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are conducted on the New South Wales (NSW) half-hourly load dataset
under a fixed forecasting protocol with a 7-day input window (input_size
= 336) and a 1-day-ahead horizon (h = 48). Models are trained using a
recent-window retraining setup and evaluated on a time-ordered holdout
set. The research contribution is twofold: To quantify the effects of four
influential hyperparameters (learning rate, dropout, d model, and
e _layers) on TimeMixer accuracy using trial-level error distributions and
summary statistics, and to compare three hyperparameter optimization
strategies, Random Search (RS), Tree-structured Parzen Estimator (TPE),
and a Genetic Algorithm (GA) under an identical evaluation budget.

Forecasting performance is assessed using mean absolute percentage error
(MAPE), and hyperparameter effects are characterized through boxplots
across trials and median performance across discrete hyperparameter
levels. Results show that hyperparameter optimization consistently
improves TimeMixer over the default configuration, reducing the best
MAPE to 2.154% (RS), 2.119% (TPE), and 1.895% (GA), with GA
achieving the most significant improvement. These findings provide
practical guidance on selecting both an optimization strategy and robust
hyperparameter settings when deploying TimeMixer for STLF.

© 2025 The Authors.
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This is an open-access article under the CC-BY-NC license.

1. Introduction

Short-term load forecasting (STLF) is a core component of modern power-system operation and
planning because electrical demand must be continuously balanced with generation under security and
economic constraints. Accurate STLF supports unit commitment and dispatch, reserve scheduling,
congestion management, and market participation, thereby reducing operating costs and improving
reliability. Conversely, forecast errors may lead to excessive reserve procurement, inefficient dispatch,
or an increased risk of operating limit violations. For these reasons, improving STLF accuracy remains
a necessary research and engineering objective.

Load forecasting methods have evolved from classical statistical models to machine learning
(ML) and deep learning (DL). Traditional time-series approaches such as ARIMA and SARIMA [1]-
[9], exponential smoothing [10]-[13], and linear regression [14]-[17] remain attractive due to their
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simplicity, low computational cost, and interpretability. However, such models often rely on
assumptions (linearity and stationary seasonality) that can be violated in real-world load data, which
may exhibit nonlinear dynamics, abrupt regime changes, and complex interactions driven by
operational and behavioral factors. As a result, purely statistical models may struggle when demand
patterns are highly nonlinear or rapidly varying.

To better capture nonlinear relationships and improve practical generalization, ML models have
been widely adopted. Representative approaches include Support Vector Regression (SVR) [18]-[20],
k-Nearest Neighbors (kNN) [21]-[23], Random Forests [24]-[28], Gradient Boosting [29]-[34], and
modern boosting frameworks such as LightGBM [35]-[41]. These methods can yield strong
performance when appropriate features are engineered, and exogenous variables (such as calendar
indicators or weather) are incorporated. Nevertheless, ML-based forecasting often depends heavily on
feature engineering, lag selection, and preprocessing choices. Moreover, many ML models do not
natively model long-range temporal dependencies unless temporal structure is carefully encoded in
the input representation. With the increasing availability of high-resolution load measurements, DL
models have become prominent because they can learn useful representations directly from data.
Recurrent architectures such as RNN [42]-[45], LSTM [46]-[52], and GRU [53]-[60] are designed to
model sequential dependence, while convolutional models such as CNN [61]-[64] and TCN [65]-[68]
can efficiently extract temporal patterns and often offer stable training. Transformer-based models
further improve the modeling of long-range dependencies via attention mechanisms, and specialized
forecasting architectures such as N-BEATS [69]-[73] and N-HiTS [74]-[75] have demonstrated
competitive performance on benchmark time-series tasks. Despite their expressiveness, DL models
commonly face practical challenges: performance can be susceptible to architectural and training
hyperparameters, overfitting may occur when regularization is insufficient, and convergence can
become unstable when hyperparameter values are suboptimal. Consequently, selecting suitable
hyperparameters is often as critical as choosing the model family itself.

In this study, we focus on the TimeMixer [ 76]-[80] forecasting model, implemented in the Nixtla
NeuralForecast ecosystem. TimeMixer is designed to capture temporal patterns through structured
mixing operations, and NeuralForecast provides a standardized pipeline for multi-step forecasting
with panel-format data (unique id, ds, y). From a practical standpoint, this ecosystem offers a
consistent training and evaluation interface that supports reproducible comparisons across model
configurations. However, even when the architecture is suitable for STLF, empirical accuracy can
degrade substantially if key hyperparameters, such as the learning rate, dropout, representation size
(d_model), or model depth (e layers), are poorly matched to the dataset and forecasting protocol.

