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ABSTRACT

Wind power curtailment, known in Brazil as constrained-off, has intensified with the rapid expansion of renew-
able generation, driven by transmission operational constraints. Accurate forecasting of curtailment is essential
for grid planning, compensation mechanisms, and infrastructure optimization. However, constrained-off time
series exhibit strong non-stationarity, multi-scale behavior, and long-range dependencies that challenge con-
ventional forecasting models. This paper proposes a decomposition-driven Mamba state space framework with
Mixture-of-Experts (MoE) routing for wind curtailment forecasting. The approach integrates Entropy-Guided
Variational Mode Decomposition (EG-VMD) for adaptive trend and noise separation, Reversible Instance Nor-
malization to mitigate distribution shift, multi-scale seasonal-trend modeling, and a sparse expert-based Mamba
backbone with linear-time complexity. In benchmark comparisons against state-of-the-art forecasting models, the
proposed MoE-Mamba reduces Mean Squared Error (MSE) by up to 27%, Root Mean Squared Error by 14.6%,
and Mean Absolute Error by 16.1% relative to the strongest baselines, while improving upon a single-expert
Mamba by 15.6% in MSE. The results highlight the effectiveness of decomposition-enhanced State Space Models

with expert routing for scalable, long-horizon forecasting in renewable power systems.

1. Introduction

The rapid expansion of renewable energy sources, particularly wind
power, has transformed the global energy landscape, offering sustain-
able alternatives to fossil fuels while addressing climate change impera-
tives [1]. In Brazil, wind generation has experienced explosive growth,
especially in the Northeast region, where favorable wind regimes have
driven installed capacity to exceed 30 GW [2]. This surge has posi-
tioned Brazil as a leader in renewable integration within Latin America,
with wind contributing over 15% to the national electricity mix dur-
ing peak seasons. However, this progress is accompanied by significant
challenges, including grid congestion, transmission bottlenecks, and op-
erational constraints that lead to wind power curtailment, known locally
as constrained-off events.

Constrained-off occurs when wind farms are instructed by the Na-
tional Electric System Operator (ONS) to reduce or halt generation de-
spite available wind resources and plant readiness. These events stem
from system-level factors such as transmission overloads, voltage stabil-
ity issues, security criteria, or energy surpluses, rather than local plant
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failures [3]. In high-penetration renewable systems like Brazil’s National
Interconnected System (SIN), curtailment rates have escalated, with pro-
jections indicating national averages of 8-11% by 2035 and occasional
monthly peaks exceeding 10% [4]. Such curtailments impose substantial
economic burdens on generators through lost revenue and uncom-
pensated opportunity costs, while undermining grid efficiency and
renewable utilization goals. Accurate forecasting of constrained-off
volumes and events is thus critical for enabling proactive opera-
tional planning, optimizing storage and dispatch strategies, informing
compensation mechanisms, and guiding infrastructure investments to
mitigate integration barriers [5].

Traditional forecasting approaches, including statistical models and
early machine learning methods, have shown limitations in capturing
the volatile, multivariate, and long-range dependencies inherent to cur-
tailment time series [6]. Recent advancements in deep learning, par-
ticularly Transformer-based architectures, have improved performance
but often suffer from quadratic computational complexity, making them
inefficient for long-sequence tasks [7]. State Space Models (SSMs), ex-
emplified by the Mamba architecture, offer a promising alternative with
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linear-time scaling and selective state spaces that enable content-aware
reasoning [8]. Adaptations like S-Mamba, DMamba, and DTMamba have
demonstrated superior efficiency and accuracy in general time series
forecasting [9], while power-specific variants such as PowerMamba and
DPFMformer highlight their potential for renewable applications [10].

This work introduces a tailored Mamba-based framework for
constrained-off forecasting, leveraging enhanced decomposition strate-
gies and channel interaction modeling to address the unique charac-
teristics of curtailment data. We utilize the ONS open dataset on wind
farm operational restrictions, spanning October 2023 to February 2026,
which provides detailed monthly records of constrained-off events for
Tipo I, II-B, and II-C modalities [11]. Our contributions include: (i) a
domain-adapted Mamba architecture that outperforms benchmarks in
long-horizon prediction; (ii) an ablation study elucidating the roles of
tokenization modes, channel mixing, decomposition, and normalization;
and (iii) validation based on measured ONS data from October 2023 to
February 2026, demonstrating reduced Mean Squared Error (MSE) and
Mean Absolute Error (MAE) compared to state-of-the-art models.

