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Electric load forecasting is essential for reliable power-system planning
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Received January 06, 2026
Revised February 14, 2026
Accepted March 24, 2026

Keywords

Electric Load Forecasting;
Temporal Convolutional
Network;
Hyperparameter Impact;
Time Series Forecasting

attention for time-series prediction due to causal and dilated convolutions
with residual connections, which help capture long-range temporal
dependencies. However, TCN accuracy is highly sensitive to
hyperparameter  settings, and systematic evidence on which
hyperparameters matter most for load forecasting remains limited. This
study investigates major architectural and training hyperparameters in a
TCN-based short-term load forecasting pipeline using 30-minute
electricity-load data from New South Wales (NSW), Australia (2015-
2021). The task is one-day-ahead forecasting with a 48-step horizon, and
performance is evaluated primarily using Mean Absolute Percentage Error
(MAPE) under a controlled experimental protocol with a fixed reference
configuration. Results show that training hyperparameters-especially the
learning rate-have the most substantial impact on accuracy and stability: a
learning rate of 9 X 10~ *achieves the lowest median MAPE of 2.375%,
improving the reference configuration’s median MAPE of 3.212% by
approximately 26% (relative). Architectural choices such as the dilation
schedule and input window length have moderate effects, while encoder-
decoder capacity parameters are comparatively less sensitive within the
tested ranges. These findings provide practical guidance on prioritizing
hyperparameters when configuring TCNs for short-term load forecasting,
balancing forecasting accuracy and computational efficiency.

© 2025 The Authors.
Published by the Association for Scientific Computing, Electrical and Engineering.
This is an open-access article under the CC-BY-NC license.

1. Introduction

Short-term load forecasting (STLF) is a fundamental task in 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 mitigation, and market participation, while reducing operational costs and improving
system reliability. Conversely, forecasting errors may lead to unnecessary reserve procurement,
inefficient dispatch decisions, or increased risk of operating-limit violations. For these reasons,
improving STLF accuracy remains an essential research and engineering objective.
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Load forecasting methods have evolved from classical statistical modeling to machine-learning
and deep-learning approaches. Traditional statistical models-such as AR/MA/ARMA,
ARIMA/SARIMA [1]-[6], exponential smoothing [7]-[11], and linear regression [12]-[15] are
attractive due to their simplicity and interpretability, but they can be limited by assumptions (linearity
and stationary seasonal patterns) that are often violated in real load series with nonlinear behaviors,
regime shifts, and complex temporal interactions. To better capture nonlinear relationships, machine-
learning (ML) models have been widely adopted in practical STLF applications, including Support
Vector Regression (SVR) [16]-[18], k-Nearest Neighbors (kNN) [19], [20], Random Forests [21],
[22], and modern boosting frameworks such as LightGBM [23]-[27]. These methods can perform
strongly with appropriate feature engineering and exogenous variables (weather and calendar effects),
yet performance often depends on preprocessing choices and the extent to which temporal structure is
encoded in the input.

With the growing availability of high-resolution load measurements, deep-learning (DL) models
have become prominent because they can learn representations directly from data. Common DL
architectures for STLF include convolutional and recurrent models such as CNN [28]-[32], RNN [33]-
[37], LSTM [38]-[45], and GRU [46]-[53], while Transformer-based models [54]-[62] further
enhance long-range dependency modeling through attention mechanisms. Despite their expressive
power, DL models can be sensitive to architectural and training hyperparameters and may overfit or
converge unstably when hyperparameter choices are suboptimal.

In this study, we focus on the Temporal Convolutional Network (TCN) [63]-[66] for STLF. TCN
is a convolutional architecture designed for sequence modeling through causal and dilated
convolutions combined with residual connections, enabling long-range temporal dependency
modeling with stable gradients and efficient parallel computation. Importantly, its effective receptive
field can be controlled through architectural hyperparameters (kernel size and dilation settings), while
model capacity and complexity are shaped by hidden sizes and the depth of encoder-decoder
components. These characteristics make TCN a suitable candidate for studying how hyperparameter
choices translate into forecasting accuracy and computational cost under a fixed forecasting task.

This leads to a practical research gap: although automated hyperparameter optimizers (Bayesian
optimization and Optuna) are widely used to search for a single best configuration, there remains
limited evidence-under a controlled and reproducible protocol-on which TCN hyperparameters most
strongly influence STLF accuracy and stability, which hyperparameters have limited impact within
reasonable ranges, and how error distributions change across candidate values. In other words, this
work aims to provide sensitivity-driven guidance by analyzing how forecasting errors shift in
distribution (median dispersion and outliers) under controlled comparisons, rather than reporting only
a single optimum configuration. In addition, while recent benchmarks often highlight Transformer-
family models, this paper does not claim TCN is universally superior; instead, it provides actionable
hyperparameter sensitivity insights for a widely used and computationally efficient sequence model,
which can be extended to other architectures in future work.

