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Simple vs Complex: Evaluating Deep Learning Architectures for
Decomposition-Based Electrical Load Time Series Forecasting
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Abstract Decomposition methods, such as Variational Mode
Decomposition (VMD), convert complex, nonstationary time
series into band-limited Intrinsic Mode Functions (IMFs),
enabling the isolation of interpretable temporal components
and the analysis of trends, seasonality, and oscillatory behav-
ior. These techniques have gained increasing attention in the
scientific community and are commonly employed as prepro-
cessing steps in hybrid forecasting frameworks. To evaluate
the performance of different categories of forecasting algo-
rithms on band-limited components, this study investigates
nine neural architectures, including recurrent, feedforward,
basis expansion, and transformer models, applying them to
both synthetic IMFs and VMD-decomposed real-world elec-
trical load data. Results show that simple or lightweight mod-
els, such as Multi-Layer Perceptrons (MLPs) and Temporal
Convolutional Networks (TCNs), often match or outperform
more complex transformers, indicating that architectural in-
novations designed for raw time series do not necessarily
improve IMF forecasting.
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1 Introduction

Decomposition-based forecasting leverages algorithms such
as Empirical Mode Decomposition (EMD) [7], Variational
Mode Decomposition (VMD) [3], and Synchrosqueezing
Wavelet Transform (SWT) [2] to transform complex time
series into more tractable components. Among these, VMD
and SWT stand out as methods with rigorous mathematical
convergence guarantees, producing band-limited Intrinsic
Mode Functions (IMFs) characterized by slowly varying
amplitude and frequency relative to their phase.

The field of neural forecasting has evolved from Multi-
Layer Perceptrons (MLPs) and Long Short-Term Memory
(LSTM) networks to sophisticated transformer-based models
such as Informer [14], FEDformer [15], and PatchTST [8].
Interpretable architectures like N-BEATS [9] and N-HiTS
[11] have also demonstrated competitive performance. While
these newer architectures excel on complex datasets, their
effectiveness on IMF signals remains largely unexplored.
This raises a critical question: do the architectural innova-
tions of modern deep learning maintain their advantages
when applied to band-limited, quasi-periodic signals? The
fundamental preprocessing strategy of decomposition trades
complex, nonstationary trends for well-behaved components.
If simpler architectures prove sufficient for IMF forecasting,
this would suggest that decomposition contributes primar-
ily by interacting favorably with the ANN training phase,
thereby improving overall predictive performance.

Despite extensive literature on decomposition-enhanced
forecasting across domains, including electric power [6, 1,4],
renewable energy [13, 12], and network throughput [10], a
systematic evaluation comparing how different architectural
paradigms perform specifically on IMFs is absent.

To fill this gap, in this paper we propose a methodologi-
cal contribution: by evaluating and comparing nine diverse
forecasting algorithms on synthetic IMFs and real-world de-
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composed signals, we show that architectural complexity
does not consistently translate to improved performance in
multi-step-ahead forecasting on band-limited components.

2 Methodology
2.1 Evaluated Algorithms

The NeuralForecast framework [9] was employed to assess
nine forecasting algorithms spanning four architectural cate-
gories (basis expansion models, transformer-based models,
feedforward models, and recurrent models), as summarized
in Table 1.

Basis expansion models, such as N-BEATS and N-HiTS,
decompose the forecast into interpretable components using
learnable basis functions across hierarchical temporal scales.

Transformer-based models, including Informer, FED-
former, and PatchTST, leverage attention mechanisms to
model long-range dependencies, while incorporating archi-
tectural optimizations to improve computational efficiency.

Feedforward models, exemplified by MLP and Tempo-
ral Convolutional Networks (TCN), operate over temporal
windows using either fully connected layers or dilated causal
convolutions.

Finally, recurrent models, including LSTM and DeepAR,
process sequences sequentially through gated memory cells,
enabling the effective capture of temporal dependencies.

