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Multivariate Time Series (MTS) forecasting is crucial for many critical domains; yet modeling complex temporal
patterns while capturing dynamic inter-variable dependencies remains challenging. Current methods face an
efficiency-expressivity trade-off: Channel Independence (CI) achieves high efficiency but ignores cross-variable
correlations, while attention-based models capture correlations but suffer from quadratic complexity and
noise sensitivity. To reconcile these objectives, we propose the Dynamic Periodic Interaction and Adaptation
network (DPIA). Anchored in an efficient centralized interaction architecture, DPIA introduces three distinct
yet synergistic innovations to address current limitations. First, the Periodical Patch Mixer (PPM) transforms
raw, noisy series into structured pattern representations via dynamic period detection, shifting interaction
from points to patterns. Second, the Personalized Interaction Module (PIM) employs an adaptive gating
mechanism to allow individual channels to selectively integrate global information based on their idiosyncratic
characteristics. Third, the Dispatch-Fusion Block (DFB) serves as a vectorized Mixture-of-Experts (MoE)
prediction head that dynamically routes heterogeneous features to specialized experts. Extensive experiments
on multiple real-world benchmarks demonstrate that DPIA achieves competitive or superior performance
across most scenarios while ensuring high computational efficiency. The source code is publicly available
at https://github.com/Du-Team/DPIA.

1. Introduction existing methods continue to face fundamental limitations when bal-

ancing modeling capacity, robustness, and computational efficiency in

Multivariate Time Series (MTS) forecasting serves as a fundamental
component in a wide range of mission-critical applications, including
financial analysis, energy management, and intelligent transportation
systems. The objective of MTS forecasting is to accurately predict
future values of multiple correlated variables over time, which re-
quires models to simultaneously capture complex temporal dynamics
and inter-variable dependencies. This task is inherently challenging
due to a structural duality in MTS data: meaningful patterns often
manifest as long-term periodic or trend-related structures along the
temporal dimension, while the relationships among variables are dy-
namic, heterogeneous, and frequently non-stationary across the channel
dimension.

Early deep learning approaches, such as recurrent and convolutional
architectures [1,2], provide effective tools for modeling sequential
dependencies, while more recent Transformer-based models [3] fur-
ther enhance the ability to capture global temporal and cross-variable
interactions through attention mechanisms. Despite these advances,
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practical forecasting scenarios. Attention-based architectures explicitly
model cross-channel correlations and long-range temporal dependen-
cies, but their quadratic computational complexity with respect to
sequence length makes them expensive and sensitive to high-frequency
noise in long time series. In contrast, lightweight linear or MLP-based
models [4] often adopt a Channel Independence (CI) strategy to achieve
linear complexity and improved stability, yet this simplification comes
at the cost of completely discarding inter-variable interactions that
are crucial for accurate multivariate forecasting. As a result, current
approaches either suffer from excessive computational overhead or
rely on overly restrictive assumptions that limit their representational
power.

Recent efforts attempt to alleviate this tension by introducing cen-
tralized interaction mechanisms [5] that aggregate information across
channels with linear complexity. We argue that this centralized
paradigm is intrinsically suitable for multivariate scenarios because
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it strikes a superior balance between modeling capacity and effi-
ciency. Unlike channel-independent methods that completely ignore
inter-series correlations, or vanilla attention mechanisms that suf-
fer from quadratic complexity and noise sensitivity, the centralized
approach aggregates diverse channel information into a global repre-
sentation. This structure effectively filters local noise while capturing
essential global dependencies, providing a more robust foundation for
high-dimensional series interaction. Although such paradigms improve
efficiency, they still exhibit notable shortcomings. First, interactions are
typically performed directly on point-wise time series, which exposes
the global representation to stochastic high-frequency fluctuations and
hinders the extraction of robust semantic structures. Second, central-
ized representations are usually broadcast uniformly to all channels,
overlooking the inherent heterogeneity among variables and their
differing requirements for global contextual information. Finally, even
when rich and diverse features are obtained after interaction, most
existing methods rely on static, single-head linear predictors, which
lack the adaptability to handle heterogeneous dynamics across channels
and thus form a structural bottleneck in the forecasting pipeline.

To effectively mitigate the aforementioned limitations, we propose
the Dynamic Periodic Interaction and Adaptation network (DPIA). DPIA
establishes a novel framework that harmonizes high-efficiency central-
ized interaction with tailored cross-variable dependencies. The core
contributions of our work, constituting a systematic and end-to-end
modeling pipeline, are as follows:

» We introduce the Periodical Patch Mixer (PPM), which transforms
raw time series into structured pattern representations via dy-
namic period detection. By shifting the modeling granularity from
points to patterns, the PPM captures semantic temporal structures
while effectively filtering out high-frequency noise.

We design the Personalized Interaction Module (PIM), which
replaces uniform aggregation with a tailored gating mechanism.
It enables channels to selectively integrate global context based
on their idiosyncratic characteristics, significantly enhancing rep-
resentational flexibility.

We develop the Dispatch-Fusion Block (DFB), a vectorized
Mixture-of-Experts (MoE) prediction head that dynamically routes
heterogeneous features to specialized experts. This design breaks
the bottleneck of static predictors, accommodating complex dy-
namics while maintaining high computational efficiency.
Extensive experiments on eight real-world benchmarks demon-
strate that DPIA achieves competitive or superior performance
across the majority of scenarios compared to leading baselines.

The remaining parts of the paper are organized as follows: Section 2
discusses the related work, Section 3 details the methodology, Section 4
presents the experimental evaluations, and Section 5 concludes the

paper.
2. Related work
2.1. Time series forecasting

The evolutionary trajectory of time series forecasting has undergone
a profound paradigm shift, moving from classical statistical frameworks
to sophisticated neural representation learning, and more recently, the
proliferation of universal foundation models. Early traditional statisti-
cal forecasting methods predominantly relied on models such as the Au-
toregressive Integrated Moving Average (ARIMA) [6] and exponential
smoothing techniques [7]. While effective for stable data, traditional
statistical models falter when confronted with the high-dimensional
complexity of contemporary time series. This necessitated a shift to-
ward connectionist approaches, where architectures like LSTM [1]
and TCN [2] integrate robust mechanisms for temporal dependency
modeling. The state-of-the-art has since been redefined by Transformer-
based designs [3], which replace recurrent or convolutional priors with
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self-attention, thereby enabling the capture of comprehensive global
context across extended horizons.