To address this gap, we systematically evaluate the impact of key TCN hyperparameters [67]-
[70] on short-term load forecasting performance using a unified experimental framework, including a
consistent data split strategy, forecasting horizon, evaluation protocol, and a predefined
hyperparameter search space. The main contributions of this study are as follows:

e A controlled experimental framework for analyzing TCN hyperparameter sensitivity in STLF to
ensure fair comparisons and reproducibility.

e A structured investigation of core structural hyperparameters (kernel size, dilations,
encoder hidden_size, context size, decoder hidden size, decoder layers) and their influence on
forecasting accuracy.

e  An assessment of training hyperparameters (learning_rate, batch size, max_steps) in relation to
convergence behavior and predictive performance.
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e  Practical sensitivity-based insights that help prioritize hyperparameters for configuring TCN
models in short-term electric load forecasting based on empirical error patterns observed in the
experiments.

2. Method
2.1. TCN Model and Architecture

Temporal Convolutional Network (TCN) formulates short-term load forecasting as a mapping
from a fixed-length historical window to a multi-step horizon. Let y, € Rdenote the electric load at
time step t. Given an input history of length L, the model predicts the next Hvalues as X; =
[Ve—r+1 - Yeland §; = [Pe41, ) Vern]- In our experimental setup, Lcorresponds to the context
window (context_size/input_size) and His the forecasting horizon.

Xe = [Ve-r+1 Ve-r+20 - Vel Ve = [Per1, Verzr o) Feanl (1)

To prevent information leakage from future observations, TCN employs causal convolution so

that the output at time tdepends only on inputs up to time t. For a 1D causal convolution with kernel
size k, the convolution response is expressed as z; = Z{-‘z_ol w; X¢_i, where {wl- {-‘z_olare learnable filter

weights. The hyperparameter kernel size directly controls kand thus the local temporal span captured
by each convolutional filter.

k-1
2, = Z Wy %o_i @)
i=0

To capture long-range temporal dependencies efficiently, TCN extends causal convolution using
dilation. With dilation factor d, the convolution samples inputs at intervals of d, and the operation
becomes z; = Z{-‘;Ol W; X¢_i.q. In practice, the dilation schedule (d € {1,2,4,8, ... }) is controlled by
the hyperparameter dilations, allowing the network to expand its temporal coverage without a
proportional increase in depth.

k-1
Zp = Z Wi Xt_iq 3)
i=0

The adequate temporal coverage of a TCN is commonly characterized by the receptive field R,
i.e., the number of past time steps that can influence the output at time t. For a stack of Bdilated
convolutional blocks with kernel size kand dilation factors {d;, d5, ..., dg}, an approximate receptive
field is given by R = 1 + (k — 1) ¥8_, d,,. This expression highlights that kernel_size and dilations
are key structural hyperparameters that directly shape the model’s ability to learn dependencies across
multiple time scales.

B
R=1+(k-1) ) d, 4)

To improve training stability and enable deep stacks of dilated convolutions, TCN adopts residual
learning. A typical residual block applies a nonlinear transformation F(:)(implemented by one or
more dilated causal convolutions and activations) and adds the input through an identity shortcut,

producing h® = F (h(b -1 ; 9(1’)) +h(P _1), where 0 (®denotes the learnable parameters of block
b. Residual connections help preserve gradient flow and reduce degradation when increasing depth.

h® = 7 (h(b-1);9®)) 4 n(b-1) (5)
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From an implementation perspective, the convolutional stack can be interpreted as an encoder
that maps the input window X,into a latent representation H. In this study, the representational capacity
of this latent space is controlled by encoder hidden size, which determines the dimensionality of
intermediate features used to summarize the historical context. This mapping can be expressed as:

H = TCN-Encoder(x;; kernel_size,dilations,encoder hidden_size) (6)

The multi-step forecasting output can be produced by a decoding component that transforms
Hinto ¥;. The decoding capacity is governed by decoder hidden size and the depth parameter
decoder_layers, which controls the number of stacked transformations applied before output
projection. This process can be written as ¥, = Decoder(H; decoder hidden_size,decoder layers),
where context_size determines the historical length Lfed into the overall encoder-decoder pipeline.

§: = Decoder(H; decoder hidden_size,decoder layers) (7

In direct multi-step forecasting, the final latent representation at the last input time step can be
projected to the horizon output through a linear head, §, = W,h, + b,, where §, € R¥. This
formulation matches practical implementations in which the network produces a vector of length Has
the forecast for the next horizon.

¥ =W, hy + b, (8)

Consistent with our implementation using mean squared error, model parameters are optimized
by minimizing the average squared forecasting error across the horizon. The training objective is
defined as:

H
1
L) = ﬁZ(yt+j_yt+j)2 9
=

Which encourages the model to reduce deviations between the predicted and actual load values
over all forecast steps.

2.2. Hyperparameters of the TCN Model

In this study, we analyze two groups of hyperparameters: structural hyperparameters and training
hyperparameters. Structural hyperparameters define the model architecture and temporal modeling
capacity (width, depth, and temporal coverage), whereas training hyperparameters govern the
optimization process (convergence speed, stability, and generalization). For clarity and
reproducibility, we explicitly separate tuned hyperparameters from fixed parameters (including Nixtla
NeuralForecast defaults and study-level fixed settings).

