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Abstract

Long-term Multivariate Time Series (LMTS) forecasting
aims to predict extended future trends based on channel-
interrelated historical data. Considering the elusive channel
correlations, most existing methods compromise by treat-
ing channels as independent or tentatively modeling pair-
wise channel interactions, making it challenging to han-
dle the characteristics of both higher-order interactions and
time variation in channel correlations. In this paper, we pro-
pose HyperMixer, a novel specializable hypergraph channel
mixing plugin which introduces versatile hypergraph struc-
tures to capture group channel interactions and time-varying
patterns for long-term multivariate time series forecasting.
Specifically, to encode the higher-order channel interactions,
we structure multiple channels into a hypergraph, achieving
a two-phase message-passing mechanism: channel-to-group
and group-to-channel. Moreover, the functionally specializ-
able hypergraph structures are presented to boost the capabil-
ity of hypergraph to capture the time-varying patterns across
periods, further refining modeling of channel correlations.
Extensive experimental results on seven available benchmark
datasets demonstrate the effectiveness and generalization of
our plugin in LMTS forecasting. The visual analysis further
illustrates that HyperMixer with specializable hypergraphs
tailors channel interactions specific to certain periods.

Introduction
Long-term Multivariate Time Series (LMTS) forecasting
aims to predict extended future trends of multiple interre-
lated variables (a.k.a, channels). It has long been studied
and applied across diverse fields like traffic, weather, and
energy. The channels within multivariate time series poten-
tially denotes to monitoring variables in real systems (e.g.,
traffic sensors, power system indicators). Therefore, it is sig-
nificant for LMTS to model intricate correlations entailed in
these channels, followed by making effective predictions.

Considering the elusive channel correlations, most ex-
isting methods compromise through two main streams: (1)
channel-independent (Zeng et al. 2023; Nie et al. 2023;
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Figure 1: Comparison of previous channel modeling meth-
ods (gray pathways) versus our method (colored pathways)
in traffic scenarios. Previous methods focus on pairwise
channel interactions and expect to model the correlations
across different time periods using a general network. Our
method targets higher-order channel interactions and mod-
els time-varying patterns via multiple specialized networks.

Wang et al. 2024): treating channels as independent and pro-
cessing each channel separately, (2) channel-mixing (Zhou
et al. 2021; Wu et al. 2021; Zhang and Yan 2023): tentatively
modeling pairwise channel interactions by well-designed ar-
chitectures, such as cross-channel attention and graph neural
networks. Despite the temporary progress, they fail to com-
pletely unleash the power of channel correlations, making
it challenging to handle the characteristics of both higher-
order interactions and time variation in channel correlations.

The higher-order interaction refers to complex corre-
lations among more than two channels within LMTS, re-
flecting obvious group behaviors. Taking the weekday traf-
fic patterns illustrated in Figure 1 as an example, the traffic
flow of road D is affected by the flow of road A flowing into
road C, collectively forming a traffic route with group inter-
action behavior: roads A, D, and part of C involved in this
group display consistent traffic flow trends. This informa-
tive higher-order interaction undoubtedly facilitates predict-
ing the traffic flow of roads A, C, and D. However, it is ei-
ther ignored by channel-independent methods or reduced to
multi-hop pairwise interactions (i.e., roads A to C and roads
C to D) by existing channel-mixing methods, which is not

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

20885



conducive to LMTS. In addition, the time-varying charac-
teristic refers to the channel correlations exhibiting var-
ious association patterns over different time periods. As
illustrated in Figure 1, the traffic route (A, C, D) on weekday
shifts to the router (A, C, E) on weekends. This demands the
model to capture versatile time-varying patterns across pe-
riods. Nevertheless, it is not afforded by current inflexible
methods which are forced to balance the modeling of pair-
wise interactions: roads C to D and roads C to E, leading
to a generalized compromise across all time periods. This
is illustrated by the gray dashed line in Figure 1, indicat-
ing the ambiguous correlation between C and D. With the
above consideration, it is crucial to capture the higher-order
interactions and time-varying patterns for modeling channel
correlations.

