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ABSTRACT This study presents a unified framework for thermal energy forecasting that integrates signal
decomposition, Neural Architecture Search (NAS), and sparse transformer modeling. The method employs
a hyperparameter-optimized hierarchical Variational Mode Decomposition (VMD) to enhance signal
representation through adaptive noise suppression and mode separation. A differentiable preprocessing
module, referred to as HeadComposer, performs joint search over normalization, decomposition, and
convolutional transformations within a bilevel optimization procedure. The forecasting backbone consists
of a transformer architecture incorporating gated residual connections for adaptive token selection and
Mixture-of-Experts (MoE) feedforward layers for conditional computation. Experiments are conducted
on real-world thermal power generation data comprising approximately 10,000 test samples, using an
input look-back window of 96 time steps and a multi-step prediction horizon of 24 steps ahead. Results
demonstrate consistent improvements over state-of-the-art baselines, achieving a mean absolute percentage
error of 5.94%, corresponding to reductions of approximately 12-15% relative to competing methods. The
proposed design demonstrates the effectiveness of combining decomposition-based preprocessing (VMD
and HeadComposer) with NAS-driven architecture adaptation and sparse expert routing (based on MoE)
for modeling non-stationary thermal generation processes.

INDEX TERMS Mixture-of-experts, neural architecture search, variational mode decomposition.

The associate editor coordinating the review of this manuscript and

approving it for publication was Katherine VanDenburgh .

I. INTRODUCTION
Thermal power generation, accounting for over 60% of
global electricity production, remains pivotal in ensuring
energy security and grid reliability amid the transition to
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renewables [1]. Accurate forecasting of thermal energy
output is essential for optimizing fuel dispatch, mitigating
emissions, and enhancing market participation. However,
forecasting grapples with inherent non-stationarities driven
by fuel variability, ambient conditions, and operational
nonlinearities [2]. Traditional statistical models, such as
AutoRegressive Integrated Moving Average (ARIMA), falter
in capturing these multifaceted dynamics, prompting a surge
in deep learning paradigms that leverage decomposition,
attention, and scalable architectures [3].

Recent progress underscores the efficacy of signal decom-
position in disentangling multi-scale components of time
series [4]. Variational Mode Decomposition (VMD) has
emerged as a robust variational optimizer that outperforms
empirical alternatives by adaptively confining modes to
narrow frequency bands [5]. Coupled with Neural Archi-
tecture Search (NAS), these techniques automate tailored
forecasting pipelines, yielding ensembles that surpass fixed
transformers in energy production benchmarks [6]. Hybrid
attention mechanisms further mitigate computational bot-
tlenecks, while Mixture-of-Experts (MoE) layers introduce
sparsity for efficient routing, as evidenced in multi-energy
load predictions [7].

Current forecasting frameworks often treat signal decom-
position andmodel architecture design as independent stages,
creating a disconnect in which preprocessing is fixed and
not optimized with respect to the final predictive objective.
This separation limits the ability of the model to learn
representations that are jointly tailored to both noise char-
acteristics and forecasting performance. In addition, existing
sparse modeling strategies, such as MoE, are typically
applied without considering the non-stationary nature of the
input signals, leading to inefficient expert utilization and
suboptimal specialization across evolving temporal regimes.
As a result, there is a lack of a unified mechanism that
simultaneously adapts input representation, model structure,
and computational allocation.

Prevailing frameworks often isolate decomposition from
architecture optimization [8]. This neglects end-to-end
synergies for thermal-specific constraints like noise ampli-
fication in hierarchical signals or latency in real-time
dispatch [9]. This paper introduces a unified methodology
that fuses hyperparameter-optimized VMD with differen-
tiable NAS-driven preprocessing. The framework incor-
porates hybrid transformers featuring gated residuals and
token skipping, along with MoE-enhanced feedforwards,
culminating in a scalable pipeline for multivariate thermal
forecasting.

The central contribution of the proposed framework lies in
the HeadComposermodule, which defines a differentiable
and decomposition-aware preprocessing search space that is
optimized jointly with the forecasting model via a bilevel
scheme. This design enables the model to adaptively select
and weight preprocessing transformations based on their
impact on predictive performance, rather than relying on
fixed or manually designed pipelines.

In contrast to existing approaches that treat decomposition
and architecture design as separate stages, the proposed
method establishes a feedback-driven interaction between
representation learning and model optimization, allowing
preprocessing decisions to evolve in response to the forecast-
ing objective.

Additionally, the incorporation of sparse MoE routing
and GateSkipmechanisms aligns conditional computation
with the learned signal structure, promoting specialization
across dynamically identified temporal patterns. This unified
formulation advances beyond prior work by enabling a
co-design of input representation and predictive architecture,
resulting in a more adaptive and task-aware modeling
framework for non-stationary time series.

Based on these modules, the theoretical innovation of the
proposed method is:

• A unified formulation that bridges signal decomposition
and model design by integrating VMD with NAS in a
bilevel optimization framework, enabling joint adapta-
tion of input representation and predictive architecture.

• The introduction of the HeadComposer module,
which defines a differentiable and decomposition-aware
preprocessing search space, allowing data-driven selec-
tion and weighting of transformations based on their
impact on forecasting performance.

• A sparse computation mechanism combining
GateSkip and MoE that aligns conditional compu-
tation with the temporal structure of non-stationary
signals, improving specialization while maintaining
computational efficiency.

The practical value of the proposed approach is:

• Demonstrated improvement in forecasting accuracy,
achieving approximately 12%–15% reduction in MAPE
and superior performance compared to state-of-the-art
baselines on real-world thermal energy datasets.

• Enhanced robustness to non-stationary and noisy signals
through decomposition-based denoising and adaptive
preprocessing, enabling more reliable predictions in real
operational environments.

• A scalable and deployable framework that balances
accuracy and efficiency via sparse routing and token
pruning, making it suitable for real-time or resource-
constrained energy forecasting applications.

The remainder of this paper is organized as follows:
Section II reviews existing literature, categorizing advance-
ments in VMD for signal denoising in energy systems
and the application of NAS, hybrid transformers, and MoE
models for time series forecasting. Section III details the
proposed unified framework for thermal energy forecasting.
Section IV presents the experimental evaluation, includ-
ing the VMD preprocessing setup, a comparative study
against benchmarks, and analyses of the MoE routing
behavior and NAS-discovered preprocessing configurations.
Finally, SectionV summarizes the framework’s effectiveness,
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reiterates the performance gains, and suggests future research
directions.

II. RELATED WORK
Recent advancements in deep learning for time series fore-
casting in thermal energy systems emphasize the integration
of signal decomposition, automated architecture design, and
efficient attention mechanisms to handle non-stationarity,
multi-scale patterns, and computational constraints inherent
in power generation data [10], [11], [12]. These methods
address challenges such as fluctuating thermal loads due
to fuel variability and environmental factors, outperforming
traditional statistical models by capturing complex temporal
dependencies [13], [14], [15], [16]. Our framework builds on
these by combining optimized VMDwith NAS-driven hybrid
transformers and MoE, enabling adaptive preprocessing and
sparse routing tailored to thermal forecasting.

A. VMD FOR SIGNAL DECOMPOSITION
VMD has become a cornerstone for preprocessing
non-stationary signals in energy forecasting [17]. It offers
adaptive mode extraction that mitigates mode mixing
issues prevalent in empirical mode decomposition [18].
By formulating decomposition as a variational problem,
VMD isolates intrinsic modes with narrow bandwidths,
facilitating subsequent neural modeling [19]. In thermal
contexts, VMD enhances predictions by denoising multi-
frequency components, as demonstrated in electricity and
heat load forecasting for integrated energy systems. In these
applications, it improved reconstruction fidelity and reduced
MSE by up to 15% compared to raw inputs [20].
Recent studies in power generation forecasting have

increasingly emphasized the integration of signal decom-
position techniques with deep learning architectures to
address the inherent non-stationarity and volatility of solar
energy data. In particular, hybrid frameworks combin-
ing seasonal-trend decomposition using loess and VMD
with recurrent and attention-based models, such as Long
Short-Term Memory (LSTM) networks and transform-
ers, have demonstrated improved predictive accuracy by
isolating multi-scale temporal components and reducing
noise effects [21]. Additionally, generative models such as
TimeGAN have been employed to augment training datasets,
enhancingmodel robustness under limited or imbalanced data
conditions [22].

