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Abstract
The metro flow in Urban Rail Transit Systems (URTS) dif-
fers from other urban traffic flows because it is character-
ized by: (1) highly predetermined scheduling; and (2) inter-
actively dynamic dependencies over the fixed physical infras-
tructure that vary with spatiotemporal and environmental fac-
tors. Notwithstanding the advances in graph neural networks,
existing efforts fail to fully capture the characteristics and
complex spatiotemporal dynamics specific to metro flow, as
the innate graph-aware interactions underlying a metro flow
are frequently affected by an amalgamation of: intrinsic con-
nectivity, environmental associations, and flow-activated cor-
relation, which usually dynamically evolve over time while
containing redundant signals. We propose ReDyNet, a novel
Responsive Dynamic Graph Neural Network to accurately
understand the spatiotemporal dynamics of metro flow and
external factors. Specifically, it employs a responsive mecha-
nism that adapts to variations in metro flow and external in-
fluences, ensuring the construction of an appropriate dynamic
graph. In addition, ReDyNet follows the merits of informa-
tion bottleneck (IB) theory with redundancy disentanglement
to enhance the clarity and precision of contextual spatial sig-
nals. Our experiments conducted on three real-world metro
passenger flow datasets demonstrate that the proposed Re-
DyNet outperforms several representative baselines.

1 Introduction
Urban Rail Transit Systems (URTS) (Zhu et al. 2023) such
as metro networks have become indispensable means of
transport for residents in metropolitan areas. In this con-
text, the extensive use of sensing technologies and passenger
information systems yields vast amounts of passenger flow
data, which spurs unprecedented opportunities to constantly
improve the service quality of URTS. As a vital element in
the development of smart cities, accurate metro flow fore-
casting is essential for effective transportation management,
operational efficiency, and passenger convenience (Xiong
et al. 2019; Xie et al. 2023). Specifically, forecasting metro
flow requires estimating the number of passengers who en-
ter and leave metro stations at different time intervals, which
is not trivial due to the intricate spatiotemporal dynamics in-
herent in metro systems.

*Corresponding authors: Li Huang and Xueqin Chen
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Due to intrinsic periodicity, recent advances in the traf-
fic flow forecasting domains provide a straightforward
paradigm to handle the metro flow forecasting problem; that
is, we can model higher-order temporal dependencies from
historical flow observations, while considering spatial con-
straints, to discover the periodicity for future trend forecast-
ing (Liu, Liu, and Jia 2019). For instance, we can leverage
popular graph neural networks (GNNs) to model the rela-
tional structure of metro stations and their dynamic interac-
tions. The common pipeline is that (dynamic) GNNs attempt
to integrate spatial and temporal signals into unified repre-
sentations, significantly enhancing prediction accuracy and
robustness (Li et al. 2017; Yu, Yin, and Zhu 2018). These so-
phisticated solutions can adapt to the common characteris-
tics of metro and traffic flows – e.g., periodicity and topolog-
ical structures – providing opportunities to improve trans-
portation management and operational efficiency.

However, metro flow differs from other types of urban
traffic flow due to its specific properties: (1) It contains char-
acteristics of highly predetermined scheduling, marked by
greater reliability. Each station underlies unique traits, and
the flow patterns typically show consistency (e.g., chain re-
action) in addition to strong periodicity. For example, an
increase in the number of passengers entering one station
naturally results in a similar rise in the number of pas-
sengers exiting the subsequent stations since passengers do
not linger at the station or suddenly disappear from it. (2)
The spatially-aware interaction regarding higher-order de-
pendencies is inherently dynamic over the fixed physical
infrastructure, with varying flow directions and aggrega-
tion patterns that differ significantly between weekdays and
weekends, and even fluctuate throughout the day. This dy-
namic nature requires responsive graph structures and pat-
tern aggregation to capture these intrinsic dynamics.

With these in mind, we raise three key concerns that
are crucial for exposing interactive correlations to effec-
tively model metro flow dynamics, as depicted in Fig. 1.
K1-Intrinsic Connectivity: pertains to the diverse spatially-
aware correlations between different stations, such as geo-
graphical proximity and similar surrounding environments,
yielding analogous flow patterns and dynamic station con-
nections. K2-Environmental Associations: encompass ex-
ternal influences such as commuting date, current weather
and habitual activities, which exposes the factual diver-
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Figure 1: A toy example showing key concerns in metro flow
modeling. (a) Morning (9:00 AM) and (b) Evening (5:00
PM) illustrate the dynamic relationships among city regions.

sity of flow evolution. For instance, weekdays typically
exhibit stronger connections between residential areas and
workplaces, while weekends highlight connections between
residential areas and recreational sites. Moreover, adverse
weather conditions also affect flow patterns, generally re-
ducing passenger movement. K3-Flow-Activated Correla-
tion: involves dependencies influenced by intricate changes
in passenger flow. For example, a sudden increase in flow at
a particular station prompts passengers to transfer to other
stations, thereby reinforcing connections between stations.