Despite their success, the prohibitive quadratic complexity and
substantial memory footprint of standard attention mechanisms have
catalyzed a surge in efficiency-oriented architectures. For instance,
Informer [8] introduces ProbSparse attention, while Autoformer [9]
and FEDformer [10] integrate series decomposition and frequency-
domain mappings to capture long-range dependencies more efficiently.
Concurrently, a resurgence of MLP-based frameworks challenges the
Transformer hegemony. Models such as DLinear [4], N-BEATS [11],
TSMixer [12], and TiDE [13] demonstrate that parsimonious linear
mappings can achieve superior performance with a significantly re-
duced computational footprint. Entering the current research fron-
tier, the paradigm has pivoted decisively toward Time Series Foun-
dation Models (TSFMs). TimeCMA [14] and CALF [15] treat time
series as a language, while emerging cross-modality paradigms [16]
leverage large-scale pretraining on multiple domains, achieving re-
markable zero-shot or few-shot forecasting. Furthermore, generative
architectures like Timer [17] and MOMENT [18] continue to extend the
boundaries of universal representation learning. Notwithstanding these
breakthroughs, a critical semantic gap persists between granular point-
wise processing and high-level pattern abstraction. Most contemporary
frameworks remain susceptible to high-frequency stochasticity. They
lack a mechanism capable of distilling raw signals into structured
periodic representations before the interaction stage.

2.2. Channel interaction mechanisms in MTS

Effectively modeling inter-variable dependencies constitutes a fun-
damental pillar of multivariate time series forecasting; however, it
presents a persistent trade-off between interaction capacity and ro-
bustness. Early strategies frequently implemented inter-channel mix-
ing via rudimentary linear projections prior to temporal modeling,
which proved highly sensitive to distribution shifts and inter-channel
noise [4]. To mitigate these issues, the CI paradigm has gained con-
siderable traction, spearheaded by PatchTST [19] and MICN [20].
By treating each variable as an isolated univariate entity, CI-based
architectures effectively insulate the model from inter-channel noise
propagation, thereby bolstering the stability of temporal representa-
tions. Nevertheless, the intrinsic limitation of CI lies in its systematic
neglect of vital cross-variable correlations—information that is indis-
pensable for capturing the synergistic dynamics inherent in complex
multivariate systems.

Recent research seeks to bridge this gap by introducing more sophis-
ticated interaction mechanisms. Crossformer [21] explicitly captures
dependencies across both temporal and channel dimensions via a two-
stage attention mechanism, while iTransformer [22] adopts a radical
paradigm shift—inverting the traditional Transformer structure to treat
each variable as a token, thereby capturing global correlations within
linear complexity. Centralized interaction frameworks, exemplified by
SOFTS [5], further optimize efficiency through global core fusion.
Nevertheless, these paradigms typically distribute a homogenized rep-
resentation to all channels. Such undifferentiated broadcasting fails to
account for the inherent heterogeneity of multivariate data. To address
this, recent works have explored more granular interaction schemes.
For instance, CVACL-MA [23] introduces a multi-adapter framework
that performs comprehensive variate analysis and collaborative learn-
ing to capture diverse inter-variable dependencies. Similarly, in broader
MTS analysis tasks such as anomaly detection, explicitly modeling
complex inter-variable correlations has also proven crucial; for exam-
ple, MST-GAT [24] leverages graph attention networks to explicitly
capture intra- and inter-modal spatial-temporal dependencies among
heterogeneous sensors. While such approaches mitigate the limitations
of uniform broadcasting, effectively balancing global context aggre-
gation with efficient, channel-specific information retrieval remains
a critical objective. Consequently, there is a compelling need for an
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adaptive interaction paradigm that replaces static broadcasting with
a personalized subscription strategy, enabling individual variables to
selectively assimilate global information based on their idiosyncratic
characteristics.

2.3. Periodicity and multi-scale pattern modeling

Capturing robust periodicity is essential for deciphering the un-
derlying structure of temporal data across multiple scales. Classi-
cal decomposition methods such as STL [25] separate series into
trend and seasonal components, a philosophy integrated into deep
architectures like Autoformer [9] through autocorrelation mechanisms.
To further address multi-scale variations, TimesNet [26] transforms
1D sequences into 2D tensors based on identified periods to model
both intra-period and inter-period fluctuations simultaneously. Con-
currently, FEDformer [10] and FreTS [27] leverage frequency domain
analysis, proving that frequency domain MLPs are highly effective
learners that can filter out time domain noise. Building on this di-
rection, TFDNet [28] and PDFNet [29] introduce sophisticated time—
frequency decomposition and multi-period modeling to enhance feature
separability. Furthermore, extending to unsupervised representation
learning, FCACC [30] proposes a fuzzy cluster-aware contrastive frame-
work to effectively capture diverse temporal patterns from unlabeled
data. Beyond continuous numerical time series, the necessity of mod-
eling cyclical and recurrent historical patterns is equally critical in
discrete temporal reasoning tasks; for instance, TiRGN [31] employs
a time-guided recurrent graph network to seamlessly integrate se-
quential, repetitive, and periodic historical dynamics for temporal
knowledge graphs. However, while these methods successfully extract
rich temporal features, they typically focus on global or instance-level
representations, often lacking a mechanism to align heterogeneous
multi-scale patterns into a unified semantic space for fine-grained
interaction.

In addition to frequency-domain and attention-based modeling
strategies, ModernTCN [32] re-engineers pure convolutional archi-
tectures to enhance their versatility across general time series tasks.
Meanwhile, Path-Former [33] and TimeMixer [34] introduce adaptive
routing pathways and decomposable multi-scale mixing mechanisms,
respectively, to effectively capture the hierarchical granularity of com-
plex temporal patterns. Despite these advances, most contemporary
methods operate directly on point-wise observations or static-scale
representations. High-frequency noise in such inputs frequently com-
promises feature extraction. There is therefore a clear need for a
dynamic pre-processor that can identify multi-scale periodicities and
align heterogeneous temporal patterns into a unified semantic space.
This would shift the interaction granularity from unstable raw points to
robust semantic patterns, improving modeling stability across diverse
temporal horizons.

