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Abstract

This study investigates the performance of four deep learning architectures including Long Short-Term
Memory (LSTM), Gated Recurrent Unit (GRU), Convolutional Neural Network (CNN) and Trans-
former for univariate time-series forecasting. To evaluate their ability in capturing different temporal
dynamics, we selected two contrasting datasets: Apple Inc. (AAPL) stock prices, characterized by noise
and volatility without clear seasonality and Melbourne’s daily minimum temperatures, which exhibit
strong seasonal patterns. Each model was trained using consistent configurations and evaluated using
standard metrics. Our results show that GRU and LSTM perform best across both domains, partic-
ularly in handling abrupt changes in financial data, while CNN and Transformer show competitive
performance on smoother seasonal data. The findings highlight the importance of aligning model
architecture with the underlying structure of the time series.

Keywords: univariate time-series forecasting; Long Short-Term Memory; Gated Recurrent Unit;
Convolutional Neural Network and Transformer Network

1. Introduction
Time-series forecasting is a fundamental task in machine learning with critical applications

across finance, energy management, weather prediction, and healthcare [1]. Traditional statistical
models such as ARIMA, Exponential Smoothing, and Kalman Filters have shown effectiveness for
linear and stationary sequences, but they tend to struggle with nonlinear dynamics and long-range
dependencies [2].

In recent years, deep learning techniques have demonstrated remarkable success in modeling
complex time-series patterns [3]. Among these, Long Short-Term Memory (LSTM) first introduced by
Hochreiter and Schmidhuber, effectively capture long-range patterns in sequential data [4]. Gated Re-
current Units (GRUs) offer a streamlined alternative to LSTMs, reducing computational demands while
maintaining performance [5]. Convolutional Neural Networks (CNNs), although originally designed
for images, have been successfully adapted for time-series forecasting, achieving competitive accuracy
with improved efficiency [6,7]. More recently, Transformer architectures, driven by self-attention
mechanisms, have shown excellent results in capturing both short and long term dependencies in time-
series data [8–10]. These models allow for parallelization and often outperform recurrent structures in
long-horizon forecasting tasks. Several recent reviews and benchmarking studies have shown that
deep neural networks, especially Transformers are highly effective across various domains such as
stock market prediction, energy load forecasting, and weather modeling [11,12].

Despite this success, each neural architecture has unique trade-offs in terms of accuracy, gen-
eralization and computational requirements. Thus, a comparative study of LSTM, GRU, CNN, and
Transformer models can provide valuable insights for practitioners. This paper performs such a
comparison on standardized univariate datasets and evaluates each model’s forecasting quality and
training efficiency across multiple benchmarks.
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2. Methodology
This study evaluates the performance of four deep leaning architectures: LSTM, GRU, CNN,

and Transformer, on univariate time-series forecasting tasks. Each model is trained and tested using
standardized datasets with appropriate normalization and windowing strategies to ensure fair com-
parisons. The models are implemented using PyTorch and trained on the same hardware environment
to control for computational bias. The evaluation focuses on both forecasting accuracy and training
efficiency under consistent settings. The methodology is divided into four parts: (i) description of
datasets, (ii) preprocessing steps, (iii) details of model architectures and (iii) training configuration.

2.1. Dataset

To ensure diversity and robustness in our evaluation, we selected two distinct univariate time-
series datasets: one financial and one environmental. These datasets were deliberately chosen to
capture diverse temporal dynamics and test the adaptability of neural network models under different
conditions. The stock price data from Apple Inc. (AAPL) represents a financial time-series that is
typically noisy, non-stationary, and influenced by external market factors, offering a challenging
benchmark for models to capture short-term fluctuations and trends. In contrast, the Melbourne
minimum temperature dataset exhibits strong seasonal patterns and smoother temporal continuity,
making it ideal for assessing how well models can learn and generalize periodic behaviors. By using
these two contrasting datasets, we aim to evaluate the robustness and forecasting capabilities of
LSTM, GRU, CNN, and Transformer architectures across both high-volatility and seasonally structured
time-series data.

1) Financial Dataset: We used daily closing stock prices of Apple Inc. (AAPL) obtained from Yahoo
Finance1 covering the period from January 2015 to December 2022. The dataset includes features such
as Open, High, Low, Close and Volume, but only the Close price was used for forecasting. Missing
values (e.g., weekends, holidays) were handled by forward-filling.

2) Environmental Dataset: We used the Daily Minimum Temperature dataset collected in Melbourne,
Australia, available on Kaggle2. It contains daily minimum temperature records from 1981 to 1990 and
is clean and free from missing values, making it ideal for benchmarking.

2.2. Preprocessing

Both datasets were normalized to the range [0, 1] using Min-Max scaling. Normalization to
the range [0, 1] was applied to ensure numerical stability and to facilitate efficient training. Neural
networks are sensitive to input scale, and Min-Max scaling helps standardize the data range, resulting
in faster convergence and more balanced weight updates during optimization. A sliding window
technique was used to convert the data into supervised learning format, where a window of n previous
observations is used to predict the next time step. We used a window size of n = 30 days for all models.
The data was split into training (70%), validation (15%), and test (15%) sets.