To tackle the above concerns, we introduce ReDyNet,
a novel Responsive Dynamic Graph Neural Network tai-
lored for metro flow forecasting, specifically focusing on
constructing a responsive and spatially-aware structure for
temporal-sensitive metro flow. By dynamically modulating
the graph signals rather than the overuse of predefined/static
connections such as geographical proximity, ReDyNet starts
with the responsive evolutionary relevance of the different
station flows in latent space to facilitate the discernment
of nuanced and contextually relevant station dependencies
and interrelationships (K1), along with considering the en-
vironmental context (K2) and flow pattern correlation (K3)
of each station. To underscore the spatially-aware dynamics
of metro systems, ReDyNet leverages the regular character-
istics and higher-order dependencies of metro flow to avoid
extensive transformations that could result in oversmooth-
ing and distortion issues, rather than maintaining prede-
fined factual relationships between different stations such as
unchangeable geographical connectivity. More importantly,
motivated by recent Information Bottleneck (IB) principles
we devise a Redundancy Context Disentanglement to effec-
tively disentangle graph signals into redundancy and essen-
tiality, primarily seeking to mitigate the impact of redundant
information introduced by the integration of excessive fac-
tors. This disentanglement compresses essential representa-
tions, clarifies graph signals, and enhances forecast perfor-
mance. Our contributions are summarized as follows:

• We introduce ReDyNet, a novel forecasting solution that
constructs a spatially responsive structure for temporal-
sensitive metro flow without using a predefined graph
structure. By dynamically modulating, it effectively cap-
tures nuanced and contextually relevant station dependen-
cies, overcoming the limits of static relation learning.

• We propose to disentangle redundant and essential com-
ponents from contextual spatial signals, which enhances
the learning of dynamic interactions tailored to each flow
observation from the majority of task-relative semantics.

• Experiments on three real-world metro passenger flow
datasets demonstrate that ReDyNet consistently outper-
forms multiple baselines, confirming its robustness and ef-
fectiveness in accurately forecasting metro passenger flow.

2 Problem and Methodology
We now provide the basic terminology and formally define
the problem, followed by an overview of ReDyNet and a
detailed discussion of its main components.

Definition 1 (Metro Network). Let G = (V, E) denote a
metro network in a city, where V represents a set of n = |V|
stations and E is a set of edges that depict spatial connec-
tivity between different stations. Usually, we use an adjacent
matrix A ∈ [0, 1]n×n to describe station connectivity.

Definition 2 (Metro Flow). Let X t−ω+1:t ∈ R
n×c×ω repre-

sent historical metro flows with the observation window ω,
where any X τ ∈ R

n×c is a graph signal depicting the metro
observations of n stations with c situations at time step τ .
Herein, c refers to the types of metro situations/conditions,
e.g., entry and exit flows. Note that, in most cases, we will
omit the superscript of X t−ω+1:t for simplicity.
Definition 3 (Problem: Metro Flow Forecasting). By only
giving metro flow X t−ω+1:t ∈ R

n×c×ω , instead of relying
on G, we aim to learn a model M to forecast metro trends
(i.e., volumes) of next ω time steps Ŷ t+1:t+ω ∈ R

n×c×ω by
incorporating the context of date D and weather W:

Ŷ t+1:t+ω = M(X t−ω+1:t|(D,W)). (1)

Fig. 2 illustrates the framework skeleton of ReDyNet,
which contains four modules: Contextual Spatial Embed-
ding, Redundancy Context Disentanglement, Responsive
Dynamic Learning and Task Adaption, discussed next.

2.1 Contextual Spatial Embedding (CSE)
CSE aims to distill spatial-inherent contexts (e.g., historical
temporal dynamics and commute date) into a unified latent
space, primarily seeking to offer a dynamic spatial-aware
signal in the temporal domain rather than relying on a static
and predefined spatial design (i.e., graph G). Intuitively, we
usually use an adjacent matrix A to describe spatial corre-
lations between different stations. In contrast, we attempt to
use embeddings (e.g., Fo ∈ R

n×de ) that account for tem-
poral dynamics to specify the spatial interactions between
different stations. As revealed by previous efforts (Bai et al.
2020; Lan et al. 2022), the spatial interaction in the latent
space between two stations can be described by multiplying
Fo and F�

o , which can generally be summarized as:

Ã = D− 1
2AD− 1

2 = Softmax(ReLU(Fo · F�
o )), (2)

where Ã ∈ R
n×n is the normalized adjacency matrix con-

strained by the degree matrix D. With this basis in mind, it is
essential to well prepare the spatial-inherent embeddings as

11691



bn

ed

bn

ed
( )( )( )(

dd

t

(( )

t

d

t

ked ed

ig

og

ig

og

ked ed

ig

og

ig

og

dd

1: )( ;t tX ) 1:ˆ )( ;t tY )

bbbbbbb bbbbb

Figure 2: The network skeleton of our proposed ReDyNet.

a prerequisite for downstream dynamic interaction learning,
along with considering the environmental associations.