2.4. Adaptive prediction and mixture of experts

To accommodate the heterogeneity and complex temporal dynamics
of multivariate channels, the field increasingly pivots toward adaptive
architectures and sparse modeling. The Mixture-of-Experts paradigm
allows for scaling model capacity without a proportional increase in
inference costs by activating only a subset of specialized predictors [35,
36]. Within the time series domain, the AMD framework [37] ex-
plores adaptive multi-scale decomposition using experts, while Time-
MokE [38] exemplifies a recent milestone in scaling foundation models
to the billion-parameter regime.

Simultaneously, the resurgence of State Space Models (SSMs) [39]
provides powerful linear time alternatives to Transformers for long se-
quence modeling. Similarly, recent breakthroughs like xLSTM [40] re-
vitalize traditional recurrent frameworks by modernizing gating mech-
anisms, thereby achieving superior predictive efficacy in increasingly
complex forecasting scenarios. A critical bottleneck persists in current
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architectures: most models apply a single static prediction head uni-
formly across all variables. This implicitly assumes that post-interaction
features share a uniform mapping space. The assumption is increas-
ingly restrictive. It cannot accommodate the heterogeneous feature
distributions that arise from personalized interactions, where different
channels exhibit divergent latent dynamics. To surmount this bottle-
neck, it is imperative to orchestrate a vectorized routing mechanism
that dynamically dispatches diverse feature instances to specialized
expert kernels based on their idiosyncratic temporal dynamics. Such an
architecture effectively transcends the constraints of homogeneous pre-
dictors and ameliorates representation conflicts, thereby ensuring that
divergent feature distributions are mapped with high fidelity and facil-
itating a more nuanced and robust forecasting output than traditional
monolithic heads.

3. DPIA

The goal of multivariate time series forecasting is to predict a future
sequence Y € RST over a horizon of length T, given an input lookback
window X € RS*L, where C and L denote the number of channels
and the window size, respectively. To effectively model these complex
dependencies, we propose the DPIA framework, as illustrated in Fig. 1.
The framework operates through a progressive processing pipeline that
transitions from granular temporal points to structured semantic pat-
terns and, finally, to adaptive feature fusion. The model initiates with
PPM, acting as a semantic pattern extractor that transforms raw, en-
tangled time points into structured, multi-scale pattern representations
via dynamic period detection. These purified patterns serve a dual pur-
pose: they are primarily fed into PIM to generate refined multivariate
features via channel-adaptive interaction, while simultaneously acting
as the routing context for DFB. Following PPM, PIM executes adap-
tive cross-channel coupling to generate refined multivariate features.
Finally, DFB synthesizes inputs from both preceding stages. It receives
the PIM-enhanced features as content and employs a vectorized MoE
head to dynamically route them to specialized predictors based on the
extracted pattern context. By organically integrating pattern extrac-
tion, personalized interaction, and adaptive routing, DPIA effectively
captures intricate dependencies while maintaining high computational
efficiency.

3.1. Periodical patch mixer

In real-world scenarios, raw time series are frequently corrupted by
stochastic fluctuations, rendering direct point-wise interaction subop-
timal due to low signal-to-noise ratios. To address this, PPM functions
as a robust, data-driven pre-processor designed to distill the raw 1D
sequence into structured, salient pattern representations. By shifting
the interaction granularity from volatile temporal points to robust
semantic motifs, PPM ensures stable feature extraction. This pattern-
centric transformation is materialized through a specialized three-stage
pipeline.

3.1.1. Dynamic period identification

To capture the inherent multi-scale periodicity, we perform spec-
tral decomposition using the Fast Fourier Transform (FFT). To iden-
tify the most salient temporal cycles, we extract the top-K frequency
components based on their amplitudes. Specifically, we aggregate the
frequency magnitudes by averaging them across all channels to derive a
globally shared period set, denoted as P = { P,, ..., Px }. This consensus-
based approach effectively filters out idiosyncratic, channel-specific
noise, ensuring that the identified periods represent the intrinsic struc-
tural oscillations of the multivariate system. To optimize deployment,
we incorporate a period-caching mechanism that bypasses redundant
spectral computations during the inference phase, thereby enhancing
throughput.
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Fig. 1. The overall architecture of DPIA.

3.1.2. Vectorized patching with multi-scale alignment

A fundamental challenge in multi-period modeling arises from the
temporal asynchrony of diverse periodicities (e.g., diurnal vs. weekly
cycles), where varying physical lengths preclude efficient paralleliza-
tion. To resolve this, we propose a Multi-scale Alignment strategy to
map heterogeneous temporal motifs into a commensurate representa-
tion space.

Specifically, for each identified period P, € P, the input sequence
is segmented into non-overlapping patches via a sliding window. To
enable parameter sharing across different temporal scales, we align
these varying-length patches into a unified feature space via linear
interpolation. This process can be formulated as:

x% = T(Segment(X, Pk)), D

where Segment(-) denotes the segmentation operation, and z(-) is a de-
terministic interpolation operator defined to resample variable-length
patches to a fixed semantic length L.

It is worth noting that, 7(-) is implemented as 1D linear interpo-
lation along the temporal dimension. This choice is deliberate: since
the PPM targets dominant periodic structures rather than point-wise
high-frequency detail, linear interpolation provides appropriate low-
pass smoothing that suppresses stochastic noise during scale align-
ment. More sophisticated interpolation methods that preserve high-
frequency content would conflict with this noise-suppression objec-
tive while adding non-trivial computational overhead. Consequently,
X(';])l € RONixLs represents the aligned multi-scale patterns. This
alignment ensures that patterns extracted from different periodic scales
are mapped into a scale-aligned representation space, enabling a single
shared MLP mixer to process them simultaneously in a parameter-
efficient and scale-invariant manner. Furthermore, fine-grained signal
information is preserved through a residual connection in the subse-
quent multi-scale pattern fusion stage. By carrying forward the orig-
inal signal, this structure ensures that high-frequency content is still
available to downstream components in the prediction pipeline.

