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Abstract

Traffic forecasting task is significant to modern
urban management. Recently, there is growing
attention on large-scale forecasting, as it better
reflects the complexity of real-world traffic net-
works. However, existing models often exhibit
quadratic computational complexity, making them
impractical for large-scale real-world scenarios.
In this paper, we propose a novel framework,
Spatio-Temporal Hierarchical Mixer (HieraMix),
which leverages an all-MLP architecture for effi-
cient and effective large-scale traffic forecasting.
HieraMix employs a hierarchical spatiotemporal
mixing block to extract multi-resolution features
through bottom-up aggregation and top-down prop-
agation. Furthermore, an adaptive region mixer
generates transformation matrices based on re-
gional semantics, enabling our model to dynami-
cally capture evolving spatiotemporal patterns. for
different regions. Extensive experiments conducted
on four large-scale real-world datasets demonstrate
that the proposed method not only achieves state-
of-the-art performance but also exhibits competi-
tive computational efficiency.

1 Introduction

Traffic forecasting is a fundamental task in intelligent trans-
portation systems, serving as the base for applications like
congestion mitigation and route navigation. Typically, the
performance depends on how accurately it can capture spa-
tiotemporal correlations within traffic data. Early models like
ARIMA [Kumar and Vanajakshi, 2015] rely on stationary as-
sumptions, leading to limited representation ability. More re-
cently, deep learning models, consisting of GNN-based mod-
els and transformer-based models et. al, have become the
mainstream, as these models automatically capture more ap-
propriate and dynamic spatiotemporal correlations from large
amounts of data.

Despite the success of deep learning models, their com-
patible datasets are limited in scale compared to real-world
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Figure 1: Attention performance on graphs of different scales. As
the number of nodes increases in large-scale, the presence of signif-
icant noise dilutes the effectiveness.

traffic data. Applying these models to large-scale datasets re-
mains a problem. Specifically, there are two key challenges:
Scalability. Current deep-learning models exhibit quadratic
computational complexity, causing an unacceptable increase
in time and space costs as the data scale grows. Effective-
ness. Existing models struggle to capture appropriate features
when facing large-scale data. Each data sample is correlated
with only a small subset of the dataset, while the remaining
most act as noise. Current models often overlook this issue,
indiscriminately constructing global correlations among sam-
ples, which scatters key features among substantial irrelevant
noise. As shown in Figure 1, this issue is less evident in small
datasets. However, as the scale of dataset increases, the pro-
portion of noise grows significantly, making it increasingly
difficult for models to capture key features effectively.

Pioneering works address above challenges from multiple
perspectives. For scalability, there is a tendency to employ
linear models, consisting of linear attentions [Liang et al.,
2023] and MLP-Mixers [Zhang et al., 2023]. Among them,
MLP-Mixers stand out for its lightweight and lower training
costs. However, above efforts process all samples indiscrim-
inately, introducing massive noise through global feature in-
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Figure 2: Spatiotemporal Hierarchy. At the macro-level, tempo-
ral data is driven by periodicity and trends (left), while spatial data
is influenced by regional correlations, such as peak hours between
residential and work areas (right). At the micro-level, neighboring
samples exhibit similar values.

tegration, which limits their effectiveness on large-scale data.
To mitigate this, some approaches [Fang et al., 2024] group
highly correlated samples into patches, enabling information
exchange at the patch level. While this reduces computational
complexity and partially addresses effectiveness, predefined
patches fail to capture the evolving correlations of spatiotem-
poral data. Thus, developing a linear model that dynamically
identifies key features is essential. Yet, explicitly defining key
features is challenging, as they are shaped by complex and
evolving spatiotemporal patterns.