In this paper, we propose HyperMixer, a novel spe-
cializable hypergraph channel mixing plugin which intro-
duces versatile hypergraph structures to capture group chan-
nel interactions and time-varying patterns for long-term
multivariate time series forecasting. HyperMixer comprises
two core components: a Hypergraph Chanel Mixer (HCM)
and a Specializable Hypergraph Structure Learning mod-
ule (HS2L). Specifically, to encode the higher-order inter-
actions, we structure multiple channels into a channel hy-
pergraph, where each channel serves as a node and hyper-
edges connect multiple nodes simultaneously, forming chan-
nel groups. HCM is introduced to encode the channel hyper-
graph by conducting two-phase message-passing: channel-
to-group and group-to-channel. To capture the time-varying
patterns, inspired by the specialization concept in the mix-
ture of experts (Jacobs et al. 1991), we devise HS2L to de-
velop specialized hypergraph structures tailored to specific
periods, utilizing a router layer and multiple experts. Ulti-
mately, inserting the plugin HyperMixer into existing rep-
resentative methods incorporates channel correlations fea-
tured by higher-order interactions and time-varying char-
acteristics, improving the predictive performance for long-
term multivariate time series. The main contributions of this
paper are summarized as follows:

• We propose HyperMixer, a novel specializable hyper-
graph channel mixing plugin which introduces versatile
hypergraph structures to capture group channel interac-
tions and time-varying patterns for long-term multivari-
ate time series forecasting.

• To encode the higher-order channel interactions, we
structure multiple channels into a hypergraph, achieving
a two-phase message-passing mechanism: channel-to-
group and group-to-channel. To capture the time-varying
patterns across periods, the functionally specializable hy-
pergraph structures are presented to boost the capability
of hypergraph.

• Extensive experimental results on seven available bench-
mark datasets demonstrate the effectiveness and gener-
alization of our plugin in LMTS forecasting. The visual
analysis further illustrates that HyperMixer with special-
izable hypergraphs tailors channel interactions specific to
certain periods.

Related Work
Long-Term Multivariate Time Series Forecasting
Deep learning-based approaches dominate recent research,
introducing a variety of designs suitable for Long-term mul-
tivariate time series (LMTS) forecasting (Zheng et al. 2020;
Zhou et al. 2022; Nie et al. 2023). Recurrent Neural Net-
works (RNNs) (Che et al. 2018; Salinas et al. 2020) and
Temporal Convolutional Networks (TCNs) (Lea et al. 2017)
are utilized for modeling time series data to capture tempo-
ral dependencies. However, they encounter challenges when
modeling long-term dependencies. Graph Neural Networks
(GNNs) (Kipf and Welling 2017; Veličković et al. 2018)
have also gained prominence due to their ability to explic-
itly capture spatiotemporal correlation in LMTS (Diao et al.
2019; Cao et al. 2020; Cai et al. 2024). However, these meth-
ods suffer from over-smoothing and overfitting, and are also
limited to pairwise interactions (Lambiotte, Rosvall, and
Scholtes 2019; Battiston et al. 2020). Recently, linear-based
LMTS forecasting methods (Zeng et al. 2023; Wang et al.
2024; Huang et al. 2024) have achieved surprisingly strong
performance with streamlined architectures. For example,
LTSF-Linear (Zeng et al. 2023) is proposed to surpass pre-
vious complex methods through simple one-layer linear net-
work. On the other hand, a series of transformer-based time
series methods have been proposed (Wu et al. 2021; Zhou
et al. 2021; Nie et al. 2023; Liu et al. 2024), notably advanc-
ing the development of LMTS forecasting. Representative
PatchTST (Nie et al. 2023) employs subseries-level embed-
ding techniques and the channel independence assumption
to significantly improve the accuracy of LMTS forecasting.
Despite significant progress, most current methods prioritize
capturing temporal dependencies, underestimating the chan-
nel modeling in LMTS.

