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Abstract

Recent work shows that linear models can outperform sev-
eral transformer models in long-term time-series forecasting
(TSF). However, instead of explicitly performing temporal in-
teraction through self-attention, linear models implicitly per-
form it based on stacked MLP structures, which may be in-
sufficient in capturing the complex temporal dependencies
and their performance still has potential for improvement. To
this end, we propose a Lightweight Sparse Interaction Net-
work (LSINet) for TSF task. Inspired by the sparsity of self-
attention, we propose a Multihead Sparse Interaction Mecha-
nism (MSIM). Different from self-attention, MSIM learns the
important connections between time steps through sparsity-
induced Bernoulli distribution to capture temporal depen-
dencies for TSF. The sparsity is ensured by the proposed
self-adaptive regularization loss. Moreover, we observe the
shareability of temporal interactions and propose to perform
Shared Interaction Learning (SIL) for MSIM to further en-
hance efficiency and improve convergence. LSINet is a linear
model comprising only MLP structures with low overhead
and equipped with explicit temporal interaction mechanisms.
Extensive experiments on public datasets show that LSINet
achieves both higher accuracy and better efficiency than ad-
vanced linear models and transformer models in TSF tasks.

Introduction

Time Series Forecasting (TSF) is crucial in many scenar-
ios, spanning a wide range of fields such as weather (An-
gryk et al. 2020), traffic flow (Chen et al. 2001), finan-
cial investment (Zhang et al. 2024), and medical diagnos-
tics (Churpek, Adhikari, and Edelson 2016). The goal is to
predict future values by analyzing historical time windows.
Transformer (Vaswani et al. 2017) has been popular in TSF
tasks due to its powerful capability to capture temporal de-
pendencies (Zhou et al. 2021; Wu et al. 2021; Zhou et al.
2022b), but they suffer from quadratic memory and runtime
overhead due to self-attention mechanism, which limits their
application and scalability. Although PatchTST (Nie et al.
2023) reduces time complexity and achieves SOTA accuracy
by forecasting at the patch level, it still uses the multi-head
self-attention under the hood, which is also inevitably com-
putationally expensive (Ekambaram et al. 2023).
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Datasets/ Weather (bs=64) Electricity (bs=16)
Methods | Epo.”  Infer™ Mem. | Epo.”  Infer” Mem.
PatchTST | 59.98 32.73 5034 | 377.25 200.88 16128
CI-TSMixer ‘ 5291 32.67 4276 ‘ 323.06 165.56 13132

LSINet | 1892 17.77 2940 | 9125 82.53 6936

Table 1: Efficiency comparison of transformer model
PatchTST and linear models (CI-TSMixer and our LSINet)
on training time Epo.” (s/epoch), inference time Infer” and
memory Mem.(MB). The input length for linear models is
1024 while for PatchTST is 512. bs represents batch size.

Recently, linear models (consisting of only MLP struc-
ture) that do not involve self-attention mechanisms have
received emerging attention in TSF tasks due to their
competitive accuracy and significant efficiency advan-
tage (Zeng et al. 2023; Ekambaram et al. 2023). As shown
in Table 1, despite linear models LSINet (ours) and CI-
TSMixer (Ekambaram et al. 2023) address a longer input
length of 1024, their efficiency is higher than transformer
model PathchTST that addresses a shorter input length
of 512. One characteristic of highly efficient linear mod-
els is that they implicitly perform temporal interaction for
TSF (Ekambaram et al. 2023). However, the Self-Attention
Mechanism (SAM) that generates explicit temporal interac-
tion has been proven powerful in modeling temporal depen-
dencies in the TSF field (Wu et al. 2021; Nie et al. 2023;
Li et al. 2019; Zhou et al. 2022b) and implicit temporal in-
teraction of linear model may be insufficient in capturing
the complex temporal dependencies for TSF. Hence, we try
to design a linear model equipped with efficient and explicit
temporal interaction mechanisms and further explore the po-
tential of the linear model in the TSF task.