In this study, in addition to fusing station-based flow
dynamics (i.e., Temporal-aware Spatial Embedding), we
devise two additional blocks, i.e., Date Embedding and
Weather Embedding, to address distinct environmental as-
sociations corresponding to station identity flexibly.
Temporal-aware Spatial Embedding. Given the historical
metro flow X ∈ R

n×c×ω , it seeks to operate the past flow
dynamics as an intrinsic characteristic of each station for the
purpose of distilling the spatial dependency between differ-
ent stations. To this end, we first diffuse the dynamics of past
flow into each station’s characteristics by:

Es = Linear(broad(X,S)), (3)

where Es ∈ R
n×de , S ∈ R

n is trainable station embed-
ding with random initialization for identity clarity purpose,
and broad() is the Broadcast operation. We then use a gated
operation (Chung et al. 2014; Yao, Mao, and Luo 2019)
to adaptively scale the contribution of temporal-aware spa-
tial signals. This gated operation, generally represented as
Gated(X,E), can be described in the following manner:

Gated(X,E) = ψ(X)⊗ σ(E) + (1− σ(E))⊗E, (4)

where ⊗ is the element-wise product, ψ is an activation
function (herein it is Tanh for the purpose of retaining non-
linearity) and σ is the gated function, i.e., Sigmoid. Hence,
we handle the temporal-ware spatial signals Es as follows:

Fs = Gated(X,Es), (5)

where Fs ∈ R
n×de represents the embeddings of different

stations exposing the temporal-aware spatial context.
Date Embedding. We consider two granularities of the
commute date, i.e., the hour-of-day and the day-of-week as-
pects. Akin to the above spatial embedding, the date context
is determined across the metro flow as follows:

Ed = Linear(broad(X,Linear(Reshape(D)))), (6)

where Ed ∈ R
n×de . D ∈ R

ω×2 represent hour-of-day and
day-of-week date. Then, we operate a gated function for Ed:

Fd = Gated(X,Ed). (7)

Weather Embedding. For the weather context W ∈
R

n×cw×ω (cw refers to different weather conditions), we

feed it into the linear layer for a dimension alignment pur-
pose, which can be denoted as follows:

Ew = Linear(Reshape(W)), (8)

where Ew ∈ R
n×de . The weather embeddings Fw ∈ R

n×de

can be obtained by a similar gated operation, denoted as:

Fw = Gated(X,Ew). (9)

Finally, we fuse the embeddings extracted by the above
three context-aware blocks and obtain the final output Fo:

Fo = LayerNorm(Fs + Fd + Fw). (10)

2.2 Redundancy Context Disentanglement (RCD)
In practical terms, contextual spatial signals Fo absorbing
multiple contexts could contain redundancy that is not rele-
vant to our forecasting task (Shwartz-Ziv and Tishby 2017).
Thus, we devise this module to separate redundancy from
the essentiality (denoted as F ) underlying Fo.
Technical Derivation. Inspired by (Yang et al. 2021), we
introduce a redundancy function R(·) to learn and extract
spatially irrelevant information, i.e., redundancy, from the
original signal, aiming at enhancing the clarity of the rele-
vant spatial context. This process is defined as follows:

F = Fo −R(Fo) ∈ R
n×de , (11)

Let F ∗ denote the optimal context in our task. According
to Information Bottleneck (IB) theory (Tishby, Pereira, and
Bialek 2000), our objective in this module is to minimize:

L[p(F |Fo)] = I(F ;Fo)− βI(F ;F ∗), (12)

where I denotes mutual information (MI). In Eq. (12), the
goal is to balance two competing objectives, that is, while
the forecasting task M(·) seeks to maximize I(F ;F ∗), en-
suring that the representation F retains as much relevant in-
formation as possible about the optimal signal F ∗, the reg-
ularization task R(·) aims to minimize I(F ;Fo), thereby
discarding redundant information from the input Fo. More
specifically, we start with the entropy of Fo, defined as:

H(Fo) = I(Fo;Fo) = I(Fo−R(Fo)+R(Fo);Fo). (13)

We can decompose I(Fo;Fo) using the chain rule for MI:

I(Fo;Fo) = I(F +R(Fo);Fo)

= I(F ,R(Fo);Fo)

= I(F ;Fo) + I(R(Fo);Fo|F ).