This motivates the research gap addressed in this paper. While TimeMixer has shown strong
forecasting capability, there remains limited practical guidance on (i) which hyperparameters most
strongly influence accuracy under a fixed STLF protocol and (ii) how different hyperparameter
optimization strategies affect both the discovered configurations and the apparent sensitivity of
TimeMixer to those hyperparameters. To address this gap, we systematically evaluate the influence
of four core TimeMixer hyperparameters (learning_rate, dropout, d model, and e layers) on STLF
accuracy and compare three widely used optimization strategies: Random Search (RS) [81], Tree-
structured Parzen Estimator (TPE) [82], [83], and Genetic Algorithm (GA) [84] under a consistent
experimental design. RS provides a strong baseline with broad coverage, TPE uses probabilistic
modeling to guide trial selection, and GA explores the search space via population-based evolution.
By analyzing trial-level error distributions and performance across hyperparameter values, we aim to
identify the most influential hyperparameters and determine which optimizer yields the most favorable
configurations in the considered STLF setting. The main contributions of this study are as follows:

e  Unified experimental framework for TimeMixer hyperparameter analysis in STLF. We establish
a consistent pipeline (data split, forecasting horizon, evaluation protocol, and search space) to
ensure fair comparisons across optimization strategies.

e  Systematic comparison of three hyperparameter optimization strategies (RS, TPE, and GA).
Using the same tuned hyperparameter set (learning_rate, dropout, d model, e layers) under fixed
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modeling settings, we compare optimizers based on best-achieved accuracy and the distribution
of results across trials.

e  Hyperparameter sensitivity assessment using trial-level error distributions. We quantify how
forecasting error (MAPE) varies with each hyperparameter by analyzing trial outcomes across
candidate values, highlighting median behavior and dispersion to identify the most influential
hyperparameters.

e Practical insights for configuring TimeMixer in short-term load forecasting. Based on a
comparative analysis across RS, TPE, and GA, we provide actionable guidance on which
hyperparameters require the most careful tuning and how the choice of optimizer may affect the
resulting configuration quality.

2. Method
2.1. TimeMixer Model and Architecture

TimeMixer is a decomposable multiscale mixing forecasting model that extracts past information
and generates future predictions by exploiting representations at multiple temporal scales. Concretely,
the architecture is built around two key modules: Past-Decomposable-Mixing (PDM) for multiscale
feature extraction from the historical window, and Future-Multipredictor-Mixing (FMM) for
combining multi-scale predictive skills into the final forecast.

Given a univariate load series y,(or multivariate y, € R®), the forecasting objective is to use the
most recent input window of length Lto predict the next horizon of length H:

Xt = [Yeer4+1, Veor42s o, Vel € RE (1)

Ve = [Jer1, Verzs s Veanl = fo(xe) 2

In your experimental setting (Nixtla/NeuralForecast): L = input size = 336(7 days x 48
points/day) and H = 48(1 day ahead). A central idea of TimeMixer is to create multiple scaled views

of the same past window, because fine scales preserve detailed fluctuations while coarse scales

emphasize macroscopic trends. bet XEO) = X; be the original scale. For scale s > 1, a downsampled

. . s-1) . . . . . .
series xgs)ls produced from XE )usmg a pooling operator with window size w(in your code:

down_sampling window = 2, method = avg):

w
1 - L
() _ (s-1) _
xt,k = ; ' 1xt,(k—1)w+i’k = 1,2,,l$J (3)
1=
Thus, TimeMixer forms a multiscale set {XEO), Xgl), ey ng) }that will be processed jointly. At each

scale s, the model projects the raw sequence into a latent space of dimension d_model(in your tuning:
d _model € {16,24,32,64,128}). A standard linear embedding can be expressed as:

E® = XOW, + b,, X € RT*C, E®) g RTs*d )

Where Ts = l%, d = dode» and Cis the number of variables (for univariate load, C = 1).

TimeMixer explicitly leverages series decomposition to separate complex temporal variation into
interpretable components (seasonal vs. trend), then performs multiscale mixing on these disentangled
parts. A common decomposition form is:

X6 = g() 4 1) (5)

Whsuperscript denotes the seasonal (fluctuation) component, and bold cap T to the, open paren
s, close paren, end superscript denotesere S()denotes the seasonal (fluctuation) component and
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T®)denotes the trend (slow-moving) component. In practice, a moving-average trend extractor is
often used:

TG = MA(X(S)), ) = x(&) 1) (6)

Applsuperscript, and bold cap T to the, open paren s, close paren, end superscript, separately
(because they represent different dynamics). Stack the block e layerstimes (your tuned depth), so
deeper configurations can model more complex interactions across scales. A generic residual form for
one PDM layer at scale scan can be written as:

36 =g 4 Mé@({s(}')}}?:o)j@) =T® 4 MT(S)({TU)}}?:()) (7)

Where M, S(S) (-)and M}S) (-)denote learnable mixing functions (implemented by MLP/mixing blocks
in the TimeMixer design).

After extracting multiscale representations, TimeMixer generates predictions at each scale and
then ensembles/fuses them using Future-Multipredictor-Mixing (FMM), leveraging the
complementary forecasting strengths across scales. Let §¢) € R¥be the horizon prediction produced
from scale s. A general fusion form is:

y= g(}ﬂ,(O)’y(l)' '}A,(S)) (8)

A simple (but common) learnable fusion is a weighted sum:

S
9= a9,
s=0 N

Where a; are learnable or data-driven mixing weights. In your code (NeuralForecast-TimeMixer),
the architecture is instantiated with: H = 48(forecast horizon),L = 336(input_size fixed), multiscale
generation via average pooling with window w = 2(down_sampling window=2,
down_sampling method="avg'). Model capacity controlled mainly by: d model (latent dimension),
e layers (number of stacked mixing layers), dropout (regularization), and learning_rate (optimization
dynamics).

s
a; =1 )
0

2.2. Hyperparameters of the TimeMixer model

Within the Nixtla NeuralForecast framework, the TimeMixer model is typically specified
through two major groups of hyperparameters: architectural settings (which govern representation
capacity and mixing depth) and training settings (which govern the optimization dynamics). Because
the official API exposes a relatively large set of options, this study deliberately focuses on a small
subset of core hyperparameters most likely to influence forecasting accuracy, while keeping the
remaining settings fixed. This controlled design is intended to ensure a fair and interpretable
comparison among the three hyperparameter optimization strategies: Random Search (RS), Tree-
structured Parzen Estimator (TPE), and Genetic Algorithm (GA).