The proposed MoE-Mamba model provides computational advan-
tages over Transformer-based architectures for long-horizon forecast-
ing due to its linear time complexity and conditional computation
mechanism. While Transformers rely on self-attention operations with
quadratic complexity with respect to the sequence length, the Mamba
state space backbone scales linearly, making it more suitable for long
sequences and large forecasting horizons. In addition, the MoE rout-
ing strategy further improves efficiency by activating only a subset
of specialized experts for each input, reducing unnecessary computa-
tions while increasing model capacity. This design enables the proposed
framework to achieve competitive or superior predictive performance
while maintaining lower computational cost and better scalability for
long-horizon time series forecasting tasks. These characteristics rein-
force the practical innovation of the MoE-Mamba architecture in com-
parison with conventional Transformer-based approaches.

2. Related works

Recent advancements in sequence modeling have shifted toward
SSMs as efficient alternatives to Transformer-based architectures, partic-
ularly for handling long sequences with linear computational complex-
ity. The foundational Mamba model introduced selective state spaces,
enabling content-aware reasoning via input-dependent parameter selec-
tion and achieving state-of-the-art performance across language, audio,
and other domains while scaling linearly with sequence length [8]. This
efficiency has spurred adaptations to time series forecasting, where cap-
turing long-range temporal dependencies is critical for high predictive
accuracy.

Several works have explored and refined Mamba for time series
tasks. S-Mamba proposes a lightweight variant with linear tokeniza-
tion per variate and standard Mamba blocks, demonstrating supe-
rior accuracy and efficiency over Transformer baselines on bench-
mark datasets [12]. To address heterogeneous time series components,
DMamba incorporates explicit seasonal-trend decomposition aligned with
Mamba’s selective mechanism, using differentially complex modules
(bidirectional Mamba for seasonal and Multilayer Perceptron (MLP) for
trend) for improved long-range dependency modeling [13]. DTMamba
employs innovative dual twin Mamba blocks with residual connections
to extract long-term dependencies and enhance robust long-horizon
forecasting [9].

Multivariate dependencies have also received attention: CMMamba
adds bidirectional channel-mixing to better integrate inter-variate
relationships and enhance feature representation [14]. Sequential
Order-Robust Mamba (SOR-Mamba) mitigates sequential order bias
in channel-wise processing through regularization (minimizing dis-
crepancy from reversed channel orders) and eliminates unnecessary
1D-convolutions [15]. Probabilistic and zero-shot extensions include
Mamba-ProbTSF, a dual-network framework for point forecasts plus
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uncertainty quantification via variance modeling [16], and
Mamba4Cast as a foundational backbone trained on synthetic data for
efficient zero-shot prediction without task-specific fine-tuning [17].

Emerging applications in power systems further highlight SSM’s po-
tential. PowerMamba combines deep SSMs with multivariate prediction
tailored to electric power dynamics, including renewable integration
challenges [18]. Specialized models like Dual-path frequency Mamba-
Transformer (DPFMformer) target wind power forecasting by captur-
ing rapid fluctuations and meteorological correlations [10], and Wind-
Mambaformer leverages hybrid Transformer-Mamba designs for ultra-
short-term wind turbine output prediction [7].

Collectively, these developments demonstrate the maturity of
Mamba-based models for time series forecasting, providing a strong
foundation for domain-specific applications such as wind generation
curtailment forecasting, which involves volatile patterns, long memory
effects, and multivariate interactions.

3. Dataset description

The analyses presented in this work utilize a specialized open
dataset published by the ONS, entitled Dados de Restricdo de Oper-
agdo por Constrained-off de Usinas Edlicas (Operational Restriction Data
Due to Constrained-off of Wind Power Plants) [11]. All data used in
this study were retrieved from the official ONS open data portal at:
https://dados.ons.org.br/dataset/restricao_coff_eolica_usi. The analyses
reported in the following sections are based on the complete set of
monthly files available up to February 2026.

The Brazilian power system is dispatched on an hourly basis, mak-
ing this forecasting horizon appropriate for analyzing generation con-
straints. To demonstrate that our model meets the forecasting needs for
the horizon used in power planning, we considered a horizon of 1 to 5
steps ahead, corresponding to up to 5 h ahead-of-time forecasting.

3.1. Signal decomposition via EG-VMD

Forecasting wind-curtailment time series is complicated by the su-
perposition of multiple oscillatory phenomena operating at distinct time
scales, diurnal wind patterns, weekly demand cycles, seasonal transmis-
sion loading, and irregular grid events. To disentangle these components
prior to model training, we employ the Entropy-Guided Variational
Mode Decomposition (EG-VMD) framework, whose complete pipeline
is depicted in Fig. 1.