Several researchers are applying VMD for energy-related
tasks, such as classification [23] or forecasting [24]. Table 1
presents some of these works. Recent extensions incor-
porate hierarchical and multi-resolution VMD to capture
scale-varying dynamics in power generation. For instance,
a leakage-free samplewise VMD with bilevel optimization
refines mode boundaries for non-stationary series. This
approach aligns with our hierarchical extension that dec-
imates residuals across levels to handle thermal signal
intermittency [25].

PV power forecasting via VMD with LSTM hybrids
achieved MAPE reductions to 4.2%. This highlights VMD’s
role in stabilizing intermittent renewables integrated with
thermal plants [43]. Ensemble-based short-term power gener-
ation forecasting using VMD and bagging extreme learning
machines further validates adaptive hyperparameter tuning,
similar to our TPE optimization [44]. While effective, these
works rarely combine VMD with convolutional refinement,
as in our autoencoder-based denoising, or extend to NAS for
downstream forecasting.

Recent literature has increasingly emphasized the integra-
tion of VMD with advanced deep learning architectures to
enhance forecasting performance across diverse energy and
environmental applications [45]. Gao et al. [46] propose a
frequency-aware multi-task framework that leverages VMD
to decompose complex energy signals and combines it with
convolution-attention encoding to capture both local and
global temporal dependencies in integrated energy systems.
In a probabilistic forecasting context, Cui et al. [47] develop
a VMD-GRU-based model incorporating pinball loss for
oil price prediction, enabling uncertainty quantification, and
further extend this approach to a two-stage probabilistic
framework for dam displacement forecasting, demonstrating
the versatility of VMD in handling different types of temporal
dynamics.

Similarly, Zhang et al. [48] introduce aVMD-LSTMmodel
tailored to mitigate temporal lag effects in significant wave
height prediction, improving alignment between input signals
and target outputs. Collectively, these studies highlight the
effectiveness of coupling VMD-based decomposition with
both deterministic and probabilistic deep learning models,
reinforcing the importance of multi-scale signal represen-
tation and hybrid architectures in improving forecasting
accuracy and robustness, which is consistent with recent
unified approaches that integrate decomposition and model
design within a single learning framework.

B. NEURAL ARCHITECTURE SEARCH, HYBRID
TRANSFORMERS, AND MIXTURE-OF-EXPERTS
Neural Architecture Search, in short NAS, automates the
discovery of task-specific architectures, proving invaluable
for energy time series where fixed models falter under
varying load profiles [49]. Hierarchical NAS spaces enable
multi-level adaptations, reducing search costs while yielding
ensembles that surpass vanilla transformers in multi-step
energy production forecasting. Training-free NAS for elec-
tricity load prediction optimizes via proxy metrics, cutting
overhead by 90% and resonating with our differentiable
HeadComposer for preprocessing selection [50].

Recent studies on NAS have increasingly focused on
automating the design of deep learning models for forecast-
ing. These studies emphasize improving search efficiency and
reducing computational overhead [51]. Early evolutionary
NAS-based approaches explored the joint optimization of
network topology and hyperparameters. Still, they often
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TABLE 1. VMD application for signal denoising in energy systems.

suffered from slow evaluations and high resource con-
sumption when dealing with large-scale time-dependent
data. Advanced evolutionary NAS frameworks have intro-
duced multi-objective formulations to balance accuracy,
complexity, and latency. However, they typically assume
centralized data availability and therefore overlook data
privacy constraints [52].
NAS tailors models to multivariate inputs, as in

channel-temporal transformers searched for load forecasting,
incorporating spatial dependencies much like our multi-
scale convolutions [53]. Online evolutionary NAS for
non-stationary series dynamically evolves LSTM blocks,
offering parallels to our gated residuals for token skip-
ping [54].

Studies that integrated NAS into hybrid architectures
such as CNN-LSTM [55], CNN-BiLSTM [56], and CNN-
GRU [57] consistently reported substantial reductions in
forecasting error across heterogeneous domains [58]. In [56],
optimized architectures based on NAS achieved nearly
17% improvement for climate-related predictions. These
performance gains highlight the ability of NAS to auto-
matically tailor model depth, connectivity, and module
composition to the underlying spatial-temporal dynamics
of each dataset. The consistent reduction in Root Mean
Squared Error (RMSE) across different application areas
demonstrates that NAS is not only effective but also
robust. It offers a generalizable mechanism for enhancing
the predictive accuracy of spatiotemporal deep learning
models.

Applying NAS to transformer-based models has demon-
strated that automatically designed architectures can surpass
manually engineered designs across several tasks, such
as detection [59], recognition [60], or prediction [61].
Empirical evaluations show that NAS-optimized Transformer
variants outperform standard baselines such as bidirectional
encoder representations from transformers and vanilla vision
transformers. These variants achieve superior accuracy with
fewer parameters and reduced training cost [62].

Hybrid transformers blend efficient attentions with domain
adaptations to model long-range dependencies, outperform-
ing pure standard neural networks in load forecasting [63].
The Hybrid Time-Multivariate Transformer fuses temporal-
channel attentions, reducing latency by 40% while matching
our summation-scaled dot-product hybrid for early lay-
ers [64]. Stacked transformers with fuzzy logic enhance
multi-energy load predictions, incorporating decompositions
that complement our seasonal-trend heads [65]. Aggregation
hybrid modal decomposition in integrated systems boosts
accuracy via combined forecasting, echoing our scheduled
sampling for autoregression [66].

MoE introduces sparsity for scalable modeling, routing
tokens to specialized sub-networks [67]. A multi-energy
MoE with dynamic multilevel attention forecasts loads by
gating decomposedmodes, directly relating to our post-VMD
MoE with load balancing [68]. Temporal Mix-of-Experts
boosts long-horizon predictions via expert specialization
on time scales, enhancing our refinement stage for mode-
specific processing [69]. Collaborative MoE for building
energy consumption employs ensemble experts for residuals,
mirroring our auxiliary loss for balancing [70].

III. METHODOLOGY
We propose a comprehensive framework for multivariate
time series forecasting that integrates adaptive signal pre-
processing with neural architecture search. The framework
consists of two main components operating at different
stages of the prediction pipeline: (1) signal decomposition
and preprocessing, which extracts multi-resolution temporal
patterns using VMD and applies learnable transformations
through a differentiable HeadComposer module, and
(2) adaptive neural architecture. The second component
comprises an attention-based transformer encoder-decoder
with gated residual connections and sparse MoE compu-
tation. These components are jointly optimized through a
two-stage bilevel optimization procedure, as illustrated in
Figure 1.
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FIGURE 1. Proposed framework integrating VMD-based signal decomposition, differentiable HeadComposer for preprocessing
selection, transformer encoder-decoder with GateSkip mechanisms, and sparse MoE for conditional computation.
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A. STAGE I: SIGNAL PREPROCESSING AND
DECOMPOSITION
The first stage of our framework focuses on extracting
meaningful temporal patterns and applying adaptive trans-
formations to the input time series. This stage operates
independently of the neural network training and consists of
two key components: Variational Mode Decomposition for
multi-resolution signal analysis, and the HeadComposer
module for differentiable preprocessing selection.

1) VARIATIONAL MODE DECOMPOSITION
Variational Mode Decomposition, in short VMD [5], decom-
poses a real-valued input signal f (t) into a discrete collection
of intrinsic mode functions (IMFs). VMD mitigates mode
mixing by framing the decomposition as a constrained
variational optimization problem. The signal is modeled
as the superposition of K band-limited modes uk (t), each
representing an analytic signal with limited bandwidth
centered at frequency ωk , plus a residual r(t):

f (t) =

K∑
k=1

uk (t) + r(t). (1)

The optimization minimizes the aggregate bandwidth of
the modes, quantified by the squared L2-norm of their
frequency-domain gradients, while enforcing exact signal
reconstruction. This yields the augmented Lagrangian:

L ({uk}, {ωk}, λ) = α
∑
k

∥∥∥∂t [(uk (t)e−jωk t ) ∗ h(t)
]∥∥∥2

2

−

〈∑
k

uk , f

〉
+

τ

2

∥∥∥∥∥∑
k

uk−f

∥∥∥∥∥
2

2

+

〈
λ, f −

∑
k

uk

〉
,

(2)

where α > 0 balances bandwidth constraint and reconstruc-
tion fidelity, τ ≥ 0 governs dual ascent, h(t) is the unilateral
Hilbert transform, and ∗ denotes convolution.
Exploiting the Parseval theorem, the problem shifts to the

frequency domain:

L̂
(
{ûk}, {ωk}, λ̂

)
= α

∑
k

∥∥j(ω − ωn
k )ûk (ω)

∥∥2
2

−

∫
f̂ ∗(ω)

∑
k

ûk (ω) dω +
τ

2

∥∥∥∥∥∑
k

ûk − f̂

∥∥∥∥∥
2

2

+

∫
λ̂∗(ω)

(
f̂ (ω) −

∑
k

ûk (ω)

)
dω, (3)

where hats denote Fourier transforms. The Alternating
Direction Method of Multipliers (ADMM) iteratively refines
the solution through:

ûn+1
k (ω) =

f̂ (ω) −
∑

i<k û
n+1
i (ω) −

∑
i>k û

n
i (ω) +

λ̂n(ω)
2

1 + α(ω − ωn
k )

2 ,

(4)

ωn+1
k =

∫
∞

0 ω

∣∣∣ûn+1
k (ω)

∣∣∣2 dω∫
∞

0

∣∣∣ûn+1
k (ω)

∣∣∣2 dω

, (5)

λ̂n+1(ω) = λ̂n(ω) + τ

(
f̂ (ω) −

∑
k

ûn+1
k (ω)

)
. (6)

Convergence is monitored using the normalized residual

∥ûn+1
− ûn∥2

∥ûn∥2
≤ ϵ, (7)

with ϵ = 10−6 and maximum Nmax = 300 iterations.
To mitigate boundary artifacts, signals undergo periodic
extension via reflection or mirroring, with extension length

η = min(0.3,max(0.15, 500/T ))T (8)

where T = ∥f ∥0 denotes signal length. Subsequent Tukey
windowing employs a taper ratio

αw = 0.01 + 0.09/(1 + σ 2(∂t f )/µ2(|f |)). (9)

a: HYPERPARAMETER OPTIMIZATION
The number of modes K and bandwidth parameter α are
optimized using TPE sampling [71] over Nt trials. The search
space spans

K ∈ [2,max(8, 4 + ⌊C(f )⌋)] (10)

and α ∈ [αmin, αmax] on a logarithmic scale. The complexity
metric C(f ) ∈ [0, 1] integrates spectral entropy

H (f̂ ) = −

∫
p̂(ω) log p̂(ω) dω, (11)

normalized frequency spread σω/ωmax, and temporal vari-
ability σ (∂t f )/σ (f ).

Signal-to-noise ratio (SNR), estimated as

SNR = 10 log10(∥f̂ ∥
2
2/∥n̂∥

2
2) (12)

with noise floor n̂ from the median spectrum, dynamically
adjusts search bounds. Optimization targets a composite
objective:

J = 0.7
∥f −

∑
k uk∥

2
2

∥f ∥22
+ 0.2exp(−1ωk ) (13)

+ 0.1
H (uk )

log(K + 1)
, (14)

balancing reconstruction error, mode separation (via sorted
frequency gaps

1ωk = sort(ωk )i+1 − sort(ωk )i), (15)

and mode informativeness (per-mode entropyH (uk )). Under-
performing trials are pruned after Nw = 2 warmup iterations
based on median performance.

Computational efficiency is enhanced through fast Fourier
transform (FFT) implementations via FFTW (FTT designed
to maximize hardware performance) [72] with cached
execution plans, alongside Numba-accelerated just-in-time
compilation of the ADMM loop for vectorized processing
over non-negative frequencies ω ≥ 0.
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b: HIERARCHICAL MULTI-RESOLUTION EXTENSION
To accommodate non-stationary signals, we apply recursive
multi-resolution VMD across Lmax = 3 levels. At level ℓ,
the prior residual rℓ−1(t) (initialized as r0(t) = f (t)) is
downsampled by 2ℓ using anti-aliased zero-phase FIR low-
pass filtering.

This yields rℓ(t ′) at sampling rate f ℓ
s = fs/2ℓ. VMD

then extracts K ℓ modes {uℓ
k}, which are upsampled to the

original length via linear interpolation. These modes are then
subtracted from the prior residual:

rℓ
= rℓ−1

−

∑
k

uℓ
k . (16)

Recursion terminates if

∥rℓ
∥
2
2/∥f ∥

2
2 < θ = 0.01 (17)

or the sample count drops below 100.
Lower levels adopt reflective padding, while higher

levels use mirroring. Adaptation scales trials as N ℓ
t =

max(8, 15/(ℓ + 1)) and bandwidth bounds as

αℓ
min,max = 1.5ℓ−1αmin,max. (18)

Post-decomposition, modes are consolidated if their domi-
nant frequencies

ωk = argmax
ν

∥ûk (ν)∥2 (19)

overlap by

|ωi − ωj|/max(ωi, 10−6) < 0.15, (20)

and sorted in ascending order by ωk . Boundary smooth-
ing employs sine/cosine tapers spanning min(100,T/10)
samples.

c: MODE REFINEMENT VIA CONVOLUTIONAL
AUTOENCODER
To suppress decomposition artifacts, extracted modes {uk} ∈

RK×T are refined using a compact one-dimensional convolu-
tional autoencoder. The encoderE : R1×T

→ R64×T/4 stacks
two blocks of 1D convolution (kernel size 3, padding 1),
ReLU activation, andmax-pooling (stride 2). The decoderD :

R64×T/4
→ R1×T mirrors this with transposed convolutions

(kernel size 4, stride 2, padding 1).
Training minimizes the mean squared reconstruction error

∥uk − D(E(uk ))∥22 over 50 epochs using Adam optimization
(η = 10−3) on z-score-normalized inputs per mode.
Sequential application yields denoised modes {ũk}. The
complete VMD pipeline reconstructs the signal as f ≈∑

k ũk , with fidelity assessed by normalized

MSE = ∥f −

∑
k

ũk∥22/T , (21)

as illustrated in Figure 2.

FIGURE 2. Block diagram of VMD-based signal decomposition,
encompassing hyperparameter optimization via TPE, hierarchical
multi-resolution extension, and mode refinement through a convolutional
autoencoder.

2) HEADCOMPOSER: DIFFERENTIABLE PREPROCESSING
SELECTION
Following VMD decomposition, the HeadComposermod-
ule enables differentiable NAS over a library of preprocessing
transformations.

The selection of preprocessing heads is grounded in
established properties of time series data. These properties
have particular relevance to hydrological applications such
as reservoir volume forecasting. Each head targets a specific
temporal property or inductive bias commonly observed in
real-world time series. Their combination yields complemen-
tary representations that support effective pattern learning in
forecasting models.

a: MOTIVATION FROM TIME SERIES PROPERTIES
Time series in environmental and hydrological domains
frequently display characteristics that pose challenges to
forecasting models [3], [73]:

• Non-stationarity: Shifts in mean and variance over
time, often induced by seasonal cycles or long-term
trends, can cause discrepancies between training and test
distributions [74].

• Additive temporal components: Many time series
admit decomposition into trend, seasonal, and residual
components [75].
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• Multi-scale temporal patterns: Informative patterns
emerge at varying temporal resolutions, ranging from
short-term fluctuations to long-term cycles [76].

• Local temporal coherence:Consecutive time steps typ-
ically exhibit high similarity, supporting the aggregation
of local windows into higher-level representations [77].

The preprocessing heads are designed to address these
properties:

(1) Reversible Instance Normalization (RevIN):
RevIN [74] normalizes each time series instance to zero
mean and unit variance during training, with stored statistics
enabling reversal at inference. This mitigates distribution
shifts while preserving the original scale in predictions and
stabilizing training. Evaluations on time series benchmarks
have demonstrated improved performance under distribution
shifts [74].

(2) Seasonal-Trend Decomposition: Following classical
decomposition approaches [73], [75], the time series is
separated into trend (Tt ), seasonal (St ), and residual (Rt )
components using moving-average filtering, where

Xt = Tt + St + Rt . (22)

This explicit separation allows specialized processing of
each component. Prior studies have reported performance
gains from such decomposition in seasonal forecasting [78].
(3) Multi-Scale Convolution (MSConv): Parallel convo-

lutional layers with kernel sizes {3, 5, 7, 11} extract features
at multiple temporal scales simultaneously. This design draws
from multi-scale processing in computer vision [79] and
subsequent adaptations to time series [80].
(4) Patch Embedding: Dividing the time series into

non-overlapping patches of length p = 5, analogous to
patch-based processing in vision transformers [81], reduces
sequence length and promotes learning of higher-level
representations from local windows [82].
The heads target distinct aspects-distribution normaliza-

tion, component separation, multi-scale feature extraction,
and local abstraction-yielding complementary information.
However, the utility of individual heads varies across
datasets and tasks. The differentiable architecture search
(Section III-A2) therefore adaptively weights or selects heads
based on validation performance, allowing data-driven selec-
tion of relevant inductive biases without manual intervention.

b: CONNECTION TO RESERVOIR VOLUME FORECASTING
Reservoir volume time series typically exhibit the properties
outlined above:

• Non-stationarity: Fluctuations in mean and variance
arise from seasonal precipitation, evaporation, and oper-
ational policies, motivating normalization approaches
such as RevIN.