Self-Attention Mechanism (SAM) is proved to have the
characteristic of sparsity (Zhou et al. 2021) in the TSF task.
We also empirically find the forecasting errors remain at
a similar low level until the sparsity of the attention ma-
trix exceeds 90% in popular datasets, e.g., the red numbers
shown in Figure 1, which is a case study and the sparsity
equals (100-K')%. Under such sparsity, we observe that only
a small part of the learned attention scores are important for
TSF accuracy (most highlighted area in the heatmap of Fig-
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Figure 1: Forecasting error changes after retaining top K%
higher self-attention scores (lower is set to zero) on the well-
trained PatchTST model and test set of weather dataset.

ure 1). Hence, the essence of SAM can be regarded as using
attention scores to find the important interactions between
time steps, thereby capturing temporal dependence. How-
ever, considering the most learned lower scores are redun-
dant and ineffective, using SAM to find the small part of
important interactions is too computationally expensive.

Inspired by the understanding of sparsity towards SAM,
we propose a Sparse Interaction Mechanism (SIM) to find
the sparse and important interactions, reducing computa-
tional and memory costs. Firstly, we propose to make the
model learn the 0-1 connection matrix C € N x NN based on
the parameterized Bernoulli distribution. C contains impor-
tant connections between time steps that may be effective
for capturing temporal dependence. N is the total number of
time steps and ¢;; = 1 in C denotes an important interaction
between ¢-th and j-th time steps. The normal Bernoulli dis-
tribution can roughly learn important connections between
time steps. Secondly, we further propose a self-adaptive
sparse regularization loss to add the sparsity into Bernoulli
distribution (called sparsity-induced one), thereby limiting
the sparsity of C, which makes the model further refinedly
learn the important connections between time steps (most
highlighted interaction area in the heatmap of Figure 1)
and drop the redundant ones for more accurately capturing
temporal dependence. Thirdly, we design Multihead SIM
(called MSIM) for increasing interaction diversity.

Besides, unlike the TSF transformer models, which learn
self-attention matrices (interaction patterns) for each sample
and each variable. We learn shared connection matrices for
all samples and variables (called Shared Interactions Learn-
ing, SIL) based on the MSIM to further enhance efficiency
and make the model easy to converge. The key motivation
is that temporal interaction patterns tend to occur repeatedly
in a time series scenario. For example, in weather forecast-
ing tasks, the daily temperature always rises gradually from
night to noon and then begins to fall from the afternoon to
the evening, leading to repeated temporal patterns.

We also empirically observed the repeated interaction pat-
terns in the self-attention heatmap, as shown in Figure 2. On
the weather dataset, through the heatmap of a single vari-
able (e.g., air pressure in Figure 2(a)) with different sam-
ple batches, we observe important temporal interactions (the
most highlighted areas) always repeatedly occur along the
diagonal of the heatmap. This is reasonable because the
test samples are constructed through a sliding window. The
historical window’s start and end time steps continuously
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Batch 1 .

(a) Heatmaps of average attention scores on variable air pressure

(b) Heatmaps of average attention scores on variable temperature

(c) Average heatmaps on variable potential temperature

Figure 2: Illustration of repeated interaction patterns in
self-attentions based on the test set of weather dataset and
PatchTST model. Each batch consists of 64 test samples.

change as the sliding window moves, leading to similar in-
teractions reoccurring along the diagonal of the heatmap.
Nevertheless, this may lead to the failure of Shared Inter-
actions Learning (SIL) because the historical window is dy-
namic and the shared connection matrix is static. To address
this, we propose the time-invariant component to mix tem-
poral features into different temporal positions. Hence, for
any historical time window, the model can capture time de-
pendence through the learned shared connections.

Moreover, through the heatmaps of different weather vari-
ables (Figure 2(a), (b), and (c)), we observe that the tempo-
ral interactions between variables are also repetitive. This is
reasonable because the variables are highly correlated (e.g.,
variable of air pressure and temperature) and the tempo-
ral pattern of one variable is also effective for another one,
i.e., temporal pattern also occurs repeatedly among differ-
ent variables. The above observations and analyses make
us realize that learning interaction patterns for every sam-
ple and variable may not be essential because their patterns
are repetitive and redundant, which may increase the model
convergence’s difficulty and lead to expensive and unnec-
essary model costs. Hence, we propose to perform Shared
Interactions Learning (SIL) for samples and variables.

In summary, this paper proposes a Lightweight Sparse In-
teraction Network (LSINet) for time series forecasting. To
our knowledge, we are the first to explore a linear model
equipped with efficient and explicit temporal interaction
mechanisms. Our contributions are as follows:

* We propose a Lightweight Sparse Interaction Network
(LSINet) for Time Series Forecasting (TSF). LSINet
comprised two key designs of Multihead Sparse Interac-
tion Mechanism (MSIM) and Shared Interactions Learn-
ing (SIL). It bypasses the computation of self-attention
scores and learns shared sparse interactions to capture
temporal dependence with low overhead.