2.2.1. Tuned Hyperparameters

Structural hyperparameters (tuned). We tune kernel size, dilations, encoder hidden size,
context size, decoder hidden size, and decoder layers because they directly determine the TCN
architecture, its temporal coverage, and its representational capacity. In a TCN, the pair (kernel_size,
dilations) primarily controls the receptive field, i.e., the maximum length of historical input that can
influence each forecasted value through stacked causal dilated convolutions. Specifically, kernel size
determines how many adjacent time steps each convolutional filter aggregates at a layer, thereby
shaping the model’s ability to capture local temporal patterns. In contrast, dilations specify the dilation
schedule across layers ([1,2,4,8,16]) to efficiently expand the receptive field and enable learning of
longer-range dependencies without requiring excessive depth. An overly small receptive field may
prevent the model from exploiting relevant past information, whereas overly aggressive dilation or
excessive capacity can increase optimization difficulty and the risk of overfitting. The remaining
structural hyperparameters mainly regulate model capacity. encoder hidden_size sets the width of the
encoder representation and controls how rich the learned feature space can be. context_size determines
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how much recent encoded context is used when producing multi-step forecasts, thereby affecting
stability and coherence across the prediction horizon. Finally, decoder hidden size and
decoder_layers determine the width and depth of the decoder (forecasting head) that maps encoded
features to multi-step outputs, thereby influencing nonlinear modeling capacity, parameter count, and
computational cost.

Training hyperparameters (tuned). We tune learning_rate, batch_size, and max_steps because
they govern the optimization dynamics and can substantially affect convergence stability and
generalization even under the same architecture. learning rate controls the magnitude of parameter
updates; values that are too large may lead to unstable training or divergence, whereas overly small
values can slow convergence and yield underfitting within a finite training budget. batch_size specifies
the number of samples per gradient update and influences gradient stochasticity, computational
efficiency, and generalization behavior; smaller batches introduce noisier gradients that may
regularize training but can slow convergence, while larger batches typically improve throughput and
stability but may require careful adjustment of learning_rate. max_steps defines the total optimization
budget in training steps; too few steps may prevent the model from learning sufficiently expressive
representations, whereas excessive steps increase computation and may exacerbate overfitting if not
controlled by validation or regularization. By tuning these training hyperparameters while keeping
other settings fixed, we isolate their effects on forecasting accuracy and stability within the proposed
evaluation protocol.

2.2.2. Fixed Parameters

To avoid confounding effects and ensure fair, interpretable comparisons, we keep all non-target
parameters fixed throughout the experiments. This design choice is critical for a sensitivity study: if
multiple settings change simultaneously (scaling, validation frequency, window sampling strategy),
observed performance differences could no longer be confidently attributed to the tuned
hyperparameters. By freezing all other options, any change in forecasting accuracy or stability can be
linked primarily to the hyperparameter under investigation rather than to hidden implementation or
training-side variations.

Concretely, the fixed settings comprise two parts. (i) Library-level defaults (Nixtla
NeuralForecast). We retain the default training and pipeline controls provided by the Nixtla
NeuralForecast implementation, including the scaling/mormalization choice (robust scaling),
validation-check frequency (val check steps), window-based batching controls for training and
inference (windows_batch size and inference windows batch size), learning-rate decay
configuration (num_Ir_decays), and other auxiliary options that govern how batches are formed, how
often validation is evaluated, and how training proceeds. These defaults act as a constant
“background” so that tuned configurations differ only in the selected hyperparameters. (ii) Study-level
fixed settings required by the forecasting task. We also fix parameters that define the problem setting
itself, such as the sampling frequency (30 minutes) and the forecast horizon (h =48 for one-day-ahead
prediction). Fixing these task-defining parameters ensures that every configuration solves the same
forecasting problem under the same evaluation conditions.

Table 1 reports the complete reference configuration used in this study and explicitly separates
(a) the tuned structural hyperparameters, (b) the tuned training hyperparameters, and (c) the
fixed/default parameters. This separation improves transparency and reproducibility, and it prevents
unintended shifts in preprocessing or training behavior from biasing the hyperparameter-impact
analysis.

2.3. Proposed Method for Analyzing Hyperparameter Impact

In this study, we develop a controlled, reproducible sensitivity analysis protocol to quantify how
TCN hyperparameters affect short-term load forecasting performance. The guiding principle is that
only the target hyperparameter(s) under investigation are varied. At the same time, all remaining
settings are held constant-either as study-defined constants or as Nixtla NeuralForecast default
options. This design minimizes confounding effects and ensures that any observed performance
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differences are primarily attributable to hyperparameter changes rather than to uncontrolled
implementation details or training-side variations.

