MoFo: Empowering Long-term Time Series
Forecasting with Periodic Pattern Modeling

Jiaming Ma!, Binwu Wang!>*, Qihe Huang', Guanjun Wang!
Pengkun Wang'?, Zhengyang Zhou'?, Yang Wang!>*
lUniversity of Science and Technology of China (USTC), Hefei, Anhui, China
2Suzhou Institute for Advanced Research, USTC, Suzhou, J iangsu, China
{JiamingMa, hqgh, always}@mail.ustc.edu.cn
{wbw2024, pengkun, zzy0929, angyan}@ustc.edu.cn

Abstract

The stable periodic patterns present in the time series data serve as the foundation
for long-term forecasting. However, existing models suffer from limitations such
as continuous and chaotic input partitioning, as well as weak inductive biases,
which restrict their ability to capture such recurring structures. In this paper,
we propose MoFo, which interprets periodicity as both the correlation of period-
aligned time steps and the trend of period-offset time steps. We first design period-
structured patches—2D tensors generated through discrete sampling—where each
row contains only period-aligned time steps, enabling direct modeling of periodic
correlations. Period-offset time steps within a period are aligned in columns. To
capture trends across these offset time steps, we introduce a period-aware modulator.
This modulator introduces an adaptive strong inductive bias through a regulated
relaxation function, encouraging the model to generate attention coefficients that
align with periodic trends. This function is end-to-end trainable, enabling the
model to adaptively capture the distinct periodic patterns across diverse datasets.
Extensive empirical results on widely used benchmark datasets demonstrate that
MoFo achieves competitive performance while maintaining high memory efficiency
and fast training speed. Our code is available at official repository .

1 Introduction

Long-term time series forecasting (LTSF) has found widespread applications across various domains
[10, 12, 13, 36, 62, 78, 79], with its core challenge lying in understanding and modeling the inherent
periodic patterns present within data [20]. To address this, various cutting-edge models have been
proposed, among which Transformer [43] has emerged as the de facto backbone for capturing long-
range dependencies in LTSF tasks [6, 24, 62, 72]. Despite the promising results achieved, we identify
two underexplored potentials that remain to be fully harnessed.

O Continuous but Chaotic Time Steps of Input. Existing models often input consecutive time steps,
and popular patch-based methods are no exception. Specifically, the patching method partitions the
input sequence in a continuous manner using either convolutional down sampling [22] or sliding
window strategies [5, 32, 75], which we refer to as the continuous patch. Taking the Electricity
dataset as an example, as shown in the red box in Figure 1(a), a consecutive patch may contain both
time steps that are phase-aligned across each period (referred to as period-aligned) and those that are
misaligned within each period (period-offset). We further visualize the pairwise correlations between
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Figure 1: Case visualization and analysis on real-world datasets. (a) Continuous patching strategy. (b)
Correlation coef cients within patches. The orange region represents the 95% con dence interval for
the null hypothesis from Bartlett's Tes2][ Correlation coef cients that fall within this interval are

not statistically signi cant and cannot be rejected as noi$e(E) Attention weights exhibit remote
attenuation due to sinuous positional encoding. (d) Absolute and relative position distance in the
period perspective. (e) Performance of Transformer-based models for LTSF with 720 horizon.

the rst time step in the patch and subsequent ones in Figure 1(b). It is evident that period-aligned
time steps, such as 8 AM every day, exhibit strong correlations. In contrast, period-offset time steps
rapidly decaying correlations and may even introduce noise. Therefore, the internal correlations
within a continuous patch are chaotic, which hampers the model's ability to learn periodic patterns.

- Weak Inductive Bias for Periodicitipue to the permutation invariance of the self-attention mech-
anism, sinusoidal positional encodind$[32] or timestamp position embedding®? 77, 79] are
commonly used to inject temporal position information. However, as shown in Figure 1(c), sinusoidal
encodings may cause attention weights to decay gradually with increasing position diS@nce [
which con icts with the repetitive nature of periodic signals. In contrast, timestamp position em-
beddings encode absolute time intervals, leading to large distances between strongly correlated and
phase-aligned time steps. For example, in a daily-period electricity dataset, 8 AM on Monday and 7
AM on Tuesday may exhibit high correlation due to their similar daily phases. However, as shown in
Figure 1(d), their absolute time difference is encoded as 23, whereas a more reasonable alternative —
their relative cyclical distance — is only 1. Large temporal distances may mislead the model into
assigning diminished attention weights. Such weak inductive bias toward periodicity in Transformer
further hampers the ability to capture periodic patterns from consecutive and chaotic input.