Specifically, the study optimizes four hyperparameters using a centered-default search space,
where the baseline (design) value is positioned near the middle of the candidate set to reduce bias
toward extremes. Learning rate is included because it directly determines the step size of parameter
updates and is often the most sensitive factor affecting convergence quality; an inappropriate learning
rate can lead to unstable training or suboptimal minima, which is typically reflected in substantial
variations in MAPE. Dropout represents a regularization mechanism that mitigates overfitting; this is
particularly relevant for electric load series that exhibit seasonal patterns and noise, where excessive
fitting to short-term fluctuations may degrade generalization on the test horizon. D_model controls
the width of the latent representation and, therefore, the model's expressive capacity. Overly small
values may under-represent temporal dependencies, whereas overly large values may increase
optimization difficulty and raise the risk of overfitting. E layers captures the adequate depth of the
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mixing blocks; increasing depth can enhance the model’s ability to extract hierarchical temporal
structure, but may also introduce greater optimization complexity. E layers is explicitly tuned to
examine whether different optimization strategies discover consistent depth preferences. To reduce
the dimensionality of the search and maintain a coherent representation scale, the feed-forward width
is tied to the model width by enforcing d_ff=d model throughout all experiments.

To ensure that performance differences arise only from the four tuned hyperparameters, all
remaining settings are fixed according to the experimental protocol. The forecasting horizon is set to
h =48, corresponding to one day ahead for a 30-minute sampling frequency. The input context length
is fixed at input_size = 336, corresponding to seven days of historical observations. The multi-scale
processing mechanism is held constant by keeping the downsampling configuration unchanged,
thereby preserving the model's information aggregation across resolutions. Likewise, the key training
controls, such as the maximum number of training steps, the batch size, and the validation check
schedule, are kept identical across RS, TPE, and GA. Finally, a fixed random seed is used to enhance
reproducibility and limit stochastic variation that could otherwise confound comparisons among
optimization methods.

To ensure that performance differences are attributable only to the four tuned hyperparameters,
all remaining settings are held constant. The forecasting horizon is fixed = 48, and the input context
is fixed at input_size = 336. The downsampling configuration is unchanged to preserve the multi-scale
aggregation mechanism. Training controls such as maximum steps, batch size, and validation schedule
are kept identical across all trials and across RS, TPE, and GA. A fixed random seed is used for
reproducibility. Table 1 summarizes 10 core baseline settings consistently adopted across the
experimental code.

Table 1. Default configuration of the TimeMixer model

down

Input learning Drop d e . Scaler Max Batch
Parameter h . - sampling .
size rate out model layers . type  steps  size
window
Baseline 48 336 le-3 0.1 32 4 2 standard 500 32

2.3. Hyperparameter Optimization Methods

This study compares three hyperparameter optimization strategies: Random Search, Tree-
structured Parzen Estimator, and Genetic Algorithm under the same discrete centered-default search
space and evaluation budget. All methods aim to minimize forecasting error, measured by MAPE.

N
100 -9
MAPE(%) = — E |y‘y 4 (10)
t

t=1
To prevent information leakage, hyperparameter selection is performed using a time-ordered
validation split, and the test set is used only once for final reporting of the selected best configuration
for each method. Concretely, each trial is trained on the training portion, evaluated on the validation
portion to obtain the objective value, and only the final best configuration is assessed on the test set.

Random Search samples candidate configurations uniformly at random from the discrete search
space. Each sampled configuration is trained under the same fixed protocol and evaluated on the
validation set to obtain its MAPE. RS is simple and robust, but it does not exploit information from
previous trials to guide subsequent sampling, which can be inefficient under a limited budget.

TPE is a Bayesian optimization approach that proposes promising configurations based on the
history of observed trials. In this study, TPE is implemented using Optuna’s TPESampler, treating
each hyperparameter as a categorical choice from predefined discrete values. After each completed
trial, TPE updates its probabilistic models to increase the likelihood of sampling configurations
associated with lower validation MAPE. To ensure a consistent reference point, the baseline
configuration is enqueued as the first trial.
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GA is a population-based optimization approach inspired by evolutionary processes. Each
encodes a candidate set of the four hyperparameters, and fitness is defined as validation MAPE (lower
is better). The GA procedure consists of: (i) initializing a population including the baseline and
randomly generated individuals, (ii) selecting parents via tournament selection, (iii) generating
offspring via uniform crossover, (iv) applying mutation with a fixed probability to maintain diversity,
and (v) retaining the best individual using elitism. The evaluation budget is set to match the other
methods; with POP_SIZE = 10 and N_GEN =5, GA performs 50 evaluations.