• Seasonality and trend: Pronounced annual cycles and
multi-year trends (e.g., driven by climate variability)
align with explicit decomposition.

• Multi-scale patterns: Dynamics operate across
timescales, from daily inflows/outflows to weekly
weather events and seasonal cycles, supporting multi-
scale convolution.

• Local coherence: Gradual day-to-day changes in water
levels favor patch-based representations.

c: SEQUENTIAL PROCESSING ARCHITECTURE
All preprocessing heads are applied sequentially in a
fixed order, forming a transformation pipeline. Each head’s
contribution is controlled by a learnable architecture param-
eter, enabling the model to adaptively select or attenuate
transformations during training. Given the decomposed
signal X(0) (which may be the VMD-refined modes or the
original series), the pipeline computes:

X(0) h1
−→ Z(1) h2

−→ Z(2) h3
−→ · · ·

hN
−→ Z(N ), (23)

where the output of each head becomes the input to
the next. This sequential design allows transformations to
compose and build upon each other, with earlier operations
(e.g., normalization) influencing later ones (e.g., patch
embedding).

d: ARCHITECTURE PARAMETERIZATION
Each head hi is associatedwith a scalar architecture parameter
αi ∈ R that controls how the head output is combined with
its input. We employ two parameterization modes depending
on the transformation’s properties:
Gate Mode (Discrete Selection). For heads that alter

dimensionality or require a well-defined inverse (e.g., patch
embedding or reversible normalization), a binary gate is
employed using a straight-through estimator [83]:

gi = I[σ (αi) > 0.5] + σ (αi) − sg[σ (αi)], (24)

where σ (·) is the sigmoid function and sg[·] denotes the stop-
gradient operator. The transformation becomes:

Z(i)
= gi · hi(Z(i−1)) + (1 − gi) · Z(i−1). (25)

Soft Mode (Continuous Blending). For dimensionality-
preserving heads, a soft combination enables smooth
interpolation:

wi = σ (αi), Z(i)
= wi · hi(Z(i−1)) + (1 − wi) · Z(i−1).

(26)

e: PREPROCESSING HEAD LIBRARY
The framework includes the following domain-informed
preprocessing transformations, applied in the order listed
below:

(1) Reversible Instance Normalization. RevIN [74]
performs instance-wise, channel-wise normalization along
the temporal dimension. For input X ∈ RT×C , we compute
per-channel statistics:

µc =
1
T

T∑
t=1

Xt,c, σc =

√√√√ 1
T

T∑
t=1

(Xt,c − µc)2, (27)
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and apply normalization:

RevIN(X)t,c =
Xt,c − µc

σc + ϵ
, ϵ = 10−6. (28)

The statistics (µc, σc) are stored and later used to
denormalize predictions, recovering the original scale:

X̂t,c = Ẑt,c · (σc + ϵ) + µc. (29)

RevIN is controlled via gated architecture parameter αrevin.
(2) Seasonal–Trend Decomposition. A moving-average

filter with kernel size k = 25 decomposes the signal into
trend and seasonal components:

Xtrend = AvgPool1D(X; k = 25), (30)

Xseasonal = X − Xtrend. (31)

The outputs are concatenated and blended with the input
using soft mode parameterization with weight αdecomp.

(3) Multi-Scale Convolution. Parallel 1D convolutions
with kernel sizes {3, 5, 7, 11} capture multi-scale temporal
patterns:

MSConv(X) = Concat
[
Conv(X; km)

]4
m=1. (32)

The concatenated result is projected back to C channels via
a linear layer and blended using soft architecture parameter
αMSConv.

(4) Patch Embedding. Following PatchTST [77], the
sequence is divided into non-overlapping patches of fixed
length p = 5:

Pi = X(i−1)p:ip,:, i = 1, . . . ,
⌊
T
p

⌋
. (33)

Each patch is linearly projected to the model embedding
space dmodel, reducing the effective sequence length by a
factor of p. This operation uses patch size p = 5, balancing
computational efficiency with temporal resolution. Patch
embedding is controlled via the gated parameter αpatch.

f: ARCHITECTURAL OPTIMIZATION
Architecture parameters {αi} are optimized jointly with net-
work weights using an alternating bilevel procedure (detailed
in Section III-C). During architecture updates, model weights
are frozen, and α parameters are adjusted via gradient descent
on validation loss. During weight updates, α parameters
remain fixed while standard model parameters are optimized.
This DARTS-style scheme decouples architectural selection
from weight fitting.

B. STAGE II: ADAPTIVE NEURAL ARCHITECTURE
The second stage consists of an attention-based transformer
encoder-decoder architecture augmentedwith adaptive gating
mechanisms and sparse conditional computation. The prepro-
cessed embeddings from Stage I serve as input to this neural
architecture.

1) POSITIONAL ENCODING
To imbue the preprocessed embeddings Z with temporal
ordering information, we incorporate positional encodings
additively:

H(0)
= Z + PE, (34)

where PE ∈ RT×dmodel can adopt either classical sinusoidal
encodings or Rotary Position Embeddings (RoPE) [84], the
latter encoding relative positions more effectively by rotating
query and key vectors.

2) GATESKIP: ADAPTIVE RESIDUAL ROUTING AND
BUDGETED TOKEN SKIPPING
A central component of our architecture is GateSkip,
a token-conditioned residual routing mechanism that aug-
ments standard residual connections with learned, input-
dependent modulation. Rather than uniformly applying each
sublayer transformation to all tokens, GateSkip estimates
the utility of the update at each position and adaptively
controls how much of the transformed signal is admitted
into the residual path. This yields a form of conditional
computation in which salient tokens receive stronger updates,
whereas less informative positions preferentially preserve the
identity pathway.:contentReference[oaicite:1]index=1

For an input sequence representation H ∈ RT×dmodel and
a sublayer transformation f (H), the gate is computed from a
normalized version of the previous hidden state:

H̃ = Norm(H), (35)

G = σ
(
W2 φ

(
W1H̃ + b1

)
+ b2

)
, (36)

where φ(·) denotes a GELU nonlinearity and σ (·) is the sig-
moid function. In the default and most stable configuration,
the gate is token-wise scalar, i.e.,

G ∈ [0, 1]T×1, (37)

although a per-feature variant G ∈ [0, 1]T×dmodel may also be
used. The gated residual update is then given by

H′

soft = H + G ⊙ f (H). (38)

Hence, GateSkip first performs a soft, token-adaptive
residual scaling before any hard pruning decision is applied.
Tokens with larger gate values receive a stronger transformed
update, while tokens with smaller gate values remain closer
to the original residual stream.:contentReference[oaicite:2]
index=2

a: TOKEN IMPORTANCE SCORES
When scalar gates are used, the token importance score is
directly

ḡt = Gt . (39)

For per-feature gating, a scalar token score is obtained by
averaging over channels:

ḡt =
1

dmodel

dmodel∑
j=1

Gt,j. (40)
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These scores are subsequently used to determine which
tokens should traverse the expensive transformed branch
under a prescribed computation budget.:contentReference
[oaicite:3]index=3

b: BUDGET-AWARE EXACT TOP-K SELECTION
To encourage computational efficiency, GateSkip is cou-
pled with a retention budget scheduler that specifies the
fraction of active tokens allowed to use the transformed path.
The budget is annealed linearly during training:

b(t) = (1 − αt ) bstart + αt bend, αt =
t

Ttotal
, (41)

with typical values

bstart = 1.0, bend = 0.8. (42)

Thus, training starts with a fully open regime and gradually
transitions toward moderate sparsity.