To address these limitations, we propose MoFo, a novel Fainter architecture witivlodulator

that explicitly models periodic patterns by capturing both the correlations among period-aligned
time steps and the trends across period-offset ones. Our approach introduces two key components:
Period-structured Patching and the Period-Aware Modulator. The former discretely samples time
steps to arrange the input into a 2D tensor where each row represents a patch comprising only
period-aligned time steps. Period-offset time steps within the period are realigned across columns
(i.e., across patches). By modeling the features within each patch, the model can directly learn
the underlying periodic correlations. To capture cross-patch periodic trends, we introduce the
Period-Aware Modulator, which generates an attention modulation term through a regulated regulated
relaxation function. This function assigns attention coef cients based on the periodic relative distances
between time steps, encouraging the resulting attention scores to align with the underlying periodic
patterns. As a result, the attention mechanism is infused with strong inductive biases that favor
periodic dependencies. Crucially, this function is end-to-end trainable, enabling it to dynamically
adapt the modulation behavior to the speci ¢ periodic characteristics of the input data.

Our contributions are fourfoldf] We propose a novel perspective for periodic pattern modeling,
termed MoFo, which integrates two innovative strategies for explicit periodicity-aware time series
modeling. - We design a Period-Structured Patching strategy that separately manages period-



aligned and period-offset time steps, enabling the model to directly capture both periodic correlations
and trends., We introduce a Period-Aware Modulator, which encourages the Transformer to
generate attention coef cients that align with underlying periodic trends through a learnable regulated
relaxation function.! Extensive experiments demonstrate that our model achieves competitive
forecasting performance while signi cantly improving computational ef ciency — offering up to

14 memory savings and 10faster training speed compared to state-of-the-art methods.

2 Related Work

In recent years, deep learning methods have achieved remarkable success across a broad spectrum of
time series tasks, such as forecastihg P6, 31, 54, 64, 65, 67, 71], imputation b2], classi cation [25,

58], and anomaly detectior8h, 66, 70]. Among these, Long-Term Series Forecasting (LTSF) has
attracted especially intense interest owing to its foundational role in both academic research and
practical applications30, 51, 55]. Existing deep learning approaches for LTSF can be broadly
grouped into four categories according to how they handle the temporal dimension: RNN-based,
TCN-based, MLP-based (discussed in Appendix B), and Transformer-based models. The Transformer
architecture has emerged as the prevailing choice for LTSF, primarily because of its strong ability to
capture long-range temporal dependencies. Recent studies have largely concentrated on enhancing
both its computational ef ciency and modeling pow8][ 29, with signi cant advances driven by

two core elements: the self-attention mechanism and patch-based modeling strategies.

Variants of Self-Attention Mechanism for Time Series ForecastingOne of the most interesting
aspects of Transformer in LTSF is its self-attention mechanism. LogTddntroducing a
convolutional LogSparse attention that ensured long-distance interactions while reducing the number
of interactions, is an early and in uential attempt to apply Transformer. Informgrdroposes
ProbSparse attention while combining with a distillation mechanism to select the most representative
query vectors to compute the attention scores. AutoforB@ntilizes a decomposition architecture

to discover dependencies for building sequence-level connections based on their aggregation of
similar subsequences. FEDform&#] leverages the attention mechanism in the frequency domain,
providing the capture of the underlying oscillatory modes and their intensities. Despite the ef cacy of
these methodologies in reducing computational expense, they often encounter information bottlenecks
in long sequence input [33].