* In MSIM, we propose to learn the important connections
between time steps through sparsity-induced Bernoulli
distribution (realized by the proposed self-adaptive regu-
larization loss), for capturing temporal dependencies.

* We conduct extensive experiments on real-world datasets
and achieve advanced forecasting accuracy and effi-
ciency. Moreover, efficiency experiments have proven
that our method has faster speed and lower memory over-
head compared to existing transformer and linear models.

Related Work

Time Series Forecasting (TSF)

(i) Transformer models for TSF. Most transformers
learn self-attention at the finest time point level (Zhou
et al. 2021; Wu et al. 2021; Zhou et al. 2022b) while
PatchTST (Nie et al. 2023) learns self-attention at the patch
level, achieving advanced performance in long-term TSF
tasks. Recently, Scaleformer (Shabani et al. 2023) proposes
a multi-scale structure by iteratively refining forecasted time
series at increasingly fine-grained scales. Pathformer (Chen
et al. 2024) proposes a path search module to adaptively ex-
tract and aggregate multi-scale temporal features for TSF.

(ii) Linear models for TSF. DLinear (Zeng et al.
2023) and TSMixer (Chen et al. 2023) are popular base-
lines for TSF, which use simple linear layers. Then, CI-
TSMixer (Ekambaram et al. 2023) further refines the struc-
ture of TSMixer and designs the reconciliation heads with
gated attention for TSF, which is proven to outperform
PatchTST. Recently, TimeMixer (Wang et al. 2024) applies
the trend-seasonal decomposition mixing at multi-scale level
but the operations show high computational cost. In sum-
mary, current linear models haven’t explored explicit tempo-
ral interaction designs like self-attention for better temporal
modeling, which is worth further research.

Finally, Large Language Models (LLMs) are also used in
TSF, especially for few-shot learning (Jin et al. 2023; Zhou
et al. 2023; Liu et al. 2024; Alnegheimish et al. 2024; Das
et al. 2024). Nonetheless, researchers also express worry
about using LLMs for TSF (Tan et al. 2024).

Multihead Sparse Interaction Mechanism (MSIM)
and Sparse Self-attention

Sparse self-attention such as ProbSparse of In-
former (Zhou et al. 2021), focuses on enhancing the
computational efficiency of the self-attention mechanism
by allowing each key to only attend to sparse queries.
MSIM is different from ProbSparse and it doesn’t involve
computation of queries and keys. Because MSIM does
not use attention scores to find important interactions
between time steps. In contrast, MSIM finds it through the
sparsity-induced Bernoulli distribution.

A Lightweight Sparse Interaction Network
(LSINet) for Time Series Forecasting (TSF)

The architecture of LSINet is shown on the left of Figure 3.
The historical TS A}, is first sent into the Patch Encod-
ing module, which includes operations of Instance Normal-
ization, TS patching, TS embedding, and position embed-
ding. After &}, undergoing these operations, the Patch En-
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coding module produces Xy, which is further sent into the
Sparse Temporal Interaction (STI) module. In STI, the time-
invariant component first mixes the temporal patch feature of
Xy into different temporal positions. Thus, the subsequent
shared connection matrix in the Multihead Sparse Interac-
tion Mechanism (MSIM) can be used for capturing tem-
poral dependence through Sparse Time Patch Propagation
and Time Updating components in Figure 3(a). Specifically,
time patch propagation is finished based on multiplication
between the temporal input V' and sparse connection ma-
trix C, which is obtained by the Shared Sparse Connections
Learning (SSCL) component (Figure 3(b)). Then, Time Up-
dating is finished by using an MLP to project the temporal
patch dimension. Next, another MLP is used to integrate the
interacted temporal feature while residual connections are
used to ensure the STI modules avoid performance degrada-
tion when stacked. Finally, the output of STT is flattened and
sent to a linear predictor for forecasting. The whole LSINet
is formed by the stacked STI modules.