For all three methods, each successful trial is recorded, including hyperparameter values and
evaluation metrics, enabling subsequent sensitivity analysis and comparisons of optimizers based on
best-achieved accuracy and trial-level performance distributions.

2.4. Flowchart of the Proposed Framework

Fig. 1 presents the overall workflow of the proposed forecasting framework, from data
preparation to hyperparameter optimization and final evaluation. First, the raw load time-series
Y1, Ys, ..., Yyis collected and carefully preprocessed to guarantee temporal integrity. This preprocessing
stage includes (i) parsing timestamps into a unified datetime format, (ii) sorting all observations in
strictly increasing chronological order, and (iii) verifying continuity of the sampling interval (30-
minute resolution) to detect missing, duplicated, or irregular time points. When anomalies are
identified, the series is corrected or filtered so that the final sequence maintains consistent spacing and
can be reliably used for multi-step forecasting.

Start

y

Input data:
Y1, Y2, ...,Yn
v
Training Data: . Testting Data:
X_train, Y_train Input data processing » X test Y_test
Optimization Search space
Random Search, TPE, learning_rate, dropout,
GA d_model, and e _layers
I l I
> TimeMixer -t

}

All Trial and
Parameters

'

Evaluate using MAPE

Fig. 1. Flowchart of the hyperparameter optimization search algorithm for the three methods
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Next, the cleaned series is transformed into a supervised learning dataset by applying a sliding-
window construction. Specifically, an input window Xis formed from a fixed-length historical
segment of the series, and the corresponding output Yis defined as the future target sequence over a
pre-specified forecasting horizon H. In other words, each training sample consists of (X;’Y;), where
X¢ = [Ye—p41, -, Y¢]represents  the past Lobservations (historical context), and Y; =
[Yii1, -, Yepg]denotes the next Hsteps to be predicted. This formulation enables TimeMixer to learn
the mapping from historical demand patterns to future load trajectories in a multi-step setting.

After window construction, the dataset is partitioned into training and testing subsets,
Xirains Yerain, Xtest» Y_test using a strictly time-ordered split. Unlike random shuffling, this
chronological separation preserves temporal causality and prevents information leakage from future
observations into the training process. Consequently, the test set represents an unseen future period,
providing a realistic evaluation of forecasting performance under operational conditions.

The TimeMixer model is then trained repeatedly under different hyperparameter configurations
generated by three hyperparameter optimization strategies: Random Search (RS), Tree-structured
Parzen Estimator (TPE), and Genetic Algorithm (GA). A predefined search space is specified for the
most influential training and architectural hyperparameters, including the learning rate
(learning_rate), the dropout ratio (dropout) for regularization, the model representation width
(d_model) controlling latent dimensionality, and the encoder depth (e_layers) determining the number
of stacked encoder blocks. For each trial, one candidate configuration is sampled (RS), suggested
through probabilistic modeling (TPE), or evolved via population-based selection and mutation or
crossover (GA), ensuring that all methods operate under the same evaluation budget for fairness.

For every training run (trial), the selected hyperparameters, training outputs, and evaluation
results are logged to enable systematic analysis. The trained model produces multi-step forecasts over
the horizon H for the test set, and forecasting accuracy is quantified using Mean Absolute Percentage
Error (MAPE). By collecting MAPE scores across all trials, the procedure supports (i) direct
comparison of optimization strategies in terms of best-achieved accuracy and overall result
distributions, and (ii) selection of the best-performing hyperparameter configuration for TimeMixer
under each optimization approach.

3. Experimental Setup
3.1. Dataset Description and Experimental Setup

The load demand data used in this study are a time-series dataset for the New South Wales (NSW)
region, consisting of two fields: settlementdate and totaldemand. These field names are consistent
with the data definitions in the NEM market data model (AEMO/MMS), where settlementdate denotes
the applicable timestamp and totaldemand represents the regional total demand. The dataset was
obtained from AEMQ’s public data source (nemweb/mms). It has a 30-minute resolution and spans
from 01/01/2015 to 31/12/2021, comprising 122,735 observations with no missing values. Data
preprocessing included timestamp format conversion, chronological sorting, and continuity checks
before constructing the training and testing datasets. To provide a concise overview of the dataset’s
distribution and variability, Table 2 presents key descriptive statistics for the NSW half-hourly load-
demand series.

Table 2. Key characteristics and distribution statistics of the NSW demand dataset (MW)

. Time-step . Q1 Median Q3 Std
Observations continuity Min (25%) (50%) Mean (75%) Max (5)
122,735 100% (30-min 4 316 4 977 57 7,798 7,890 8,625 13,985 1,260

step)

Table 2 shows that the dataset contains 122,735 observations with 100% continuity at a 30-
minute sampling interval, confirming that the time series is complete and suitable for time-series
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modeling without gaps. The demand values range from 4,316 to 13,985, indicating substantial
variability across the study period. The median demand is 7,798, while the mean is slightly higher at
7,890, suggesting a mildly right-skewed distribution driven by occasional high-demand peaks. The
interquartile range (Q3—Ql) is 1,647.43, meaning that the middle 50% of demand values lie within a
relatively concentrated band around the central tendency. The standard deviation of 1,260
(approximately 16% of the mean) further indicates moderate dispersion, highlighting the presence of
both regular demand fluctuations and peak events that the forecasting model must capture effectively.