Patch-based Time Series Forecasting Method?atch-based approaches are widely adopted for

ef cient time series representation, where the input sequence is divided into consecutive segments
(patches). This strategy not only enhances the computational ef ciency of the Transformer backbone
but also promotes more effective modeling of localized temporal dynamics within each piten][
PatchTST B2] explicitly reduces the length of input sequence and preserves the local semantic
information by dividing the time series into smaller subsequences. PyrafoP@jemploys a pyra-

midal attention mechanism, wherein the input sequence is downsampled into patches by multilayer
convolution, allowing attention to be applied at coarse scales. Crossforgjgrpposes two-stage
attention with a dynamic routing mechanism that performs the patch operation from the sequence
dimensionality and the channel dimensionality. PathforrBes¢lects multiple patch volumes at

the same time and uses a multi-scale router to determine the interactions between different patches
to weaken the impact of the selection of patch volume. All existing patch strategies are sequential
along the temporal dimensionality, which does not facilitate effective capture and learning of periodic
patterns [11, 60].

3 MoFo

intrinsic periodic patterns underlying the data. In this work, as shown in Figure 2, we propose MoFo

which integrates two key components: Period-structured Patch and the Period-Aware Modulator,
which jointly enhance the model's capacity to capture and exploit periodic patterns.



Figure 2: The details of MoFo which contains two core contributions for accurate modeling of
periodic patterns: Period-structured Patch and Period-Aware Modulator.

3.1 Period-structured Patch in MoFo

Patch-based input representation method has become a popular approach to improve the ef ciency of
long-time-series modeling of Transformer. However, as discussed in the introduction section, the
pairwise correlations between time steps within a continuously partitioned patch can be weak or
even negative, which may undermine the model's ability to capture periodic patterns. To address
this challenge, we propose a Period-structured Patching strategy. This approach discretely samples
period-aligned time steps from the input sequence to form patches. Speci cally, given a period length
P, which is typically much smaller than the input sequence lefigthe.,P ~ T) in LTSF settings,

we computeNp = dT =Pe as the number of period-length segments required to cover the input
time seriesX. Since the lengtA of the input time series may not be an integer multiple of the
period lengthP, it becomes necessary to apply padding so that all time segments have uniform length
without discarding the trailing portion of the input.

Input Padding. Our proposed padding strategy lls incomplete periodic segments with data from
adjacent periods. Speci cally, we start from the current time step and move backward to delineate
periods of lengthP, and if necessary, we prepend the input time series with théPrst (T mod P)

time steps of the rst complete period, as shown in Figure 2. This ensures a seamless continuation of
the sequence while retaining its underlying periodic structure. As a result, the input series is extended

t0 X pad 2 RT’ with TP dT=Pe, and the padded series can be formally expressed as:

Concat X (1 mod p):p; X ; ifTmodP > 0;

X; if T modP =0: (1)

Xpad =

Sampling Patch and Un atten. We sample time steps at periodic intervals (i.e., period-aligned time
steps) fromX pag and group them into the same patch. For examplei-tbrpatch, it can be denoted

asX =[Xi:Xis+p: Xispdrepel 2 RIT=P€ wherex;,p means the data point at the time step
(i + P) in X pag. Then we un attenX to generate the patch-structure inpu ,
Xin =Unatten X 2 RPdT=Pe: 2)

whereP is the number of patches (also equal to the period length). As illustrated in Figure 2, the
structured inpuX j, possesses two key propertigs:Each row (within a patch) contairn§ =Pe

time steps, with all steps period-aligned within their respective periods. This alignment establishes
structured temporal dependencies across periods, enabling the explicit modeling of long-range
periodic dependencies. Each column (across patches) contdhtime steps from a complete
period. By capturing correlations among these patches, the model can effectively learn the underlying
periodic trends across period-offset time steps.

Periodic Dependency Modeling.Due to this desirable property, even a simple neural architec-
ture—such as a single-layer MLP—can suf ce for capturing the underlying periodic dependency.
The design is formally described as follows:

Z=XinWiy +bpp 2R? & ®3)

whereW ;, 2 RYT=P¢ d andb;, 2 RY are learnable parameters. ARds the corresponding output.



3.2 Period-Aware Modulator for Periodic Trend Modeling

MoFo further incorporates an enhanced Transformer to model the periodic trends across period-offset
time steps within a periods. To further strengthen the model's representational capability, we rst
modify the standard Transformer architecture (details in Appendix C). Moreover, we introduce
a Period-Aware Modulator, which integrates strong inductive biases to address the permutation
invariance of self-attention, thereby enhancing the model's ability to capture period trends.