Fortunately, spatiotemporal data exhibit a hierarchical
structure, which becomes more evident with increasing data
scale. As illustrated in Figure 2, at the micro-level, local
proximity prevails, with neighboring samples sharing similar
values. At the macro-level, temporal data is driven by ten-
dency and periodicity, while spatial data is influenced by se-
mantic relevance. In summary, spatiotemporal data at differ-
ent data resolutions exhibit distinct dominant patterns, gen-
erating specific key features. Such hierarchy is essential to
address large-scale data problems, as these dominant patterns
enable models to prioritize key samples, effectively filtering
out irrelevant noise. Moreover, extracting key features at each
individual data resolution is more effective and manageable
than directly capturing global key features from the entire
dataset. Motivated by the above analysis, we designed a lin-
ear model based on a hierarchical paradigm.

Technically, we proposed HieraMix, a Hierarchical Spatio-
Temporal Mixer model built entirely on Multi-Layer Percep-
trons (MLPs). The core of HieraMix is the spatiotemporal
mixing block, which hierarchically extracts and integrates
spatiotemporal features.” This block comprises a temporal
aggregation mixer for temporal local features extraction and
a spatial cascade mixer modeling hierarchical region-level
spatial features. Furthermore, we design an adaptive region
mixer that dynamically mixes features based on regional se-
mantics. As a linear model, HieraMix is computationally effi-
cient to large-scale datasets. By focusing on region-level de-
pendencies, HieraMix reduces the noise introduced by global
modeling. Our contributions are summarized as follows:

* We propose HieraMix for large-scale traffic predic-
tion. The model generates hierarchical spatiotemporal
features through bottom-up aggregation and integrates
these features with a top-down propagation mechanism.

* We design an adaptive region mixer that generates trans-
formation matrices based on regional semantics, en-
abling to dynamically model spatiotemporal patterns for
different regions.

» Extensive experiments are conducted on four large-scale
datasets, and HieraMix consistently outperforms state-
of-the-arts, with average improvements of 5.32%, 3.64%
and 3.55% in MAE, RMSE, and MAPE, respectively.

2 Related Work

Traffic Forecasting aims to predict traffic dynamics, e.g.,
traffic flow [Wang er al., 2022; Ji et al., 2023a; Ji et al.,
2022], traffic speed [Liu et al., 2024b; Wang et al., 2016].
Early deep learning-based methods leverage Recurrent Neu-
ral Networks [Li et al., 2018; Bai et al., 2020] or Tem-
poral Convolutional Networks [Wu ef al., 2019] to cap-
ture temporal dependencies, while Graph Neural Networks
are used to model spatial dependencies [Han er al., 2025;
Ji et al., 2023b]. Transformer-based models are widely ap-
plied to various urban spatio-temporal tasks, such as trajec-
tory representation [Jiang er al., 2023b; Yu er al., ], and
general time-series forecasting [Wang et al., 2023; Wang et
al., 2020]. Recently, they also gain considerable popular-
ity in traffic forecasting [Jiang et al., 2023a; Ji et al., 2025;
Deng et al., 2025]. However, the intensive convolution oper-
ations of GNNs [You e al., 2020] and the quadratic complex-
ity of transformers limit their ability on large-scale urban.

Large-Scale Traffic Forecasting presents significant scal-
ability challenges due to its extensive spatial scope, demand-
ing models that are both efficient and effective. While some
pioneering works reduce computational costs through graph
decomposition [Fang et al., 2024; Wang er al., 2024b] or prior
assumptions [Duan et al., 2024], they may compromise infor-
mation integrity. More recently, researchers begin to employ
MLP-Mixers for modeling large-scale data, owing to their
effectiveness and scalability. MLPST [Zhang ef al., 2023]
first applies the MLP-Mixer architecture to grid-based data.
TimeMixer [Wang et al., 2024a] performs node-level traffic
forecasting by feature decomposition, but it lacks consider-
ation of spatial correlations. TSMixer [Chen et al., 2023]
and RPMixer [Yeh er al., 2024] mix temporal and spatial
dimensions, effectively capturing spatiotemporal dependen-
cies. Despite their efficiency, these methods indiscriminately
construct global correlations across all data samples. When
facing large-scale data, it will overwhelm key features with
substantial irrelevant noise. Recent works [Wang et al., 2026]
also highlight the importance of reducing noisy context.