Patch Encoding

We first apply Instance Norm (a normalization tech-
nique) (Kim et al. 2022) for historical input X} to address
the distribution shift between training and testing data. Then,
we transform A&}, with length n into multiple patches with
patch length L and stride K. L is the sequence length of each
patch while K controls the non-overlapping region between
consecutive patches. If L equals K, there will be no over-
lapping parts between consecutive patches. Following (Nie
et al. 2023), we pad K repeated numbers of the last value
to the end of the original sequence before patching. Hence,
based on patch length L and stride K, the patch function
Patch(Xy, L, K) divides original TS X}, into N patches,
denoted by X),. Each patch in X/, contains L time steps. The
number of patch N is computed by:

N =|(n—L)/K| +2 (1)

where |- | denotes rounding down.

Then, we perform patch projection, which uses a train-
able linear layer to map the patches into high-dimensional
space with size D for better temporal interactions. Since our
interaction mechanism also doesn’t consider the position in-
formation, we add learnable position encoding (Nie et al.
2023) for each X, after patch projection. The patch projec-
tion and position encoding can be formulated as follows:

Xy = WX, + W )

where W, € RP*L and W,,,s € RP*V,

Sparse Temporal Interaction (STI) Module

The key design of STT is the Multi-head Sparse Interaction
Mechanism (MSIM), which depends on the Shared Sparse
Connections Learning (SSCL) component (Figure 3(b)).
Shared Connection Matrix in SSCL We observe that
the interaction pattern (connection matrix) of TS data tends
to occur repeatedly along the time axis. Moreover, the vari-
ables in multivariate TS are highly correlated, e.g., the vari-
ables of air pressure and temperature. Hence, the interaction
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Figure 3: LSINet and corresponding components.

pattern of one variable is also effective for another one, i.e.,
the interaction pattern also occurs repeatedly among differ-
ent variables. Inspired by the above analysis, learning the
interaction pattern individually for each variable and sample
may lead to unnecessary computational overhead. Thus, we
propose to learn the shared interaction pattern (connection
matrix) for samples and variables.

To learn the shared interaction pattern, we first randomly
initialize a learnable N-dimensional memory embeddings
M@ € RP*N for each patch, with indices i € [0, N — 1].
As shown in Figure 3(b), M is further encoded by an
MLP encoder consisting of three linear layers with various
hidden sizes, which enhances the learnability of the mem-
ory M. During training, the model learns a Bernoulli dis-
tribution that can utilize M to construct the shared connec-
tion matrix C based on the training samples and gradient de-
scent algorithm. During inference, the input samples don’t
influence the generation of the shared connection matrix
C, which is generated independently from the well-learned
memory M and Bernoulli distribution. We will proceed to
explain how to learn the connection matrix C.

Rough Patch Connections Learning The connection
probabilities from patch 1 to patch j are defined as ¢;; =
{cl;,cl;} and & + ¢j; = 1, which follows a standard

Bernoulli dlstrlbutlon c . denotes the probability of exist-
ing potentially 1mp0rtant connections between the pair of
patches. c;; is an element in the connection matrix C with
dimension N x N. Each row of C represents [N pairs of
patches. Taking the first row for example, the patch pairs are
{¢(0,0) 0,1y, - - - s ¢0,n—1) }- By using the row and column
indices of all patch pairs in the first row, we obtain patch
set C1°% = {0,0,0,... 0} (IV repeated patches) and patch
set O = {0,1,2,... — 1}. In C$°!, subscript 1 indi-
cates the first row, and col” represents the indices of all
columns in the current row. All patch pairs in the first row
are formed by combining patches from patch set CJ°* and
patch set C$°! in pairs. Considering all rows of C, we obtain
Crow — {Ciow’ Crrow} and Ccol {Ccol . C}:\(f)l} Crow

13307

and C*! respectively represent two sets of patches and they
together form the patch pairs. Our purpose is to find the ef-
fective connection between time patches set C*" and C*!.
Specifically, we use a neural network to predict the connec-
tion probability c;; that follows the Bernoulli distribution:
H = M[me, :] H M[(CCO], :] (3)
Cc = @2R€LU(H@1 +b1) +b2 (4)
where || denotes concatenate operation. © and b are learn-
able parameters.

Now, we can sample the discrete connection result z;; €
{0, 1} based on the probability ¢;;, which is obtained from
the Bernoulli distribution. If ¢;; > 0.5, 2;; = 1 and this
denotes existing potentially important connection between
patch 7 and 7, vice versa. However, the discrete sampling
is non-differentiable. The gradients obtained by prediction
errors and backpropagation cannot flow through the learn-
able parameters involved in the connection prediction, lead-
ing the model can’t learn the important connections between
patches for capturing temporal dependencies. To address
this, we first use the Gumbel-Max trick (Maddison, Mnih,
and Teh 2017; Jang, Gu, and Poole 2017) to make the sam-
pling process of the discrete variable z;; differentiable:

z;j = arg max logcy; + g7 5)
ac{0,1}
where go and g; draw from a standard Gumbel distribution,
which is sampled by drawing © ~ Uniform(0,1) and com-
puting g = —log(—logu).