3.2.1 Period-Aware Modulator

When computing the attention scores, we explicitly introduce a strong inductive bias: the attention
generated by the Transformer is encouraged to align with periodic trends. We achieve this by
incorporating a modulation term into the attention computation. First, we design periodic positional
encodings that effectively capture the relative distances within a period — a key distinction from
existing approaches such as sinusoidal or timestamp-based positional encodings. Speci cally, the
relative distance between theh period and the¢-th period is computed as follows,

j =minf(i j)modP;(j i)modPg 2 [0;bP=2c]; (4)

this strategy ensures that time steps that are periodically close remain proximal. For example, in a
traf c dataset with an hourly sampling frequency and a daily period (i.e., 24 time steps), the relative
period distance between 8:00 AM on Monday and 7:00 AM on Tuesday is 1, while their absolute
distance is 23. This allows the model to better perceive and learn periodic trends. and we can get a
relative periodic distance matrix, which is denoted as f gﬁ’j L 2RP P

We proceed by introducing a modulation term within the attention computation, designed to encourage
the model to prioritize temporal dependencies that align with the underlying cyclical trend of the data.
Speci cally, we initially de ne a modulation matris1 2 f 0;1g° 7, where each entryl j is an
indicator that reveals whether time steps i and j are close in terms of cyclical distance. A natural way
to construct this matrix is by using the Heaviside Step fundtlonR I'f 0;1g: M = H ( i )

and its logarithmic value can be de ned as:

1 if i ; o (0 if j ;
o; if i > o IOgMIJ - 1 ; if i > (5)

Mij:

where j is the periodic distance betweeith period and -th period calculated above. And 0
is a distance penalty threshold controlling the penalization distance. Hence, the attention coef cient
between thé-th patch and the-th patch is satisfying,

( .
exp(%‘%); ity
0-

QiK;} -
exp (ﬁgf +log Mjj ) (6)

The attention score is considered valid only if the cyclical distance between time ateld is no
more than . Otherwise, the attention coef cient is penalized due to the distance and set to zero.
Finally, our attention mechanism can be written as,

: K>
Attention ( Q; K ; V) = Softmax( %dj +log M)V; @)
h
where Q = ZW , 2R” 9K = Zw} 2RP ;v =zw] 2 R? ; (8)

whereW ;W , andw{, 2 R? % are learnable parameters.

3.2.2 Regulated Relaxation Function for Smooth Approximation

There are still two points with the potential for improvemehtDue to the non-differentiability of

the discrete truncation operation in the step functionannot be optimized through backpropagation,
which limits the exibility and adaptability of the method. Although the modulated attention mech-
anism implicitly incorporates temporal positional information by preserving attention coef cients
only between time steps with small periodic distances, it imposes uniform inductive biases on nearby
steps. As a result, the model still faces challenges related to permutation invariance [15].



To address these limitations, we proposed a regulated relaxation function to approximate the Heaviside
Step function to generate the modulator. In contrast to the sharp Heaviside Step function, our function
S exhibits a smooth attenuation trend, as shown in Figure 2, which is de ned as follows:

Theorem 1. Regulated Relaxation Function

De ne a continuous differentiable functighi(; ; ): R* [f Og! [0;1]as follows,
1 + exp( )
1+exp( ( ) l+exp( )

where the regulated parameter 0 control the gradient of attenuation ang 0 is the
distance penalty threshold. This function has following properties:

S(:; )= 2 [0;:1]: 9)

(Q)S( ;; )isthe smooth approximation &f ( ij ) for arbitrary 0 satis es,
S$(©;; )=1; S(+1;; )=0; 8; > O (10)
(2) The cumulative error upper bound of this smooth approximation satis es,
Z +1
. . 2log2 1
H(C ) s (5 )id < 22954 Lot (1 +1) (11)

0 1+exp

\. J

where the proof of Theorem 1 is provided in Appendix A.1. Regulated relaxation function takes
relative periodic distance matrix = f j; gﬁ’]— -1 2 R” P to generate the attention modulation term.
Finally, the formula of our attention witRegulatedRelaxationFunction (RRF) is as follows,

>
RRF(Q;K;V):Softmax(%EjHog S(;; )V 2RP dh - (12)

h
where Q:ZWJQZRP dh;K:ZW{(ZRP dh;V:ZWjVZRP dh; (13)

where and are learnable parameters, 8Q¢K , andV are the linear projections &.