(14)
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We then consider the non-negativity of MI as:

I(R(Fo);Fo) ≥ I(R(Fo);Fo|F ) ≥ 0. (15)

This inequality relies on two MI properties: I(R(Fo);Fo)
is non-negative (≥ 0), and conditional mutual information
I(R(Fo);Fo | F ) is non-negative and less than or equal
to I(R(Fo);Fo), i.e., I(R(Fo);Fo | F ) ≤ I(R(Fo);Fo).
Upon these, we derive the following inequality:

I(F ;Fo) ≥ H(Fo)− I(R(Fo);Fo). (16)

Applying the principles of MI and entropy, we can obtain:

I(R(Fo);Fo) = H(Fo)−H(Fo | R(Fo)). (17)

Redundancy Bound. By combining the above Eq. (16) and
Eq. (17), we can produce a lower bound for I(F ;Fo), which
can expressed as follows:

I(F ;Fo) ≥ H(Fo | R(Fo)) ≈ H(Fo | Z), (18)

where Z ∈ R
n×dr denotes the latent variables in R(·).

Conditional entropy is defined as the expected negative log-
likelihood of the data given the latent variables, denoted as:

H(Fo | Z) = −Ep(Fo,Z)[log p(Fo|Z)]

≈ Eq(Z|Fo)[− log p(Fo|Z)].
(19)

Given the sparsity of observed spatial dependencies, we in-
troduce the Kullback-Leibler (KL) divergence (Kingma and
Welling 2013; Higgins et al. 2017) to align the learned dis-
tribution with the prior under the guidance of variational
Bayes, ensuring smooth and structured latent representa-
tions. The approximate objective function is expressed as:

Ld = Eq(Z|Fo)[− log p(Fo|Z)] + βKL(q(Z|Fo)‖p(Z)). (20)

Herein, q(Z|Fo) denotes the approximate posterior, which
is to estimate the distribution of the latent variables Z given
the input Fo. Within our practice, we also operate another
gated operation to model the approximate posterior:

Z = Linear(ψ(Linear(Fo))⊗ σ(Linear(Fo))). (21)

For Z ∈ R
n×dr , it is obtained by using the reparameteriza-

tion trick, and our R(·), in practice, is simply defined as:

R(Fo) = Linear(ψ(Linear(Z))⊗ σ(Linear(Z))) ∈ R
n×de . (22)

2.3 Responsive Dynamic Learning (RDL)
To capture dynamic interactions between stations under the
evolution of metro flow, RDL is initially responsible for us-
ing the essentiality F to compute the dynamic adjacency
matrix (cf. Eq. (2)). However, due to the potential variability
of flow patterns across stations over time, we collect a set of
flow pieces using different sampling dates to accommodate
possible pattern variations. Thus, Eq. (2) can be revised as:

Ã = D− 1
2AD− 1

2 = Softmax(ReLU(F · F�)), (23)

where Ã ∈ R
b×n×n and b refers to the collection size. Like

most prior efforts using graph convolution, we implement
the graph convolution operation using Chebyshev polyno-
mials (Defferrard, Bresson, and Vandergheynst 2016) to ap-
proximate the eigenvalues of the graph Laplacian which

eliminates the need to directly compute the eigendecompo-
sition of the graph Laplacian, summarized as follows:

T0 = I, T1 = Ã, Tk = 2ÃTk−1 − Tk−2, k ≥ 2. (24)

Herein, k is the order of the Chebyshev polynomials. How-
ever, the current solutions using Chebyshev polynomials
usually rely on building a shared convolution (parameters)
for all flow observations, narrowing the diversity in pattern
capture. Thus, we devise a dynamic convolution parameter
selection strategy to accommodate different aggregation pat-
terns for different flow observations. Specifically, the con-
volutional weight W is selected from a learnable pool Wp

based on the F , which can be obtained using einsum as:

W =
∑de

e=1
(Fe ·Wp,e) ∈ R

b×n×k×gi×go . (25)

Herein, Wp ∈ R
de×k×gi×go refers to the parameter pool of

graph convolution and gi × go scales the kernel size. Simi-
larly, the bias b in graph convolution can be obtained by:

b = F · bp ∈ R
b×n×go , (26)

where bp ∈ R
gi×go is a trainable parameter pool of biases.