Background Classical VMD [19] decomposes a real-valued signal x(r)
into K band-limited Intrinsic Mode Functions (IMFs) {uk(t)}kK=1 by solv-
ing the constrained optimization problem

a,[(a(z) + %) * uk(t)] eIl

where w; denotes the center frequency of mode k and a > 0 is a band-
width penalty (quadratic regularization weight). The augmented La-
grangian formulation is solved iteratively via the Alternating Direction
Method of Multipliers (ADMM), updating mode spectra and center fre-
quencies in the Fourier domain.

Entropy-based hyperparameter selection Two critical hyperparame-
ters, the number of modes K and the penalty «, are conventionally set
by the user or tuned via grid search with heuristic criteria. We replace
this with an information-theoretic approach (see Fig. 1). Given the input
signal x, we first compute a normalized complexity index

K

min
{uy ) {oog } z

k=1

2 K
st Y =x €})
2 k=1

H = wpg Hpg(x) + wpg Hpg(x), (2)

where Hpg is the permutation entropy [20] of embedding dimension
m and delay d, and Hpy is the dispersion entropy [21] with ¢ symbol
classes. The complexity index H € [0, 1] is mapped linearly to an ini-
tial penalty estimate ay = a;, + H(¥a — %min): higher signal complex-
ity warrants a larger « to enforce sharper spectral separation among
modes.
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Fig. 1. Entropy-based VMD optimization pipeline. The signal complexity is first
characterized via permutation and dispersion entropy, yielding an initial band-
width penalty «,. A deterministic grid search over the number of modes K
and penalty parameter « selects the configuration that minimizes a composite
score based on refined composite multiscale dispersion entropy (RCMDE), re-
construction error, frequency-overlap penalty, and kurtosis reward. The selected
(K*,a*) are passed to the VMD core, which performs ADMM-based decomposi-
tion with adaptive a and frequency-center momentum. Post-processing merges
spectrally similar modes, filters negligible-energy components, and optionally
applies autoencoder-based denoising.

A deterministic grid search then evaluates every pair (K, «) with K €
{2, ..., K.y} and a drawn from a geometrically spaced grid centered on

a,. Each candidate is scored by a composite objective

S(K.a) = 0.5 Egcypg + 018616 + 0.12(1 = Eo) + 0.08 0,
—_—— — ] ——

——

mode regularity ~ recon. error - residual randomness  gverlap penalty

+007 L~ o020k, , 3)
max \ )

parsimony kurtosis reward

Electric Power Systems Research 260 (2026) 113259

where Epcypg is the average refined composite multiscale dispersion
entropy across modes (lower values indicate more structured, well-
separated IMFs), €., = [Ix — X, u;||*/lx||? is the normalized reconstruc-
tion error, E, is the RCMDE of the reconstruction residual (high
values are desirable, indicating that only noise remains), Oy, penal-
izes excessive spectral overlap between adjacent modes, and K, is a
frequency-weighted kurtosis reward that favors impulsive content in
higher-frequency modes. The pair (K*, «*) = argmin S is selected for the
final decomposition.

The weights in (3) encode a deliberate priority ordering. Mode reg-
ularity (w = 0.55) is assigned the largest weight because well-separated,
structured IMFs are the primary objective of VMD; a decomposition with
high reconstruction fidelity but poorly defined modes is of limited ana-
lytical value. The kurtosis reward (w = 0.20) is the second largest con-
tributor because impulsive, physically interpretable content in higher-
frequency modes is the dominant quality indicator in the energy-system
signals considered here. Reconstruction fidelity (w = 0.18) ranks third
to guarantee signal integrity, while residual randomness (w = 0.12),
spectral overlap (w = 0.08), and parsimony (w = 0.07) act as regular-
izers that prevent degenerate solutions without overriding the primary
decomposition-quality signal.

Post-processing and mode roles After decomposition, modes whose
energy falls below a floor ¢, relative to the input signal energy are
discarded. Remaining modes with dominant frequencies closer than a
tolerance A fy,.q. are merged by summation, and the final set is sorted
in ascending frequency order [22]. An optional lightweight autoencoder
(single hidden layer) can be applied per-mode for residual denoising, fol-
lowed by cosine boundary tapering to suppress edge artifacts introduced
by the finite-length fast Fourier transform.