Advantages for Periodic Modeling.] The key distance penalty thresholds de ned as a learnable
parameter, which can be adaptively learned from the data. This enables more accurate and dynamic
modeling of periodic trend.. The modulation term varies smoothly with the periodic relative
distance, implicitly encoding discriminative positional information of time steps. This effectively
addresses the permutation-invariant limitation inherent in the standard attention mechafibm.
function exhibits a smoother trend and can be exibly controlled through the learnable parameter

. This adaptability allows our Transformer architecture to customize personalized modulation
behaviors for time series with diverse periodic characteristics, thereby re ning the attention process
to better capture periodic dependencies.

3.3 Forecasting and Optimization

The Final time series prediction values is obtained by summing the attened and linearly transformed
outputs of the Transformer backboBe2 RP ¢ as follows:

¥ = Flatten( Z)W oyt + bout 2 R"; (14)

whereW oy 2 R(P 9 L andby,; 2 R" are learnable parameters. When the time series involves
multiple variables (i.e.C > 1), we adopt channel-independent learning and compute the relative loss
weights based on the maximum loss across channels, dynamically adjusting the loss weights during
training to promote equal learning with stable convergence. This process is formulated as follows:

o

x . n
L =! L(¥ei¥o) . I =max kL(Y¢Yokc2f1,2:::;Cg ; (15)

o KL(Y G Yok

whereY ;¥ . are the ground-truth values and prediction values of the channel

Complexity Analysis. MoFo's computational complexity has a quadratic dependence on period
length but is independent of the input sequence length, making its ef ciency highly favorable.



For example, in daily-period datasets with hourly sampling (e.g., 24 time steps per period), the
computational cost is minimal relative to the total sequence length in long-term forecasting tasks,
such as 720 time steps.

4 Experiment

4.1 Experimental Setup

Datasets.We conduct our experiments on widely used real-world time series datasets with periodic
pattern from 4 different domains, including ETTh1, ETTh2, ETTm1, ETTm2, Weather, Solar Energy,
Electricity, and Traf c. A summary of all datasets is provided in Table 1.

Table 1: Statistics of used datasets.

Dataset ETThl ETTh2 ETTml ETTm2 Weather Solar Energy Electricity Trafc

# Channels 7 7 7 7 21 137 321 862

# Samples 14,400 14,400 57,600 57,600 52,696 52,560 26,304 17,544
Frequency lhour 1hour 15mins 15mins 10 mins 10 mins 1 hour 1 hour
Splitratio  6:2:2 6:2:2 6:2:2 6:2:2 7:1:2 6:2:2 7:1:2 7:1:2

Settings. Our experiments are conducted on an NVIDIA A100 GPU with 40GB memory, us-
ing PyTorch under Python 3.11.5. We implement our method within the TFB platfa4htd
ensure a fair comparison. Following the evaluation protocol in T84, we report the best per-
formance achieved over look-back window length® f 96; 336,512y and forecasting horizons

L 2 96;192 336, 720y. Model performance is evaluated using two standard metrics: mean squared
error (MSE) and mean absolute error (MAE). To maintain fairness in evaluation, we disable the
“Drop Last” batch-sampling trick[8]. We use the Adam optimizedfl] with the L ; loss function

from the FreDF strategy [53].

Table 2: Performance comparisons for LTSF. Deetandsecond besare marked in corresponding
colors. All experimental results are selected from the best performance under the look-back window
lengthT 2 f 96; 336, 512g.

MoFo DUET PDF iTransformer Pathformer CycleNet TimeMixer PatchTST Crossformer DLinear
Method | (Ours) (2025) (2024) (2024) (2024) (2024) (2024) (2023) (2023) (2023)

Metric | MSE MAE| MSE MAE|MSE MAE|MSE MAE | MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE | MSE MAE