Due to the regularity of metro flow and the dynamic na-
ture of spatial-aware structure, we use raw X ∈ R

b×n×c×ω

as input to the graph convolution. The convolution param-
eters and the structure signals are highly dynamic, allow-
ing us to capture the intrinsic interactions of the underlying
changes from the raw data. We define our convolution as:

C = π(

k∑
k=0

WkTk(Ã)Reshape(X )+b) ∈ R
b×n×go , (27)

where Wk ∈ R
b×n×gi×go and here π empirically deter-

mined to be a GELU activation function.

2.4 Task Learning
Task Adaption. To accommodate the downstream forecast
of future flow, we first operate the above latent results C
derived from RDL with the gated mechanism for the purpose
of modulating the output non-linearity. Specifically, the gate
settings can be summarized as follows:

p = σ(Linear(C)), q = ψ(Linear(C)), (28)

where p controls the gating level and q adjusts the non-

linearity. Subsequently, the final forecast Ŷ ∈ R
n×c×ω is:

Ŷ = Reshape(Linear(p⊗ q + (1− p)⊗C)). (29)

Final Objective. Like common routines in flow data opti-
mization (Song et al. 2020; Lan et al. 2022; Xie et al. 2023),
we employ the Huber loss as the task objective, which is less
sensitive to outliers than the squared error loss, denoted as:

Lt =

{
1
2 (Y − Ŷ )2 for |Y − Ŷ | ≤ δ,

δ(|Y − Ŷ | − 1
2δ otherwise.

(30)

Herein, δ is a threshold used to control the transition point
between square loss and absolute loss. Meanwhile, we inte-
grate the disentangle objective (cf. Eq. (20)) and treat this
objective as a weak signal to enhance task learning. In sum,
our final objective is denoted as: L = Lt + αLd, where hy-
perparameter α is a trade-off between the two losses.
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DCRNN 32.45 67.23 28.61% 38.54 81.80 37.25% 47.07 103.12 55.01% 55.40 125.22 86.58%
STGCN 32.16 62.62 33.66% 37.85 71.94 46.29% 44.96 84.52 79.80% 50.89 96.74 158.07%
AGCRN 25.17 47.87 23.97% 25.32 47.22 26.69% 26.29 48.95 35.99% 26.93 50.88 53.62%
STTN 35.61 78.42 36.47% 32.74 63.38 32.84% 33.20 62.40 44.69% 35.81 68.61 91.78%
FGNN 27.34 49.22 27.50% 28.30 51.32 29.45% 29.78 54.55 31.58% 31.62 58.51 34.57%
ASTGCN 26.43 48.91 28.17% 26.28 48.76 29.03% 26.27 48.71 29.24% 26.92 49.73 30.81%
GMAN 24.27 40.10 28.91% 23.75 40.07 26.88% 24.04 40.89 27.21% 24.77 42.30 30.70%
GWNet 22.45 39.37 21.29% 22.81 40.26 22.28% 23.31 41.46 23.04% 23.87 42.77 23.70%
STDGRL 21.85 41.23 20.15% 22.34 42.35 21.67% 22.81 43.18 29.08% 22.89 43.37 43.93%
PDFormer 20.96 36.12 20.50% 21.29 37.10 21.58% 21.69 38.16 21.99% 22.12 39.25 22.75%

ReDyNet 19.36 34.05 18.93% 19.57 34.53 19.33% 19.81 35.08 19.54% 20.07 35.66 19.88%

S
h
an

g
h
ai

M
et

ro

DCRNN 27.94 54.24 26.33% 31.92 63.95 29.37% 37.22 79.20 31.57% 42.07 93.81 34.35%
STGCN 28.27 52.26 31.36% 31.87 59.38 35.27% 36.92 70.13 40.05% 42.04 81.21 44.31%
AGCRN 24.01 47.11 23.16% 25.46 50.96 24.70% 27.04 55.57 26.47% 28.41 59.61 26.96%
STTN 29.03 56.20 26.61% 29.30 57.85 25.78% 30.21 60.49 26.29% 30.97 60.73 26.69%
FGNN 28.21 54.06 26.57% 29.71 57.56 27.87% 31.49 61.99 29.48% 33.42 66.61 31.12%
ASTGCN 26.26 50.05 26.90% 26.29 50.23 26.54% 26.70 51.37 26.20% 27.61 53.30 26.85%
GMAN 25.70 48.11 32.27% 25.68 48.97 30.75% 26.11 50.08 30.55% 26.82 51.36 31.83%
GWNet 22.24 41.98 21.17% 22.76 43.83 21.09% 23.34 45.66 21.29% 23.99 47.59 21.77%
STDGRL 23.72 46.87 21.43% 24.38 49.29 21.66% 25.42 52.90 22.48% 26.58 57.40 23.41%
PDFormer 22.07 43.24 19.03% 22.56 44.56 19.26% 23.19 46.52 19.72% 23.88 48.60 20.18%