4. Methodology

We introduce the Unified Mamba Forecaster (UMF), a versatile and
modular framework for multivariate time series forecasting, leveraging
the selective state-space model Mamba [8] as its core sequence mod-
eling component. Given an input tensor X € RB*XP where B denotes
the batch size, L the input sequence length (context window), and D
the number of variates, UMF generates a forecast Y € RBXH*D gyer
a prediction horizon H. The architecture comprises five configurable
modules: normalization, decomposition, tokenization, sequence mod-
eling, and projection, each of which can be independently enabled or
customized to adapt to diverse forecasting scenarios. A schematic illus-
tration of the architecture is provided in Fig. 2.

4.1. Reversible instance normalization

A prevalent challenge in time series forecasting is the distribution
shift between training and inference windows [23]. To mitigate this, we
employ Reversible Instance Normalization (RevIN), which performs per-
variate normalization along the temporal dimension for each sample.
For the dth variate of the bth sample, the normalization proceeds as
follows:

L
1
Hpa =T ,Z:‘ Xptd> 4
1 L
%hd =\ T Z(Xb,t,d — Hpa)* + €, 5)
=1
- Xptd ~ Hbd
Xppd =Vd =28 4 By (6)
Ob,d

where y,, f; € R are learnable affine parameters, initialized to y,; =1
and B, = 0 so that the transformation reduces to standard instance nor-
malization at the start of training, and ¢ > 0 is a small constant for nu-
merical stability (typically e = 10~%). The computed statistics (4. 4)
are preserved for the inverse transformation applied to the normalized
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Fig. 2. Overview of the Unified Mamba Forecaster architecture, highlighting the modular components and data flow. Here, .S denotes the number of tokens after
tokenization, and d, 4, denotes the model embedding dimension used throughout the backbone.
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This reversible mechanism ensures that internal representations re-
main approximately stationary (mean-zero, unit-variance) during the
forward pass, enhancing model stability and generalization, while ex-
actly recovering the original scale at output, without information loss.

4.2. Multi-scale series decomposition

Drawing from decomposition-based forecasting paradigms [24] and
multi-resolution trend extraction methods [13], we incorporate an op-
tional multi-scale decomposition module. This separates the normalized
input X € RB*LXD into a trend component T € RBXLXD | capturing low-
frequency variations, and a seasonal residual S € RBXIXP | encapsulating
high-frequency fluctuations:

1 [km/2]
T = — Zporjar m=1.. M, 8)
m j==lkn/2]
| M
— (m)
Tb,t,d = M Z Tb’,’d’ (9)
m=1
Spra =Xp1a ~ Thras (10)

where {km}fr‘f:l are distinct odd kernel sizes for M symmetric moving-
average filters, and boundary effects are mitigated via replicate or reflect
padding.

This ensemble approach yields a robust trend estimate by averag-
ing across scales, reducing sensitivity to kernel selection. In our default
configuration, M = 3 with k,, € {11,25,51}, balancing short-, medium-,
and long-term trends. Disabling multi-scale reverts to single-kernel de-
composition; fully omitting decomposition sets S = X and bypasses the
trend pathway. The seasonal S proceeds to tokenization and backbone
processing, while T is routed to a specialized lightweight head (Sec-
tion 4.5), allowing the model to allocate capacity efficiently between
predictable trends and complex seasonality.

4.3. Tokenization

The tokenization module embeds the seasonal component S e
RBXLXD into a sequence Z© € RB*S*dmodel of S tokens in model dimen-
sion d;oq.;- TWo strategies are supported, enabling flexibility in han-
dling temporal versus cross-variate dependencies.

4.3.1. Patch mode

Adopting a channel-independent patching strategy [25], each vari-
ate is segmented into overlapping temporal patches via a grouped 1D
convolution:

P= GroupConvld(ST; in = D,out = d,4e1, groups = D,k = p,s = 5)
e RBdeOdSIXNp’ (11)

where N, = |(L - p)/s| +1 is the number of patches per variate, and
dmodel Must be divisible by D to allocate d, 4.1/ D channels per group.
For multi-resolution patching, M pairs {(pi,si)}f‘i | generate separate
patch sequences, merged via concatenation or interleaving to yield
S=Y, Nl(,i). To encode positional information, additive embeddings
E € R'*$%dmodel are incorporated, either as learnable parameters or fixed
sinusoidal functions [26]:

E, o = sin (n/10000%/4model ), E, .\ = cos (n/10000%/mosel ) (12)

for position n=1,...,.S and dimension index k. These may be omitted
if the backbone exhibits order invariance.
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4.3.2. Variate mode
To prioritize cross-variate modeling, each variate is compressed into
a single token (S = D), with temporal reduction via optional average
pooling (kernel g > 1, yielding L' = [L/q]) followed by a per-variate
reducer. The convolutional variant applies:
h, = AdaptiveAvgPool1d (GELU (Conv1d(S} 4 .; k = 3, padding = 1)), 1)
e Rdmodel’ (13)
while the MLP variant computes:
h; = W, GELUW, S, ;. +b,) +b,, 14)

with W, € RéhiddenXL’ W, & R¥mode*dnidden, This mode facilitates effi-
cient modeling of inter-variate correlations for high-dimensional series.