96 |0.360 0.389]0.352 0.3840.360 0.391/0.386 0.405|0.372 0.3920.372 0.3940.372 0.4010.377 0.39
192|0.397 0.413]0.398 0.409/0.392 0.4140.424 0.440|0.408 0.4150.404 0.4170.413 0.4300.409 0.42
336|0.407 0.4240.414 0.426/0.418 0.4350.449 0.460/0.438 0.4340.430 0.4290.438 0.4500.431 0.4440.433 0.457/0.440 0.440
720|0.447 0.4540.429 0.455/0.456 0.4620.495 0.487/0.450 0.4630.448 0.4640.486 0.4840.457 0.4770.501 0.5140.471 0.493

%O 411 0.4350.379 0.403
96 |0.273 0.334]0.270 0.336|0.276 0.3430.297 0.348/0.279 0.33¢0.277 0.3430.281 0.3510.274 0.33%0 .728 0.6030.300 0.364

0.409 0.4380.408 0.419

ETThl

192|0.327 0.3730.332 0.374/0.339 0.3820.372 0.403|0.345 0.3800.341 0.3850.349 0.3870.348 0.3840.723 0.6070.387 0.423
336|0.361 0.405|0.353 0.3970.374 0.4060.388 0.417/0.378 0.4080.370 0.41 0.377 0.41 0.490 0.487

ETTh2

0.366 0.41. 0.740 0.62

720]0.379 0.4250.382 0.425/0.398 0.4330.424 0.444/0.437 0.4550.424 0.45 0.406 0.4411.386 0.8820.704 0.597
96 |0.286 0.335/0.279 0.3330.286 0. 34(30 .300 0.353/0.290 0.33:

0.401 0.43

0.289 0.34.

192|0.320 0.363]0.320 0.35§0.321 0.364{0.341 0.380|0.337 0.36:

0.332 0.3650.335 0.3720.329 0.3680.374 0.41
0.413 0.43

0.753 0.61

0.296 0.39
0.369 0.41

0.336 0.366
0.367 0.386
0.419 0.416

0.164 0.255
0.224 0.304
0.276 0.3270.588 0.6000.277 0.337
0.362 0.3810.750 0.6120.371 0.401

0.150 0.20%0 143 0. 210% 0.170 0.230

0.374 0.396/0.374 0.3840.366 0.3860.365 0.3860.362 0.39

ETTm1l

336 |0.347 0.382/0.348 0.377/0.354 0.38
720|0.388 0.411)0.405 0.408/0.408 0.41!

96 |0.155 0.2400.161 0.2480.163 0.25
192|0.211 0.2830.214 0.287/0.219 0.29
336|0.258 0.3140.267 0.320/0.269 0.33
720]0.342 0.36§0.348 0.374/0.349 0.3820.375 0.394/0.361 0.3770.363 0.3820.360 0.38

96 |0.141 0.1860.146 0.1910.147 0.1930.157 0.207/0.148 0.19%0.166 0.22

0.429 0.430/0.428 0.4160.417 0.4140.426 0.4120.413 0.42

0.297 0.3430.293 0.34%
0.175 0.266|0.164 O.ZSjO 157 0.247/0.165 0.25;0 165 0.25

0.242 0.312/0.219 0.2880.214 0.286|0.225 0.2980.221 0.29

0.282 0.337|0.267 0.319/0.269 0.3220.277 0.33

0.314 0.36% 0.300 0.345

ETTm2

0.147 0.19
192|0.186 0.2300.188 0.231)0.193 0.2400.200 0.248|0.191 0.2350.213 0.2590.192 0.24.

0.191 0.2390.195 0.2610.216 0.273
336|0.233 0.272|0.234 0.268/0.245 0.2800.252 0.287/0.243 0.2740.262 0.2910.247 0.28.

0.242 0.2790.254 0.3190.258 0.307
0.312 0.330{0.335 0.3850.323 0.362

Weather

720]0.312 0.331)0.305 0.3190.323 0.3340.320 0.336/0.318 0.3260.329 0.33

96 |0.169 0.214]0.169 0.1950.181 0.24
192|0.177 0.231]0.187 0.207/0.199 0.25
336|0.186 0.238/ 0.199 0.213]0.208 0.26
720|0.193 0.248)0.202 0.216|0.212 0.27

96 [0.122 0.2150.128 0.2190.128 0.22
192|0.140 0.2340.145 0.2390.147 0.24
336|0.157 0.2520.163 0.2550.165 0.2600.169 0.265/0.170 0.26
720|0.191 0.284/0.193 0.281]0.199 0.2890.194 0.288]0.211 0.30:

96 |0.362 0.247/0.360 0.2380.368 0. 2510 .363 0.265/0.384 0.25

0.318 0.33

0.199 0.265
0.220 0.282
0.234 0.295
0.223 0.281|0.208 0.2370.236 0.2710.203 0.2610.215 0.3070.215 0.2560.243 0.301

0.134 0.230/0.135 0.2230.126 022]10 153 0.2530.143 0.24%0.134 0.23% 0.140 0.237

0.193 0.257/0.196 0.22(0.221 0.2610.201 0.2590.204 0.3020.208 0.22

Solar

0.203 0.266|0.195 0.22(0.233 0.2690.190 0.256/0.212 0.2930.212 0.23

0.190 0.244/|0.218 0.2330.201 0.2520.179 O.ZSjO 170 0.2330.183 0.20

0.154 0.250|0.157 0.2530.144 0.239/0.168 0.26'
0.161 0.253/0.189 0.29

0.199 0.2860.228 0.32
0.389 0.27%0.369 0.25

0.158 0.2600.146 0.2430.154 0.251
0.168 0.2670.165 0.2640.169 0.268
0.214 0.3070.237 0.3140.204 0.301

0.370 0.26%0.526 0.288 0.395 0.275

Electricity

192|0.379 0.254{ 0.383 0.249/0.382 0.261/0.384 0.273/0.405 0.25
336|0.390 0.2580.395 0.2590.393 0.268/0.396 0.277/0.424 0.26
0.445 0.308|0.452 0.28

0.406 0.28!
0.425 0.29
0.450 0.30:

0.400 0.27;
0.407 0.27,
0.461 0.31

0.386 0.2690.503 0.26
0.396 0.2750.505 0.27
0.435 0.295/0.552 0.30.

0.407 0.280
0.417 0.286
0.454 0.308

Trafc

720|0.424 0.281)0.435 0.278]0.438 0.29

~



Baselines. We compare MoFo with 17 advanced baselines in long-term time series forecasting
comprising DUET B7], PDF [7], iTransformer 4], Pathformer §], CycleNet p(], TimeMixer [59],
PatchTST 82], Crossformer 5], DLinear [73], NLinear [73], FITS [68], FIiLM [ 78], MICN [57],
FEDformer [79], Triformer [6], Non-stationary Transformer [23], and Informer [77].

4.2 Forecasting Performance of MoFo

Experimental results are summarized in Table 2. Due to space constraints, we compare against a
larger set of baselines in Appendix D.3. CycleNet explicitly models periodic patterns, yet achieves
lower forecasting performance compared to DLinear, which merely employs simple fully connected
layers. TimeMixer, on the other hand, utilizes multi-scale modeling techniques to comprehensively
capture complex temporal dynamics. Compared to methods such as PatchTST, Pathformer, and
other approaches that rely on continuous patching strategies, our model achieves superior forecasting
performance. This improvement is attributed to the proposed Periodicity-based Discrete Patching,
which enables the model to better capture temporal dependencies across time steps. PDF introduces a
multi-scale decomposition framework that models temporal dependencies from both long-term and
short-term perspectives. DUET employs bidirectional clustering over both temporal and channel
dimensions to adaptively capture spatio-temporal dependencies, achieving the best performance
among existing baselines. However, it does not explicitly model periodic patterns and suffers from
high computational complexity. Bene ting from the Period-Aware Modulator, our model focuses
explicitly on periodic pattern learning, leading to the overall best forecasting accuracy. These results
demonstrate the effectiveness of our design choices in capturing long-range periodic dependencies.

4.3 Ef ciency Analysis of MoFo

We compare the computational ef ciency with Transformer-based baselines on the Traf c dataset. As
shown in Table 3 and Table 11, MoFo achieves the best forecasting accuracy among all Transformer-
based models, while demonstrating the lowest computational complexity and highest ef ciency.
Similarly, PatchTST, which also adopts a patching strategy, employs an independent channel learning
approach that signi cantly increases model complexity. Its parameter count grows by more than 10
FLOPs increase by 25 and training speed slows down by 17Pathformer enhances prediction
accuracy through dynamic path adaptation and a patching strategy, albeit at the cost of increased
learning overhead. Compared to DUET, one of the top-performing baseline models, MoFo reduces the
number of parameters by more than,3he computational cost by more than 1,0and signi cantly

lowers both memory consumption and training time. This is because our model's complexity grows
guadratically with the period length, which is signi cantly shorter than the input sequence length.
Moreover, we show that only a single Transformer layer is suf cient for effective learning.