Based on the statistical characteristics reported in Table 2, the next step is to establish a
preprocessing strategy and a time-ordered data-splitting scheme for model training and evaluation;
Fig. 2 illustrates the train/test split used in this study.

NSW Load - Train/Test Split (48 points/day)

14000 Full dataset
Train (28 days)
—— Test (1 day)
12000

10000

8000

TOTALDEMAND

6000

4000
2015 2016 2017 2018 2019 2020 2021 2022
Time

Fig. 2. NSW (AEMO) total demand train (28 days) vs test (1 day)

During preprocessing, the data are loaded from a CSV file, and the timestamp field settlementdate
is converted to a standard datetime format (mm/dd/yyyy hh: mm). The entire series is then sorted in
ascending chronological order, and the index is reset to preserve the time series' temporal sequence
before extracting the training and testing segments. In addition, to ensure reproducibility, a fixed
random seed (SEED = 42) is applied across the relevant libraries (NumPy, random, PyTorch, and
PyTorch Lightning).

As shown in Fig. 2, the whole load series is displayed with a transparent curve (whole dataset),
while the training and testing portions are highlighted at the end of the time series. With a 30-minute
resolution, each day yields 48 data points; therefore, the forecasting horizon is set to H = 48,
corresponding to a one-day-ahead forecast. The test set is the last 48 observations of the series (the
most recent day). In contrast, the training set consists of the 28 days immediately preceding the test
day, yielding 48 x 28 observations. This split preserves temporal validity (the test period always
follows the training period) and mitigates information leakage, since the model is trained only on
historical data to predict the subsequent future period. Moreover, the input window size is set to 7
historical days (48 x 7 points) to provide short-term trend information and daily/weekly seasonality
patterns for the forecasting model.

3.2. Configuration of the Hyperparameter Search Space

In this study, to ensure a fair and controlled comparison among the three hyperparameter
optimization strategies (Random Search, TPE, and Genetic Algorithm), the TimeMixer model
implemented in the Nixtla NeuralForecast library is evaluated under the same experimental setup.
Only four core hyperparameters that are expected to influence forecasting accuracy directly are
allowed to vary, namely (learning_rate, dropout, d model, and e layers), while all other settings are
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kept fixed. In addition, all three optimization methods operate on the same discrete “centered-default”
search space, as summarized in Table 3.

Table 3. Hyperparameter search space for the three optimization methods

Hyperparameter Discrete Value Set Reference Value (Center)
learning_rate {3e-4, Se-4, 1e-3, 2¢e-3, 3e-3} le-3
dropout {0.00, 0.05, 0.10, 0.15, 0.20} 0.10
d_model {16, 24, 32, 64, 128} 32
¢ layers {2,3,4,5,6} 4

In Table 3, the reference configuration (executed independently as an evaluation benchmark) is
placed at the center of each candidate range to avoid bias and to create two-sided “neighboring” levels.
This design ensures that any performance differences observed among RS, TPE, and GA primarily
reflect each method's search mechanism rather than changes in the training or evaluation procedures.
It also facilitates group-wise impact analysis using median statistics and error distributions for each
hyperparameter value. Specifically, learning_rate is sampled around 1x10 to examine convergence
sensitivity (lower values enable more conservative updates, whereas higher values may converge
faster but can introduce instability), dropout is selected from 0 to 0.2 to evaluate the role of
regularization for noisy and seasonal load series, d_model is expanded from 16 to 128 to observe the
trade-off between representational capacity and the risk of overfitting or optimization difficulty, and
e_layers varies from 2 to 6 to verify the effect of mixing depth on forecasting error.

3.3. Google Colab Environment and Nixtla Library

All experiments were conducted on Google Colab with an NVIDIA A100 GPU to accelerate
model training and evaluation across the datasets considered in this study. The experimental
environment was implemented in Python, with the required libraries installed directly in Colab via
pip. In particular, Nixtla NeuralForecast was used as the primary framework to build the time-series
forecasting pipeline. Specifically, models were instantiated and trained via the NeuralForecast class,
configured with a selected architecture (TimeMixer) and an optimization loss/metric (MAE). Core
libraries such as PyTorch and PyTorch Lightning were employed to leverage GPU acceleration
(CUDA), manage the training loop, and ensure experimental stability.

In addition, data processing and evaluation relied on numpy and pandas (data preprocessing and
time-series formatting), matplotlib (visualization), and sklearn.metrics (computing performance
indicators such as MSE, MAE, and MAPE). For hyperparameter optimization, the study integrated
Random Search (RS), TPE (Tree-structured Parzen Estimator), and the Genetic Algorithm (GA)
within a unified workflow: RS randomly samples hyperparameter combinations from the search
space; TPE (via Optuna) performs Bayesian optimization by modeling the distributions of “good”
versus “bad” configurations to propose more promising trials; and GA explores the search space using
an evolutionary mechanism (selection—crossover—mutation) to progressively improve a population of
candidate solutions according to the objective function. In each trial, the model is trained on the
training set and evaluated on the validation set using the same criterion, after which the best
configuration is selected for final testing. To enhance reproducibility and reduce randomness-induced
variability, fixed seeds were set for the relevant libraries (random, numpy, torch), and memory
management strategies (gc.collect() and releasing GPU memory when necessary) were applied to
mitigate out-of-memory issues when running many consecutive trials in Colab.