In terms of forecasting strategy, LSTM and DeepAR
adopt a recursive approach, where each predicted value is
iteratively fed back as input for subsequent steps. All other
models utilize direct multi-output forecasting, producing all
future values simultaneously in a single forward pass.

Table 1 Overview of evaluated forecasting algorithms

Category Algorithm Key Feature
Basis expansion ~ N-BEATS Backcast-forecast blocks with
learnable basis functions
Basis expansion ~ N-HiTS Multi-rate sampling and hier-
archical interpolation
Transformer- PatchTST Patch-based transformer with
based channel independence
Transformer- Informer ProbSparse attention,
based O (LlogL) complexity
Transformer- FEDformer Frequency-enhanced atten-
based tion
Feed-forward TCN Dilated causal convolutions
Feed-forward MLP Fully connected layers on flat-
tened windows
Recurrent LSTM Gated memory cells (forget,
input, output gates)
Recurrent DeepAR LSTM-based probabilistic au-

toregression

2.2 Experimental Configuration and Evaluation Metrics

The "Auto" variants of the NeuralForecast framework were
used, allowing a fair comparison across methods by allocat-
ing equal computational budgets (12,000 gradient steps in
total) through controlled hyperparameter optimization. All
models were configured with: forecast horizon & = 48 time
steps, input window size 2h, robust scaling for normalization,
early stopping with patience of 2 steps, and initial learning
rate of 1073, Models were trained using either Normal or
Student’s t-distribution losses, with MAE used for Informer
and FEDformer where distribution-based losses performed
poorly. This work evaluates only point forecasts. For models
that produce full predictive distributions, we converted those
distributions into point forecasts by taking their expected
value.

We employed two normalized error metrics for fair com-
parison across different signal scales, i.e., the Normalized
Root Mean Squared Error (NRMSE) and the Normalized
Mean Absolute Error (NMAE), defined as follows:

Iyr (i—9)?
NRMSE = (D
Oy
YR i il
Gy

NMAE = 2)
where y; are actual values, J; are predictions, Oy, is the stan-
dard deviation of actual values, and 7 is the number of actual
points.

3 Datasets

The selected neural models were evaluated using two distinct
datasets.

The first dataset was synthetically generated by construct-
ing signals that are mathematically consistent with the defini-
tion of IMFs [2]; these signals are referred to, in the following,
as synthetic IMFs.

The second dataset was derived from real-world time
series data consisting of measured shipboard load power
consumptions, which were decomposed using the VMD tech-
nique [4]. In both cases, the same division of data into train-
ing and test sets was applied to assess the performance of the
forecasting models. Further details of the datasets used are
provided in the following subsections.

3.1 Synthetic IMFs

Four artificial IMFs were generated according to the math-
ematical definition in [2]. A function f(r) = A(t)e®") is an
Intrinsic Mode Function with accuracy € > 0 if:

1. A€ CH(R)NL(R), ¢ € C*(R)
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2. infier ¢'(¢) > 0, sup,cp ¢’ (1) < oo
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4. sup,cp [9"(1)] < oo

The key constraint (3) requires that amplitude and instanta-
neous frequency vary slowly relative to the phase.
Our synthetic IMFs take the real-valued form:

IMF(t) = A(t) -cos(¢(¢)) (3)

where A(t) = 2+ cos?(yt/2) +Acos(17yt/2) and ¢(t) =
I"(sin(¢) + bt)/b. The parameters were varied to produce
four distinct configurations (Table 2) all satisfying the IMF
constraints. Fig. 1 shows that the rate of change of amplitude
and frequency is substantially lower than that of phase across
all configurations, confirming that the four synthetic signals
employed reflect the typical characteristics of IMFs. The first
10,000 samples of each IMF were used as training set and
the next 144 samples were used as test set.

Table 2 Parameters for synthetic IMF configurations

Config Y b r A

#1 001 47 11 1.0
#2 0015 43 07 1.0
#3 0.005 55 09 15
#4 0017 51 08 13

3.2 VMD-Decomposed Real-World Data

We also evaluated the performance of the selected forecasting
models on real-world electrical load power consumption data
measured on a passenger vessel; these data were decomposed
by VMD, as described in [4].