Channel Modeling in LMTS Forecasting
Current methods can be divided into channel-independent
methods and channel-mixed methods. Channel-independent
methods assume that channels are independent and process
each channel separately, thereby simplifying the task. How-
ever, they fail to exploit the potential benefits of channel
correlations. In contrast, channel-mixed methods expect to
capture the channel correlations through well-designed ar-
chitectures. For example, methods based on GNN (Cao et al.
2020; Deng and Hooi 2021; Cai et al. 2024) organize chan-
nels into a graph, where edges facilitate message passing be-
tween pairs of channels. Patch-based methods (Zhang and
Yan 2023; Huang et al. 2024) decompose each time se-
ries of the LMTS into multiple patches, enabling the ex-
ploration of dependencies between patches across differ-
ent channels using cross-channel attention or multi-layer
perceptrons (MLPs). Additionally, several techniques have
been developed to explicitly represent specific channel rela-
tionships. For instance, channel clustering (Chen et al. 2024)
is proposed to captures channel similarity by minimizing
intra-cluster series distance, while LIFT (Zhao and Shen
2024) identifies lead-lag relationships between channels by
analyzing cross-correlation coefficients, which indicate the
degree of lead and lag between two channels. Despite ad-
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Figure 2: The left panel illustrates the process of representing multiple channels as a hypergraph. Five channels, involving two
types of group interactions, are naturally represented as a hypergraph with five nodes and two hyperedges. The right panel
presents the pipeline of HyperMixer.

vancements in capturing channel correlations through vari-
ous designs, these methods primarily focus on pairwise in-
teractions and attempt to capture interaction patterns across
different periods using a shared, inflexible network. This ap-
proach presents difficulties in addressing the characteristics
of both higher-order interactions and the time-varying pat-
terns inherent in channel correlations.

Proposed Method
The problem of LMTS forecasting is formulated as: Let
X ∈ RL×N represent the historical data, where L denotes
the number of historical time steps and N denotes the num-
ber of channels. The objective of LMTS forecasting is to
predict a matrix Ŷ ∈ RT×N , where T represents the pre-
diction length, i.e., the number of future time steps to be
forecasted.

Our HyperMixer is illustrated in Figure 2, which involves
channel hypergraph construction, specializable hypergraph
structure learning, and a hypergraph channel mixing.

Representing Multiple Channels as a Hypergraph
Compared to ordinary graphs, hypergraphs offer the advan-
tage of hyperedges that can connect more than two nodes
simultaneously, enabling them to naturally represent com-
plex higher-order interactions (Feng et al. 2019; Jiang et al.
2019). A hypergraph is typically represented as H = (V, E),
where V denotes the set of nodes and E represents the set of
hyperedges, with each hyperedge e ∈ E is a non-empty sub-
set of nodes. The hypergraph structure can be futher formal-
ized using an incidence matrix H ∈ R|V|×|E|

≥0 , where each
element H(v, e) indicates the degree to which node v is as-
sociated with hyperedge e.

To model potential higher-order interactions among mul-
tiple channels, we organize them into a channel hypergraph,
HC = (C, EC). Here, C denotes the set of channels in the
LMTS, and EC represents the hyperedges, with a hyperpa-
rameter m as the total number of hyperedges. Figure 2 fur-
ther illustrates this construction process.

Specializable Hypergraph Structure Learning
After constructing the channel hypergraph HC , Specializ-
able Hypergraph Structure Learning (HS2L) develops a hy-
pergraph structure HC for HC , tailored to specific periods
by using a router layer and multiple hypergraph structure
learning experts.

The processing workflow of HS2L is as follows.

Channel Projection. First, we obtain the initial represen-
tations of channels in the feature space through a channel
projection layer which maps the original time series X to a
set of vectors. Formally,

Zc = ChannelProj(X), (1)
here, ZC ∈ RN×dc represents the channel representation,
where N is the number of channels, and dc denotes the di-
mensionality of the channel representation. ChannelProj(·)
is implemented using a one-layer linear transformation.

Router. The router is designed to identify features of input
time series data and direct it to the appropriate expert.

For the channel representations ZC ∈ RN×dc , we first
derive a compact representation vector zc ∈ Rdc using an
average pooling operation:

zc = AveragePool(ZC). (2)
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This representation vector is then fed into the router,
which includes a simple linear layer. The output is normal-
ized with the Softmax function to compute scores for each
expert:

s = Softmax(Router(zc)), (3)
where s ∈ RK represents the score distribution across the
K experts.

Finally, a top-k activation mechanism is employed to se-
lect the top k experts with the highest scores for the input
data.