4. Results And Discussion
4.1. Results Obtained Using Random Search

Random Search (RS) is first used as a baseline optimizer to explore the discrete centered-default
hyperparameter space and to reveal how TimeMixer responds to each hyperparameter under the fixed
STLF protocol. Rather than describing each boxplot separately, we synthesize the RS evidence into
four sensitivity patterns and highlight practical settings that improve both accuracy and robustness.
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The dropout analysis indicates that lower dropout values are consistently more favorable in this
setting. Specifically, dropout =0.0 and 0.1 achieve the lowest median MAPEs (approximately 3.548%
and 3.621%), while dropout = 0.05 yields the highest median MAPE (about 4.798%). Higher dropout
values (0.15 and 0.2) increase median errors (around 4.280% and 4.267%) and widen dispersion,
suggesting reduced stability across trials. Overall, RS results indicated that dropout in the range 0.0—
0.1 provides a better accuracy—robustness trade-off for the considered dataset and protocol.

The model-width results show a typical capacity trade-off. Intermediate dimensions provide the
best balance: d model = 32 and 64 yield lower median MAPE (approximately 3.652% and 3.612%)
than both smaller and larger settings. In contrast, d model = 16 and 128 produce higher medians
(about 4.482% and 4.507%) and larger dispersion at higher width, suggesting that minimal width may
under-represent temporal patterns while excessive width increases optimization difficulty and
variability. Therefore, d model = 32—64 emerges as a robust region under RS.

Encoder depth exhibits a similar “moderate is better” tendency. e layers = 2 and 4 achieve the
lowest medians (approximately 3.280% and 3.557%), whereas deeper configurations (e_layers =3, 5,
6) yield noticeably higher median MAPE (around 4.324%4.583%) and greater dispersion. The
significant variability at e layers = 6 suggests that deeper stacks do not necessarily improve
forecasting accuracy in this setting and may increase instability or overfitting risk. Hence, RS evidence
supports using e _layers = 2—4 as a stable depth range.

Learning rate shows the strongest link to both performance and stability, consistent with its role
in optimization dynamics. The lowest medians occur at learning rate = 0.0003 and 0.0005
(approximately 3.449% and 3.479%), while learning rate = 0.001 remains competitive (median =
3.539%). In contrast, higher learning rates (0.002 and 0.003) substantially worsen median MAPE
(approximately 4.571% and 4.605%) and increase dispersion, which is consistent with unstable
training and degraded generalization. Overall, RS suggests that learning rate = 0.0003-0.001 is a
robust region for this protocol.

Across Fig. 3, Fig. 4, Fig. 5, Fig. 6, the RS results provide two practical messages. First,
TimeMixer accuracy is highly sensitive to hyperparameter choices, and the “safe” region is
characterized by low dropout (0.0-0.1), moderate width (d_model 32—64), moderate depth (e _layers
2-4), and small-to-moderate learning rates (0.0003—0.001). Second, robustness matters: the most
desirable settings are those that not only reduce the median MAPE but also limit dispersion, because
low variance across trials indicates more reliable deployment behavior. From a practical standpoint,
even seemingly minor differences in MAPE can accumulate in operational decisions (day-ahead
planning and reserve scheduling), so selecting hyperparameters that improve both typical performance
and stability can be more valuable than chasing a single best-case run.

Boxplot of MAPE by Dropout (RS) + Medians
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Fig. 3. Boxplot of MAPE for different dropout levels using random search
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Boxplot of MAPE by d_model (RS) + Medians
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Fig. 4. Boxplot of MAPE for different d model levels using random search
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Fig. 6. Boxplot of MAPE for different learning_rate levels using random search
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4.2. Results Obtained Using Tree-Structured Parzen Estimator

The Tree-structured Parzen Estimator (TPE) is expected to be more sample-efficient than
Random Search because it leverages trial history to propose promising hyperparameter combinations.
Fig. 7, Fig. 8, Fig. 9, Fig. 10 summarize how TPE explores the hyperparameter space and which
regions are associated with lower and more stable MAPE. To avoid repetitive “figure-by-figure
narration,” we synthesize the key sensitivity patterns and provide practical ranges supported by the
trial distributions.

Boxplot of MAPE by Dropout (TPE) + Medians
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Fig. 7. Boxplot of MAPE for different dropout levels using TPE

The dropout results show that TPE favors an intermediate level of regularization. The lowest
median MAPE is achieved at dropout = 0.15 (= 2.380%), while dropout = 0.05 also yields a relatively
low median (= 2.887%). In contrast, smaller dropout values (0.0 and 0.1) yield higher medians (=
3.699% and 3.927%), whereas excessive regularization (dropout = 0.2) clearly degrades performance,
with the highest median MAPE (= 4.976%) and increased dispersion. Overall, these results indicate
that, under TPE-based tuning in this setting, moderate dropout improves generalization, whereas too
little or too much regularization leads to less reliable performance.