Next, we further substitute the arg max with the Gumbel-
Softmax reparameterization trick (Maddison, Mnih, and Teh
2017; Jang, Gu, and Poole 2017) for being differentiable:

1
B exp((logeg; + g;)/7)
T2 o eap(loget +g5)m ¢ @
=0 2vac{o,1} €TP\UIOLC;; T G5) /T

where 7 is the temperature parameter to control the Gumbel-
Softmax distribution’s smoothness. As the temperature 7 ap-
proaches 0, the Gumbel-Softmax distribution becomes iden-
tical to the one-hot Bernoulli distribution.




We can now learn the potentially important connections
z;; between any pair of time patches by using standard
gradient descent algorithms. However, due to the standard
Bernoulli distribution not considering sparsity, the N x N
connection matrix C learned by standard Bernoulli distri-
bution can be redundant, which may introduce noise and
harm the TSF accuracy. Hence, C learned by the standard
Bernoulli distribution can be seen as merely a rough learning
of the important connections between patches. We propose
to use sparsity to induce the Bernoulli distribution to gen-
erate sparse connections between patches, thereby refinedly
learning the more important connections. We will proceed
to explain the sparsity design.

self-Adaptive Sparse Regularization Loss (ASRL) We
further propose a self-adaptive sparse regularization loss to
add sparsity for the Bernoulli distribution, which forces the
model to abandon lower effective connections and find the
most important ones. Specifically, during the training pro-
cess, we intermittently extract the top K most important
connections as one-hot labels for sparsity regularization and
they are defined as C'*°P. K is computed by K = N x N x 0,
where NV is the total number of patches and 1-6 is the sparse
rate (fixed at 0.15 in this paper). The element values of top K
connections are set to 1 and others are 0. C*P is used to cal-
culate the cross-entropy loss with the predicted probabilities
of all pair patches CP*® = {c(o,0), - - -, ¢(N—1,N—1) }» Provid-
ing self-adaptive sparse regularization for patch connections
learning. ASRL can be formulated as follows:

£=3 , ~CilogCly — (1= CP)log(1 — CFF) (1)

Proposed Two Training Strategies For the first strategy,
to prevent excessive sparsity constraints from leading to in-
sufficient sparsity exploration, we apply sparsity regulariza-
tion intermittently, i.e., only when the indicator ,,, = 1:

|

where 7 is used to control the frequency of adding ASRL.

For the second strategy, the number of N determines the
size of the connection matrix C. The huge C will increase
the model’s convergence difficulty. Therefore, we propose
to limit the size of C as N x NN by defining a rule for a
different historical input X}, with length n. Specifically, in
our method, L = 2K, substituting this into the Eq. 1 and
simplifying, we obtain:

1 if current epoch % 1 = 0
0 otherwise

~

€gn

®)

K =|n/N|, L=2K

Multi-head Interactions Through Eq. 6, we obtain C*
{2(0,0 -+ -+ 2(N—1,nN—1)}» Which contains most important
connections between time patches with z;; = 1. Since the
learned patch connections in C are static and independent of
TS input during inference, this may lead to the failure of C
because the patches in the input time window dynamically
change. To address this, we propose a time-invariant compo-
nent, which comprises an MLP layer to mix the patch fea-
ture of Ay into different patch positions and X; undergoes
the time-invariant component becoming X;. Now, for any

®
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input window, the model can capture temporal dependency
through the learned shared connections between patches.

Capturing temporal dependency is realized by Sparse
Time Patch Propagation and Time patch Updating (Time
Updating) in Figure 3(a). Through time patch propagation,
temporal information is propagated among patches, prepar-
ing for capturing temporal dependencies. This is finished
based on multiplication between the shared connection ma-
trix C and patch feature V (V = X;0; + by), as shown in
the green rectangle of Figure 3(a). We use multi-head time
patch propagation to make the model generate diversely ef-
fective propagations, which can be formulated as:

Xa=(Ci - NC)(Vall- Il Vi)

where h is the total number of heads.