ReDyNet 21.15 40.54 17.73% 21.66 42.16 17.90% 22.23 43.97 18.14% 22.86 45.83 18.53%

H
an

g
zh

o
u

M
et

ro

DCRNN 27.11 49.52 22.80% 31.23 58.23 26.16% 36.90 70.97 28.55% 42.75 85.05 32.43%
STGCN 28.24 49.05 30.32% 32.23 56.21 35.48% 37.76 65.94 42.39% 44.58 77.80 61.17%
AGCRN 23.62 40.35 23.35% 24.94 43.19 26.47% 25.91 45.28 25.44% 27.40 46.78 31.34%
STTN 28.12 48.47 24.08% 28.81 49.05 27.53% 28.62 49.60 25.27% 30.63 52.40 35.37%
FGNN 25.73 43.88 23.41% 26.83 45.91 24.09% 28.31 48.81 24.83% 30.04 52.35 26.25%
ASTGCN 26.22 45.29 24.65% 27.25 47.09 25.47% 28.71 49.92 26.27% 30.45 53.52 27.44%
GMAN 24.15 39.32 23.43% 24.62 40.90 21.47% 25.42 42.80 21.43% 26.14 44.20 21.98%
GWNet 22.28 37.53 20.77% 22.75 38.36 20.79% 23.55 39.99 21.30% 24.20 41.32 21.40%
STDGRL 23.27 39.55 20.91% 23.77 40.43 21.41% 24.89 42.88 22.30% 25.83 45.18 25.70%
PDFormer 22.47 37.85 19.96% 22.79 38.67 20.49% 23.39 39.76 20.70% 24.08 41.19 21.02%

ReDyNet 21.30 36.05 19.18% 21.69 36.83 19.81% 22.18 37.97 20.38% 22.73 39.04 20.45%

Table 1: Performance comparison of ReDyNet and baselines on Beijing, Shanghai, and Hangzhou Metro.

3 Experiments
Datasets. We select three real-world metro flow datasets:
Beijing Metro (Zhang et al. 2020), Shanghai Metro (Liu
et al. 2020), and Hangzhou Metro (Liu et al. 2020). Like
common flow preprocessing ways, the original metro flow
data has been aggregated into 15-minute intervals and nor-
malized to zero mean (Xie et al. 2023), yielding 4 time steps
for each hour. In forecasting, we use metro flow observation
from the past hour to forecast the flow for the next hour, i.e.,
ω = 4 in alignment with previous studies (Xie et al. 2023).
We follow the standard dataset split manner by dividing the
original into training, validation, and testing sets with a ratio
of 7:1:2. The statistics of datasets are summarized in Table 2.

Dataset #Node #Edge #Time step #Interval

Beijing Metro 276 630 1800 15min
Shanghai Metro 288 958 6716 15min
Hangzhou Metro 80 248 1825 15min

Table 2: The statistics of used datasets.

Baselines. We compare ReDyNet with ten representative
baselines ranging from popular traffic flow and recent
metro flow models. They are: DCRNN (Li et al. 2018),
STGCN (Yu, Yin, and Zhu 2018), AGCRN (Bai et al. 2020),
STTNs (Xu et al. 2020), FourierGNN (FGNN) (Yi et al.
2024), ASTGCN (Guo et al. 2019), GMAN (Zheng et al.
2020), Graph WaveNet (GWNet) (Wu et al. 2019), STD-
GRL (Xie et al. 2023), PDFormer (Jiang et al. 2023).

Implementations. Our ReDyNet is implemented with Py-
Torch, accelerated by an NVIDIA RTX 4090. de is set to
128, dr is set to 32 and cw is 6. go in RDL is set to 256, and
the order of the Chebyshev polynomials k is 4. We choose
Adam as our optimizer with up to 300 epochs. b is set to 16,
α is 0.01 and the initial learning rate is 0.003. All parameters
were determined through grid search to ensure optimal per-
formance. For reproducibility, the source codes are available
at https://github.com/wangzz-yyzz/ReDyNet.

Metrics. We use three commonly used evaluation protocols,
including mean absolute error (MAE), root mean squared
error (RMSE), and mean absolute percentage error (MAPE).