Hypergraph Structure Learning Expert. Upon assign-
ment by the router, each sample is directed to a specific ex-
pert E, which is responsible for learning a hypergraph struc-
ture HE

C based on the sample’s channel representation Zc.
This process is formally defined as follows:

HE
C = Expert(ZC), (4)

where HE
C ∈ RN×m denotes the hypergraph structure

learned by expert E. Here, m is a hyperparameter that spec-
ifies the number of hyperedges in the channel hypergraph.
Each hypergraph structure learning expert E is implemented
as a single-layer linear transformation followed by a ReLU
activation function.

In more detail, HyperMixer includes one expert shared
across all LMTS data and K additional experts that can be
selectively activated.

Learned Hypergraph Structures. The hypergraph struc-
ture output by the HS2L consists of two parts. The first part
is the hypergraph structure learned by a shared hypergraph
structure learning expert, denoted as HS . The second part is
the combination of the outputs from the top-k experts.

Let {Ei1 , Ei2 , . . . , Eik} be the k experts selected for the
LMTS data sample i in a batch by the top-k selection mech-
anism. Each expert Eij outputs a hypergraph structure H

ij
C ,

where j = 1, 2, . . . , k. The final hypergraph structure HC

is represented as the weighted sum of the shared expert’s
output and these experts’ outputs:

HC = HS +
k∑

j=1

sijH
ij
C , (5)

where sij is the score corresponding to expert Eij , which is
the ij th element in the expert score vector s.

Hypergraph Chanel Mixer
The Hypergraph Channel Mixer (HCM), implemented by a
hypergraph neural network (Feng et al. 2019; Jiang et al.
2019), aims to encode the channel hypergraph HC and its
structure HC , effectively mapping the nodes of the hyper-
graph into a d-dimensional vector space. This encoding cap-
tures complex channel correlations by leveraging higher-
order interactions inherent in the hypergraph structure.

To achieve this, HCM employs a two-phase message-
passing process as illustrated in Figure 2. In the first phase,
messages are transmitted from nodes to hyperedges (i.e.,

groups), allowing for the aggregation of collective node in-
formation. In the second phase, messages are sent from hy-
peredges back to nodes, thereby updating and refining the
node representations.

From Node to Hyperedge. First, HCM performs message
passing from nodes to hyperedges. To obtain the messages
passed from nodes to hyperedges, we employ a single-layer
nonlinear transformation to convert the original node repre-
sentations. Specifically,

ZC→EC
= ReLU(W1ZC), (6)

where W1 ∈ Rdc×dc denotes the learnable parameters,
and ZC→EC

∈ RN×dc represents the messages passed from
nodes to hyperedges.

Next, we aggregate the messages from the nodes to obtain
the hyperedge representations. This process is expressed as:

ZEC
= D−1

EC
HT

CZC→EC
, (7)

where D−1
EC

∈ Rm×m represents the degree matrix of the
hyperedges, which is a diagonal matrix with D−1

EC
(e, e) =

(
∑

c∈C HC(c, e))
−1; HT

C ∈ Rm×N denotes the transpose
of the hypergraph structure, and ZEC

∈ Rm×dc represents
the hyperedge representations.

From Hyperedge to Node. After obtaining hyperedge rep-
resentations, HCM performs message passing from hyper-
edges to nodes. Specifically, to obtain the message from hy-
peredge e to node c, HCM first performs a concatenation
operation and then uses a single-layer nonlinear transforma-
tion to convert the concatenated vector:

ze→c = ReLU([ZC(c),ZEC
(e)]W2), (8)

where [·, ·] denotes the concatenation operation of vectors,
W2 ∈ R2dc×dc represents the learnable weight parameters,
and ze→c ∈ Rdc represents the message from hyperedge e
to node c. ZC(c) denotes the representation vector of node c
and ZEC

(e) denotes the representation vector of hyperedge
e.

Next, we need to aggregate messages from all hyperedges
to update the representation of node c. This can be repre-
sented as:

Z′
C(c) =

∑
e∈EC

HC(c, e)ze→c, (9)

where Z′
C(c) represents the new representation of node c.

To maintain the stability of node representations, the ag-
gregated node representation is normalized as follows:

Z′′
C = D−1

C Z′
C , (10)

here, DC represents the degree matrix of nodes, which is
a diagonal matrix with diagonal elements representing the
degree of each node, defined as DC(i, i) =

∑
e∈E H(i, e).