Then, after V}, undergoes each propagation head, some
patches in V}, have received information propagated from
other patches. We further update the temporal information
of each patch through the Time Updating component, i.e.,
updating their representations for capturing temporal depen-
dency, which is finished by using an MLP to project the tem-
poral patch dimension of é?d.

The Linear Align component in Figure 3 is used to align
the feature dimension to enable the residual connections,
which helps LSINet mitigate performance degradation when
stacking STI modules. The MLP in the “Integration” part
of Figure 3 is to integrate the interacted temporal features.
Based on residual connections, the output of the STI mod-
ule is Xz, which is flattened and sent to a linear predictor for
forecasting. LSINet is formed by the stacked STI modules.

(10)

Experiments and Results
Experimental Settings

Datasets and Evaluation Metrics We evaluate the perfor-
mance of the proposed LSINet on 6 popular datasets, in-
cluding Weather, Electricity, and 4 ETT datasets, covering a
range of time steps (17420 to 69680) and variables (7 to 321)
and have been widely employed in the literature for multi-
variate forecasting tasks (Nie et al. 2023; Wu et al. 2021;
Zhou et al. 2022b). Following previous works, we evalu-
ate multivariate TSF tasks using Mean Squared Error (MSE)
and Mean Absolute Error (MAE) metrics.

Baselines We compare LSINet against the advanced
linear and transformer models. (i) is advanced linear
models, including TimeMixer (Wang et al. 2024), CI-
TSMixer (Ekambaram et al. 2023), FILM (Zhou et al.
2022a), and DLinear (Zeng et al. 2023). (ii) is advanced
transformer models, including PatchTST (Nie et al. 2023),
Pathformer (Chen et al. 2024) and Scaleformer (Shabani
et al. 2023). Since Scaleformer is a general architecture, we
combine it with Autoformer (Wu et al. 2021), NHits (Challu
et al. 2022), and PatchTST to create strong baselines.

Implementation Details For LSINet, the hidden size for
patch embedding, position embedding (Eq. 2), and all used
MLPs are fixed at 128. The multi-head £ is fixed at 4.
n € {1,3} is used for controlling the interval of us-

ing sparse regularization loss. The number of patch N
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0.408 0.423
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0.393 0.406
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0.397 0.438

0.285 0.349
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0.384+7e-4
0.409+8e-4

0.293 0.343
0.331 0.365
0.363 0.384
0.405 0.419

0.302 0.349
0.338 0.373
0.365 0.385
042 042

0.305 0.353
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0.405 0.413
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0.365 0.391
0.416 0.424