Table 1. Basic hyperparameters of the TCN mode

Hyperparameter Brief role Value / Setting
kernel size Convolution kernel length 2
dilations Dilation schedule [1,2,4,8,16]
encoder_hidden_size Encoder hidden representation size 128
context_size Context size used for forecasting 10
decoder_hidden_size Decoder hidden representation size 128
decoder_layers Decoder depth 2
learning_rate Update step size 0.001
batch_size Samples per gradient update 32
max_steps Training budget 1000
h Forecast horizon 48
input_size Lookback window length 336
loss Training loss MSE()
random_seed Reproducibility seed 42
freq (NeuralForecast) Sampling frequency 30min
scaler type Scaling/normalization option 'robust’
val check steps Validation checking frequency 100
windows_ batch size Window-based training batch size 128
inference_windows_batch size ~ Window-based inference batch size 1024
num Ir decays Learning-rate decay count -1

The procedure starts by defining a reference (baseline) TCN configuration that serves as the
anchor for all comparisons. The baseline fixes the task-defining settings (sampling frequency and
forecast horizon), windowing settings (input_size), the loss function, and the random seed used by the
training pipeline. In addition, non-target pipeline and training controls are retained at their Nixtla
NeuralForecast defaults, including scaling/normalization, validation check frequency, window-based
batching for training and inference, and learning rate decay settings. By explicitly separating tuned
hyperparameters from fixed/default parameters, we maintain a consistent experimental background
across all trials.

Next, we specify a predefined hyperparameter search space spanning two groups: structural
hyperparameters (kernel size, dilations, encoder hidden size, context size, decoder hidden size,
decoder layers) and training hyperparameters (learning rate, batch size, max_ steps). A trial
corresponds to one complete training-evaluation run under a specific hyperparameter setting (or a
targeted setting combination if explicitly tested), with all other parameters held constant at the baseline
values. All trials are executed using the same NeuralForecast training pipeline and the same multi-
step forecasting interface, ensuring direct comparability across configurations.

To isolate the effects of each hyperparameter group and maintain clear interpretation, we adopt
an OFAT-style controlled comparison at the group level. When analyzing structural hyperparameters,
all training hyperparameters are fixed at their baseline values so that performance variation reflects
architectural changes rather than optimization differences. Conversely, when analyzing training
hyperparameters, all structural hyperparameters are fixed at baseline so that observed differences are
driven by optimization settings rather than changes in model structure. Within each group, the target
hyperparameter is varied across its candidate values, while the remaining hyperparameters are held
constant, enabling a direct and fair assessment of sensitivity. Because this OFAT design does not fully
characterize interactions among hyperparameters, we explicitly acknowledge this limitation and,
where applicable, report only targeted interaction checks (learning rate x batch_size or kernel size x
dilations) rather than a full factorial exploration.

For each trial, forecasts are generated on the same held-out test segment and accuracy is
quantified using standard error metrics (MAE, MSE, RMSE, and MAPE). We treat MAPE as the
primary metric because it is scale-free and facilitates comparison across different load levels. At the
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same time, MAE/RMSE provide complementary views of absolute error magnitude and the influence
of larger deviations. To characterize the impact of hyperparameters beyond a single average value, we
analyze trial-level error distributions. Specifically, for each candidate value of a hyperparameter, we
compare the distribution of errors in terms of central tendency (median) and dispersion (IQR and
outliers), thereby capturing both typical performance and robustness/stability.

Finally, the impact of hyperparameters is summarized from two complementary perspectives.
First, we identify the best-performing configuration within the tested ranges using the lowest median
MAPE as the primary selection criterion, with MAE/RMSE used as supporting evidence when
needed. Second, we quantify sensitivity by measuring how strongly performance varies across
candidate values (changes in median error and dispersion) and rank hyperparameters accordingly.
Structural hyperparameters are interpreted by their influence on temporal coverage (receptive field)
and representational capacity, whereas training hyperparameters are interpreted by their influence on
convergence behavior, optimization stability, and generalization. This procedure yields empirical,
sensitivity-driven guidance on which hyperparameters require careful tuning, which choices tend to
be robust, and how architectural and training decisions shape TCN forecasting performance under the
proposed protocol.

2.4. Flowchart of the Hyperparameter Impact Evaluation Process

Fig. 1 presents the end-to-end workflow for building, tuning, and evaluating a Temporal
Convolutional Network (TCN) model for time-series forecasting. The process starts at the Start block,
where the input time-series data (Y1, Y2, ..., Yn) are fed into the system through the Input data block.
This sequence (for example, electrical load measured hourly or at 30-minute intervals) serves as the
primary data source for all subsequent stages. In the Input data processing block, the raw series is
preprocessed to ensure consistency and suitability for deep learning.

Specifically, the data are time-aligned by sorting chronologically and ensuring a consistent
sampling frequency, missing values are handled (if any), and optional transformations or
normalization may be applied to facilitate optimization. The time series is then converted into
supervised learning samples using a sliding-window strategy: a historical segment is used as input X,
and the corresponding future segment as target Y, consistent with multi-step forecasting.

From the processed data, the workflow constructs two datasets using a chronological split: (i) the
Training Data set (X train, Y _train), which is used to train the model and update its weights, and (ii)
the Testing Data set (X test, Y test), which is used to evaluate the model’s generalization
performance on unseen data. This time-ordered split prevents information leakage from the future into
training and reflects realistic deployment conditions for time-series forecasting.

In parallel with data preparation, the Search space (Structural and Training) block defines the
hyperparameter search space, which comprises two main groups. Structural hyperparameters describe
the TCN architecture (input window length, kernel size, dilation settings, encoder hidden size, decoder
hidden size, number of decoder layers, and context size), whereas training hyperparameters control
the optimization process (learning rate, batch size, and the maximum number of training steps). Based
on this search space, the Optimization (Grid Search) block generates a set of candidate hyperparameter
configurations, where each configuration specifies a concrete combination of both structural and
training hyperparameters.