3.1.3. Multi-scale pattern fusion

By mapping heterogeneous temporal patterns into a unified repre-
sentation space with aligned scales, the model effectively overcomes
the computational barriers posed by varying physical lengths, thereby
enabling deep feature mining within a unified semantic dimension. To
extract scale-invariant features, we feed the aligned patterns X ;kt:l into
a shared MLP mixer. Subsequently, the processed features are restored
to their original temporal scale via an inverse alignment operation:

& (k)
X '=p (MLPmixer(X;ktil) ) s ()]

where MLP,;..(-) denotes the shared feature extractor, and p(-) rep-

resents the inverse alignment operator that reshapes the processed
. o (k

features back to the original sequence format X ® e groxt,

To integrate information from different periodic scales, we employ
a learnable weighted fusion followed by a residual connection:

K
& (k)
XPattern=X+¢'<Zwk'X >’ 3)

k=1

where X' has the same dimensions as the input X, and w, denotes
learnable coefficients that adaptively weight the contributions of vari-
ous periodic patterns. We employ a learnable projection function ¢(-)
to fuse these components. By incorporating X as a residual path, the
model effectively preserves the intrinsic signal characteristics.

3.2. Personalized interaction module

The PIM operates as the centralized interaction engine of DPIA,
engineered to facilitate adaptive cross-channel information exchange
while maintaining high computational efficiency. Although existing
centralized mechanisms [5] achieve linear complexity, they often en-
counter the issue of representation homogeneity, where aggregated
global information is broadcast uniformly across all channels. Such an
approach overlooks the intrinsic heterogeneity within multivariate time
series, failing to account for the fact that different variables typically
exhibit distinct dependencies on underlying global trends.

To overcome this limitation, PIM introduces a personalized adaptive
gating mechanism, effectively transforming static information broad-
casting into dynamic, personalized information subscription. The mod-
ule processes the pattern representations X pern € RE*% from the PPM
through three synergistic stages: aggregation, gating, and redistribu-
tion.

First, in the aggregation stage, the module distills the represen-
tations of all channels into a global core representation while main-
taining linear computational complexity. To mitigate overfitting and
bolster model robustness, consistent with the architectural principles of
SOFTS [5], we employ a stochastic pooling strategy during the training
phase. This strategy randomly samples channel features to form the
core representation o € R™¢:

Ocore = V¥ (MLPagg (Xpattern) ) > 4)

where MLP,,,(-) projects the input features into a latent core space,
and y(-) denotes the stochastic pooling operation. Unlike element-wise
dropout, which regularizes individual feature dimensions after aggre-
gation has already occurred, stochastic pooling intervenes directly at
the channel-selection stage. In centralized aggregation, a small number
of channels with the strongest or most regular signals tend to domi-
nate the formation of o, producing a globally biased representation
that causes remaining channels to over-rely on a skewed context. By
randomly varying which channels participate in forming the core at
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each training iteration, stochastic pooling compels the model to learn a
core representation that is invariant across different channel subsets—a
form of regularization that targets the specific failure mode of central-
ized aggregation and cannot be replicated by applying dropout to the
already-aggregated output.

Next, the Gating stage directly generates the channel-wise gating
tensor g € R*! to determine the information demand for all channels
simultaneously. To maintain lightweight efficiency, the gating decision
is derived from high-level statistical features rather than the full feature
map. Specifically, we apply global average pooling to the input fea-
tures along the temporal dimension and pass the aggregated statistics
through a lightweight gating network:

8 = o(MLPgy . (Mean(X puiiern))), 5)

where Mean() denotes the temporal averaging operation, MLPg,. is
a channel-agnostic projection network, and o is the Sigmoid activation
function that constrains the gate values to (0, 1). This vectorized formu-
lation allows the model to autonomously learn the sensitivity of each
channel to global information in parallel.

Finally, in the Redistribution stage, the global core representation
Oore 1S dynamically modulated by the generated gating tensor g. This
mechanism regulates the dissemination of global context via broad-
casted element-wise multiplication, ensuring that global information is
integrated according to each channel’s specific requirements. The fused
output X, € R is then constructed by concatenating the original
local features with the gated global information, followed by a linear
fusion projection to unify the feature space:

Xfuse = MLPfuse(Concat(Xpattern! 80O Ocore))’ (6)

where Concat(-) denotes the concatenation operation along the feature
dimension, MLPg,.. is a learnable projection network responsible for
integrating the hybrid features, and © denotes element-wise multiplica-
tion with broadcasting. The resulting Xy . constitutes a refined feature
space augmented by deep personalized interactions. It effectively har-
monizes the preservation of channel-specific idiosyncrasies with the
integration of a comprehensive global context.

3.3. Dispatch-fusion block

DFB functions as the adaptive prediction head of DPIA. It receives
two inputs directly from the preceding stages: the pattern representa-
tion X e € REXXL output by PPM, which serves as the routing
context, and the fused representation Xg,,, € REXXL output by PIM,
which provides the semantic content. These two tensors are the exact
same feature tensors produced by their respective modules—no inter-
mediate transformation is applied before they enter DFB. Distinct from
the PIM, which prioritizes cross-channel interactions, DFB is explicitly
engineered to mitigate negative transfer, a common bottleneck in mul-
tivariate time series forecasting. Given that real-world datasets often
comprise variables with heterogeneous temporal dynamics (e.g., con-
trasting smooth seasonality with stochastic fluctuations), conventional
channel-shared projections impose an overly rigid mapping that often
leads to performance degradation. To circumvent this, we propose
a vectorized MoE architecture, which facilitates the dynamic routing
of multivariate features to specialized predictors tailored for diverse
patterns.

Conventional MoE implementations often suffer from computational
inefficiency when handling high-dimensional multivariate data due to
channel-wise serial dependencies. To overcome this scalability con-
straint, we introduce a vectorized execution strategy that reformulates
the channel-wise routing as a super-batch operation. By explicitly
decoupling routing decisions from the channel dimension, this design
facilitates maximal hardware parallelization. Under this paradigm, the
batch dimension B is seamlessly integrated into the execution flow.
The module accepts two high-dimensional tensors: the pattern repre-

sentation X puem € RE*CXE, which serves as the routing context, and
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the fused representation Xy, € REX“L, which provides the semantic
content.