3 Preliminary

Traffic Data. Traffic data consists of a series of numerical
values collected and recorded by sensors in the urban traffic
network. For the node n, XZ denotes traffic data at the h-th
time slice. For a traffic network with N nodes, X" ¢ R¥
denotes overall traffic data at the hA-th time slice. Further,
Xt=T+1:t denotes a traffic data series from ¢ — T + 1 to ¢,
where Xt-T+1:t — ()(thJrl7 . 7)(t) c RNXT.
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Figure 3: The overall framework of HieraMix.

Traffic Forecasting. Given a traffic data series X~ 7+1:¢
with its next 7" steps Y1+ T" = Yt+L4T" The objective
of traffic forecasting is to learn a function F that predicts the
future traffic data:

J}t-&-l ST ]_-(Xt—T-i-l : t7 @)’ (1)

where Y1 +7" is the prediction to Y1 7" and © de-
note the parameters to learn.

4 Methodology

Based on above analysis, the primary motivation for large-
scale traffic forecasting is to leverage the hierarchy of spa-
tiotemporal data. Therefore, we propose our HieraMix, a
hierarchical MLP-Mixer model. -As shown in Figure 3, our
HieraMix consists of three parts. Details of each part are de-
scribed in the following sections.

4.1 Data Embedding Layer

In the data embedding layer, raw traffic data is first trans-
formed into high-dimensional embeddings and then inte-
grated with the spatial and temporal embeddings.

The spatial embeddings reflect the correlations between
nodes in the traffic network, comprising static and dynamic
components. Specifically, the static component consists of
node embeddings extracted from network topology through
Node2Vec [Grover and Leskovec, 20161, denoted as Egc €
RN >4 where d is the feature dimension. The dynamic com-
ponent includes learnable vectors Egynamic € RY* to cap-
ture dynamic variations of each node. The overall spatial em-
beddings E, € RY *d are then obtained by:

Esp = Estatic + Edynamic~ 2

The temporal embeddings complement periodic patterns
for traffic data, including two temporal components: minute-
of-day (1 to 60 x 24) embeddings Eg,y € RT*4 and day-of-
week (1 to 7) embeddings Eyecx € RTxd, Subsequently, the
temporal embeddings E,. € R7*? are computed as:

Ei. = Eday + Eqeek- (3)

Overall, the raw traffic data X*~T+1 is first transformed

by a fully connected (FC) layer into E;,. € RVXTXd_ Then,

E, incorporates E, and E;. to generate the input embed-
dings E; € RY*T4 for subsequent ST mixing blocks:

El = Etr + Esp + Ete- (4)

4.2 Spatiotemporal Mixing Block

Motivation. Spatiotemporal data exhibits hierarchical
characteristics, with dominated patterns vary with data
resolutions. Our method aims to generate multi-resolution
features through a bottom-up feature aggregation mecha-
nism. The lower layers retain local characteristics, while
the higher layers progressively incorporate global contextual
features. This structured progression captures the transition
between local and global properties and fully models patterns
at different spatial scales. Specifically, we proposed the
spatiotemporal mixing block (ST mixing block) based on
the MLP-Mixer. By stacking multiple ST mixing blocks,
hierarchical feature pyramids are generated efficiently.

Overall Structure. As shown in Figure 3, HieraMix con-
sists of L spatiotemporal mixing blocks, each ST mixing
block comprises two sequential modules: a temporal aggre-
gation mixer and a spatial cascade mixer. The temporal mixer
captures local temporal features and aggregates them to gen-
erate macro-level features, forming a temporal feature pyra-
mid across ST mixing blocks. The spatial cascade mixer fo-
cuses on spatial hierarchies, employing a cascade of mixers
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to construct a spatial feature pyramid and capture spatiotem-
poral patterns at specific time scale within each ST mixing
block. Stacking multiple ST mixing blocks produces spa-
tiotemporal features at various resolutions, which are inte-
grated to obtain the final spatiotemporal representation.