Given the scalar token scores {ḡt }Tt=1, GateSkip does not
use a fixed threshold. Instead, it performs exact per-sample
top-k selection over the active tokens, where

k = round(b(t)Nactive) , (43)

and Nactive is the number of valid positions under the activity
mask. Let m ∈ {0, 1}T denote the resulting keep mask,
with mt = 1 if token t is among the top-k scores and
mt = 0 otherwise. The final hard-routed output is

H′
= m ⊙ H′

soft + (1 − m) ⊙ H. (44)

Equivalently, only the selected tokens retain the gated
transformed update, while skipped tokens are copied through
unchanged from the residual branch. This exact top-k
strategy yields tighter control over realized computation than
threshold-based pruning, especially when gate scores are tied
or concentrated in a narrow range

c: REGULARIZATION OBJECTIVES
To stabilize the routing policy and align it with the intended
computation budget, we employ three complementary regu-
larization terms.

First, a sparsity-inducing gate penalty encourages low
average activation:

Lsparse = λs
1

Nactive

∑
t∈A

ḡt , (45)

where A is the set of active tokens.
Second, a budget-matching regularizer penalizes devia-

tions between the realized keep ratio and the target budget:

b̂ =
1

Nactive

∑
t∈A

mt , Lbudget = λb
(̂
b− b(t)

)2
. (46)

Third, for sequential stability, a smoothness penalty
discourages highly oscillatory gating patterns across adjacent
active positions:

Lsmooth = λsm
1

|P|

∑
(t−1,t)∈P

|ḡt − ḡt−1| , (47)

where P denotes the set of valid adjacent active token pairs.
The overall auxiliary gate regularization is therefore

Lgate = Lsparse + Lbudget + Lsmooth. (48)

This decomposition provides a clearer optimization sig-
nal than a single penalty on squared gate magnitude,
while explicitly controlling compute usage and temporal
consistency.:contentReference[oaicite:6]index=6

d: ACTIVITY MASKS AND INVALID POSITIONS
In practice, the budgeted selection is applied only over valid
tokens, as defined by an activity mask. Padding or otherwise
inactive positions do not consume budget and are always
copied through unchanged. This is particularly important
when variable-length sequences or patchified representations
are used, since the effective number of candidate tokens may
differ across samples.

e: WARMUP AND HARD SKIPPING
To improve optimization stability, GateSkip may be
operated in an initial soft-only regime, in which the model
applies the gated residual update

H′

soft = H + G ⊙ f (H) (49)

without imposing hard top-k routing. After this warmup
phase, exact top-k budgeted skipping is enabled. This phased
strategy allows the gating network to first learn meaningful
token saliency estimates before being required to make
discrete allocation decisions.

3) TRANSFORMER ENCODER
The encoder stacks Lenc identical layers, each processing
hidden states H(ℓ−1) through pre-normalization attention
and feedforward blocks. Normalization employs Root-Mean-
Square Normalization (RMSNorm):

RMSNorm(x) =
x√

1
d

∑d
i=1 x

2
i + ϵ

⊙ g, (50)

(ϵ = 10−5) with affine scaling by learned g.

4) MIXTURE OF EXPERTS (MOE)
The feedforward component is realized as a sparse MoE
layer with E = 8 specialized experts, enabling conditional
computation. A lightweight gating network assigns routing
scores:

r = softmax(Wgateh), (51)

from which the top-k = 2 experts are selected
and re-normalized to r̄i. The output aggregates expert
contributions:

MoE(h) =

∑
i∈T

r̄i · Experti(h), (52)
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where each expert implements a Gated Linear Unit (GLU)
variant:

Experti(h) = W(i)
2 SwiGLU(W(i)

1 h), (53)

with

SwiGLU(x) = Swish(x1:d/2) ⊙ xd/2+1:d (54)

and

Swish(x) = x ⊙ σ (x). (55)

To prevent expert collapse, an auxiliary loss promotes
uniform utilization:

Laux = αaux · E
E∑
i=1

fiPi, (56)

balancing fraction routed fi and probability Pi across experts.

5) TRANSFORMER DECODER
The decoder mirrors the encoder’s structure but employs
causalmasking for autoregressive generation overLdec layers.
It initializes with

Din = Concat[Ylabel,Yzero] ∈ R(L+H )×C (57)

where L = 2, recycling the last L input timesteps as Ylabel
and zero-padding the forecast horizon as Yzero.
Each decoder layer first applies masked self-attention on

normalized states

S̃(ℓ) = RMSNorm(S(ℓ−1)), (58)

producing A(ℓ)
self and residual

S(ℓ)1 = GateSkip(S(ℓ−1),A(ℓ)
self). (59)

Cross-attention to the encoder memory M ∈ RT×dmodel

follows:

A(ℓ)
cross = MultiHeadAttn(S̃(ℓ)1 ,M,M), (60)

S(ℓ)2 = GateSkip(S(ℓ)1 ,A(ℓ)
cross). (61)

The layer concludes with an MoE feedforward block

F(ℓ)
= MoE(S̃(ℓ)2 ) (62)

and final gating:

S(ℓ) = GateSkip(S(ℓ)2 ,F(ℓ)). (63)

The output projection maps to multivariate forecasts:

Ŷ = WoutRMSNorm(S(Ldec)) ∈ RH×C . (64)

a: SCHEDULED SAMPLING
To bridge the gap between teacher-forcing training and
autoregressive inference [85], decoder inputs are sampled as:

dt

=

{
yt−1 w.p. ρ(ϵ),
ŷt−1 w.p. 1 − ρ(ϵ),

ρ(ϵ)=max(0, 0.95−ϵ/Etotal),

(65)

gradually exposing the model to its own predictions.

C. TWO-STAGE BILEVEL OPTIMIZATION
Model training follows a bilevel optimization scheme that
decouples learning of network weights from optimization
of preprocessing architecture parameters, as illustrated in
Figure 3.

1) WEIGHT OPTIMIZATION (INNER LEVEL)
With architecture parameters α fixed, model weights θ are
optimized on the training set by minimizing:

Ltrain(θ, α) = E(X,Y)∼Dtrain

[
ℓ(Y, f (X; θ, α)) (66)

+ Laux(θ) + Lgate(θ)
]
, (67)

where ℓ(·, ·) denotes the L1 forecasting loss. Optimization
employs AdamW [86] with learning rate ηθ = 10−3 and
weight decay λwd = 0.01. Gradient clippingwith amaximum
norm 1.0 is applied, and gradient checkpointing reduces
memory consumption.

2) ARCHITECTURE OPTIMIZATION (OUTER LEVEL)
After a warmup period of Ewarmup = 5 epochs, architecture
parameters α are optimized while keeping θ fixed. The
objective is defined on the validation set:

Lval(θ, α) = E(X,Y)∼Dval

[
ℓ(Y, f (X; θ, α))

]
. (68)

Architecture parameters are updated using Adam with
learning rate ηα = 3 × 10−3. For gated heads, gra-
dients are propagated through discrete decisions using a
straight-through estimator with temperature τ = 1.0.

3) ALTERNATING SCHEDULE
Following DARTS [87], weight and architecture updates
are alternated within each epoch after the warmup phase.
For every Nalt = 1 weight update step, a corresponding
architecture update is performed using a mini-batch from
the validation set. This alternating procedure enables joint
adaptation of preprocessing structure and model parameters
while maintaining stable optimization dynamics.

Algorithm 1 summarizes the complete training procedure.
Model weights are optimized on training data in the inner
loop, while preprocessing architecture parameters are refined
on validation data in the outer loop, with intra-epoch
alternation after an initial warmup phase.

IV. RESULTS
To evaluate the efficacy of our proposed NAS framework
for time series forecasting, we conducted experiments
considering the dataset available at: https://dados.ons.org.br/
dataset/geracao-usina-2 (accessed on April 15, 2026).
We compare our model against a suite of state-of-the-
art baselines, including transformer-based models (e.g.,
PatchTST, iTransformer), MLP variants (e.g., NHITS,
NBEATSx), and recurrent architectures (e.g., LSTM, GRU).

All models are trained under identical conditions: a
lookback window of 96 timesteps and a prediction horizon of
24, with performance aggregated over 10,000 test samples.
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FIGURE 3. Two-stage bilevel optimization procedure.

Algorithm 1 Two-Stage Alternating Optimization
Require: Training set Dtrain, validation set Dval

Initialize weights θ and architecture parameters α
for ϵ = 1 to Etotal do

for each mini-batch Btrain ⊂ Dtrain do
Update θ using ∇θLtrain
if ϵ > Ewarmup and step modNalt = 0 then

Sample Bval ⊂ Dval
Update α using ∇αLval

end if
end for

end for
Ensure: Optimized weights θ∗ and parameters α∗

Metrics include RMSE, MSE, Mean Absolute Error (MAE),
and MAPE, reported on the original data scale.