Prior to computation, we flatten both tensors into a super-batch for-
mat X ;attem, X} o € REOXL This transformation allows the module
to treat every channel feature as an independent sample, facilitating
parallelized processing. We then employ a routing network to generate
the decision matrix Gy € RE*Ne, Following the adaptive synthesis
paradigm proposed in AMD [37], we adopt its differentiable top-K rout-
ing mechanism to address the inherent non-differentiability of discrete
expert selection. This mechanism provides a smooth approximation to
hard top-K routing, enabling input-adaptive expert activation while
preserving gradient flow during training.

Concretely, we first compute an initial expert probability distri-
bution p by introducing stochastic gating noise to encourage expert
exploration and mitigate premature expert collapse:

P = SOftmax(MLPgue (X hgiern) + €): )

where MLP, .. maps aligned features to the expert decision space and
€ ~ N'(0,1) denotes Gaussian noise. A differentiable top-K transforma-
tion is then applied to modulate the routing distribution:

a-(exp(p) = 1), if p; >0,
a-In(p; +1),

TopK(p;. k) = { ®

if p; <y,

where p; denotes the jth element of the expert probability vector p,
v, is the kth largest value in p, and « is a scaling factor that follows
the same setting as in the AMD framework. This design choice ensures
consistency with prior differentiable top-K routing mechanisms and
avoids introducing additional tunable hyperparameters. The exponen-
tial mapping amplifies the contributions of the top-K experts, while the
logarithmic mapping suppresses non-top-K candidates without breaking
gradient flow. Subsequently, the transformed logits are normalized to
obtain the routing weights:

G, e = Softmax(TopK(p, k)). 9

This formulation yields a dense yet strictly prioritized routing distri-
bution, in which dominant experts are exponentially emphasized while
less relevant ones are smoothly suppressed, enabling sparse, specialized
expert execution at inference time while maintaining stable gradient
propagation during training.

Finally, guided by the routing weights G,y ., N, expert networks
are executed in parallel to process the fused content tensor X guse. The
outputs of individual experts are then aggregated through a weighted
combination:

Ne
Yllared = Z (GrOUte[:’j] © EJ(X;use)) ’ (10)
j=1
where E; denotes the jth expert function and O represents element-
wise multiplication. This formulation enables input-adaptive expert dis-
patching, allowing different experts to specialize in modeling distinct
temporal characteristics across variables. The aggregated representa-
tions are subsequently reshaped back to REX¢XT to produce the final
prediction Y.

3.4. Loss function

To optimize the proposed DPIA framework, we define a joint learn-
ing objective designed to simultaneously minimize forecasting diver-
gence and promote equitable expert utilization. The comprehensive loss
function, denoted as Ly, is formulated as a weighted sum of the
prediction loss and an auxiliary regularization term:

Lioral = £pred + 4 Lpalance- an

where the hyperparameter A serves to modulate the intrinsic trade-off
between predictive fidelity and expert diversity. The prediction loss
L,req employs the standard Mean Squared Error (MSE) to quantify
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Table 1

Detailed dataset descriptions.
Dataset Dim Dataset size Frequency Information
ETTh1 7 (8545,2881,2881) Hourly Electricity
ETTh2 7 (8545,2881,2881) Hourly Electricity
ETTm1 7 (34465,11521,11521) 15 min Electricity
ETTm2 7 (34465,11521,11521) 15 min Electricity
Weather 21 (36792,5271,10540) 10 min Weather
ECL 321 (18317,2633,5261) Hourly Electricity
Traffic 862 (12185,1757,3509) Hourly Transportation
Solar 137 (36601,5161,10417) 10 min Energy

the discrepancy between the predicted sequence ¥ and the ground
truth Y:

T
1 N
£pred= ?Z”Y:,:J_Y:,:,t”i“ 12)
t=1

To fully harness the representational capacity of the MoE head, we
incorporate an auxiliary load-balancing Ly,,1,,ce, following the design
of the selector 10ss Lggjecror introduced in the AMD framework. Both
losses share the same mathematical formulation and are motivated
by the common objective of preventing expert collapse. In complex
multivariate forecasting scenarios, routing mechanisms tend to over-
activate a small subset of dominant experts, leading to inefficient
parameter utilization. By penalizing the distributional imbalance of the
importance weights w;, the load-balancing term encourages a more
equitable allocation of training signals across the expert pool. This, in
turn, facilitates stable training of DFB and improves its ability to model
diverse temporal regimes. Formally, this auxiliary loss is defined as
follows:

Var(w;)
4 (Mean(w,;))? + 5’

(13)

C
Ebalance

1

where w; € RNe denotes the accumulated routing weights assigned to
the ith channel across all experts, aggregated over the training batch,
and 6 is a small constant for numerical stability. This term optimizes
the gating mechanism by penalizing the variance in expert assignment,
ensuring a balanced workload distribution.

4. Experiments
4.1. Experimental settings

4.1.1. Datasets

To verify the effectiveness of DPIA, we conduct extensive experi-
ments on eight widely recognized real-world benchmarks, comprising
Weather, Solar-Energy, Electricity, Traffic, and the full suite of ETT
datasets (ETTh1, ETTh2, ETTm1, and ETTm?2). These datasets represent
diverse temporal dynamics and are standard for evaluating multivari-
ate time series forecasting models. Comprehensive statistics for each
dataset are summarized in Table 1.

4.1.2. Baselines

To establish a robust and comprehensive benchmark, we evaluate
DPIA against an array of state-of-the-art baselines categorized into
three representative paradigms: (1) MLP-based architectures, including
TimeMixer [34], SOFTS [5], and DLinear [4]; (2) Transformer-based
models, such as iTransformer [22], PatchTST [19], and TQNet [41];
and (3) CNN-based approaches, represented by TimesNet [26] and
CASA [42].

4.1.3. Metrics
To guarantee a rigorous and fair comparison, the input lookback
window L is fixed at 512 for all competitive models, with performance
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assessed across four diverse forecasting horizons T € {96, 192,336, 720}.
To mitigate the impact of stochasticity and ensure the statistical signifi-
cance of our findings, all reported results are aggregated as the average
of five independent trials. Following established evaluation protocols in
time series forecasting, we adopt MSE and Mean Absolute Error (MAE)
as the primary performance metrics.