2.3. Model Architectures

We implemented four deep learning models; LSTM, GRU, CNN and Transformer, each designed
to handle univariate time-series forecasting tasks. Our LSTM and GRU architectures both employ
two recurrent layers with 64 hidden units—a configuration shown to balance model capacity and
convergence for sequential data [3,13]. The CNN model uses one-dimensional convolutional layers
with kernel sizes of 3 and 5, inspired by empirical evidence that multiple small kernels effectively
capture both local and broader temporal features in time-series [6,14]. For the Transformer, we use
two encoder layers with four attention heads and a feed-forward dimension of 128; this setup was
found in recent surveys to provide strong performance on long-horizon forecasting tasks without
over-parameterization [3,15]. We also applied positional encodings to preserve sequence ordering, as

1 https://finance.yahoo.com
2 https://www.kaggle.com/datasets/paulbrabban/daily-minimum-temperatures-in-melbourne
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standard in Transformer architectures. All models are trained on input sequences of length 30, derived
using a sliding window method, which offers a good trade-off between capturing temporal context
and computational efficiency [3]. This configuration ensures consistent input dimensions and fair
comparison across models.

2.4. Training Configuration

All models were implemented using the PyTorch framework and trained under identical con-
ditions to ensure fair performance comparison. Mean Squared Error (MSE) was used as the loss
function, which is commonly applied in regression-based forecasting problems due to its sensitivity to
large deviations. The Adam optimizer was used for all models with a learning rate of 0.001. Adam
combines the benefits of AdaGrad and RMSProp and is known for its fast convergence in deep learning
tasks. Each model was trained for 100 epochs with early stopping based on validation loss to prevent
overfitting. A patience parameter of 10 was used for early stopping. The batch size was set to 64
across all models, balancing convergence speed and memory efficiency. The time-series data was split
chronologically into training (70%), validation (15%), and test (15%) sets to avoid lookahead bias. The
validation set was used for hyperparameter tuning and early stopping, while the test set was reserved
strictly for final performance evaluation. All experiments were conducted on a laptop equipped with
an 11th Gen Intel(R) Core(TM) i7-1165G7 CPU @2.80GHz and 16 GB RAM, without GPU acceleration.
Despite hardware limitations, all models including the Transformer were successfully trained using
CPU-based execution.

3. Results and Analysis
This section presents a comparative analysis of the LSTM, GRU, CNN, and Transformer models

based on their performance in forecasting two univariate time-series datasets: Apple (AAPL) stock
prices and Melbourne minimum daily temperatures. We use both quantitative evaluation metrics and
visual inspection of the predicted trends to understand each model’s strengths and weaknesses.

3.1. Quantitative Analysis

To evaluate model performance on both datasets, we used three standard regression metrics:
Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error
(MAPE). MAE measures the average magnitude of prediction errors regardless of direction, providing
an intuitive sense of accuracy. RMSE emphasizes larger deviations due to the squaring term and is
particularly useful for penalizing outliers. MAPE expresses errors as a percentage of actual values,
making it ideal for comparing performance across datasets with different numerical scales.

As shown in Table 1 for the AAPL stock price forecasting task, the GRU model consistently
achieved the lowest error values, followed closely by LSTM. Transformer and CNN showed com-
paratively higher RMSE and MAPE values, suggesting reduced performance in volatile financial
data.

Table 1. Forecasting performance comparison on Apple stock (AAPL) price test dataset.

Model MAE (USD) RMSE (USD) MAPE (%)
LSTM 9.7333 11.6148 6.0979
GRU 3.2319 4.0355 2.1485
CNN 20.1176 22.6657 13.4692
Transformer 20.1454 21.0214 13.2451

In Table 2, which summarizes performance on the Melbourne temperature dataset, all models
achieved lower absolute error values due to the smoother seasonal patterns. GRU and LSTM again
performed slightly better, while CNN and Transformer produced reasonably accurate results with
marginally higher MAPE values.
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Table 2. Forecasting performance comparison on daily minimum temperature in Melbourne, Australia test dataset

Model MAE (°C) RMSE (°C) MAPE (%)
LSTM 1.7338 2.2242 19.5087
GRU 1.7343 2.2184 19.8517
CNN 1.9451 2.5403 21.8412
Transformer 1.7481 2.2630 20.1516

All metrics were computed on inverse-transformed predictions to ensure that errors are presented
in real-world units: USD for financial data and °C for temperature readings.

3.2. Qualitative Analysis

Beyond quantitative evaluation, visual analysis of forecasted trends provides deeper insight into
each model’s ability to capture temporal dynamics, including seasonal behavior and abrupt changes.
Figure 1 and Figure 2 illustrate model predictions compared to actual values for AAPL stock prices
and Melbourne temperature data, respectively.