Update Channel Representation. The updated channel
representation is obtained as follows:

Z̄c = Zc + Z′′
c . (11)
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Dataset # Channels # Timesteps Frequency

ETTh1 7 17,420 1 hour
ETTh2 7 17,420 1 hour
ETTm1 7 69,680 15 min
ETTm2 7 69,680 15 min
Weather 21 52,696 10 min

Electricity 321 26,304 1 hour
Traffic 862 17,544 1 hour

Table 1: The statistics of datasets.

This enhanced channel representation is then utilized to
refine the original multivariate time series representation,
which is specifically expressed as:

X′ = X̂+ Z̄cWo, (12)

where Wo ∈ Rdc×L are learnable parameters.
The representation of the multivariate time series data im-

proved by HyperMixer can be fed into various backbones,
such as TimeMixer (Wang et al. 2024), PatchTST (Nie et al.
2023), and DLiner (Zeng et al. 2023), to enhance predictive
performance.

Experiment
Datasets
We select seven mainstream long-term multivariate time
series datasets, including ETT (ETTh1, ETTh2, ETTm1,
ETTm2) (Zhou et al. 2021), Traffic (Lai et al. 2018),
Weather (Zeng et al. 2023), and Electricity (Wu et al. 2020).
Table 1 presents the statistics of the seven datasets.

Experimental Details
The proposed HyperMixer serves as a channel mixing plu-
gin that can be incorporated into a variety of existing
LMTS forecasting backbones. To validate the enhancement
brought by HyperMixer, we select four current state-of-
the-art LMTS forecasting models as our backbones. These
include the linear-based methods TimeMixer(Wang et al.
2024) and DLinear(Zeng et al. 2023), the transformer-based
method PatchTST(Nie et al. 2023), and the convolution-
based method TimesNet(Wu et al. 2023). Additionally, we
compare our approach with another competitive channel
modeling method, CCM(Chen et al. 2024), which is based
on a channel clustering strategy. For a fair comparison, the
optimal hyperparameter settings provided in the official im-
plementations of the backbones are used for both the back-
bones and the HyperMixer-enhanced models. For CCM, we
use the experimental results provided in the original paper
for PatchTST, DLinear, and TimesNet, while the results for
the recently proposed TimeMixer are based on our own re-
production.

For our proposed HyperMixer, the number of experts T
is explored within the range of [4, 12], with the number of
activated experts, k, set to 2. The number of hyper-edges, m,
is searched within the range of [4, 10]. Mean Squared Error
(MSE) and Mean Absolute Error (MAE) are used as metrics

(a) DLinear (b) DLinear+HyperMixer

(c) Original multivariate time series data

Figure 3: t-SNE visualization of channel representations on
the ETTh2 Dataset.

for evaluating predictive performance. For all datasets in our
experiments, the prediction lengths are set to {96, 192, 336,
720}. We use the L2 loss function for training. All experi-
ments are implemented using PyTorch and executed on an
NVIDIA A800-80GB GPU.

Main Results
Table 2 presents the experimental results of HyperMixer
across four representative backbones and seven datasets.
The results clearly demonstrate that HyperMixer signifi-
cantly enhances the performance of the backbones, achiev-
ing an average performance boost of 3.46%. Notably, mod-
els equipped with HyperMixer achieve the best performance
in most cases, outperforming both the base models and those
equipped with CCM. In details, ETTh1 is more challeng-
ing than ETTm1 due to its larger sampling intervals and
resulting more pronounced fluctuations. HyperMixer’s sub-
stantial improvements on ETTh1 highlight the importance
of channel correlations in predicting unstable trends, with
similar patterns seen in ETTm2 and ETTh2. Furthermore, in
datasets like Weather, Electricity, and Traffic—characterized
by a higher number of channels—HyperMixer achieves
even greater average improvements compared to other ETT
datasets with fewer channels. This is attributed to its power-
ful capability in modeling complex channel correlations.