Boxplot of MAPE by d_model (TPE) + Medians
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Fig. 8. Boxplot of MAPE for different d model levels using TPE

For model width, Fig. 8 highlights a sharply preferred capacity region under TPE. The
configuration d_model = 32 achieves the lowest median MAPE (= 2.444%) with relatively low
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dispersion, indicating both high accuracy and strong stability. All other tested widths yield
substantially higher median errors: d model =16 (= 3.775%), 24 (= 4.114%), 64 (= 4.006%), and 128
(= 4.781%), with d model = 128 also showing greater variability, consistent with over-
parameterization risk. This pattern suggests that TPE does not merely chase a single best trial; instead,
it focuses on a capacity level that remains consistently robust under the current protocol.

Boxplot of MAPE by e_layers (TPE) + Medians
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Fig. 9. Boxplot of MAPE for different e_layers levels using TPE

Encoder depth exhibits a similar “moderate is better” trend. The lowest medians occur ate layers
=3 (= 2.380%) and e _layers = 4 (= 2.900%), while a shallower setting (e_layers = 2) is worse (=
3.301%). Deeper architectures lead to apparent degradation: e layers =5 yields a median of = 4.408%,
and e _layers = 6 increases to =~ 5.033%, with greater dispersion. These findings indicate that, for the
considered training window and forecasting horizon, increasing depth beyond four layers does not
improve generalization and instead reduces stability.

Boxplot of MAPE by Learning Rate (TPE) + Medians
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Fig. 10. Boxplot of MAPE for different learning_rate levels using TPE

Learning rate strongly shapes TPE outcomes, consistent with its role in convergence dynamics.
The best medians are obtained at learning_rate = 0.0005 (= 2.380%) and 0.001 (= 2.887%), reflecting
stable and effective optimization in this setting. By contrast, both lower values (0.0003, = 3.402%)
and higher values (0.002, = 4.228%; 0.003, = 4.207%) yield noticeably worse medians and increased
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dispersion, suggesting suboptimal or unstable training behavior. Overall, TPE favors a moderate
learning-rate regime (0.0005-0.001).

Taken together, Fig. 7, Fig. 8, Fig. 9, Fig. 10 show that TPE identifies a compact, high-performing
region of the search space characterized by dropout = 0.15, d model = 32, e layers = 3—4, and
learning_rate = 0.0005-0.001. Compared with RS, TPE shows stronger preferences for specific
hyperparameter levels and tends to avoid unstable regions (excessive depth, high learning rates, and
overly large width) that lead to high dispersion. From a practical perspective, these results emphasize
that achieving low MAPE with TimeMixer is not only about locating a single best trial; it also requires
selecting hyperparameters that yield consistent performance across trials, which is particularly
important for reliable deployment.

4.3. Results Obtained Using Genetic Algorithm

The Genetic Algorithm (GA) explores the discrete hyperparameter space through population-
based evolution, thereby improving global exploration compared with purely sequential sampling.
Fig. 11, Fig. 12, Fig. 13, Fig. 14 summarize the GA trial distributions and reveal the hyperparameter
regions associated with lower and more stable MAPE. To reduce redundancy, we synthesize the GA
evidence into sensitivity patterns and provide practical ranges supported by the boxplots.

Boxplot of MAPE by Dropout (GA) + Medians
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Fig. 11. Boxplot of MAPE for different dropout levels using GA

The dropout results indicate that GA favors intermediate regularization. The lowest median
MAPE occurs at dropout = 0.15 (= 2.556%), while dropout = 0.2 also yields a relatively low median
(= 2.726%), suggesting that moderate-to-high regularization can be beneficial under GA-guided
exploration. In contrast, lower dropout values produce higher medians: 0.0 (= 3.071%), 0.05 (=
3.349%), and 0.1 (= 3.188%) and show larger dispersion, indicating reduced stability across trials.
Overall, the GA results support dropout = 0.15 as the most reliable choice in this setting.

For model width, GA identifies a stronger preference for moderately larger capacity than TPE.
The best median performance is achieved at d model = 64 (= 2.559%), indicating high accuracy and
robustness under GA optimization. Although d model =32 yields a relatively low median (=2.970%),
its larger dispersion suggests less stable trial outcomes. In contrast, other values lead to apparent
degradation: d_model = 16 (= 3.486%), 24 (= 4.636%), and 128 (= 4.326%). Notably, d model = 24
performs worst, reinforcing that specific “intermediate” values can still be suboptimal depending on
training dynamics and the overall configuration. These results suggest that, under GA, d_model = 64

provides the best trade-off between accuracy and robustness.

Encoder depth exhibits a non-monotonic pattern under GA. The lowest median MAPE is
achieved at e layers =4 (= 2.559%), while e_layers = 6 also yields a low median (= 2.766%) but with
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slightly larger dispersion, indicating reduced stability compared with the 4-layer setting. By contrast,
e layers =2 (= 3.455%), 3 (= 4.492%), and 5 (= 3.524%) perform worse, and e_layers = 3 shows both
the highest median and substantial variability. Overall, GA results suggest that ¢ layers =4 is the most
robust depth choice for this protocol, while deeper stacks may occasionally achieve competitive
outcomes but are less consistent.