For AAPL prices (Figure 1), both GRU and LSTM models demonstrate strong alignment with
the actual price trend, particularly during periods of high volatility. Their recurrent architectures
allow them to effectively retain memory over sequential patterns, enabling timely responses to sudden
market movements. The GRU, in particular, achieves smoother transitions with less lag compared to
LSTM, likely due to its simplified gating mechanism. Conversely, the CNN model tends to overshoot
during peak fluctuations, which can be attributed to its localized receptive field and lack of temporal
memory. While it captures general trends, it struggles with rapid changes in direction. The Transformer
model successfully identifies medium- to long-term trends through its self-attention mechanism, but
it often underestimates sharp price reversals. This limitation may stem from its reliance on global
context over localized volatility, making it less responsive to short-term spikes.

Figure 1. Forecast comparison of univariate time-series models on AAPL closing prices. The actual closing prices
are sparsely plotted with markers to enhance the visibility of forecasted trends. The predictions from LSTM, GRU,
CNN, and Transformer models are visualized with distinct line styles and colors for clarity. All models were
trained using a 30-day input window and evaluated on the same test data set from November 2021 to January
2023.
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In contrast, Figure 2 shows that for temperature data, all models are able to accurately capture
the overall seasonal cycles. The GRU and LSTM models demonstrate strong performance in repro-
ducing both the amplitude and phase of the oscillatory patterns, reflecting their strength in modeling
periodic temporal dependencies. Their ability to maintain memory over long sequences allows them
to anticipate turning points and match the seasonal rhythm of temperature variations. The CNN,
while computationally efficient, tends to slightly over-smooth the output, leading to dampened peaks
and troughs. This behavior can be attributed to the convolutional architecture’s emphasis on local
patterns rather than temporal continuity. The Transformer produces forecasts that are competitive in
overall shape and trend, but it occasionally exhibits phase lag during transitions between temperature
highs and lows. This suggests that while self-attention is effective in modeling long-range dependen-
cies, the model may benefit from additional inductive bias to better handle localized transitions in
environmental time-series data.

Figure 2. Forecast comparison of univariate time-series models on daily minimum temperatures in Melbourne.
The actual temperature values are sparsely plotted with markers to enhance the visibility of forecasted trends.
The predictions from LSTM, GRU, CNN, and Transformer models are visualized using dash-dotted line style and
colors for clarity. All models were trained using a 30-day input window and evaluated on the same test dataset
from mid-1989 to late 1990.

4. Discussion
Our comparative study highlights the relative strengths and trade-offs of each deep learning

model in the context of univariate time-series forecasting. Among the evaluated architectures, the
GRU consistently achieved strong performance across both datasets. Its gating mechanism enables
efficient modeling of temporal dependencies while requiring fewer parameters than LSTM, making it
an effective and computationally efficient choice for many forecasting scenarios.

The LSTM model also delivered competitive results, particularly excelling on the financial dataset.
This superior performance in volatile environments can be attributed to its longer memory span, which
allows the model to retain historical patterns and better adapt to abrupt changes in stock prices. In
contrast, on the smoother temperature dataset, GRU and LSTM showed nearly identical behavior,
demonstrating that both models are capable of capturing seasonality and trend continuity.

The CNN model, while attractive for its fast training and parallelizability, showed limitations in
handling abrupt fluctuations—especially in the financial data. Its convolutional layers excel at extract-
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ing local patterns, but lack explicit mechanisms for modeling long-range dependencies. As a result,
CNN tended to over-smooth predictions and failed to react quickly to sudden shifts. Nonetheless, it
produced reasonable forecasts on the temperature data, where temporal patterns are more stable and
locally structured.

The Transformer model demonstrated promising and stable performance across both datasets. Its
self-attention mechanism enables it to model global dependencies, which is particularly advantageous
for long-horizon forecasting tasks. However, its performance was sometimes affected by lag or
underfitting in shorter sequences, likely due to a lack of recurrence and the relatively small size of the
datasets. With more data or additional architectural enhancements, Transformers could potentially
outperform recurrent models in both accuracy and interpretability.

Overall, the choice of model should be guided by the nature of the target dataset. For noisy,
high-frequency data such as financial time series, recurrent models like GRU and LSTM are preferable
due to their temporal memory handling. For smoother, seasonal data such as temperature records,
simpler models like CNN can be sufficient. Transformer-based models hold long-term potential,
especially for applications involving complex or long-range patterns, provided sufficient data and
computational resources are available. All results reported are from a single training run per model.
While this is common in resource-limited settings, repeated runs with different random seeds would
provide more robust error estimates. This remains an area for improvement in future work.

5. Conclusions
This study compared four deep learning models including LSTM, GRU, CNN, and Transformer

for univariate time-series forecasting. Using two contrasting datasets, we found that GRU and LSTM
consistently delivered strong performance, with GRU slightly outperforming in most cases. CNN
provided a lightweight alternative suitable for smooth signals, while the Transformer showed poten-
tial for longer-term forecasting with more complex dependencies. Future work may explore hybrid
architectures, attention-enhanced RNNs, and probabilistic forecasting techniques, especially for multi-
variate and irregularly sampled time-series data. Integrating uncertainty quantification and model
explainability will further enhance the utility of deep models in real-world forecasting applications.
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