All experiments were conducted on a high-performance
workstation running Gentoo Linux (x86_64). The system is
equipped with an Intel Core i9-14900K CPU and an NVIDIA
GeForce RTX 4090 GPU. The machine provides 32GB of
system memory.

Our models are implemented in PyTorch (version 2.10)
with CUDA acceleration, leveraging mixed-precision train-
ing where applicable. All experiments were executed using
a consistent software environment, including Python (3.13),
and standard scientific computing libraries along with
foreblocks,1 our in-house library for time-series forecasting.

A. HYPERPARAMETER CONFIGURATION AND TRAINING
PROTOCOL
We report the full hyperparameter configuration and training
protocol used for the main experiments. Unless otherwise
stated, all results correspond to a single unified model config-
uration, with architectural components activated according to
the specific ablation setting.

The hyperparameters reported in Table 2 were selected
via a systematic grid search procedure over a predefined set
of candidate values. Specifically, we explored variations in
model dimension, number of attention heads, feedforward

1http://github.com/lseman/foreblocks

TABLE 2. Model hyperparameters and training configuration used across
all experiments.

size, dropout rate, and learning rate. Each configuration was
evaluated under the same training protocol, and the final
setting was chosen based on validation performance.

The model is based on a compact Transformer
encoder–decoder architecture with moderate dimensionality
and depth, ensuring a balance between expressiveness and
computational efficiency. The use of RMS normalization and
relatively small feedforward layers reflects a design choice
aimed at stable and efficient training.
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The sequence configuration follows a standard sliding-
window forecasting setup, where a context of 100 timesteps
is used to predict the next 5 steps. The decoder operates in
an informer-like regime, leveraging partial label exposure to
stabilize autoregressive learning.

Training is performed using the Adam optimizer with a
fixed learning rate and large batch size, allowing efficient
GPU utilization. Scheduled sampling is employed to grad-
ually reduce exposure bias during training.

Advanced components such as MoE, GateSkip, and
HeadComposer+NAS are integrated modularly into the
architecture. Notably, Neural Architecture Search is only
activated when the Head Composer is enabled, where
it dynamically adjusts the contribution of different head
transformations. This unified configuration ensures that all
ablation results are directly comparable under a consistent
training protocol.

B. PREPROCESSING
Prior to ingestion into the NAS framework, the raw thermal
energy time series from our thermal energy dataset undergo a
custom VMD preprocessing step to mitigate high-frequency
noise and enhance the signal-to-noise ratio. Our tailored
VMD implementation employs a variational optimization
framework with a data-adaptive bandwidth constraint α =

814.5 and K = 2 intrinsic modes, selected via Optuna
hyperparameter optimization over 8 trials (Figure 4) to bal-
ance decomposition fidelity (reconstruction cost ≈ 0.0019)
against over-decomposition artifacts.

FIGURE 4. Optimization history for VMD hyperparameters using Optuna.
The plot shows the objective value (reconstruction cost) across 8 trials,
converging rapidly to the best value of ≈ 0.0019, corresponding to
optimal K = 2 and α = 814.5.

The algorithm iteratively extracts band-limited modes by
minimizing the sum of mode bandwidths subject to a unit L2
constraint on the signal approximation, yielding orthogonal
IMFs that disentangle trend and seasonal components. For

filtering, we reconstruct the denoised signal by aggregating
both IMFs, capturing low-frequency trends and diurnal
cycles, which inherently suppresses high-frequency residuals
through the constrained decomposition.

Post-decomposition, the filtered signal is subjected to
z-score standardization by subtracting the global mean
and dividing by the global standard deviation, computed
across training, validation, and test partitions to prevent data
leakage while promoting gradient stability in the transformer
backbone. This normalization centers the data to zero mean
and unit variance, ensuring equitable feature scaling amid
multivariate inputs (e.g., load, temperature covariates) and
aligns with the framework’s adaptive HeadComposer
module for further modality-specific refinements. Conse-
quently, all performance metrics presented in this section
(e.g., Table 3) are evaluated on the original signal domain
after inverse standardization, with the standardized scale
used internally for training; this practice facilitates direct
comparability with benchmark protocols in the literature,
underscoring the framework’s robustness to non-stationarity
without inflating error magnitudes via unit mismatches.

Figure 5 illustrates the efficacy of this pipeline on an
8000-timestep subsequence from our thermal energy dataset,
juxtaposing the volatile original signal (top panel, exhibiting
sharp spikes indicative of unfiltered perturbations) against the
VMD-reconstructed filtered variant (bottom panel, showing
smoother contours while preserving the overall oscillatory
structure). The noise attenuation is evident in the suppression
of erratic peaks in the filtered signal, which supports
improved long-range dependency capture in subsequent MoE
and NAS stages.

C. COMPARATIVE STUDY
This subsection presents the metrics comparison of our
proposed model against foundational literature models.
To ensure a fair and reproducible comparison, all baseline
models were evaluated under the same experimental protocol
as the proposedmethod. Specifically, we applied the identical
data preprocessing pipeline across all models, including
normalization and VMD dataset-specific transformations.
In addition, all methods were trained using the same input
sequence length (number of past timesteps) and the same
forecasting horizon, ensuring that each model operates on the
same input-output structure.

For the baseline implementations, we adopted the default
hyperparameter configurations provided by the Nixtla library.
These defaults are designed for broad applicability across
datasets and represent a standardized and widely accepted
configuration. By using these settings, we avoid introducing
bias through extensive dataset-specific tuning of competing
methods and maintain a consistent evaluation framework.

Table 3 presents the comparative results. Our framework,
denoted as ‘‘Ours’’, consistently outperforms all baselines
across all metrics, achieving the lowest RMSE of 0.115, MSE
of 0.013, MAE of 0.051, and MAPE of 5.94%. Notably,
it surpasses the next-best performer, NHITS, by 5.1%
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FIGURE 5. VMD-based denoising of thermal energy signal. Top: Original raw series with high-frequency artifacts. Bottom: Filtered reconstruction via IMF
recombination, highlighting noise suppression and trend preservation.

FIGURE 6. Final prediction using the proposed model.

in RMSE and 10.1% in MAPE, demonstrating superior
generalization and noise robustness.

The gain is attributed to the synergistic integration of
adaptive preprocessing via HeadComposer, sparse com-
putation in the MoE layers, and dynamic token pruning
through GateSkip, which collectively enhance long-range
dependency modeling while mitigating overfitting on non-
stationary patterns. The final prediction is shown in
Figure 6.

The observed 12%-15% reduction in MAPE can be
explained by the complementary effect of three mechanisms
in the proposed framework. First, decomposition-based
denoising improves the input signal quality by using VMD to
separate dominant temporal components and suppress high-
frequency perturbations, which yields a smoother and more
informative representation for forecasting.

Second, architecture adaptation through the
HeadComposer module allows the model to adjust pre-
processing operations according to validation performance,
rather than relying on a fixed pipeline, so the final
representation becomes better aligned with the statistical
structure of the thermal generation series.

Third, sparse computation through GateSkip and MoE
improves predictive efficiency by selectively emphasizing
informative tokens and routing them to specialized experts,
which strengthens representation capacity without uniformly
increasing model complexity. Taken together, these three
components reduce noise, improve feature relevance, and
enhance specialization, which explains the consistent fore-
casting gains over the baseline models.

D. MoE ANALYSIS
The MoE layers, integrated into the feed-forward blocks of
both encoder and decoder stacks as outlined in Section IV-A,
leverage a top-2 routing mechanism with 8 specialists per
block to enable sparse activation and conditional computation
tailored to the heterogeneous dynamics of thermal time series.
During training on the thermal energy dataset, wemonitor key
MoE diagnostics, including router entropy, expert utilization
fractions, and per-expert contribution norms, to assess routing
stability, load balancing, and specialization efficacy.

These metrics, computed over 10,000 validation sequences
with a context length of 96, reveal robust sparsity patterns that
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TABLE 3. Forecasting performance on the thermal energy dataset (scaled
data). Lower is better for all metrics. Bold indicates the best result.

underpin the observed forecasting gains, with average acti-
vation rates of ∼25% (2/8 experts per token) yielding 3.2×
effective parameter efficiency relative to dense counterparts.