0.293 0.347
0.333 0.371
0.364 0.391
0.42 0425

0.301 0.352
0.356 0.383
0.387 0.405
0416 0.42

ETTm2

96
192
336
720

0.161+5e-4
0.213+0.001
0.257+0.001
0.328+0.002

0.256+-6e-4

0.295+0.001
0.327+0.001
0.372+3e-4

0.166 0.258
0.222 0.296
0.274 0.328
034 0.38

0.165 0.256
0.222 0.296
0.277 0.333
0.371 0.389

0.163 0.259
0.218 0.302
027 0.34
0.368 0.406

0.163 0.258
0.216 0.296
0.266 0.329
0.339 0.379

0.169 0.261
0227 03
0.274 0.329
0.352 0.384

0.172 0.255
0.231 0.298
0.276 0.328
0.349 0.383

0.168 0.258
0.227 0.299
0.273 0.331
0.366 0.392

96
192
336
720

0.147+4e-4
0.192+8e-4
0.238+0.003
0.3040.002

0.199+3e-4
0.243+0.001
0.281£0.003
0.332+0.002

0.147 0.197
0.192 0.24
0.243 0.279
0.31 0.333

0.199 0.262
0.228 0.288
0.267 0.323
0.319 0.361

0.165 0.224
0.207 0.263
0.249 0.294
0.308 0.344

0.149 0.198
0.194 0.241
0.244 0.282
0.307 0.33

0.146 0.198
0.190 0.240
0.242 0.283
0.314 0.333

0.152 0.208
0.197 0.251
0.253 0.296
0.311 0.343

0.155 0.208
0.196 0.246
0.25 0.286
0.324 0.337

96
192
336
720

0.129+1e-4
0.144+2e-4
0.158+3e-4
0.192+8e-4

0.2244-6e-5
0.240+2e-4
0.256+3e-4
0.287+4e-4

0.131 0.226
0.147 0.244
0.163 0.261

0.154 0.267
0.164 0.258
0.188 0.283
0.236 0.332

0.133 0.232
0.15 0.249
0.165 0.267
0.2 0.301

0.135 0.231
0.15 0.244
0.166 0.261
0.206 0.294

0.133 0.229
0.15 0.245
0.168 0.264
0.205 0.296

0.143 0.247
0.161 0.266
0.179 0.285
0.214 0.318

0.145 0.236
0.167 0.256
0.186 0.275
0.231 0.309

Electricity | Weather

0.200 0.294

Table 2: Long-term TSF task on public datasets over different baselines. The advanced transformer models include PatchTST,
Scaleformer, and Pathformer. The remaining are advanced linear models.

is fixed at 64 for sparse interaction learning. § for con-
trolling sparsity is fixed at 0.15, i.e., the sparse rate of
C is 0.85. The number of stacked STI modules is fixed
at 1 on all datasets. In TSF tasks on different datasets,
we don’t search or adjust the above hyper-parameters.
Following the previous works (Zhou et al. 2021, 2022a;
Challu et al. 2022; Das et al. 2023), the input length
n € {256, 384,512, 768, 1024, 1536, 2048} is tuned for best
forecasting performance, which is also tuned for other com-
parison methods to create strong baselines. The prediction
lengths are fixed to be 96, 192, 336, and 720, respectively.
The learning rate is fixed at le-4. The batch size for 4 ETT
datasets is fixed at 128 while for Weather and Electricity
datasets are fixed at 64 and 32 respectively. All methods
follow the same data loading parameters (e.g., train/val/test
split ratio) as in (Nie et al. 2023). We will show more de-
tails in our full version of the paper due to limited space.
For each experiment, we independently ran 5 times with 5
different seeds for 30 epochs and reported the average met-
rics and standard deviations. Experiments are conducted on
NVIDIA GeForce RTX 3090 GPU on PyTorch.

Time Series Forecasting (TSF) Accuracy

The whole results are shown in Table 2. Since we observe
similar conclusions in MSE and MAE, we explain all the re-
sults in this paper using the MSE metric. For comparisons,
we average the maximum and average improvement ratios of
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our method over baselines across all prediction lengths and
datasets. For overall average&maximum improvement ratios
over MSE across all prediction steps and datasets, LSINet
not only achieves improvements over advanced linear mod-
els (CI-TSMixer: 2.06%&3.40%, FiLM: 8.62%&13.37%,
DLiner: 6.61%&12.19% and TimeMixer: 3.7%&5.4%)
but also over advanced transformer models (PatchTST:
2.22%&3.55%, Scaleformer: 4.73%&6.32%, and Path-
former: 6.84%&9.37%). Moreover, LSINet achieves these
improvements with a significant efficiency improvement and
we will discuss it in Table 5.

Time Series Forecasting Efficiency

Since CI-TSMixer has been demonstrated significantly
faster and uses less memory than PatchTST (Ekambaram
et al. 2023), we don’t include it in the efficiency comparison.
Here, we don’t adjust the hyperparameters of each model
used in Table 2, but only change the input TS length to com-
pare the efficiency of different methods. Comparison results
in Figure 4 show that LSINet achieves significantly higher
running efficiency and lower memory usage than advanced
linear models CI-TSMixer and TimeMixer.

Effectiveness of Multi-head Sparse Interaction
Mechanism (MSIM)

Results of removing MSIM. As shown in Table 3, after re-
moving the designed MSIM, we observe the MSE increases
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Figure 4: Efficiency analysis for best-performing linear
models on Weather dataset (batch size 64) with training
epoch time (a) and GPU memory usage (b).