4.2. Comparison experiments

Table 2 summarizes the multivariate long-term forecasting perfor-
mance. DPIA consistently outperforms the competitive baselines across
the majority of datasets. This superiority is primarily attributed to its
capacity to accurately capture the nuanced characteristics of heteroge-
neous time series. In datasets such as ETT and Weather, where variables
exhibit distinct physical semantics and high channel heterogeneity,
the PIM module leverages its adaptive gating mechanism to derive
variable-specific interaction patterns. Consequently, DPIA significantly
surpasses the uniform interaction paradigm of SOFTS. Furthermore,
DPIA achieves a clear margin over PatchTST on the Solar-Energy
dataset. This advantage stems from the PPM, which distills dominant
periodicities from the frequency domain, providing a more robust
structural representation than PatchTST’s raw point-wise processing.
Simultaneously, DPIA effectively models intricate inter-channel depen-
dencies, which are inherently neglected by the Channel-Independent
strategy of PatchTST.

Quantitatively, across all 40 evaluation settings consisting of 4
prediction horizons and 1 average result for each of the 8 datasets,
DPIA achieves the lowest MSE and MAE in 27 settings, representing a
win rate of 67.5%. These results indicate that the proposed framework
achieves competitive performance compared to existing state-of-the-art
baselines across the majority of evaluated scenarios.

4.3. Ablation studies

To rigorously quantify the individual contribution of each core
component within the DPIA framework, we conduct a series of ablation
experiments by systematically substituting key modules with standard-
ized counterparts. The quantitative performance of these variants is
summarized in Table 3. Specifically, we evaluate three degraded ver-
sions: (1) w/o PPM, where the Periodical Patch Mixer is replaced by a
vanilla MLP; (2) w/o PIM, where the Personalized Interaction Module
is replaced by the uniform STAR interaction paradigm; and (3) w/o
DFB, where the Dispatch-Fusion Block is replaced by a standard linear
projection.

The ablation results reveal distinct performance patterns that vali-
date our architectural design. Notably, the w/o PPM variant exhibits a
precipitous performance degradation, particularly on high-dimensional
datasets such as Traffic and ECL. This decline underscores the indis-
pensable role of the PPM in transforming raw, stochastic time series
into structured periodic representations. Unlike a generic MLP, which
lacks spectral sensitivity, the PPM effectively filters input-level noise
and prevents it from propagating to downstream components, thereby
ensuring the integrity of the latent features.

Regarding the w/o PIM variant, the performance disparity is highly
contingent upon dataset characteristics. On datasets characterized by
pronounced channel heterogeneity — such as ECL and Solar — the
forecasting error escalates significantly. This is because the uniform
interaction paradigm of the STAR module is insufficient to accommo-
date the divergent dependency patterns inherent in different variables.
Conversely, on relatively homogeneous datasets like the ETT series,
the performance gap is notably constricted. This contrast confirms that
our personalized mechanism is explicitly engineered to reconcile the
complex, heterogeneous inter-variable dependencies that conventional
uniform methods typically overlook.

The w/o DFB variant yields consistently higher errors across all
benchmarks, indicating that the post-interaction features are highly
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Table 2
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Multivariate long-term forecasting results. The best result is marked in bold and the second best in underline. Avg means the average results from all four

prediction lengths.