Qualitative Visualization
Channel Representation Visualization. To understand
why HyperMixer works, we further conduct a visualization
analysis of HyperMixer on the ETTh2 dataset, which in-
cludes 7 channels. Figures 3a and Figure 3b respectively
present the t-SNE visualizations of channel representations
learned by the base model DLinear and the DLinear model
equipped with HyperMixer. A noticeable transformation oc-
curs with HyperMixer: previously dispersed channel repre-
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Model Metric ETTh1 ETTh2 ETTm1 ETTm2 Weather Electricity Traffic

PatchTST MSE 0.417 0.332 0.354 0.270 0.227 0.167 0.396
MAE 0.431 0.383 0.385 0.329 0.264 0.260 0.267

+CCM MSE 0.412 0.330 0.353 0.262 0.225 0.167 0.389
MAE 0.430 0.372 0.381 0.322 0.263 0.261 0.259

+HyperMixer MSE 0.408 0.327 0.346 0.256 0.223 0.162 0.381
MAE 0.430 0.379 0.380 0.315 0.260 0.255 0.262

TimeMixer MSE 0.463 0.387 0.385 0.276 0.245 0.182 0.485
MAE 0.446 0.409 0.400 0.323 0.275 0.273 0.298

+CCM MSE 0.455 0.383 0.388 0.277 0.246 0.189 0.486
MAE 0.443 0.408 0.400 0.323 0.274 0.277 0.304

+HyperMixer MSE 0.450 0.376 0.386 0.276 0.243 0.171 0.464
MAE 0.440 0.403 0.399 0.323 0.274 0.264 0.294

DLinear MSE 0.433 0.431 0.359 0.265 0.246 0.166 0.434
MAE 0.445 0.444 0.381 0.329 0.299 0.263 0.295

+CCM MSE 0.423 0.400 0.355 0.289 0.255 0.173 0.435
MAE 0.437 0.428 0.378 0.349 0.303 0.275 0.296

+HyperMixer MSE 0.414 0.349 0.357 0.261 0.228 0.165 0.421
MAE 0.425 0.395 0.375 0.316 0.263 0.257 0.297

TimesNet MSE 0.458 0.414 0.400 0.291 0.259 0.193 0.620
MAE 0.450 0.427 0.406 0.333 0.287 0.295 0.336

+CCM MSE 0.454 0.411 0.399 0.288 0.256 0.179 0.571
MAE 0.445 0.422 0.405 0.330 0.281 0.279 0.339

+HyperMixer MSE 0.447 0.383 0.393 0.286 0.249 0.178 0.540
MAE 0.439 0.406 0.403 0.326 0.277 0.273 0.312

Imp (%) 2.54% 6.15% 1.02% 2.37% 3.88% 4.02% 4.20%

Table 2: Forecasting results, averaged over four prediction lengths: {96, 192, 336, 720}. A smaller MSE or MAE signifies a
more accurate prediction. A bold result signifies the best performance, while an underlined result indicates the second-best
performance. The look-up window length L aligns with each backbone’s official setting: 512 for PatchTST, 336 for DLinear,
and 96 for both TimeMixer and TimesNet. For HyperMixer, the number of hyperedges is set to 10 and the number of experts to
4 for the ETTh2, ETTm1 and Traffic datasets, while 8 for others. Imp represents the average percentage improvement achieved
by HyperMixer in the MSE and MAE metrics across all backbones.

sentations become more tightly grouped and concentrated
within the feature space. To further illustrate HyperMixer’s
capability in identifying channel group behavior, we visual-
ize the 7 channels in Figure 3c. This figure shows the time
series data over 200 time steps from the ETTh2 dataset.
Channels 1, 2, 3, and 4, which exhibit similar behaviors,
are closely aligned in the feature space as demonstrated in
Figure 3b. Likewise, channels 5 and 6 show similar cluster-
ing patterns. In contrast, channel 7, which displays unique
behavior, stands apart with an independent feature represen-
tation in Figure 3b. These visualizations demonstrate that
HyperMixer with specializable hypergraphs excels in iden-
tifying and encoding intricate channel correlations, resulting
in more expressive and informative channel representations.