Overall Performance. Table 1 reports the results of all
methods on three datasets, where the best gain is stressed
in bold while the second best is underlined. We have the
following findings: Baseline models like STDGRL show
increasing forecasting error, highlighting their limitations
in capturing long-term dependencies. Dynamic graph-based
models like PDFormer and GWNet, outperform others by
leveraging graph structures. Adaptive graph-aware methods
like AGCRN and STDGRL, update graph structure during
training, perform better than models relying on predefined
graphs but still fall short of dynamic graph models. Prede-
fined graph models, including ASTGCN and STGCN, uti-
lize a fixed graph structure, which limits their ability to cap-
ture dynamic interactions underlying temporal-ware flows.
In contrast, our proposed ReDyNet consistently outperforms
all baselines, demonstrating the superiority of dynamic in-
teractive signal capture in our responsive graph learning
without predefined structure constraints, along with the re-
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dundancy disentanglement under the guide of IB principles.
We will conduct a more in-depth investigation of ReDyNet.
Ablation Study. We now investigate the impact of each
module design in ReDyNet. Correspondingly, we yield five
variants of ReDyNet, including: w/o RCD removes the RCD;
w/o TA removes the gated operation in Task Adaption; w/o
Dy-W removes the parameter pool for graph convolution,
i.e., use static graph convolution parameters; w/o Dy-S re-
moves the dynamic adjacency matrix in latent representation
learning; and w/o Dy-WS removes both the parameter pool
and dynamic adjacency matrix. As shown in Fig. 3, we find
that: (1) removing any modules does degrade model perfor-
mance. (2) While removing the RCD has a slight impact on
short-term forecasting, the error increases with longer pe-
riods, exposing the significance of RCD in long-term ac-
curacy. (3) The Task Adaption setting improves accuracy
through its gating structure. (4) The dynamic adjacency ma-
trix is effective in graph learning, and the convolution pa-
rameter pool is crucial for accurately aggregating dynamic
flow, as evidenced by the largest error in the w/o Dy-S curve.

Figure 3: Ablation Study on Beijing and Hangzhou Metro.

Context Impact. To investigate the impact of embedding
in CSE, we produce four variants: RD-S removes both Data
Embedding and Weather Embedding, RD-SD removes the
Weather Embedding, RD-SW removes the Date Embedding,
and RD-DW removes the Temporal-aware Spatial Embed-
ding. The results in Table 3 indicate that each of them
contributes to metro flow learning. However, removing the

Metric RD-S RD-SD RD-SW RD-DW ReDyNet

1
5
m

in MAE 19.53 19.42 19.81 24.80 19.36
RMSE 34.28 34.17 34.98 44.16 34.05
MAPE 18.89% 18.58% 18.92% 20.18% 18.93%

3
0
m

in MAE 19.86 19.67 20.12 26.55 19.57
RMSE 35.34 34.75 36.28 49.09 34.53
MAPE 19.47% 19.51% 19.36% 22.49% 19.33%

4
5
m

in MAE 20.27 20.00 20.50 28.74 19.81
RMSE 36.65 35.29 37.41 55.65 35.08
MAPE 19.89% 19.78% 19.76% 24.51% 19.54%

6
0
m

in MAE 20.66 20.09 20.87 31.07 20.07
RMSE 37.79 35.89 38.49 63.33 35.66
MAPE 20.30% 20.13% 20.25% 25.97% 19.88%

Table 3: Performance comparison on Beijing Metro.

(a) ReDyNet w/o RCD. (b) ReDyNet.

Figure 4: t-SNE visualization of R(Fo).

(a) ReDyNet w/o RCD. (b) ReDyNet.

Figure 5: t-SNE visualization of F .

Weather Embedding has the least impact, likely due to
the coarse-grained weather description. And removing the
Temporal-aware Spatial Embedding significantly worsens
the performance, highlighting its critical importance.
Disentanglement Interpretability. As R(Fo) indicates the
irrelevant information disentangled from Fo during task
learning, we use t-SNE to visualize R(Fo) for ReDyNet and
R(Fo) after removing RCD, as shown in Fig. 4. In detail,
we used distinct colors to mark flow samples according to
their time periods of the day (0-23 hours). Fig. 4a reveals
that R(Fo) without RCD has the leakage of useful seman-
tics (the context of commuting date) from the raw input. In
contrast, R(Fo) produced by ReDyNet in Fig. 4b exhibits
a date-independent distribution, which, in turn, underscores
the effectiveness of RCD in disentangling redundancy and
preserving the essential characteristics of raw input. Besides,
Fig. 5 presents visualizations of F for both ReDyNet and F
after the removal of RCD. In Fig. 5a, flow samples are tightly
clustered and less dispersed, indicating an over-reliance on
explicit categorical input (i.e., date) and a lack of represen-
tation of the diversity of samples. Conversely, Fig. 5b il-
lustrates that ReDyNet produces a more dispersed yet still
date-clustered distribution of samples. This broader disper-
sion suggests better integration of surrounding context (i.e.,
emphasize the diversity) and strong robustness.