Models DPIA(Ours) TQNet CASA TimeMixer SOFTS iTransformer PatchTST DLinear TimesNet
Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE  MAE MSE MAE MSE MAE MSE  MAE
96 0.376 0.404 0.377 0.405 0.389 0.418 0.379 0.406 0.382 0.409 0.395 0.420 0.388 0.414 0.380 0.407 0.461 0.465
z 192 0.407 0.424 0.408 0.425 0.430 0.445 0.421 0.436 0.416 0.432 0.431 0.445 0.475 0.473 0.408 0.424 0.478 0.480
E 336 0.425 0.437 0.435 0.447 0.446 0.461 0.446 0.457 0.442 0.450 0.448 0.459 0.473 0.471 0.437 0.446 0.497 0.494
=720 0.461 0.474 0507 0.500 0.496 0.503 0.480 0.487 0.462 0.483 0.523 0.522  0.489 0.491 0.485 0.503 0.557 0.531
Avg 0.417 0.435 0.432 0.444 0.440 0.457 0.431 0.446 0.425 0.444 0.449 0.461 0.456 0.462 0.428 0.445 0.498 0.493
96 0.285 0.347 0289 0.350 0.295 0.356 0.287 0.355 0.292 0.356 0.314 0.365 0.320 0.378 0.295 0.362 0.384 0.418
o192 0.363 0.396 0.364 0.398 0.364 0.397 0.378 0.413 0.369 0.399 0.379 0.407 0.417 0.433 0.378 0.416 0.405 0.433
E 336 0.380 0.414 0.384 0.416 0.391 0.422 0.382 0.420 0.394 0.422 0.421 0.437 0.441 0.453 0.468 0.477 0.405 0.440
= 720 0.417 0.446 0.420 0.451 0.430 0.458 0.432 0.459 0.420 0.452 0.439 0.461 0.475 0.485 0.609 0.561 0.464 0.477
Avg 0.361 0.401 0.364 0.404 0.370 0.408 0.370 0.412 0.369 0.407 0.388 0.418 0.413 0.437 0.437 0.454 0.414 0.442
96 0.296 0.350 0.299 0.351 0.300 0.355 0.306 0.356 0.301 0.355 0.311 0.365 0.298 0.352 0.304 0.348 0.331 0.378
o 192 0.340 0.376 0.341 0.377 0.341 0.384 0.346 0.381 0.344 0.382 0.348 0.385 0.359 0.395 0.340 0.372 0.430 0.423
£ 336 0.373 0.393 0.373 0.396 0.374 0.401 0.375 0.400 0.376 0.401 0.377 0.403 0.385 0.409 0.374 0.395 0.407 0.425
=720 0.428 0.421 0.432 0.426 0.429 0.432 0.466 0.446 0.456 0.448 0.436 0.437  0.442 0.445 0.427 0.425 0.472 0.462
Avg 0.359 0.385 0.361 0.388 0.361 0.393 0.373 0.396 0.369 0.397 0.368 0.398 0.371 0.401 0.361 0.385 0.410 0.422
96 0.172 0.261 0.174 0.260 0.182 0.267 0.176 0.268 0.182 0.267 0.179 0.271  0.185 0.277 0.167 0.260 0.207 0.290
192 0.231 0.304 0238 0.306 0.235 0.305 0.231 0.305 0.250 0.312 0.243 0.313 0239 0.316 0.229 0.309 0.255 0.323
£ 336 0.276 0.334 0.283 0.336 0.288 0.340 0.288 0.341 0.294 0.341 0.291 0.346  0.297 0.348 0.290 0.352 0.319 0.362
=720 0.360 0.385 0.372 0.393 0.364 0.389 0.376 0.392 0.378 0.396 0.378 0.398 0.384 0.406 0.409 0.430 0.418 0.420
Avg 0.260 0.321 0.267 0.324 0.267 0.325 0.268 0.326 0.276 0.329 0.273 0.332 0277 0.337 0.274 0.338 0.299 0.349
96 0.147 0.199 0.156 0.207 0.157 0.209 0.147 0.199 0.156 0.207 0.164 0.215 0.151 0.202 0.171 0.231 0.168 0.225
& 192 0.191 0.241 0204 0.253 0.205 0.255 0.193 0.242 0.212 0258 0.211 0.256 0.204 0.256 0.214 0.271 0.221 0.271
T 336 0.240 0.279 0257 0.293 0.259 0.294 0.242 0.281 0.265 0.299 0.266 0.296  0.257 0.294 0.258 0.309 0.285 0.317
= 720 0.319 0.332 0.324 0.338 0.341 0.351 0.319 0.334 0.354 0.356 0.341 0.345 0.341 0.352 0.320 0.358 0.352 0.360
Avg 0.224 0.263 0235 0.273 0.241 0.277 0.225 0.264 0.247 0.280 0.245 0.278 0238 0.276 0.241 0.292 0.256 0.293
96 0.134 0.237 0.134 0231 0.131 0.227 0.146 0.246 0.131 0.226 0.132 0.228 0.135 0.236 0.139 0.238 0.184 0.287
L 192 0.154 0.253 0.155 0.250 0.156 0.251 0.156 0.252 0.155 0.248 0.154 0.249  0.150 0.247 0.154 0.254 0.190 0.292
g 336 0.172 0272 0174 0.271 0.169 0.265 0.178 0.275 0.169 0.266 0.169 0.265 0.167 0.264 0.167 0.268 0.207 0.307
720 0.207 0.301 0210 0.300 0.198 0.293 0.255 0.341 0.202 0.294 0.194 0.288 0.203 0.295 0.204 0.304 0.263 0.348
Avg 0.167 0.266 0.168 0.263 0.164 0.259 0.184 0.278 0.164 0.258 0.162 0.257 0.163 0.260 0.166 0.266 0.211 0.308
96 0.180 0.230 0.183 0.247 0.189 0.238 0.209 0.257 0.198 0.244 0.214 0.259 0.188 0.256 0.207 0.273 0.201 0.270
192 0.202 0.254 0.203 0.261 0.202 0.256 0.223 0.270 0.206 0.265 0.227 0.281  0.204 0.271 0.226 0.288 0.232  0.292
S 336 0.203 0.253 0208 0.267 0.205 0.257 0.228 0.278 0.235 0.278 0.228 0.287  0.207 0.270 0.240 0.299 0.242 0.287
720 0.216 0.268 0222 0.274 0.216 0.270 0.229 0.277 0.217 0277 0.223 0.284 0218 0.282 0.249 0.306 0.240 0.295
Avg 0.200 0.251 0.204 0.262 0.203 0.255 0.222 0.270 0.214 0.266 0.223 0.278  0.204 0.270 0.230 0.292 0.229 0.286
9% 0.401 0.298 0.401 0.295 0.368 0.267 0.372 0.260 0.351 0.250 0.352 0.258 0.367 0.259 0.415 0.302 0.603 0.325
g 192 0.417 0.305 0.407 0.292 0.382 0.271 0.386 0.267 0.371 0.259 0.371 0.267 0.385 0.267 0.422 0.298 0.616 0.330
T 336 0.429 0.305 0.421 0300 0.390 0.275 0.395 0.273 0.385 0.267 0.387 0.275 0.395 0.272 0.431 0.304 0.626 0.334
=720 0.465 0.322 0.433 0.295 0.435 0.299 0.438 0.295 0.422 0.285 0.424 0.294  0.434 0.293 0.468 0.325 0.669 0.354
Avg 0.428 0.308 0.416 0.296 0.394 0.278 0.398 0.274 0.382 0.265 0.384 0.274 0.395 0.273 0.434 0.307 0.628 0.336
1st Count 27 27 1 1 3 0 2 1 6 6 3 2 2 2 5 5 0 0
processed by the optimally suited predictor, thereby enhancing the
Table 3 overall model expressivity.
Ablations on DPIA. Results are averaged from all four prediction lengths.
Models DPIA w/o PPM w/o PIM w/o DFB 4.4. Parameter sensitivity
Metric MSE MAE MSE MAE MSE MAE MSE  MAE
ETTh1 0.417  0.435 0.423 0439 0421 0438 0.424 0.440 We conduct an extensive sensitivity analysis to evaluate the ro-
ETTh2 0.361  0.401 0366  0.404 0365 0405 0.365 0.406 bustness of the proposed DPIA framework against variations in critical
ETTm1 0.359 0.385 0.362 0.386 0.360 0.386 0.361  0.388 h Specificall ine th del’s stability relati
ETTm2  0.260 0.321 0262 0323 0261 0322 0261 0.323 yperparameters. Specilically, we examine the models stability relative
Weather  0.224 0.263 0226 0.265 0.227 0265 0.227 0.265 to fluctuations in input sequence lengths and module-specific archi-
ECL 0.167 0.266 0.204 0.309 0.176 0.274 0.182 0.284 tectural configurations, providing an empirical basis for our optimal
Traffic 0.428 0.308 0559 0.366 0.449 0.319 0.439 0.316 parameter selection.
Solar 0.200 0.251 0.205 0.260 0.207 0.261 0.201  0.257

heterogeneous in nature. A static MLP head lacks the representational
capacity to effectively accommodate such multi-modal diversity. The
DFB resolves this bottleneck by employing a vectorized MoE architec-
ture, which dynamically routes varied feature instances to specialized
experts. This mechanism ensures that each latent temporal pattern is