Figure 7a illustrates the distribution of router entropy in the
decoder’s layer-0 feed-forward block, where entropy values
cluster tightly around 2.065 nats (standard deviation σ =

0.003), indicative of low uncertainty in expert selection and a
near-deterministic routing regime. This bimodal histogram,
with a secondary peak at 2.070 nats comprising ∼15%
of tokens, corresponds to transitional regimes in prediction
horizons (e.g., short-term vs. extended lead times), where
auxiliary loss terms (load-balancing coefficient λ = 0.01)
promote even dispatch without entailing collapse to a single
expert.

The encoder’s router entropy (Figure 7c) exhibits a broader
yet still constrained range (2.01-2.08 nats, σ = 0.012),
reflecting greater input diversity from raw VMD modes
and necessitating adaptive gating to disentangle multi-scale
patterns; the right-skewed tail at higher entropies (≳2.06 nats)
aligns with high-variance tokens (e.g., peak load transients),
where entropy regularization fosters exploration and prevents
overfitting to spurious correlations.

Expert utilization fractions, averaged across 500 training
epochs, demonstrate near-uniform load distribution in both
stacks, mitigating the ‘‘rich-get-richer’’ collapse observed
in unregularized MoE variants. In the decoder (Figure 7d),
fractions hover at ≈ 0.12-0.14 per expert, with experts 2 and
6 showing marginal elevations (0.15) attributable to their
specialization on cyclical residuals post-HeadComposer
blending; this balance ensures no single specialist dominates,
sustaining gradient diversity and convergence stability. The
encoder (Figure 7e) mirrors this with fractions ≈ 0.10-0.13,

peaking at 0.175 for expert 5, likely tuned to low-frequency
trends via implicit frequency priors in routing logits, while
maintaining global uniformity (H (f) ≈ 2.07 bits, close to the
uniform baseline of log2 8 ≈ 3).
To quantify functional specialization, we examine per-

expert contribution norms (L2 over hidden dimensions)
for a representative sample in the encoder’s layer-0 block
(Figure 7b). Across the 50-token sequence, expert activations
exhibit token-position-dependent sparsity: early positions
(tokens 0-15) recruit experts 0, 2, and 7 for local pattern
encoding (peaks at 15.0-17.5), transitioning to experts 1, 3,
and 5 mid-sequence (20)-(35) for dependency aggregation
(norms ∼10-12), and culminating in experts 4 and 6 for
horizon extrapolation (40)-50, spikes to 14.5).

E. NAS ANALYSIS
The differentiable NAS implemented via the
HeadComposer module enables joint optimization of
preprocessing transformations during end-to-end training,
as described in Section IV-B. By parameterizing archi-
tecture choices with scalar αi values and employing
modality-specific gating (straight-through estimator for
discrete selections) or soft blending (sigmoid-weighted inter-
polation for additive paths), the two-stage bilevel procedure,
weight updates via AdamW on training data followed by
validation-guided α refinement, yields task-adapted configu-
rations without discrete search overhead. Post-optimization,
αi are hardened via thresholding (σ (αi) > 0.5 for
activation) to facilitate efficient deployment, preserving
gradient flow during training while enforcing sparsity in
inference.

Table 4 summarizes the discovered parameters for the four
preprocessing heads on the thermal energy dataset, derived
from the final convergedαi after 10 epochs of alternating opti-
mization. Gate-mode heads (RevIN and Patch) exhibit high
activation probabilities pon ≈ 0.73 and 0.73, respectively,
indicating a strong preference for reversible normalization
to mitigate distribution shifts induced by fuel variability and
ambient conditions, as well as patch-based tokenization to
compress long thermal sequences while retaining multi-scale
dependencies.

These binary decisions reduce effective sequence length
by up to 20% (via p = 5 non-overlapping patches), yielding
15% inference latency savings without reconstruction fidelity
loss, as validated by post-hardening MSE < 0.005 on
VMD-decomposed modes.

Soft-mode heads (Decomp and MSConv) converge to
moderate blending weights whead ≈ 0.73 and 0.65,
respectively, favoring partial integration of seasonal-trend
decomposition (via k = 25 moving averages) and
multi-resolution convolutions (kernels {3, 5, 7, 11}) to disen-
tangle trend-cyclical components from high-frequency noise
in thermal signals, a critical synergy for non-stationary
patterns like load intermittency in biomass plants. The
slight attenuation in MSConv weighting (whead = 0.653)
reflects a learned trade-off against over-smoothing in
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FIGURE 7. MoE layer diagnostics during training on thermal energy dataset. Histograms quantify routing certainty (low entropy H⇒ confident
dispatch); bar plots assess load balance (≈ 1/8 ideal); line plot reveals token-wise specialization.

low-SNR regimes, as informed by VMD priors, preventing
mode mixing while amplifying downstream MoE specializa-
tion on refined features.

F. ABLATION STUDY
To isolate and quantify the contribution of each architectural
component in our framework, we conduct a comprehensive
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TABLE 4. Learned architecture parameters in HeadComposer for thermal forecasting. Values reflect hardened σ (αi ); gate mode uses binary pon, soft
mode uses weights whead and wskip = 1 − whead.

ablation study focusing on three key modules: (i) the
Mixture-of-Experts (MoE) layers, (ii) the adaptive pre-
processing mechanism via HeadComposer, and (iii) the
dynamic token selection mechanism implemented through
GateSkip.

The ablation protocol follows a controlled factorial design,
where each component is independently toggled on or off,
resulting in 23 = 8 distinct configurations. All experi-
ments are conducted under identical training conditions to
ensure fair comparison, including fixed data splits, identical
optimization hyperparameters, and consistent preprocessing
pipelines as described in Section IV.

Formally, let M(moe,head,gskip) denote a model
configuration where each binary variable indicates the
presence (1) or absence (0) of the corresponding component.
The evaluated configurations span all combinations, ranging
from the minimal baseline M(0, 0, 0) to the full model
M(1, 1, 1).

To quantify the marginal contribution of each component,
we compute the average performance difference between
configurations where a component is enabled versus disabled.
Using MSE as the primary metric, we observe the following
average effects:

• GateSkip: 1gskip = −0.471
• HeadComposer: 1head = −0.433
• MoE: 1moe = −0.035

where negative values indicate performance improve-
ments. These results reveal that GateSkip provides the
most significant individual contribution, followed closely by
HeadComposer, while MoE yields a smaller but consistent
improvement.

Table 5 summarizes the performance of all configurations.
The baseline model without any of the proposed components,
M(0, 0, 0), exhibits the worst performance (MSE ≈ 1.07),
highlighting the difficulty of modeling the task without
adaptive mechanisms.

Enabling GateSkip alone (M(0, 0, 1)) yields a substan-
tial reduction in error (MSE ≈ 0.139), corresponding to an
improvement of nearly one order ofmagnitude. This confirms
that dynamic token routing plays a critical role in filtering
noise and focusing computation on informative temporal
regions.

The addition of HeadComposer further improves per-
formance. The configuration M(0, 1, 1) achieves MSE ≈

0.125, demonstrating that adaptive preprocessing effectively

enhances representation quality by aligning transformations
with the underlying data distribution.

The full model M(1, 1, 1) achieves the best overall
performance (MSE ≈ 0.124), indicating that MoE provides
complementary gains when combined with the other compo-
nents. In contrast, MoE alone (M(1, 0, 0)) performs poorly
(MSE ≈ 0.983), suggesting that expert specialization is only
effective when preceded by proper preprocessing and token
selection.

TABLE 5. Ablation study results across all component combinations.
Lower is better.

To further illustrate the impact of each architectural
component, Figure 8 presents a bar plot of the MSE across
all ablation configurations. The configurations are sorted
by performance, enabling a direct visual comparison of the
contribution of each module.

The ablation results highlight a clear hierarchy of impor-
tance among the components. GateSkip emerges as the
dominant factor, providing large gains by dynamically
selecting informative tokens and reducing the propagation of
noisy or redundant signals. HeadComposer further refines
the input representation through adaptive transformations,
enabling better alignment between the data and the model’s
inductive biases.

In contrast, MoE contributes modest improvements in
isolation but becomes effective when combinedwith the other
components. This suggests that expert specialization relies
on high-quality, well-filtered representations, reinforcing
the importance of preprocessing and token selection as
prerequisite steps.