Table 3: Ef ciency comparison of MoFo and SOTA baselines vtk 720 in Traf ¢ dataset. All

results of each model are under the optimal hyperparameters for fair comparison. Parameters: All
learnable parameters requiring gradient descent. MACs: multiply—accumulate operations. FLOPs:
oating point operations. M: Million (®). B: Billion (10°). T: Trillion (10*2). MB: Megabyte. s:
Second.' indicates the relative percentage increasing regarding MoFo.

Models MSE # Parameters #MACs # FLOPs Memory Usage Epoch Time
_.  Crossformer 0.552 3.23M 85.03B 92.41B 13,556 MB 368 s
&  PatchTST 0.435 27.8M 202T 2.08T 44,782 MB 876s
T Pathformer 0.452 9.61M 110.46 B 117.76 B 36,602 MB 1,081s
- iTransformer 0.445 5.37M 297.96 B 446.30 B 19,608 MB 52s
© PDF 0.438 2.45M 637.05B 662.47 B 38,014 MB 76s
E DUET 0.435 11.2M 137.33B 975.96 B 75,616 MB 516 s
MoFo 0.424 2.4M 74.96B 76.74B 4,988MB 47s

4.4 Hyperparameters Sensitivity Experiments

We investigate the sensitivity of MoFo to its two core hyperparameters—the number of Transformer
layers and model dimensionality—on the ETTh2 and Electricity datasets. For each forecasting
horizonL 2 f 96; 192 336, 720y, we use the best-performing hyperparameter con guration and vary
only the target hyperparameter, as shown in Figure 4.4. We report both MSE and MAE for evaluation.
The number of Transformer layers is varied frarto 6, and the model dimensionality is tested in



Figure 3: Hyperparameter sensitivity experiments.

Figure 4: Ablation study on all datasets with forecasting horizons712.

the range off 64 (ETTh2) and64 304 (Electricity), with the number of attention heads xed at

H = 4. Results show that MoFo achieves strong performance even with a single Transformer layer,
while additional layers yield marginal gains. This suggests that the model ef ciently captures inter-
patch dependencies without requiring deep architectures. Furthermore, increasing the dimensionality
generally improves performance; however, the gains plateau beyond a certain threshold, indicating
diminishing returns from further capacity expansion.

4.5 Ablation Study

We design ablation experiments to validate the soundness of the each component of Mopatch'

which used continuous patch technologySinuous Posand *+ Learnable Pos which use Sinuous

and Learnable position instead of our periodic relative position, respectivdfigdulator ' which

removes the period-aware modulatar;Mean Loss which only use L1 loss function. As shown in

Figure 3, the ablation study reveals that "-Modulator' variant achieves the worst performance. This is
because the Period-Aware Modulator plays a crucial role in guiding the model to focus on extracting
periodic patterns. “+cpatch' variant also suffers from higher prediction errors, which can be attributed
to the fact that our proposed discrete patching strategy enables direct modeling of dependencies
among periodically aligned time steps. In summary, all variants perform worse than MoFo model
to varying degrees, demonstrating the effectiveness and necessity of each component in capturing
long-range periodic dependencies.

4.6 Scalability for Look-back Window of MoFo

We evaluate the scalability of MoFo under varying look-back window lengths. Speci cally, we
construct an ultra-long look-back setting on the ETTm2 dataset, where the input sequence length
reaches up td0K, one hundred times of the forecasting horizan= 96;T = 96 (5k);k =

time, and FLOPs. As shown in Figure 5, as the look-back window increases, both DUET and
PatchTST exhibit a sharp rise in memory usage and training time, indicating that their computational
complexity scales closely with the input length. In contrast, even when the input sequence length
grows by100 , MoFo sees less thanl®%increase in peak memory usage and less thagoa

increase in training time. Its computational cost depends primarily on the period length rather than
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