Supposed E; € RY*Ti-1xd denotes the input of the [-th
ST mixing block, where N is the number of nodes and 7;_; is
the temporal length. Initially, the temporal aggregation mixer
takes E; as input and outputs H;. Then, H; is processed by
the spatial cascade mixer.

Temporal Aggregation Mixer
Firstly, E; is divided into multiple p-length windows, where
E; € RVX(Tixp)xd and T) = [T}_,/p] is the window size.
Each window is processed by a shared structure which com-
prises two parallel window mixing MLPs. Each MLP applies
two FC layers along the window-feature dimension (p x d).
For each window mixing MLP, E; is aggregated as E ¢
RN *Tixh by the first FC layer, where h is the intermedi-
ate feature dimension. Further, the positional embedding
Ey,e € RVXTX" is added to E; to identify the position in-
formation of each window. The second FC layer processes
E; and outputs H, € RNxTixd .

H;, = FC; (¢ (FC; (E)) + Epe)), Q)

where ¢(-) is the activation function. Considering there are

two independent window mixing MLPs, let I:Il(l) and I:Il(z)
denote the output of these two MLPs respectively. To im-
prove the expressive power of the model, we employ the
gated mechanism [Dauphin er al., 2017] to generate the out-
put H; € RV*Tixd of the temporal aggregation mixer.

H, = tanh (I:Il(l)) ©o (I:Il(2)> ) (6)

where tanh(-) represents the tanh function, o(-) denotes the
sigmoid function, and © is dot-product.

Unlike typical Mixers that preserve the input’s shape, our
temporal aggregation mixers integrate features within the
same window. When p is small, values within each window
exhibit gentle variations, dominated by the local similarity
characteristics. As a result, feature aggregation can effec-
tively capture local patterns and progressively adjust feature
scale by reducing the number of windows across ST mix-
ing blocks. For subsequent blocks, each window progres-
sively contains richer information and reveals macro-level
correlations like tendency. After the [-th layer, the input
E; € RVX(Tixp)xd 5 agoregated as H; € RV*Tixd,

Spatial Cascade Mixer
Overall Structure. Similar to temporal correlations, spatial
correlations are also multi-scale. At the node-level, correla-
tions are dominated by local similarity. While at the region-
level, they depend on the scale and semantics of regions.
Therefore, we designed the spatial cascade mixer, consisting
of a spatial aggregation path, a node mixer and K adaptive
region mixers corresponding to K region scales.

The spatial aggregation path consists of K FC layers.
Given the dynamic nature of spatial correlations and the
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Figure 4: Structure of the Adaptive Region Mixer, where (S;) X
T; x d represents mixing along the spatial dimension (S%).

lack of predefined regions, H; € RN *7ixd g first progres-
sively aggregated into a set of region-level features across
different scales through the aggregation path, represented as
{H;.,--- ,H; x}. Suppose H;; € Rk xTixd ig the input
of the k-th adaptive region mixer, Sy, is the amount of regions
in this mixer, and (Sk41 < Sk < --- < S1 < N).

Subsequently, each mixer processes the input along spatial,
temporal, and feature dimensions. The specific structure of
each mixer is illustrated in Figure 3. Differed from the node
mixer, the region mixer employs an adaptive mixing MLP to
capture each region’s unique features. As each region repre-
sents a distinct semantic unit, the adaptive mixing MLP en-
sures semantically similar regions share similar parameters,
and vice versa. Each mixer generates its individual output,
and the final output integrates features from both node-level
and multiple region-level features.