4.4. Mixture-of-experts Mamba backbone

The tokenized sequence Z© is transformed through N stacked lay-
ers, each comprising RMS normalization [27] and a Mamba block (or
MOoE extension), with residual connections:

Z¥) =77V + Mamba (RMSNorm(Z“ ™)), #=1,...,N. (15)

The Mamba layer [8] realizes a selective SSM, where input-
dependent parameters govern the discrete-time dynamics:

h, = Atht—l + Btut’ (16)
o, = Ch,, a7

with h, € Ré%te*Eexp A B, C, derived via selective gating on input u, €
R¥model, state dimension d, (typically small, e.g., 16), and expansion
factor Eey, (usually 2). The recurrence is efficiently parallelized using
associative scans for training.

4.4.1. Bidirectional processing

To capture non-causal dependencies, each Mamba instance may be
bidirectional: forward and reverse passes are computed separately and
fused:

0w = Mamba(u), (18)
0Orey = flip(Mamba(flip(w))), (19)
0= fcombine (Ofwd’ Orev)’ (20)

where f.ombine iS element-wise addition, averaging, or linear projection
of the concatenation (doubling dimension temporarily).

4.4.2. Sparse mixture-of-experts routing

For enhanced capacity, each layer employs E specialized Mamba
experts (optionally bidirectional), with a router selecting top-K per
sample. The router aggregates tokens via mean pooling and computes
softmax logits:

s
1 -
g, = softmax (W, . <§ Z Z;fs,:l)> +br> €0, 11%, 21
s=1

with W, € REXdmodel, b, € RE. Top-K indices 7, = top—K(g,) are se-
lected, gates renormalized:
gb,e

Go=w——— Ve€eT, (22)
Ze’ €T, 8b.e!
and outputs combined residually:
=2+ &, Exper, (zf ‘“). (23)
e€T),

Experts use reduced expansion a Ey, (@ < 1, e.g., 0.75) for parameter
efficiency. To promote balanced utilization, an auxiliary loss penalizes
imbalance:

E
2 _
Ez(iu)x = Aaux - E - Z Je+ & 24)
e=1
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where f,=|{b:e€eT,}|/B, g, =B'Y,8,. and Ay, ~001. This
quadratic form is minimized under uniform load (f, = g, = 1/E). Op-
tionally, a post-SSM channel mixer enhances feature interactions:

2 « 7 + FFN (RMSNorm(Z")), (25)

with FFEN(z) = W, GELU(W,z + b|) + b,, hidden dimension rd ;g

4.5. Pooling and prediction heads

The backbone output H = Z(M) € RBEXSXdmodel is aggregated to a con-
text vector ¢, € Rmodel via last-token extraction or mean pooling:

o = H,s. (last), 26)
b Ss'¥% H,,. (mean).

The seasonal forecast is obtained via an MLP head:
Y5635 = reshape (MLP(c,), H x D) € R*P, (27)
where the final layer maps to H D dimensions. If decomposition is active,
the trend is predicted per variate using a two-layer MLP:
Yiend = W, ReLUW, T, . 4 +b3) + b, € RY, (28)

with W; € R"*L, W, € R"*" h, small (e.g., 64). The composite fore-
cast is denormalized:

Y, = RevIN~! (f(;eas + ]ldecompfzrend; Up» O'b), (29)

where Lgecomp = 1 if decomposition is enabled, else 0.

5. Results

We present results in three parts: an ablation study isolating the
contribution of each architectural component Section 5.2, benchmark
comparisons against established baselines Section 5.3, and diagnostic
analyses characterizing the model’s internal behavior Section 5.4. Be-
fore proceeding, we describe the preprocessing pipeline applied to the
raw time series.

The performance of the evaluated models was assessed using MSE,
Root Mean Squared Error (RMSE), and MAE. These metrics were se-
lected because they provide complementary perspectives on forecasting
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performance, with MSE emphasizing larger errors due to the squared
term, RMSE preserving the original scale of the data while maintain-
ing sensitivity to large deviations, and MAE offering an interpretable
measure of the average absolute prediction error [28].