[ [ETThI[ETTh2[ETTmI[ETTm2|Weather

96 | 0.366 | 0.267 | 0.293 | 0.161 | 0.147

LSINet 192] 0.400 | 0.324 | 0.329 | 0.213 | 0.192

336 0.427 | 0.345 | 0.357 | 0.257 | 0.238

720( 0.441 | 0.382 | 0.396 | 0.328 | 0.304

w/o MSIM 96 | 0.367 | 0.273 | 0.296 | 0.163 | 0.164
(MSE increases [192| 0.402 | 0.331 | 0.334 | 0.215 | 0.205
2.23% & 6.54% (336| 0.427 | 0.358 | 0.358 | 0.259 | 0.251
on Avg. & Max.)[720| 0.443 | 0.391 | 0.398 | 0.334 | 0.307
Using SAM |96 | 0.369 | 0.274 | 0.291 | 0.167 | 0.148
(MSE increases [192] 0.407 | 0.327 | 0.330 | 0.224 | 0.190
2.24% & 6.53% |336| 0.436 | 0.349 | 0.364 | 0.276 | 0.236
on Avg. & Max.)|720| 0.451 | 0.383 | 0.435 | 0.353 | 0.300

Table 3: Ablation study of not using Multihead Sparse Inter-
action Mechanism (w/o MSIM) and replacing MSIM with
Self-Attention Mechanism (SAM). MSE increases of Avg.
and Max. are computed by averaging the average and max
increases on all prediction lengths and five public datasets.

by 2.23% and 6.54% for average and maximum respectively.
This indicates that MSIM is effective for capturing complex
temporal dependence and improving TSF accuracy.

Results of replacing MSIM with Self-Attention Mech-
anism (SAM). For accuracy, we observe the MSE overall
increases by 2.24% and 6.53% for average and maximum
respectively, as shown in Table 3. For efficiency, the train-
ing epoch time, inference time, and memory usage of using
SAM is significantly higher than using MSIM, as shown in
Tabel 5. Comparison results suggest that SAM may not be
well-suited for lightweight linear model architectures, but
our MSIM shows better adaptability.

Results of not using self-Adaptive Sparse Regulariza-

LSINet LSINet w/o ASRL
96 | 192 | 336 | 720 | 96 | 192 | 336 | 720

Weather |0.147]0.192(0.238]0.304|0.1500.198]0.246]0.307
Electricity|0.1290.144]0.158]0.192]0.129|0.145|0.160] 0.194

Table 4: Impact of not using self-Adaptive Sparse Regular-
ization Loss (w/o ASRL) in Eq. 7.
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LSINet LSINet-SAM
Epo."  Infer™ Mem. | Epo.T  Infer” Mem.

Weather | 22.36  20.50 3026 | 56.45 50.59 7584
Electricity | 91.25 82.53 6936 | 291.47 175.13 23464

Datasets/
Methods

Table 5: Efficiency comparison of LSINet using MSIM
and SAM on training time Epo.” (s/epoch), inference time
Infer™ (s) and memory Mem.(MB) with input length 1024.

Figure 5: Learned shared sparse connection matrices by
LSINet: (a)-(b) and learned self-attention matrices by
PatchTST: (c)-(d) on the ETTm1 dataset. Both of them ex-
hibit patterns of scattered points and blocks.

tion Loss (ASRL). As shown in Table 4, after removing
ASRL, the MSE averagely increases by 1%, 1.86%, 2.25%
and 1% on forecasting 96,192,336 and 720 future values of
two large datasets. This indicates that ASRL can force the
model to find the most important connections between time
patches and abandon lower effective ones by controlling the
sparsity strength of the connection matrix C. Consequently,
ASRL mitigates accuracy deterioration caused by introduc-
ing redundancy and noise.

Visualization of Learned Shared Sparse Interaction

We observe the learned heatmaps of shared sparse inter-
action matrix C with sparse rate 0.85 (Figure 5(a)-(b))
by LSINet are similar to the learned heatmaps from self-
attention mechanism (85% lower scores are set to zero) by
PatchTST model. Both of them exhibit patterns of scat-
tered points and blocks in heatmaps. This indicates that the
Shared Sparse Connection Learning (SSCL) module can in-
deed learn effective temporal interactions that are captured
by the self-attention mechanism and help improve the accu-
racy of TSF based on the lightweight linear model.

Conclusion

We propose a Lightweight Sparse Interaction Network
(LSINet) for TSF. Key designs of LSINet are Multihead
Sparse Interaction Mechanism (MSIM) and Shared Inter-
actions Learning (SIL). Instead of computing self-attention
scores, LSINet directly learns important connections be-
tween time steps for capturing temporal dependence through
the sparsity-induced Bernoulli distribution (realized by spar-
sity regularization loss). Extensive experiments demonstrate
that MSIM achieves better accuracy and efficiency than Self-
Attention Mechanism (SAM) when combined with the lin-
ear model structure. LSINet also achieves superior accuracy
and efficiency over advanced TSF baselines.
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