The electrical load power dataset comprises four power
consumption variables (Pi—Py4), each with 10,144 observa-
tions sampled at ten-minute intervals, spanning approximately
71 days. The first 10,000 samples were used as training set
and the remaining day was used as test set.

The data were decomposed into K = 12 IMFs, a con-
figuration shown to yield accurate reconstruction in previ-
ous studies [4,5]. Among these components, we focused on
the lowest-frequency mode because it captures the dominant
trend of the electrical load and has the greatest impact on fore-
casting accuracy. This mode also shows strong spectral local-
ization and closely reflects the band-limited, quasi-harmonic
behavior of ideal IMFs.

4 Results

The forecast results for the nine evaluated neural models
are summarized in Tables 3 and 4, which correspond to the

aggregated metrics for synthetic IMFs and for the VMD-
decomposed modes of the measured power consumption
data, respectively. Specifically, each neural model is tested
on every signal from the two datasets and, based on the results
of each experiment, the mean and standard deviation of the
metrics are computed.

Across both datasets, AutoMLP consistently achieves
the best performance, exhibiting the lowest NRMSE and
NMAE values along with moderate variability. AutoNHITS
and AutoPatchTST also demonstrate strong performance,
ranking immediately after AutoMLP, whereas AutoDeepAR
exhibits the poorest results, with substantially higher errors
and variability in both settings.

In the synthetic IMF experiments, AutoMLP reaches
an average NRMSE of 0.073, which is 6.4% lower than
AutoNHITS (0.078) and 29.8% lower than AutoPatchTST
(0.104). AutoInformer and AutoNBEATS achieve interme-
diate errors (0.139-0.143), while AutoDeepAR exhibits the
highest NRMSE (0.996), an order of magnitude above the
top-performing models.

For the VMD-decomposed real-world data, AutoMLP
maintains the lowest average NRMSE (0.419), 19.6% lower
than AutoNHITS (0.521) and 28.3% lower than AutoTCN
(0.585). AutoLSTM (0.730) outperforms AutoInformer (0.811)
and AutoFEDformer (0.928) in terms of both mean error and
stability, demonstrating more consistent performance.

Overall, fully connected and temporal convolution-based
architectures, despite being simpler and computationally
lighter, achieve comparable or more consistent forecasting
performance, while attention-based models tend to exhibit
higher variability and moderate underperformance, particu-
larly on real-world VMD-decomposed load power consump-
tion data.

Fig. 2 reports the average NRMSE and the corresponding
standard deviation obtained for each neural model across
all eight experiments, including both synthetic IMFs and
real-world data decomposed via VMD. This aggregated anal-
ysis clearly demonstrates the superior performance of the
AutoMLP model, whereas transformer-based architectures
yield higher average errors and exhibit greater performance
variability.

Table 3 Summary of forecasting performance metrics on synthetic IMF
experiments

Model NRMSE NMAE

AutoMLP 0.073+£0.041 0.061+0.034
AutoNHITS 0.078+0.035 0.065+0.030
AutoPatchTST  0.1044+0.027 0.084+0.017
Autolnformer 0.139+0.045 0.110£0.038
AutoNBEATS 0.143+0.062 0.119+0.056
AutoTCN 0.209+0.169 0.175+£0.150
AutoLSTM 0.224+0.075 0.196+0.074
AutoFEDformer  0.265+0.127  0.208 0.092
AutoDeepAR 0.996+0.329 0.777+0.298
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Fig. 1 Validation of synthetic IMFs: RMSE of amplitude (A) and frequency derivatives relative to phase (¢) derivatives, confirming compliance

with the IMF definition.
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Fig. 2 Average NRMSE across all experiments comparing algorithm performance on synthetic IMFs and VMD-decomposed data.