Each hyperparameter configuration is then passed to the TCN block, where the model is trained
on the Training Data set (X _train, Y_train). The training procedure estimates the model parameters
(weights) by optimizing the learning objective using gradient-based optimization. After training under
a given configuration, the resulting model produces forecasts on the Testing Data set (X test, Y _test),
yielding the corresponding forecasting errors. All trials-including both the hyperparameter settings
and their evaluation outcomes-are stored in the All Trial and Parameters block. This block supports
direct comparison among candidate configurations, selection of the best-performing configuration,
and sensitivity analysis to identify which hyperparameters most strongly influence forecasting
performance.
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Finally, the Evaluate using MAPE block quantifies the forecasting performance of each
configuration using MAPE (Mean Absolute Percentage Error) as the unified evaluation metric. MAPE
is used to rank configurations and summarize performance differences. By aggregating MAPE across
all trials, the workflow enables the selection of an appropriate configuration and provides empirical
evidence for analyzing the effects of both structural and training hyperparameters on the forecasting
accuracy of the TCN model in the short-term load forecasting task.

Start

y

Input data:
Y1, Y2, ..,Yn

Training Data: Inout data processin Testting Data:
X train, Y_train P p £ X _test Y_test
Optimization Search space
Gird Search Structural and Training
| l |
> TCN -
v
All Trial and
Parameters
Evaluate using MAPE

Fig. 1. Flowchart of the hyperparameter optimization search process for the TCN model

3. Experimental Setup
3.1. Dataset Description and Experimental Setup

The study uses the NSW (New South Wales) electricity load dataset as a univariate time series,
consisting of two main fields: SETTLEMENTDATE (timestamp) and TOTALDEMAND (load). The
data are recorded at a 30-minute resolution, continuously over time, and are sorted chronologically
before being fed into the model. The dataset covers the period from 2015-01-01 00:30:00 to 2021-12-
31 23:30:00, with a total of 122,735 observations. In terms of descriptive statistics, TOTALDEMAND
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has an average of approximately 7,890.88, a standard deviation of 1,260.70, a minimum of 4,316.63,
and a maximum of 13,985.87 (in the dataset's original units). No exogenous variables are included;
therefore, the forecasting task relies entirely on the historical values of the load series itself. Based on
this dataset, the experimental setup is designed to reflect a practical short-term load-forecasting
scenario and to ensure consistent model evaluation. Specifically, the task is configured as multi-step
forecasting with a fixed forecasting horizon of 48 time steps, corresponding to 1 day at a 30-minute
resolution. The data are split chronologically, with the most recent 28 days used for training and the
next day for testing. This split emulates the real operational setting, where the model is trained only
on past data and produces forecasts for the immediate future. Fig. 2 illustrates the data split at the end
segment of the time series, including the 28-day training period and the 1-day testing period, together
with the train/test boundary.

Zoom-in View: Last 28 Days (Train) and Last 1 Day (Test)

—— Train (28 days) 1
Test (1 day)
——~- Train/Test boundary

11000
10000
9000

1
1
]
1
1
1
]
1
]
1
1
1
]
]
1
8000 - L
1

7000

TOTALDEMAND

6000

5000 - . ‘ . . ‘ . . L.
2021-12-05 2021-12-09 2021-12-13 2021-12-17 2021-12-21 2021-12-25 2021-12-29 2022-01-01

Time

Fig. 2. Zoomed view of the last 28 training days and the last 1 testing day

The figure clearly shows daily load fluctuations as well as several load peaks occurring within
the training segment. Selecting a 28-day training window allows the model to learn both short-term
trends and recurring daily patterns, while the 1-day testing window directly reflects the model’s short-
term forecasting capability under practical conditions. Fig. 3 presents the average daily load profile
aggregated over all days using 30-minute intervals. The mean curve highlights a typical load shape,
with lower demand during the night and early morning, increasing during daytime hours, and reaching
a peak in the late afternoon to evening.

The min-max band indicates the variability of load at each time-of-day, reflecting the inherent
uncertainty and randomness of electricity demand. These observations confirm that the load series
exhibits a clear daily cyclical structure while still showing considerable fluctuations, which requires
forecasting models to capture both stable periodic patterns and irregular variations. Overall, the
experimental setup and the visual analyses in Fig. 2 and Fig. 3 indicate that the NSW dataset is suitable
for short-term load forecasting and sufficiently challenging for a comprehensive evaluation of how
hyperparameters affect the performance of the TCN model.

3.2. Configuration of the Hyperparameter Search Space

Table 2 presents the hyperparameter search space used to evaluate the impact of TCN
hyperparameters on forecasting performance. As shown in Table 2, the search space is organized into
two groups-architecture hyperparameters and training hyperparameters-so that the effects of model
design choices and optimization settings can be examined in a controlled and interpretable manner.