Adaptive Region Mixer. As shown in Figure 4, the k-th
adaptive region mixer processes H;; € RS+*Tixd through
four MLPs: the spatial mixing MLP, the adaptive mixing
MLP, the spatiotemporal mixing MLP, and the feature mix-
ing MLP to capture spatiotemporal dependencies at the cor-
responding scale. Notably, the adaptive mixing MLP is dif-
ferent as it employs a parameter pool to adaptively generate
transformation matrices tailored to each region’s semantics.

Specifically, the parameter pool contains K, € RMxxTi
as keys and V; , € RMexTixh a5 bage weights, where h is
the intermediate feature dimension and M}, is the size of base
weights. Then, the demanding parameters W j, € RSk*Tixh
are generated as follows:

Sim = Softmax(H, j, * ka), o
Wl,k = Z;i:lSim(l) * Vl,k‘a

where * denotes the matrix multiplication, Sim €
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RS:Xdx My gre weight scores, and Sim® is the i-th tensor
of Sim over the feature dimension (d).

In the adaptive mixing MLP, both two FC layers are gener-
ated from the parameter pool, denoted as W; ;. 1 and Wy j; 2.
Then, the input H; ;, is transformed as:

Ry =H Wi,

: . : ®)
B = Wi R

where H)| Wl(Jk) , are both the j-th tensor over the spatial

dimension, and R; ;, € R *4*" denotes the hidden state.
To increase the semantic distinctiveness of each region, we
employ the parameter orthogonal loss (POL) during training.

It minimizes the similarity between each Wl(l,i and Wl(]k) to
decrease the semantic similarity among regions. Specifically,
the POL in the [-th ST mixing block can be formalized as:
K s S i j
POL; = Zk:l 2121 Ejil S%%CS(WI(’;, Wl(]k))7 ©))
where CS(-) represents the cosine similarity. The total or-
thogonal loss can be denoted as:

LeoL = Y1, POL,. (10)

Output. The spatial cascade mixer generates an output set,

including {O; 4,0;1, -, 0, i}, where O; , € RVxTixd

belongs to the node mixer, and O; ;, € R%+*T1X4 belongs to
the k-th adaptive region mixer.

Hierarchical Feature Propagation
Since HieraMix processes spatiotemporal data hierarchically,
it generates various feature pyramids: (1) Stacked ST mixing
blocks form a feature pyramid across temporal resolutions,
and the higher features reflect the trend of the lower features.
(2) In each ST mixing block, the spatial cascade mixer gen-
erates a feature pyramid across spatial resolutions, and the
higher regions reflect the interactions between lower nodes.
Therefore, the hierarchical feature propagation is proposed
for feature integration. It contains two top-down paths: the
spatial propagation and the temporal propagation.

Spatial Propagation. The top-down spatial feature propa-
gation starts with the output O, . It is transformed by an FC

layer into OZ,K € R%-1xTixd Aq shown in Figure 3, O,
is transformed into Oy ;. as follows:

O, = FC <Ol,k -+ Ol,k+1) ,
A (11)
E;;, =FC (0179 + 0171) + Ey,

where E; 1 denotes the final result of the spatial propagation,
which serves as the input of the (I 4 1)-th ST mixing block.
Temporal Propagation. Stacked ST mixing blocks will

generate a feature pyramid across temporal resolutions, de-
noted as {Ey,--- ,E;,--- ,Er;}. Additionally, Ez; is
the output of the L-th ST mixing block. Similar as the spatial
propagation, temporal propagation begins with E; 1, which
is first projected by an FC layer into P ;. As shown in Fig-
ure 3, E; is transformed into P; € RV *Tixd a5 follows:

P, =FC(E; + Pi41),

P =FC(E; +P),

where P € RV*Txd denotes the final result.

12)

Datasets \ Nodes Time steps Time Range
SD 716 35040 1/1/2019-1/1/2020
GBA 2352 35040 1/1/2019-1/1/2020
GLA 3834 35040 1/1/2019-1/1/2020
CA 8600 35040 1/1/2019-1/1/2020

Table 1: Statistics of datasets.