Table 4 Summary of forecasting performance metrics on VMD-
decomposed real-world data

Model NRMSE NMAE

AutoMLP 0.419+£0.195 0.337+0.155
AutoNHITS 0.521£0.133  0.4254+0.100
AutoTCN 0.585+£0.357 0.495+0.339
AutoNBEATS 0.588+0.272 0.4964+0.221
AutoPatchTST 0.6044+0.317 0.4734+0.250
AutoLSTM 0.7304+0.165 0.633+0.146
Autolnformer 0.8114+0.573 0.7124+0.562
AutoFEDformer  0.928 £0.351 0.7734+0.374
AutoDeepAR 1.428+£1.189  1.1024+1.021

The superior performance of simpler architectures on
band-limited IMF signals can be attributed to the alignment
between their constrained capacity and the regular, quasi-
harmonic structure of decomposed signals. Lacking complex

mechanisms for multi-scale temporal patterns in raw time
series, these models naturally excel at spectrally concentrated
behavior.

PatchTST offers a nuanced case: although it is a full
transformer, it avoids explicit seasonal-trend decomposition
(unlike FEDformer) and uses standard self-attention rather
than specialized mechanisms like Informer’s ProbSparse at-
tention. Whether its success is due to architectural simplicity,
reduced sequence length through patching, or both is a inter-
esting open question for future investigation.

DeepAR performs poorly because its probabilistic frame-
work, designed for complex, noisy series, is ill-suited to
quasi-deterministic IMFs. Its additional parameters for dis-
tribution estimation introduce unnecessary complexity, and
its recursive prediction strategy compounds errors over the
forecast horizon, highlighting a mismatch between model
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Fig. 3 Forecast results for synthetic IMF #1.

Time

1.00{ — y o~
—— AutoNBEATS |
—— AUtoNHITS 4
0.801 —— AutoPatchTST !
—— Autolnformer s
—— AutoFEDformer |
0.60N —— AutoTCN |
—— AutoMLP H
AutoDeepAR i
0.401 —— AutoLSTM '
---- Forecast Start r 7
Z
0.20 ’
|
1
|
i
0.00 }
0 20 40 60 80 100 120 140

Fig. 4 Forecast results for synthetic IMF #3.
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Fig. 5 Forecast results for VMD-decomposed signal P;.

assumptions and signal characteristics. All these considered,
features crafted for raw, non-stationary time series, such as
specialized attention mechanisms and multi-scale decompo-
sition, do not offer benefits for band-limited signals. This
suggests that the computational cost of complex transformers
is not justified for forecasting IMFs.

To illustrate the qualitative behavior of the forecasts pro-
duced by the different neural models, Figures 3, 4, 5, and
6 present representative examples of the forecast results for
synthetic IMF#1 and IMF#3 and for the VMD decomposed
signals P; and P3, respectively. In all plots, both types of

Time

data are normalized to enable a more direct comparison and
improve readability.

5 Conclusions and Future Directions

The comparative study presented in this paper suggests that,
for band-limited signals such as IMFs obtained through de-
composition, simpler neural architectures tend to achieve
performance comparable to, or slightly better than more com-
plex models. In particular, a basic MLP delivered the best
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Fig. 6 Forecast results for VMD-decomposed signal P3.

overall results in our experiments, despite its relatively dated
and straightforward design. For practitioners employing pre-
processing based on decomposition within hybrid forecasting
frameworks, these findings indicate that simpler neural mod-
els may provide a more favorable cost—benefit tradeoff than
state-of-the-art transformer-based architectures. Therefore,
the selection of forecasting models should take into account
not only benchmark performance on raw time series but also
the spectral and mathematical properties of the preprocessed
signals.

Future work will examine the performance of neural mod-
els across the full range of IMF components, the influence
of decomposition parameters (e.g., number of modes K and
regularization) on model ranking, and the potential of hybrid
approaches that combine simple per-IMF predictors with
learned aggregation to outperform end-to-end complex mod-
els. Additionally, multivariate VMD decompositions, which
introduce cross-dependencies among variables, will be ex-
plored to assess whether attention-based models can more
effectively capture inter-series relationships.
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