1) COMPUTATIONAL FOOTPRINT
We complement the predictive ablation study with an
analysis of the computational footprint of each architectural
component. In particular, we quantify (i) the total number of
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FIGURE 8. Ablation study results across all 23 configurations, evaluated using MSE (lower is better). Each label follows the format
moe_X__head_Y__gskip_Z, where X , Y , Z ∈ {0, 1} indicate whether the corresponding component is disabled or enabled. The figure highlights the
dominant role of GateSkip, as all configurations with gskip=1 consistently achieve significantly lower errors. Furthermore, combining HeadComposer
with GateSkip yields the best performance, while configurations without both components exhibit a sharp degradation, confirming their critical role in
stabilizing and enhancing forecasting accuracy.

trainable parameters and (ii) the average training time
per epoch. Table 6 reports the baseline configuration,
defined as the model with MoE, GateSkip, and
HeadComposer+NAS disabled, alongside the incremental
effects of enabling each component individually and jointly.

From Table 6, several key observations can be drawn.
First, the only component that substantially increases the

number of parameters is MoE, which adds approximately
4.86 million parameters (+30% relative to the baseline).
In contrast, both GateSkip and HeadComposer+NAS
introduce negligible parameter overhead, with the latter
contributing only 78 additional parameters. Thus, the repre-
sentational capacity increase is almost entirely attributable to
the Mixture-of-Experts module.

Second, the observed training-time behavior highlights
the distinction between parameter count and effective
computational cost. Despite significantly increasing the
number of parameters, the MoE configuration reduces
the average epoch time by 41.13%. This result can be
explained by the sparse conditional computation paradigm
underlying Mixture-of-Experts architectures. Instead of
applying a dense feedforward transformation to all
tokens, only a small subset of experts is activated per
token (top-k routing), reducing the effective amount of
computation.

Moreover, our implementation leverages optimized GPU
execution through fused kernels (e.g., Triton-based expert
dispatch and batched execution), which improves hardware
utilization and reduces kernel launch overhead. In high-
throughput regimes, such as large batch sizes on modern
GPUs, this can result in faster execution compared to standard
dense feedforward layers.

The observed efficiency of MoE can be further understood
by comparing its computational complexity to that of a
standard dense feedforward network (FFN). A conventional
Transformer FFN processes all tokens through a dense
transformation, with complexity

O(T · d · dff), (69)

where T is the sequence length, d is the model dimension,
and dff is the hidden dimension of the feedforward layer.

In contrast, aMixture-of-Experts layer routes each token to
only a small subset of experts, typically using top-k selection.
This yields an effective complexity of

O(T · k · d · dff), with k ≪ E, (70)

whereE denotes the total number of experts and k the number
of active experts per token. Consequently, although the total
parameter count increases with E , the actual computation
per token is reduced, enabling more efficient execution,
particularly when combined with optimized parallel imple-
mentations.

In contrast,GateSkip andHeadComposer+NAS intro-
duce additional control logic and auxiliary computations
without directly reducing the core workload of the model.
As a result, they incur moderate computational overheads,
increasing the average epoch time by 13.96% and 38.21%,
respectively. These overheads are primarily associated with
gating networks, routing decisions, and architecture search
updates.

When all components are combined, the overall computa-
tional burden reflects a balance between these effects. While
MoE provides computational savings through sparse execu-
tion, the additional complexity introduced by GateSkip
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TABLE 6. Computational burden of each architectural component. We report the total number of parameters and the average training time per epoch,
together with their variation relative to the baseline.

FIGURE 9. Forecasting performance on TPP 2. The model accurately tracks the underlying temporal dynamics, capturing both smooth
trends and moderate fluctuations, with minor deviations during abrupt transitions.

FIGURE 10. Forecasting performance on TPP 3. The predictions closely follow the ground truth across the entire horizon, demonstrating
improved alignment compared to TPP 2, particularly in regions of higher variability.

and HeadComposer+NAS leads to a modest net increase
of 7.83% in epoch time relative to the baseline.

G. GENERALIZATION TO OTHER THERMAL POWER
PLANTS
To evaluate the robustness and transferability of the pro-
posed framework, we extend our analysis to additional
thermal power plants (TPPs) not used during model devel-
opment. This experiment assesses whether the learned
representations and architectural adaptations generalize
to distinct operational regimes, characterized by differ-
ent generation patterns, noise profiles, and non-stationary
dynamics.

Specifically, we consider two additional datasets, denoted
as TPP 2 and TPP 3, drawn from the same source described
in Section IV, but corresponding to different plants with
independent temporal behaviors. The model is applied under
the same preprocessing and architectural configuration as in
the main experiment, without any modification to the under-
lying design, ensuring a fair assessment of generalization
capability.

1) QUANTITATIVE RESULTS
The forecasting performance on the additional thermal power
plants is summarized as follows:

• TPP 2: MSE = 0.045, RMSE = 0.212, MAE = 0.168
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• TPP 3: MSE = 0.044, RMSE = 0.209, MAE = 0.163

These results indicate strong generalization capability,
with both datasets achieving low MSE values (≈ 0.04),
demonstrating that the model maintains predictive accuracy
even when applied to unseen plants. Notably, TPP 3 exhibits
slightly better performance across all metrics, suggesting
that its temporal structure is more aligned with the learned
inductive biases of the model.

2) QUALITATIVE ANALYSIS
Figures 9 and 10 illustrate the predicted versus actual time
series for both datasets.

Visual inspection confirms that the model effectively
captures both low-frequency trends and higher-frequency
variations across different thermal power plants. In TPP
2, the model maintains accurate tracking with slight lag
during sharp transitions, while in TPP 3, the align-
ment between predicted and actual signals is consis-
tently tighter, indicating better adaptation to its temporal
structure.

3) DISCUSSION
The strong performance across distinct thermal power plants
highlights an important property of the proposed framework:
its ability to generalize beyond the training distribution
without requiring architecture redesign or dataset-specific
tuning.

This generalization capability can be attributed to three
complementary mechanisms. First, the HeadComposer
enables adaptive preprocessing, allowing the model to
reweight transformations (e.g., normalization, decomposi-
tion, and convolutional filtering) according to the statistical
properties of each dataset. Second, GateSkip dynamically
filters irrelevant or noisy tokens, which is particularly bene-
ficial when transferring across datasets with different noise
characteristics. Third, the MoE layers provide conditional
computation, allowing the model to specialize its internal
representations for different temporal regimes.

H. LIMITATIONS AND APPLICABILITY BOUNDARIES
In low signal-to-noise ratio scenarios, the VMD-based
decomposition may fail to isolate meaningful modes, leading
to degraded feature representations and reduced forecasting
accuracy. Similarly, during sudden load changes or abrupt
regime shifts, the model may struggle to adapt due to
its reliance on learned temporal patterns and smoothed
preprocessing, which can delay responsiveness to sharp
transitions. These limitations indicate that the framework
is best suited for moderately noisy and relatively stable
environments, and its applicability may be constrained in
highly volatile or disturbance-driven settings.

V. CONCLUSION
This study presented an integrated framework for ther-
mal energy forecasting that unifies signal decomposition,

neural architecture search, and efficient transformer-based
modeling. By combining a hyperparameter-optimized hier-
archical VMD with a differentiable preprocessing search,
GateSkip, and sparse MoE routing, the proposed approach
effectively addresses the challenges of non-stationarity, noise
amplification, and latency inherent to thermal generation
data.

Experimental evaluations on real-world thermal datasets
demonstrate consistent and substantial performance improve-
ments over state-of-the-art baselines, achieving up to 15%
lower forecasting errors while maintaining computational
efficiency. The results highlight the benefits of jointly
optimizing preprocessing and model structure, where adap-
tive decomposition and architecture search enable more
informative representations and robust generalization under
fluctuating operational conditions.

The synergy between decomposition-based denoising,
NAS-driven head selection, and conditional expert routing
yields a scalable solution adaptable to diverse thermal
and hybrid energy systems. Beyond forecasting accuracy,
the model’s efficiency-oriented components, such as token
pruning and load-balanced MoE, facilitate deployment in
real-time and resource-constrained environments.

The proposed framework achieves strong performance
under the evaluated conditions, but its applicability is
subject to important limitations. The reliance on bilevel
optimization requires sufficient data, and performance may
degrade in low-sample-size scenarios due to overfitting or
unstable architecture selection. Although VMD improves
noise robustness, extremely low signal-to-noise conditions
can impair decomposition quality and propagate errors.
In addition, the computational cost of NAS and MoE
components may restrict deployment in resource-constrained
environments. These limitations define the scope of appli-
cability and motivate future work on data efficiency, noise
robustness, and long-horizon forecasting.

Future research will extend this framework toward
multi-horizon probabilistic forecasting, cross-plant transfer
learning, and real-time adaptive retraining. These directions
aim to further enhance the interpretability, scalability, and
operational value of deep learning models for intelligent
thermal energy management.
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