5.1. Preprocessing

Real-world time series often exhibit non-stationarity, heterogeneous
scales, and a mixture of low-frequency trends with higher-frequency
oscillatory components. To disentangle these, we apply VMD to ex-
tract a set of IMFs that partition the signal’s spectral content. Fig. 3
illustrates this pipeline on a representative sequence. The top panel
shows the original time series alongside the extracted trend, obtained
as the lowest-frequency IMF (mode 0). The bottom panel displays the
detrended signal, computed by subtracting the trend from the original,
alongside a filtered version that retains only the dominant IMFs. This
decomposition serves two purposes: it removes slow-varying drift that
can dominate the loss landscape and obscure seasonal patterns, and it
provides a cleaner target for the model to learn. The filtered, detrended
series is used as input to all models in our experiments.

5.2. Ablation study

We conduct a systematic ablation over the four main architectural
toggles, tokenization mode (patch vs. variate), channel mixer, series
decomposition, and RevIN, evaluating all 2* = 16 combinations under
identical training conditions with a single Mamba backbone. Results are
reported in Table 1, sorted by test MSE.

The most striking pattern is the dominant effect of RevIN. Every con-
figuration with RevIN enabled occupies the top half of the ranking, while
every configuration without it falls into the bottom half. The best RevIN-
off variant (MSE = 0.5695) underperforms the worst RevIN-on variant
(0.5047) by a margin exceeding 0.06, confirming prior findings [23] that
per-variate instance normalization is necessary for stable optimization
when input variates exhibit heterogeneous scales and non-stationary
statistics. All subsequent analysis conditions on RevIN being enabled.

Within the RevIN-on regime, decomposition emerges as the sec-
ond most impactful component. Comparing matched configuration pairs

Original time series and extracted trend
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Fig. 3. Wind curtailment time series preprocessing results via VMD. Top: Original time series (blue) and extracted trend component corresponding to the lowest-
frequency IMF (orange). The trend captures slow-varying drift over thousands of time steps. Bottom: Detrended signal (blue) obtained by subtracting the trend, and
filtered signal (orange) reconstructed from the sum of dominant IMFs. Filtering attenuates high-frequency noise while preserving the primary oscillatory structure

that the model is trained to forecast.
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Unified Mamba | mode=patch | decomp=True | revin=True | bidir=True
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Fig. 4. Wind curtailment forecasting prediction on a representative test sequence (normalized data). Blue shows the training portion of the time series (channel 0);
orange indicates the held-out test segment; green shows the model’s predictions under teacher forcing. The vertical dashed line marks the train/test boundary. The
model accurately tracks both the amplitude and phase of oscillations in the test region, with no visible drift or systematic bias.

Table 1

Ablation study on architectural components. Results sorted by Test MSE.
Token Mode Channel Mixer Decomp RevIN Test MAE | Test MSE |
Patch v v v 0.5358 0.4618
Variate X v v 0.5467 0.4799
Variate v v 4 0.5531 0.4871
Patch X X v 0.5461 0.4873
Variate X X v 0.5486 0.4885
Variate v X 4 0.5524 0.4969
Patch v X v 0.5649 0.5014
Patch X v v 0.5612 0.5047
Variate X v X 0.5980 0.5695
Patch X X X 0.5977 0.5813
Patch v X X 0.6068 0.5876
Patch v v X 0.6019 0.5878
Variate X X X 0.6064 0.5918
Variate v X X 0.6034 0.5959
Variate v v X 0.6178 0.6141
Patch X v X 0.6149 0.6282

Normalized data.

differing only in decomposition status, the largest improvement ap-
pears in patch mode with channel mixer (0.4618 vs. 0.5014, a rela-
tive gain of 7.9%), with smaller but consistent benefits observed across
other configurations (0.4799 vs. 0.4885 in variate mode without mixer).
These improvements support the hypothesis that explicitly separating
trend and seasonal dynamics allows each prediction head to special-
ize: the lightweight trend MLP handles slowly varying structure while
the Mamba backbone devotes capacity to modeling higher-frequency
seasonal patterns. The remainder of this section therefore conditions on
patch tokenization with series decomposition, channel mixer, and RevIN
enabled, the configuration that achieves the lowest test MSE of 0.4618,
and investigates the remaining design dimensions under these fixed set-
tings.