4.3 Prediction Layer

The prediction layer, takes P € RN*T*d and Ep,; €
RN XTrxd a5 inputs and regresses the prediction values as:

PrLsHT FC3 (¢ (FC2 (P +FCy (Er41)))).  (13)

To optimize the model, we employ the mean absolute error
(MAE) as the regression loss, which is denoted as L. The
overall loss combines the regression loss and the parameter
orthogonal loss, which can be formalized as £:

L =alrec + BLPoL, (14)

where « and [ are hyper-parameters for weight balance.

5 Experiments

5.1 Experiment Setup

Datasets. We evaluate HieraMix on four datasets within
LargeST [Liu er al., 2024a], including SD, GBA, GLA, and
CA. Details of each dataset are described in Table 1. Fol-
lowing previous works, we aggregate the time intervals from
5-minutes into 15-minutes. We divide each dataset according
to four seasons, and then splite the training, validation and
test sets with the ratio of 6:2:2 in each season.

Baselines. The HieraMix is compared with 20 baseline
models, including 11 Previous SOTAs and 9 Scalable Mod-
els for Large-Scale Settings.

Experiment Details. All experiments are conducted on
Ubuntu 20.04.6 LTS with an NVIDIA RTX A6000 48GB
GPU, based on the LibCity [Wang et al., 2021]. Our Hi-
eraMix takes 12 historical time slices as input to predict the
next 12 time slices. We use the mean absolute error (MAE),
the root mean square error (RMSE) and the mean absolute
percentage error (MAPE) as evaluation metrics.

5.2 Performance Comparisons

Table. 2 presents the overall performance of our model and
all the baselines with respect to MAE, RMSE, and MAPE on
four datasets. Additionally, we run all models five times and
report the mean results. Overall, HieraMix consistently out-
performs other baselines on all four datasets. Specifically, Hi-
eraMix obtains average improvements of 5.32%, 3.64% and
3.55% beyond the best baselines in MAE, RMSE and MAPE,
respectively. Furthermore, based on the experimental results,
we can make the following observations:

Hierarchical Processing Benefits Performance. In most
cases, the performance of scalable baselines is much inferior
to previous transformer-based models. However, HieraMix
enables a linear MLP-Mixer model to outperform complex
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Model SD GBA GLA CA
MAE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE
DCRNN [Li er al., 2018] 1796 28.65 11.85 |21.86 34.65 20.19 |23.36 36.19 14.19 |28.24 44.01 22.23
STGCN [Yu et al., 2018] 16.87 28.84 976 |19.96 32.78 1627 |18.61 30.18 11.44 |17.87 29.14 13.56
ASTGCN [Guo eral., 2019] | 19.99 32.19 1299 |2297 36.35 20.39 |2146 3421 13.29 - - -
GWNET [Wu et al., 2019] 1693 2797 974 [19.73 3199 17.54 | 1894 30.16 11.58 |19.73 3132 1542
STGODE [Fang er al., 2021] | 17.55 28.67 11.25 | 19.73 3245 1628 |18.86 30.49 11.81 |17.76 29.13 13.37
DSTAGNN [Lan er al., 2022] | 17.37 27.68 11.27 |20.14 32.63 1637 |18.62 30.00 11.20 - - -
D2STGNN [Shao et al., 2022b] | 16.49 26.59  9.62 | 18.56 31.12 13.05 - - - - - -
HIEST [Ma et al., 2023] 17.94 29.03 10.33 | 2250 35.75 14.02 |22.37 3526 11.84 |22.06 3503 14.18
PDFormer [Jiang er al., 2023a] | 15.84 2591  9.70 - - - - - - - - -
DGCRN [Li et al., 2023] 15.60 2590 993 |19.11 3121 14.17 - - - - - -
TESTAM [Lee and Ko, 2024] | 18.51 3042 1042 | 19.57 3232 13.94 - - - - - -
STID [Shao et al., 2022a] 1821 2997 10.18 |20.82 3443 13.19 |19.83 3233 1038 |19.11 3145 11.68
FreTS [Yi et al., 2023] 2395 37.12 14.89 |26.87 40.55 18.39 |27.76 42.00 15.85 |27.58 4250 18.47
TSMixer [Chen et al., 2023] | 16.81 29.79 10.52 | 19.93 3483 16.56 | 17.86 30.89 1096 |16.78 29.42 1243
TimeMixer [Wang er al., 2024a] | 17.15 2830  9.74 |21.74 35.15 13.85 |19.76 31.96 10.81 |18.16 30.11 11.61
RPMixer [Yeh et al., 2024] 1672 29.64 10.63 | 19.05 32.75 15.26 |17.57 3042 10.56 | 16.75 29.28 12.36
PatchSTG [Fang et al., 2024] | 1593 28.19 9.69 |18.94 33.02 13.17 |17.53 29.72 10.02 | 16.69 28.58 11.50
EiFormer [Sun ef al., 2025] 1790 32.06 10.79 |20.39 3535 15.58 | 1891 33.05 11.00 | 18.22 32.07 12.89
GSNet [Kong er al., 2025] 16.65 2733 9.62 |1937 3198 13.15 |18.81 30.65 10.09 |17.61 29.15 11.15
LSTNN [Wang et al., 2025] 1583 27.08 9.59 |1848 31.59 13.11 | 1748 29.71 9.95 |16.58 2824 11.05
HieraMix | 14.80 25.06 9.22 |17.73 30.67 12.71 |16.45 28.03 9.53 |15.55 27.05 10.55