Figure 6: Dynamic connectivity between two stations.
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Responsive Dynamic Interpretability. Fig. 6 presents a dy-
namic connectivity analysis between two stations. The up-
per plot shows the inflow at station 37 and outflow at sta-
tion 22, while the lower plot illustrates their dynamic con-
nectivity through adjacency changes. This adjacency mea-
sure fluctuates over time, indicating varying connectivity
strength. ReDyNet accurately captures the delayed relation-
ship in passenger flow between the two stations (i.e., an in-
creased inflow leads to a corresponding outflow at the other
station), enhancing connectivity during peak hours. Fig. 7
shows the transference in connectivity between station 22
and two other stations. The red and blue shaded areas repre-
sent the two stations most strongly connected to station 22
during different time periods, showing how ReDyNet cap-
tures the transferable connectivity as flow patterns shift.

Figure 7: Connectivity transference of multiple stations.

Adjacency Interpretability. Prior efforts usually rely on a
predefined adjacency matrix to collaborate with graph learn-
ing, while ReDyNet aims to construct a spatially responsive
structure over metro flow. Fig. 8a shows geographical con-
nectivity derived from the first 50 stations in Beijing Metro,
uncovering the unique properties in contrast to typical road
networks. Fig. 8b shows a dynamic adjacency matrix learned
by our method, illustrating that ReDyNet can capture more
complex, data-driven relations based on flow dynamics.

(a) predefined. (b) dynamic.

Figure 8: Adjacency matrix visualization.

Efficiency. Fig. 9 shows the efficiency comparison on Bei-
jing Metro. We can observe that our ReDyNet achieves com-
petitive training and inference costs.

4 Related Work
Traffic vs. Metro Flow Forecasting. Recent advancements
in flow forecasting primarily seek to explore and interpret
complex patterns. Specifically, prior efforts focused on fore-
casting vehicle flow across road networks by capturing spa-
tiotemporal correlations (Wu et al. 2020) with various se-
quential modeling approaches such as RNNs (Li et al. 2017)

Figure 9: Efficiency evaluation on Beijing Metro.

and attentions (Guo et al. 2019; Jiang et al. 2023). Some
efforts improve model capabilities by incorporating feature
transformations in the frequency domain (Wu et al. 2019; Yi
et al. 2024). Metros play a crucial role in urban traffic, lead-
ing to increased research on their flow distribution. However,
due to unique characteristics such as station-specific patterns
and dynamic changes, traditional traffic prediction methods
face challenges when applied to metro flow (Ye et al. 2020;
Ou et al. 2020). Recently, Xie et al. (Xie et al. 2023) intro-
duced STDGRL, a bespoke dynamic graph model specif-
ically designed to learn dynamic spatial relationships be-
tween metro stations, thereby capturing the unique flow pat-
terns of individual stations. While STDGRL has improved
accuracy compared to other traffic flow forecasting methods,
it has not fully handled unique properties of metro flow.
Graph-inspired Spatiotemporal Learning. Lately, graph
learning has become a mainstream technique for extracting
spatial or higher-order dependencies from spatiotemporal
data. Early studies focused on applying various GNNs, such
as graph convolutional network (GCN) (Defferrard, Bres-
son, and Vandergheynst 2016; Kipf and Welling 2016) and
graph attention network (GAT) (Veličković et al. 2017; Fang
et al. 2021), to directly capture spatial dependencies within
fixed transportation networks (Zhao et al. 2019). These mod-
els represent road segments and stations as graph nodes,
with temporal dependencies learned independently. Subse-
quent research concentrated on simultaneously capturing
dynamic changes in both spatial and temporal patterns. Re-
searchers achieved this by integrating GNNs into state tran-
sition processes within sequential modeling methods, and
utilizing multiple time-evolving graphs to replace the fixed
transportation network (Li et al. 2017; Yu, Yin, and Zhu
2018). Recent work has proposed building virtual graphs in
the latent space (Bai et al. 2020), leading to a remarkable
improvement in model performance.

5 Conclusion
We introduced ReDyNet, a novel dynamic responsive graph
network for metro flow forecasting. It adapts to variations in
metro flow and external factors by constructing responsive
graph signals that effectively capture spatiotemporal dynam-
ics. By incorporating IB theory with redundancy disentan-
glement, it enhances the clarity of spatial signals. Experi-
ments on real-world metro datasets show that ReDyNet sig-
nificantly outperforms baselines. In the future, we will re-
fine the responsive mechanism and explore more external
factors, e.g., socioeconomic variables and real-time events.
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