For the architecture group, the candidate sets are constructed to cover the main factors that
determine temporal coverage and model capacity. The historical input length is examined through
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input_size with three window choices [48x3, 48x5, 48x7], enabling a comparison of short, medium,
and longer contexts under the same forecasting setup. The temporal receptive field is mainly governed
by the convolutional configuration; therefore, kernel size is tested at [2, 3], and dilations is tested
using two commonly used dilation schedules [[1,2,4,8], [1,2,4,8,16]] to compare a smaller versus a
larger receptive field expansion strategy. To assess representational capacity, encoder hidden_size
and decoder hidden_size are varied in [64, 128], and the depth of the decoding component is varied
using decoder layers in [1, 2]. In addition, context size is evaluated in [5, 10] to analyze how the
amount of contextual information used in multi-step forecasting affects accuracy.

Average Daily Load Profile (30-min bins, aggregated over all days)

14000 1 —— Mean (all days)
Min-Max range

12000

10000 -

8000 +

TOTALDEMAND

6000

4000 A

0 2 4 6 8 10 12 14 16 18 20 2 24

Hour of day

Fig. 3. Average daily load profile with min-max range (30-minute resolution)

Table 2. Hyperparameter search space

Group Parameter Candidate Value Set Status
input_size [48x3, 48x5, 48x7] Tuned

kernel size [2,3] Tuned

dilations [11,2,4,8],[1,2,4,8,16]] Tuned

Architecture  encoder hidden_ size [64, 128] Tuned
context_size [5,10] Tuned
decoder_hidden_size [64, 128] Tuned

decoder layers [1,2] Tuned

learning_rate [7e-4, 8e-4, 9e-4, 1.0e-3, 1.1e-3, 1.2¢-3, 1.4¢-3, 1.6¢-3] Tuned

Training batch_size [16,32, 64, 128] Tuned
max_steps [900, 1000, 1100, 1200, 1300] Tuned

For the training group, the candidate sets are selected to probe optimization sensitivity around
standard settings. The learning_rate is explored in a narrow range centered on 1.0e-3 using [7e-4, 8e-
4,9¢-4,1.0e-3, 1.1e-3, 1.2¢-3, 1.4e-3, 1.6e-3], which helps identify whether minor adjustments in step
size improve convergence stability and generalization. The batch_size is varied across [16, 32, 64,
128] to capture the trade-off between gradient stochasticity and computational efficiency. The training
budget is examined through max_steps in [900, 1000, 1100, 1200, 1300] to determine whether slightly
shorter or longer training schedules lead to meaningful performance changes under the same training
pipeline.

Importantly, the candidate grids intentionally include values that match the Nixtla default settings
summarized in Table 2 to provide a reliable reference point within the tuning process. Specifically,
the architecture grids include kernel size = 2 and dilations = [1,2,4,8,16], as well as
encoder_hidden_size = 128, context_size = 10, decoder_hidden_size = 128, and decoder layers = 2,
while the training grids include learning rate = 1.0e-3, batch size = 32, and max_steps = 1000.
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Including these default values in the search space ensures that baseline-consistent configurations are
always evaluated, improves comparability across trials, and increases the reliability of conclusions
regarding hyperparameter impact.

3.3. Google Colab Environment and Nixtla Library

All experiments were conducted in the Google Colab environment to ensure an accessible and
reproducible execution platform. The runtime configuration followed a standardized setup.
Specifically, the runtime type was set to Python 3, the hardware accelerator was enabled and
configured with a GPU (A100), and the high-RAM option was activated to support model training
and repeated hyperparameter trials. In addition, the runtime version was kept at the latest
recommended option to reduce compatibility issues across library dependencies. For implementation,
the study adopted the Nixtla NeuralForecast ecosystem, which provides a consistent pipeline for time-
series forecasting models, including the TCN model used in this work. NeuralForecast is built on a
PyTorch backend; therefore, PyTorch and its related packages were installed together with the
NeuralForecast library to ensure full compatibility with GPU acceleration. The installation step was
performed directly in Colab using the following commands: pip install neuralforecast and pip install
torch torchvision. After installation, model training and forecasting were executed through the unified

NeuralForecast interface, enabling a consistent procedure for fitting the model, generating multi-
step forecasts, and collecting evaluation metrics across different hyperparameter configurations. To
support reproducibility, the experimental code set a random seed at the model level and maintained
consistent software settings across runs. Overall, using Google Colab with GPU acceleration and the
Nixtla NeuralForecast library provided an efficient and standardized environment for training the
TCN model and performing systematic hyperparameter impact analysis.

4. Results and Discussion
4.1. Structural Hyperparameters

This subsection analyzes the sensitivity of TCN forecasting performance to structural
hyperparameters using the Grid A experiments. Grid A exhaustively enumerates 192 structural
configurations in the predefined structural search space (3x2x2x2x2x2x2), All configurations are
evaluated under the same forecasting setup and fixed non-target settings; therefore, each boxplot in
Fig. 4, Fig. 5, Fig. 6, Fig. 7, Fig. 8, Fig. 9, Fig. 10 summarizes MAPE across many architectural
combinations sharing the same hyperparameter value, highlighting not only typical accuracy (median)
but also robustness (IQR and outliers). Fig. 4 illustrates the MAPE distributions for three lookback
window lengths (input sizes of 144, 240, and 336).

