19.53/31.65

Note: Values in the table are presented in the format of MAE/RMSE.

The experimental results indicate that the selected hyper-
parameter combination τ = 1.0 and ρ = 0.5 is optimal. When
τ is too small or ρ is too large, the model excessively empha-
sizes extreme peak values, neglecting regular traffic patterns
during off-peak periods. Conversely, if τ is too large or ρ too
small, the peak-aware mechanism becomes ineffective, and
prediction accuracy for peak hours cannot be substantially im-
proved. These findings confirm the rationality of the adopted
hyperparameter values.

3.5.3. Conclusion of ablation experiments

The ablation experiments systematically validate the ra-
tionality of the MGTTP model design. The necessity abla-
tion demonstrates that all four core components — spatially-
guided temporal aggregation, multi-graph fusion strategy,
adaptive gating fusion mechanism, and peak-aware loss func-
tion — are indispensable for achieving high prediction perfor-
mance. The optimality ablation further confirms the scientific
validity of the key hyperparameter settings, providing rigorous
quantitative support for the core conclusions of this study.

4. Conclusion
In this paper, we propose MGTTP, a multi-graph trans-

former model for traffic flow forecasting based on bidirec-
tional spatio-temporal interaction. By adopting a bidirectional
mechanism of time-guided spatial fusion and space-guided
temporal aggregation, the model overcomes the limitations of
conventional spatio-temporal separate modeling strategies. Si-
multaneously, through parallel fusion of adjacency, reachabil-
ity, and similarity graphs, MGTTP effectively captures multi-
dimensional spatial dependencies in traffic networks.

Extensive experiments on four PEMS datasets demon-
strate that MGTTP outperforms all selected mainstream base-
line models across key evaluation metrics, achieving statisti-
cally significant improvements over state-of-the-art methods.
Ablation studies further verify that the bidirectional spatio-
temporal interaction and multi-graph fusion modules play crit-
ical roles in capturing latent and complementary semantic in-
formation in traffic data. Both adaptive gating fusion and the
peak-aware loss function are effective components for boost-
ing predictive performance, and the individual modules exhibit
strong complementary synergy.

Looking forward, although MGTTP achieves favorable
predictive performance, real-world traffic systems are influ-
enced by diverse exogenous factors such as weather, holidays,
and special events, and cross-domain generalization remains a
critical challenge. Future work will focus on two key exten-
sions: (i) incorporating heterogeneous exogenous information
as additional node attributes or via a global contextual vector
through a dedicated information fusion module; and (ii) eval-
uating and optimizing cross-city generalization performance
on datasets with varying road networks, traffic patterns, and
data sources. We anticipate that these enhancements will fur-
ther improve prediction accuracy, robustness to anomalies, in-
terpretability, and practical deployment potential, advancing
MGTTP toward more intelligent and adaptable traffic forecast-
ing systems.
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