5.3. Benchmark comparison

We evaluate two variants of the proposed architecture against a
comprehensive set of established baselines: MoE Mamba: Mamba back-
bone augmented with Mixture-of-Experts routing, enabling conditional
computation and expert specialization while preserving linear-time
complexity. The routing layer uses E = 4 experts with a top-K =2 se-
lection per token, so each input activates exactly half of the expert pool
while keeping the remaining experts inactive. Single Mamba: Standard
Mamba backbone without MoE, included to isolate the contribution of
expert routing from other architectural choices.

Table 2 reports MSE, RMSE, and MAE for all models. MoE Mamba
achieves state-of-the-art performance, outperforming the strongest prior

Table 2
Results on the evaluated forecasting task. Lower is bet-
ter for all metrics. Best result in bold.

Model MSE RMSE MAE

MoE Mamba (Ours) 0.0140 0.1184 0.0805
Single Mamba (Ours)  0.0166 0.1289 0.0850
NBEATSx 0.0192 0.1386 0.0960
NBEATS 0.0192 0.1386 0.0960
NHITS 0.0254 0.1595 0.1129
PatchTST 0.0279 0.1670 0.1153
TFT 0.1437 0.3791 0.2869
TimesNet 0.1932 0.4395 0.3320
TimeXer 0.2076 0.4556 0.3647
Autoformer 0.2546 0.5046 0.3840
GRU 0.2636 0.5134 0.4316
TimeMixer 0.2755 0.5249 0.4320
iTransformer 0.2964 0.5444 0.4316
TCN 0.3234 0.5687 0.4556
TiDE 0.3299 0.5744 0.4544
LSTM 0.3538 0.5948 0.4864
Transformer 0.3808 0.6171 0.5017
StemGNN 0.3882 0.6231 0.5039
FEDformer 0.3951 0.6286 0.4934
DeepAR 0.4074 0.6383 0.5278
BiTCN 0.4165 0.6454 0.5324
Informer 0.5286 0.7270 0.5921

Normalized data. The baseline models are from the
Nixtla repository [29].

methods, NBEATSx and NBEATS, by 27% in MSE. The gap widens
against other competitive baselines: 45% over NHITS and 50% over
PatchTST. Compared to the Single Mamba ablation, the MoE variant
improves MSE by 15.6%, MAE by 5.2%, and RMSE by 8.1%, demon-
strating that expert specialization provides meaningful gains beyond the
base architecture.

The baseline models used in this study were obtained from the
Nixtla repository [29], which provides standardized implementations
of state-of-the-art time series forecasting methods. To ensure a fair and
reproducible comparison, the default hyperparameter configurations
provided in the repository were adopted for all baseline models, follow-
ing the recommended hyperparameter settings defined by the authors.

5.4. Diagnostic analysis

Beyond aggregate metrics, we conduct a series of diagnostic ex-
periments to characterize the internal behavior of the trained model.
These analyses address three questions: how does forecast quality de-
grade across the prediction horizon, what roles do the architectural
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Fig. 5. Horizon-dependent forecast characteristics. (a) MAE increases monotonically from ~0.025 at step 1 to ~0.12 at step 5, with a widening interquartile range
reflecting growing uncertainty. The approximately linear trajectory indicates stable autoregressive decoding without exponential error accumulation. (b) Trend and
seasonal attribution (left: absolute magnitude; right: relative fraction). Trend dominates at short horizons (~70% at step 1) while seasonal contribution increases
with horizon length, crossing 50% near step 3.5, consistent with trend extrapolation becoming unreliable at longer horizons while periodic structure remains phase-

coherent.

components play, and how does the MoE routing mechanism behave
in practice?

Fig. 4 provides a qualitative overview of model behavior on a repre-
sentative test sequence. The predicted trajectory (green) closely tracks
the ground truth (orange) throughout the test region, capturing both the
amplitude and phase of the underlying oscillations. No systematic drift
or bias is visible, and the model maintains fidelity even as the forecast
extends over several hundred time steps. This visual inspection comple-
ments the quantitative analyses that follow.

5.4.1. Forecast error and component attribution

Fig. 5 characterizes how forecast quality and component contribu-
tions evolve across the prediction horizon. Panel (a) displays MAE as a
function of horizon step, with shaded bands indicating the interquartile
range across test samples. Error increases monotonically from approx-
imately 0.025 at horizon step 1 to 0.12 at horizon step 5, accompanied
by a widening IQR that reflects growing predictive uncertainty. The ap-
proximately linear error trajectory indicates that the autoregressive de-
coding procedure does not suffer from the exponential error accumula-
tion that can arise in recurrent forecasters when small prediction errors
compound across steps.