Boxplot of MAPE by input_size (TCN)
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Fig. 4. Distribution of MAPE across different input sizes in TCN
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Among the tested values, input_size = 240 achieves the lowest median MAPE (3.1848), the
smallest IQR (0.6588), and no outliers, while input_size = 144 yields a higher median (3.3087) and
four high-error outliers. Although input_size = 336 produces a median close to the reference level
(3.2118), it shows the largest dispersion (IQR = 1.3923), indicating that a longer window does not
necessarily improve robustness. Fig. 5 compares kernel size = 2 and 3.

Boxplot of MAPE by kernel size (TCN)
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Fig. 5. Distribution of MAPE across different kernel size in TCN

The medians are close (3.2470 vs. 3.2604), but kernel size = 2 shows lower dispersion (IQR =
0.7454) with no outliers, whereas kernel size = 3 has a wider IQR (1.1158) and four high-error
outliers. Fig. 6 compares two dilation schedules, [1, 2, 4, 8] and [1, 2, 4, 8, 16].

Boxplot of MAPE by dilations (TCN)
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Fig. 6. Distribution of MAPE across different dilations in TCN

Fig. 6 shows the distribution of MAPE for two dilation settings: [1, 2, 4, 8] and [1, 2, 4, 8, 16].
The results of the [1, 2, 4, 8] schedule achieve a lower median MAPE (3.1322) than [1, 2, 4, 8, 16]
(3.3293), with tighter dispersion (IQR = 0.7728 vs. 0.8798) and no outliers (versus four outliers when
adding dilation 16). Fig. 7, Fig. 8, Fig. 9, Fig. 10 report the distributions for encoder hidden_size,
context size, decoder hidden_size, and decoder layers.

Within the explored ranges, these capacity-related parameters show limited shifts in median
MAPE compared with input_size and dilations. For example, encoder hidden_size = 64 yields a
median MAPE of 3.2054, versus 3.2882 for 128, while decoder hidden size = 64 and 128 yield
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3.2470 and 3.2649, respectively. Notably, context size (5 vs. 10) and decoder layers (1 vs. 2) exhibit
identical distributions (median = 3.2489 and IQR = 1.0506), indicating negligible sensitivity within
the tested ranges.

Boxplot of MAPE by encoder hidden size (TCN)
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Fig. 7. Distribution of MAPE across different encoder_hidden_size in TCN

Boxplot of MAPE by context size (TCN)
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Fig. 8. Distribution of MAPE across different context size in TCN

Boxplot of MAPE by decoder hidden size (TCN)
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Fig. 9. Distribution of MAPE across different decoder hidden_size in TCN
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Boxplot of MAPE by decoder layers (TCN)
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Fig. 10. Distribution of MAPE across different decoder layers in TCN

To summarize the overall structural sensitivity in Grid A, Table 3 reports the best and worst
median MAPE for each structural hyperparameter and the corresponding dispersion/outlier
information. The most enormous median differences are observed for dilations (Amedian = 0.1971)
and input_size (Amedian = 0.1239), while the remaining parameters exhibit more minor median shifts
and primarily affect dispersion.

Table 3. Summary of structural hyperparameter impact in Grid A (MAPE)
Best Median (IQR; Worst Median (IQR;

Hyperparameter  Candidate Values Outliers) Outliers) Median
input_size 144, 240, 336 240: 3.1848 (0.6588; 0) 144: 3.3087 (0.7679; 4) 0.1239
kernel_size 2,3 2:3.2470 (0.7454; 0) 3:3.2604 (1.1158; 4) 0.0134

o [1,2,4,8], [1,2,4,8]: 3.1322 (0.7728; [1,2,4,8,16]: 3.3293
dilations [1,2,4,8,16] 0) (0.8798: 4) 0.1971
encoder_hidden_size 64, 128 64:3.2054 (1.2598; 4) 128: 3.2882 (0.5334; 8) 0.0829
decoder_hidden_size 64, 128 64:3.2470 (0.9954; 0) 128: 3.2649 (0.9058; 4) 0.0179
context_size 5,10 5:3.2489 (1.0506; 2) 5:3.2489 (1.0506; 2) 0.0000
decoder layers 1,2 1: 3.2489 (1.0506; 2) 1: 3.2489 (1.0506; 2) 0.0000

Overall, Grid A indicates that structural tuning should prioritize receptive-field controls
(especially the dilation schedule) and lookback length. At the same time, several encoder-decoder
capacity parameters appear relatively insensitive within the tested ranges.

4.2. Training Hyperparameters

This subsection examines the impact of training hyperparameters using the Grid B experiments.
Grid B exhaustively enumerates 160 training configurations (8x4x5) in the predefined training search
space. All configurations are evaluated under the same forecasting setup and fixed non-target settings;
therefore, each boxplot in Fig. 11, Fig. 12, Fig. 13 summarizes MAPE across many training
combinations sharing the same hyperparameter value, highlighting both typical accuracy (median)
and robustness (IQR and outliers). Fig. 11 shows the MAPE distributions across eight learning-rate
values.