Boxplot of MAPE by d_model (GA) + Medians
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Fig. 12. Boxplot of MAPE for different d model levels using GA
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Fig. 13. Boxplot of MAPE for different e layers levels using GA

Learning rate remains a dominant factor affecting both performance and stability. The best
medians occur at small learning rates: 0.0003 (= 2.556%) and 0.0005 (= 2.597%), indicating stable
convergence under GA-selected configurations. Increasing the learning rate to 0.001 yields a higher
median (= 3.369%) and greater dispersion, suggesting reduced stability. Larger learning rates further
degrade performance: 0.002 (= 4.340%) and 0.003 (= 3.823%). These findings indicate that GA
consistently benefits from a learning rate of 0.0003—0.0005 in the considered STLF setting.

Taken together, Fig. 11, Fig. 12, Fig. 13, Fig. 14 show that GA tends to select hyperparameters
that balance regularization and capacity while avoiding unstable optimization regimes. The most
consistently favorable region under GA is characterized by dropout = 0.15, d model = 64, ¢ layers =
4, and learning_rate = 0.0003—0.0005. Importantly, GA’s advantage should not be interpreted solely
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in terms of best-case outcomes; the trial distributions also show that GA can locate regions that deliver
low median error with relatively controlled dispersion, which is crucial for robust deployment.

Boxplot of MAPE by Learning Rate (GA) + Medians
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Fig. 14. Boxplot of MAPE for different learning_rate levels using GA

4.4. Comparative Evaluation of RS—-TPE-GA

Fig. 15 compares the best (minimum) MAPE achieved by TimeMixer under the default
configuration and three hyperparameter-tuning strategies (RS, TPE, and GA).

Best MAPE Comparison (Default vs RS / TPE / GA) - TimeMixer
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Fig. 15. Best MAPE comparison for TimeMixer (Default vs. RS/TPE/GA)

All tuning strategies deliver clear improvements over the default setting, confirming that
TimeMixer is highly sensitive to hyperparameter selection and benefits from systematic optimization.
Quantitatively, the default model attains a best MAPE of 2.737%, while RS and TPE reduce it to
2.154% and 2.119%, corresponding to absolute reductions of 0.583 and 0.618 percentage points,
respectively; GA achieves the lowest best MAPE of 1.895%, yielding the most considerable absolute
decrease of 0.842 percentage points relative to the baseline. In relative terms, these improvements
correspond to approximately 21.3% (RS), 22.6% (TPE), and 30.8% (GA) compared with the default
best MAPE. Although RS and TPE produce similar best-case outcomes, TPE is slightly better than
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RS (2.119% vs. 2.154%), suggesting that model-based Bayesian optimization can marginally
outperform uniform exploration under the same trial budget. GA provides the strongest best-case
result, outperforming RS and TPE by 0.259 and 0.224 percentage points, respectively (equivalent to
additional relative gains of about 12.0% vs. RS and 10.6% vs. TPE when measured against their best
MAPE values). From a practical perspective, even sub-percentage reductions in MAPE can be
meaningful in STLF, as minor improvements repeated across many time steps and operational cycles
can translate into better scheduling and reserve-related decisions. However, to address reviewer
concerns that “GA is best” should not be concluded from best-case performance alone, the comparison
should be interpreted jointly with the trial-level distributions discussed in Section 4.1, Section 4.2,
Section 4.3, where robustness is reflected by dispersion and consistency across trials; therefore,
conclusions about optimizer effectiveness should consider both accuracy and stability. Finally, to
support the reliability of the observed differences on the held-out evaluation horizon, a paired
significance assessment (Diebold—Mariano or Wilcoxon signed-rank test on per-step forecast errors)
can be reported at a conventional significance level (0=0.05) to verify whether GA’s advantage over
TPE/RS is statistically significant rather than driven by isolated points.

5. Conclusion

This study shows that TimeMixer performance in short-term load forecasting is strongly
influenced by a small set of core hyperparameters, and systematic optimization is therefore essential
for reliable accuracy. Under an identical evaluation budget, the best-case results indicate the ranking
GA > TPE > RS > Default, with GA achieving the lowest best MAPE (1.895%) compared with
2.119% (TPE), 2.154% (RS), and 2.737% (default). Across the sensitivity analyses, learning rate and
capacity-related settings (d_model and e_layers) drive the most significant changes in error levels and
stability. At the same time, dropout primarily affects the accuracy—robustness trade-off via
regularization. As a practical rule of thumb within the considered dataset and protocol, practitioners
should prioritize tuning learning_rate first to avoid unstable convergence, then tune d model and
e layers to balance underfitting and over-parameterization, and finally adjust dropout to improve
robustness once a stable capacity regime is found.

Several limitations should be noted. First, the conclusions are dataset- and protocol-dependent,
and the recommended hyperparameter regions may not transfer directly to other load systems or
different forecasting horizons. Second, the evaluation reflects a constrained retraining and trial-budget
setting; different training-window lengths or larger budgets may alter optimizer behavior and
sensitivity rankings. Third, this work does not yet quantify seasonal transferability or concept drift
effects. whether hyperparameters tuned in one season remain optimal in another.

Future work will address these points by (i) validating findings across multiple datasets and
additional modern baselines under the same held-out testing protocol, (ii) conducting season-aware
experiments (separate tuning and testing in summer vs. winter, plus cross-season transfer) to evaluate
drift and robustness of the selected hyperparameters explicitly, and (iii) studying interaction effects
among hyperparameters to derive more general tuning guidelines beyond marginal sensitivity.
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