The input sequence length L is pivotal for the PPM to capture robust
periodic patterns. We empirically evaluate the impact of L across the
set {96, 192,336,512,720}. As illustrated in Fig. 2, increasing L initially
leads to a significant reduction in forecasting error, particularly on
datasets with rich temporal dynamics like ETTm2 and Weather. This
enhancement is primarily attributed to the PPM’s capacity to distill
more reliable dominant periodicities and global dependencies from
longer historical contexts. Meanwhile, we observe that increasing the
input sequence length from L = 336 to L = 512 consistently leads
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Fig. 3. Hyper-parameter sensitivity with respect to six critical hyperparameters. The results are recorded with all five benchmark datasets.

to modest yet stable performance improvements across most datasets,
whereas further extending the length to L = 720 provides limited
additional gains. Although a shorter input such as L = 336 already
achieves competitive performance, we adopt L = 512 as the default
setting since it offers more consistent accuracy improvements across
diverse benchmarks. This behavior suggests that a moderately longer
temporal context helps the model capture more complete periodic
structures and long-range dependencies, which is particularly beneficial
for multivariate time series with heterogeneous temporal dynamics.
Consequently, L = 512 is selected as a practical default to favor
robustness and predictive accuracy.

To ensure robustness and optimal convergence, we investigate the
sensitivity of six pivotal hyperparameters, with results summarized in
Fig. 3. For the PPM module, the number of dominant periods is set to
K =2, as the results indicate this effectively captures primary cyclic dy-
namics without introducing high-frequency noise. Simultaneously, the
target patch length is set to 48, which provides the optimal granularity
for temporal embedding, avoiding the representation bias associated
with overly coarse or fine-grained patches. In the PIM module, the
dimension of the global core representation is set to d’ = 256. The
analysis reveals a clear U-shaped performance curve, indicating that
256 provides a sufficient information bottleneck to filter noise while
retaining essential global trends, whereas smaller dimensions lead to
information loss and larger dimensions increase redundancy. Regarding
the DFB module, we set the total number of experts to N, = 16 and the
number of active experts to k = 4. This configuration ensures sufficient
capacity to model heterogeneous temporal dynamics while maintaining
sparsity for inference efficiency. Finally, the balancing coefficient A for
the auxiliary load-balancing loss is set to 1.0. As shown in Fig. 3(f), this
value achieves a stable equilibrium, effectively minimizing prediction
error while preventing expert collapse.

4.5. Efficiency analysis

To assess the practical viability of DPIA for large-scale deployments,
we conduct a comparative analysis on the Weather dataset, focusing on

Memory Usage

0.30 4 FEDformer
685TMB 417ms

0.25 1000 8000 16000
MB MB MB

MSE

0.20 PatchT

ST
16417MB 274ms
MICN
1203MB 38ms

DPIA (ours)
4913MB 63ms

TimesNet
739MB 174ms

xer
MB 113ms

0.10

0 50 100 150 200 250 300 350 400 450
Training Time (ms/iter)

Fig. 4. Memory usage (MB), training time (ms/iter), and MSE comparisons on
the Weather dataset. Experiments are conducted with an input length of 512
and a prediction horizon of 96.

computational throughput (training speed), memory occupancy, and
forecasting precision. With a fixed lookback window of 512 and a
prediction horizon of 96, the empirical results — as illustrated in Fig.
4 — demonstrate that DPIA achieves an optimal trade-off between
resource expenditure and predictive fidelity.

In terms of hardware resource utilization, DPIA demonstrates supe-
rior efficiency with a memory footprint of 4913 MB, whereas PatchTST
demands a significantly higher 16,417 MB. This marked disparity un-
derscores the efficiency of our pattern-based interaction and vectorized
execution paradigm, which effectively circumvents the quadratic mem-
ory complexity inherent in the vanilla attention mechanisms of Trans-
former [3] and PatchTST [19]. Furthermore, in terms of computational
throughput, DPIA records a training latency of 63 ms per iteration. This
is significantly faster than other sophisticated architectures, such as
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FEDformer (417 ms) and PatchTST (274 ms), validating the operational
efficiency of our framework for large-scale time series forecasting.

The trade-off analysis further elucidates the architectural advan-
tages of the proposed framework. While lightweight models such as
MICN exhibit a marginally lower latency (38 ms), their predictive
fidelity is substantially compromised, yielding an MSE of 0.172 com-
pared to 0.147 for DPIA. Similarly, although TimesNet maintains a
compact memory footprint (739 MB), it suffers from a diminished
forecasting accuracy (0.168 MSE) and a prohibitive training latency
(174 ms). Most notably, when benchmarked against the highly com-
petitive TimeMixer — which matches our accuracy with an MSE of
0.147 — DPIA delivers a nearly 1.8x speedup and an approximately
15% reduction in memory occupancy. Specifically, DPIA achieves its
performance with 63 ms and 4913 MB, whereas TimeMixer necessitates
113 ms and 5796 MB. Collectively, these results underscore that DPIA
reconciles high-precision forecasting with the computational economy
required for large-scale multivariate deployments.

5. Conclusion

In this paper, we propose the DPIA network, a novel framework
designed to address the inherent challenges of noise interference and
channel heterogeneity in multivariate time series forecasting. Adopting
a progressive processing strategy, DPIA seamlessly integrates three
core components: the periodical patch mixer for multi-scale pattern
extraction, the personalized interaction module for adaptive cross-
channel information subscription, and the dispatch-fusion block for
dynamic expert routing. Extensive experiments on multiple real-world
benchmarks demonstrate that DPIA achieves competitive or superior
performance across most scenarios while ensuring high computational
efficiency. From a broader perspective, our results suggest that ex-
plicitly decoupling semantic pattern discovery and resolving channel
heterogeneity are critical strategies for advancing robust multivariate
time series analysis. However, the current reliance on FFT-based global
spectral analysis introduces a stationarity assumption, which limits
the model’s applicability to series with abrupt regime transitions or
gradually evolving seasonality. Future work will explore adaptive time—
frequency representations — such as short-time Fourier transforms and
learnable wavelet decompositions — to handle such non-stationary
periodic signals.
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