Table 2: Prediction performance of each model. The best results are highlighted in bold, while the second-best results are underlined. Addi-
tionally, due to the limited scalability, some methods fail to handle large-scale datasets, with their results denoted as a dash (-) in the table.
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Figure 5: Results of ablation study.

transformer-based baselines across all four datasets. This is
due to hierarchical processing, which allows the model to
learn dominant features at different scales, generating more
effective representations.

Advantages of Scalability. The experiments validate the
scalability challenges inherent in previous SOTAs. Several
GNN- and transformer-based models are unable to complete
the experiments on larger datasets due to prohibitive compu-
tational and memory costs. In contrast, HieraMix demon-
strates excellent scalability, efficiently handling all datasets.

Advantages of Robustness. The performance gap between
HieraMix and the second-best baseline widens with larger
datasets. On the smallest dataset, HieraMix outperforms
the second-best baseline by 2.85% in MAPE. On the largest
dataset, this gap increases to 4.52% in MAPE. This demon-
strates HieraMix’s robustness with large-scale datasets.

5.3 Ablation Study

We conduct ablation studies to analyze the effectiveness of
each component in HieraMix. These five variants are listed as
below: (1) w/o AM: Replaces the adaptive mixing MLP with
a standard mixing MLP. (2) w/o TH: Removes the modeling
of temporal hierarchy, i.e., the time length in each ST mixing
block remains the same. (3) w/o SH: Removes the modeling
of spatial hierarchy, i.e., the number of nodes in the spatial
cascade mixer remains the same. (4) w/o TP: Removes the
temporal propagation. (5) w/o SP: Removes the spatial prop-
agation. Ablation results are shown in Figure 5, which can be
concluded as:

Benefits Brought by Hierarchical Modeling. w/o SH and
w/o TH are both inferior to HieraMix, which demonstrates
the effectiveness of hierarchical modeling in both spatial and
temporal dimensions. Additionally, HieraMix performs bet-
ter than w/o AM, because adaptive mixing improves semantic
differences between regions, resulting in more structured hi-
erarchical features.

Effectiveness of Feature Propagation. As HieraMix out-
performs w/o TP and w/o SP, it indicates that features at dif-
ferent scales contain distinct semantic information. The fea-
ture propagation enables multi-scale features to complement
each other, providing more comprehensive representations.