The learning rate shows the most significant shift in median performance among the training
hyperparameters. In particular, learning rate = 9x10~* achieves the lowest median MAPE (2.3751)
with IQR = 0.3741 and no outliers, while learning_rate = 8x10~* yields the highest median MAPE
(3.0638) (IQR = 0.4703) with one outlier. Although several intermediate values (1.1x107%) also
perform competitively (median = 2.4395, IQR = 0.3253), huge learning rates (1.6x107*) exhibit
increased instability, including outliers. Fig. 12 compares the MAPE distributions across four batch
sizes (16, 32, 64, and 128).
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Boxplot of MAPE by learning rate (TCN)
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Fig. 11. Boxplot of MAPE across different learning rates for the TCN model

Boxplot of MAPE by batch size (TCN)
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Fig. 12. Boxplot of MAPE across different batch_size for the TCN model

Batch size shows a clear, though more negligible, effect than learning rate. The lowest median
MAPE is achieved by batch _size =16 (2.6172, IQR = 0.5066, no outliers), whereas batch_size = 128
produces the highest median (2.8404, IQR = 0.5432). The differences are mainly reflected in median
shifts rather than in dramatic changes in dispersion, suggesting that smaller batches are more favorable
within the tested range. Fig. 13 presents the MAPE distributions across five training budgets
(max_steps = 900, 1000, 1100, 1200, and 1300).

Compared with learning rate and batch size, max_steps has a weaker influence on median
accuracy within the examined range. The lowest median MAPE occurs at max_steps = 1200 (2.6566,
IQR = 0.5465), while max_steps = 1000 yields the highest median (2.7623, IQR = 0.4787). Some
settings (1100 and 1300) exhibit outliers, suggesting that increasing the training budget does not
necessarily improve robustness.

To summarize overall training sensitivity in Grid B, Table 4 reports the best- and worst-case
median MAPE for each training hyperparameter, along with IQR and outlier counts. The most
considerable median difference is observed for learning rate (Amedian = 0.6886), followed by
batch_size (Amedian = 0.2233), whereas max_steps shows a more minor median shift (Amedian =
0.1057) within the tested range.

Overall, Grid B indicates that training hyperparameters have a more direct effect on model
performance than most capacity-related structural parameters in Grid A, with learning_rate being the
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dominant factor within the tested ranges. Consequently, training-time tuning should prioritize the
learning rate, followed by the batch size, while max_steps primarily serves as a convergence budget
control once a sufficient range is reached.

Boxplot of MAPE by max_steps (TCN)
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Fig. 13. Boxplot of MAPE across different max_step for the TCN model

Table 4. Summary of training hyperparameter impact in Grid B (MAPE)

. Best Median Worst Median .
Hyperparameter Candidate Values (IQR; Outliers) (IQR; Outliers) Median
learning rat Te-4, 8e-4, 9e-4, 1e-3, 1.1e-3, 9e-4:2.3751 8e-4:3.0638 (0.4703; 06886
carming_rate 1.2¢-3, 1.4e-3, 1.6e-3 (0.3741; 0) 1 :
batch_size 16, 32, 64, 128 16: 2.61702) (0.5066; 128: 2.848;1 (0.5432; 02233
max_steps 900, 1000, 1100, 1200, 1300 13002;§5§5£6 1000: 2'7602)3 (OA4787: 4 1057

5. Conclusion

This study examined how structural and training hyperparameters affect TCN performance for
short-term load forecasting, using distribution-level evaluation (median MAPE, IQR, and outliers)
over the tested configuration grids (Fig. 4, Fig. 5, Fig. 6, Fig. 7, Fig. 8§, Fig. 9, Fig. 10, Fig. 11, Fig.
12, Fig. 13). The results show that the most consequential structural choices are those controlling
temporal coverage, particularly the dilation schedule and input window length (input_size), whereas
several encoder-decoder capacity parameters (context size, decoder layers, and, to a lesser extent,
hidden sizes) exhibit limited sensitivity within the explored ranges. For training, the model is most
sensitive to learning_rate (dominant effect), followed by batch_size, while max_steps mainly acts as
a convergence budget control once a sufficient range is reached. Within the tested ranges, the best
setting achieves a median MAPE of 2.375%, improving the reference median MAPE of 3.212% by
approximately 26% (relative).

From a practical standpoint, these findings suggest a clear tuning priority: first select a stable
learning rate and an appropriate batch size, then focus on receptive-field design (especially dilations)
and a moderate lookback window, while avoiding unnecessary increases in encoder-decoder capacity
when comparable accuracy is achieved with simpler settings. This strategy supports an accuracy-
robustness-efficiency trade-off that is directly relevant to operational short-term load forecasting
pipelines.

Limitations of this work include evaluation on a single regional dataset and finite hyperparameter
ranges; therefore, the reported conclusions should be interpreted as sensitivity patterns within the
tested grids. Future work will extend the analysis to additional regions and seasons, incorporate
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repeated-seed and/or statistical testing where appropriate, and benchmark against strong non-deep-
learning baselines (boosting models) under the same protocol. Overall, the study provides an
evidence-based sensitivity map that helps practitioners prioritize TCN hyperparameters that matter
most for reliable short-term load forecasting.
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