Panel (b) decomposes predictions into contributions from the trend
and seasonal heads, reporting both absolute magnitude (left) and rela-
tive fraction (right). At the first horizon step, the trend component ac-
counts for approximately 70% of output magnitude while the seasonal
component contributes 30%. These proportions reverse as the horizon
extends: the seasonal fraction crosses 50% near step 3.5 and reaches
approximately 65% by step 5. This crossover aligns with the design ra-
tionale for dual-head decomposition. Trend extrapolation relies on con-
tinuing a locally-estimated slope, which becomes increasingly unreliable

as the forecast extends beyond the context window. Seasonal structure,
by contrast, is periodic and phase-coherent: once the model learns the
relevant frequencies, it can project them forward with less degradation.

5.4.2. Expert utilization and routing dynamics

Fig. 6 characterizes expert utilization and routing entropy across the
MOoE layers. Panel (a) shows that mean router probabilities are approxi-
mately uniform at ~0.25 per expert, indicating that the gating network
does not collapse to a degenerate solution at the soft-assignment level.
However, top-1 selection frequencies reveal a different picture: expert 3
accounts for approximately 48% of all hard routing decisions while ex-
pert 1 is selected for only 7%. This discrepancy between soft and hard
routing reflects the winner-take-all property of sparse mixture models,
where the argmax operation amplifies small logit differences into con-
centrated selections.

Panel (b) examines how routing behavior varies with network depth.
Router entropy increases monotonically from layer 0 (H = 1.36) to
layer 3 (H =~ 1.385), approaching the maximum entropy for four experts
(log4 ~ 1.386). This gradient indicates that early layers route more de-
terministically, concentrating computation on a smaller subset of ex-
perts, while deeper layers distribute probability mass more uniformly.
A plausible interpretation is that early layers perform coarse-grained
specialization based on broad input characteristics, while later layers
engage more diverse expert combinations to capture fine-grained pat-
terns.

To assess routing robustness, we perturb input representations by
adding Gaussian noise with standard deviation equal to 1% of the rep-
resentation norm. Across eight independent trials, the router maintains
100% top-1 consistency, with KL divergence between clean and per-
turbed distributions on the order of 10~7. This stability indicates that
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Fig. 6. MoE routing behavior. (a) Expert utilization aggregated across layers. Left: mean router probability per expert (~0.25 each), indicating balanced soft
assignment. Right: top-1 selection frequency, revealing concentration on expert 3 (48%) despite uniform soft routing, reflecting the winner-take-all property of sparse
mixtures. (b) Router entropy increases from H = 1.36 at layer O to H ~ 1.385 at layer 3 (maximum log4 ~ 1.386), indicating that early layers route deterministically

while deeper layers distribute probability more uniformly.

the learned routing function operates far from decision boundaries and
is unlikely to exhibit erratic behavior under minor distributional shifts.

6. Conclusion

This work introduced a decomposition-driven, expert-routed Mamba
framework for wind-constrained forecasting using real operational data
from the National Interconnected System of Brazil provide by ONS. By
integrating entropy-guided VMD with a modular Mamba backbone and
sparse MoE routing, the proposed Unified Mamba Forecaster effectively
addresses the volatile, multi-scale, and long-memory characteristics of
wind curtailment time series.

The empirical results demonstrate three principal findings. First, re-
versible instance normalization is essential for stable optimization under
heterogeneous and non-stationary input distributions. Second, explicit
separation of trend and seasonal dynamics significantly enhances pre-
dictive performance, particularly when combined with patch-based tok-
enization and channel interaction modeling. Third, sparse expert routing
provides substantial additional gains over a single-backbone Mamba,
yielding state-of-the-art performance and outperforming strong base-
lines such as RNNs, MLPs, and Transformer-based forecasters by large
margins in MSE, RMSE, and MAE.

Future work will extend this framework along three directions: prob-
abilistic forecasting with calibrated uncertainty quantification, integra-
tion of exogenous meteorological and transmission variables, and trans-
fer learning across regional subsystems to improve robustness under
evolving grid conditions. Additionally, investigating adaptive expert

allocation and dynamic decomposition strategies may further enhance
generalization in rapidly changing renewable penetration scenarios.

The integration of exogenous variables as auxiliary inputs to the MoE
Mamba framework will enable the model to better capture the opera-
tional conditions that lead to curtailment events. Furthermore, the in-
clusion of these variables may allow the model to learn more robust
cross-domain dependencies between generation, demand, and environ-
mental factors, potentially improving generalization and long-horizon
prediction performance.
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