5.4 Efficiency Analysis

In this section, we evaluate HieraMix and baselines in terms
of performance and efficiency, and present results on MAE
and the total training time on the GBA dataset. As shown in
Figure 6, HieraMix significantly outperforms linear baselines
and even surpasses SOTA transformer-based models (e.g.,
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Figure 7: Sensitivity experiment results.

PatchSTG, Eiformer). Meanwhile, HieraMix maintains effi-
ciency comparable to mainstream scalable models (e.g., RP-
Mixer, LSTNN). This demonstrates that HieraMix balances
performance and efficiency, offering excellent scalability on
large-scale datasets.

Further, we analyze the computational cost of HieraMix.
Specifically, the mixing operation mainly consists of two lin-
ear transformations with a time complexity of O(dhNT).
Generating adaptive transformation weights incurs a com-
plexity of O(MdhNT), and applying these weights for linear
transformations adds another O(dhNT'). Consequently, the
total complexity is O(LK MdhNT), where L and K repre-
sent the number of ST mixing blocks and region scales, re-
spectively. This linear complexity with respect to N ensures
scalability for large-scale spatiotemporal prediction.

5.5 Parameter Sensitivity

We analyze the impact of four key hyperparameters in the
GBA dataset. The results are illustrated in Figure 7.

Size of base weights M. The adaptive mixing MLP gener-
ates region-specific matrices over a parameter pool with M
sets base weights. Smaller M strengthens parameter shar-
ing but limits adaptivity, while larger M enriches the basis
components for composition. However, overly large param-
eter pool can increase optimization difficulty and impair the
model’s generalization ability.

Length of temporal window p. The temporal aggregation
mixer partitions the sequence into non-overlapping windows

8,
s e 3

e o R
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(a) Visualization of HieraMix. (b) Visualization of w/o AM.

Figure 8: t-SNE of Oy,; of HieraMix and w/o AM on GBA. Each
color denotes a region-type cluster in the embedding space.

of length p and performs within-window aggregation. Fig-
ure 7 shows a clear degradation as p increases. This behavior
is consistent with the design motivation that local temporal
proximity exhibits strong similarity, which can be effectively
captured when p is small. A larger p may over-smooth short-
term variations and discard high-frequency signals that are
crucial for short-horizon prediction.

Number of adaptive region mixers K. This determines
the number of region scales in the spatial cascade mixer and
controls the depth of spatial hierarchy. Moderate K supports
multi-scale regional semantics. When K is small, the spa-
tial hierarchy becomes insufficient, limiting ability to capture
multi-scale regional semantics simultaneously. Excessively
large K introduces additional coarser aggregation levels that
may inject extra noise.

Number of ST mixing blocks L. This controls the depth of
hierarchical spatiotemporal mixing and the resulting feature
pyramids. Increasing L expands the temporal receptive field,
enabling higher layers to capture broader trends and to refine
lower-level representations through top-down propagation.

5.6 Visualization

To evaluate HieraMix’s ability to capture regional seman-
tics, we leverage t-SNE to visualize the spatial representa-
tions Oy, ; produced by the HieraMix and its w/o AM vari-
ant. As illustrated in Figure 8, the representations gener-
ated by HieraMix are more compact with well-defined bound-
aries between clusters. In contrast, the w/o AM variant
yields representations with substantial overlap between clus-
ters. This comparison highlights HieraMix’s greater repre-
sentation ability, which ensures nodes within the same region
type share similar spatiotemporal patterns, while nodes across
different types maintain distinct characteristics.

6 Conclusion

We present HieraMix, a simple yet effective MLP-Mixer
model, which leverages hierarchical modeling to tackle
large-scale traffic forecasting. HieraMix surpasses all cur-
rent baselines and introduces enhancements to the MLP-
Mixer architecture, making it competitive with more com-
plex transformer-based models. Comprehensive experiments
on extensive traffic datasets demonstrate its scalability and
effectiveness. Future work will extend its application to mul-
tivariate time series prediction and anomaly detection.
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