Visualization of the HS2L. To analyze the behavior of
HS2L, we present the distinguishable periods identified by

the router in HS2L and the specialized hypergraph struc-
tures that correspond to these periods. Each time series data
depicted in Figure 4a is generated by averaging multiple
instances assigned by the router to a specific expert, serv-
ing as a representative of all data handled by that expert.
From Figure 4a , we can observe that the router can identi-
fying distinct periods in the LMTS data and assigning them
to the appropriate experts for processing. Specifically, ex-
perts 1 and 2 are responsible for handling LTMS data with
downward trends, whereas experts 3 and 4 deal with up-
ward trends. Moreover, although both experts 1 and 2 pro-
cess data with downward trends, their focal points differ: ex-
pert 1 processes data that end in a trough position, whereas
expert 2 processes data that end in a peak position, which
imply opposite future trend changes. Experts 3 and 4 exhibit
similar distinctions. Figure 4b illustrates the normalized hy-
pergraph structures output by the four experts; larger values
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(a) The distinguishable periods identified by the router
in HS2L

(b) Specialized hypergraphs with 2 hyperedges

Figure 4: Visualization of the HS2L using the DLinear base
model on the ETTh2 dataset

indicate stronger higher-order channel interactions. It is ob-
served that the hypergraph structure values for experts 3 and
4, who handle more volatile data, are generally higher. This
may suggest that when LMTS data changes more dramati-
cally (e.g., rapid increases), accurate predictions rely more
heavily on the information provided by channel correlation.

Ablation Study

To validate the effectiveness of HyperMixer components, we
conduct ablation experiments using TimesNet as the base
model. We incrementally integrate HCM and HS2L to as-
sess their contributions across ETTh1, ETTm2, and Weather
datasets. Observations from Table 3 are as follows. First,
starting from the base model, the variant with HCM and
the variant with HCM + HS2L (i.e., TimesNet+HyperMixer)
show progressively better predictive performance, high-
lighting each component’s effectiveness. Secondly, HCM
notably contributes to datasets with more channels like
Weather, indicating its ability to capture complex correla-
tions. Thirdly, HS2L yields greater gains on datasets like
Weather (1.64%) and ETTm2 (1.10%) , which contain richer
time-varying patterns due to their minute-level sampling fre-
quency. This suggests that the HS2L can effectively capture
the time-varying patterns in LMTS data, thus strengthening
the model’s predictive capability.

Model Metric ETTh1 ETTm2 Weather

TimesNet MSE 0.458 0.291 0.259
MAE 0.450 0.333 0.287

+HCM
MSE 0.451 0.290 0.254
MAE 0.440 0.329 0.281

Gain (%) 1.87% 0.75% 1.88%

+HCM+HS2L
MSE 0.447 0.286 0.249
MAE 0.439 0.326 0.277

Gain (%) 0.61% 1.10% 1.64%

Table 3: Ablation experiment based on the base model
TimesNet. Gain represents the average improvement per-
centage over the previous setup for MSE and MAE metrics.

(a) Analysis of the number of
experts K

(b) Analysis analysis of the
number of hyperedges m

Figure 5: Hyperparameter analysis on the weather dataset
with a prediction length of 96 across different bachbones:
PatchTST, TimeMixer, DLinear, and TimesNet

Hyperparameter Analysis
To explore the impact of two important hyperparameters: the
number of experts K and the number of hyperedges m, we
conduct a hyperparameter analysis. As shown in Figure 5a,
with an increase in the number of experts, the performance
of all models enhanced by HyperMixer initially improves
and then deteriorates. This suggests that establishing an ap-
propriate number of experts to avoid redundancy is neces-
sary, with a range of 2 to 10 being advisable. Similarly, Fig-
ure 5b shows that choosing 6 to 14 hyperedges is a suitable
starting point.

Conclusion
In this paper, we propose HyperMixer, a novel channel mix-
ing plugin with specializable hypergraphs, to effectively
manage the multiple interrelated channels in LMTS fore-
casting. Empowered by hypergraph channel mixing and
period-oriented hypergraph structure specialization, Hyper-
Mixer excels in channel modeling by encoding high-order
interactions and capturing time-varying patterns. Moreover,
HyperMixer can incorporate this channel modeling capabil-
ity into arbitrary forecasting models as a plugin. Extensive
experiments demonstrate the superiority of HyperMixer in
LMTS forecasting. Further visualization and ablation stud-
ies are presented to provide insights for our HyperMixer.
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