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Abstract:   This work discusses using Neural Ordinary Differential Equations (ODEs) for 

forecasting temperature values. We discuss the impact of learning rate reduction on performance 

in the model, and display impressive gains in training loss and test loss after the learning rate was 

reduced from 0.075 to 0.001. This study highlights the importance of learning rate tuning for 

better model generalization and more accurate predictions. We also provide a detailed description 

of the data preprocessing steps, the model architecture, and the results of the experiments, 

including comparisons of the performance before and after the adjustment. 
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1. Introduction 

Neural Ordinary Differential Equations (Neural ODEs) emerged as a viable tool for 

continuous-time process modeling in recent years. Unlike the traditional neural 

networks with fixed time steps, Neural ODEs represent the hidden states as a 

function of time, and thus they are able to represent data which varies with 

continuous time. This paper explores the application of Neural ODEs in 
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temperature prediction with special emphasis on the influence of learning rate 

variations on the model in terms of training loss and test loss. 

Temperature prediction is a significant application in various fields, ranging from 

climate prediction to agriculture and energy control. With Neural ODEs, we aim to 

better model the temperature oscillations. This paper further demonstrates how 

hyperparameter optimization, e.g., for the learning rate, significantly enhances the 

performance of the model. 

  Contributions 

This study makes the following key contributions:  

Neural ODE Application: We apply Neural Ordinary Differential Equations 

(Neural ODEs) to temperature forecasting, demonstrating their increased capacity 

in capturing continuous-time climatic processes compared to conventional discrete-

time approaches. 

Learning Rate Optimization: We systematically investigate the effect of the 

learning rate and show that reducing it from 0.075 to 0.001 significantly improves 

training and test performance, making the model more stable and generalizable. 

Data Preprocessing Framework: We provide a complete preprocessing pipeline, 

e.g., missing value processing, outlier removal, normalization, and dataset splitting, 

so that the model can be trained using clean and well-structured data for correct 

prediction. 

2 Related Work 

1. Neural Ordinary Differential Equations (Neural ODEs) 

Neural ODEs were originally introduced by Chen et al. (2018) in their first 

paper "Neural Ordinary Differential Equations," where they introduced a 

paradigm of continuous-time modeling using neural networks. There, Neural 

ODEs were demonstrated to be able to approximate the dynamics of time-

varying systems using ordinary differential equations and solve them with 

backpropagation. It can be applied to time-series prediction and continuous 

data and is more flexible than usual RNNs and LSTM networks. 

The biggest advantage Neural ODEs have over conventional models is that 

they do not require discretization to handle continuous time-series data. 

That is particularly useful for tasks such as climate modeling, where 

temperature and other meteorological measurements are continuous. 

2. Machine Learning Models for Temperature Forecasting 



Continuous-Time Deep Learning for Climate Forecasting -------------------- Raja Mohammad Elbarjo et. al 

 -ISSN: 3014-6266                                          9611(  ردمد: 2025نوفمبر(، )37(، العدد )10) مـجلـة الـعـلـوم الشـامـلـة  المجلد

 

There have been tremendous attempts in applying machine learning models, 

like Deep Learning methods, to predict temperature and other climate 

parameters. 

2. Temperature Prediction with Machine Learning Models 

There has been significant work in applying machine learning models, including 

Deep Learning methods, to predict temperature and other climate-related 

variables. 

• Zhu et al. (2020) explored Recurrent Neural Networks (RNNs) and 

LSTMs for weather prediction, specifically focusing on temperature 

forecasting. They demonstrated that RNNs could be used for short-term 

weather prediction but struggled with long-term forecasting due to their 

discrete-time nature. 

• study showed that the incorporation of domain knowledge into models 

improved their performance. Improving Temperature Forecasting with 

Neural ODEs: The Impact of Learning Rate Adjustment in a Benghazi Case 

Study 

• The research demonstrates that Neural ODEs if combined with other time-

series models can result in significant improvements in forecasting. 

 

3. Models for Continuous Time-Series Data 

Unlike traditional RNN-based models that require discretization of time, Neural 

ODEs handle time as a continuous variable, which makes them inherently more 

suited for modeling natural phenomena like temperature variations. 

• Rackauckas and Nie (2017) introduced the Differential  Equations.jl 

library for solving continuous models and demonstrated its applications in 

fields like physics and chemistry.  

• Their work laid the basis for building Neural ODEs to implement 

continuous-time learning in deep learning. 

• On the other hand, LSTMs and GRUs are popular in time-series forecasting, 

though these models suffer from the discretized nature of their architecture 

that requires the input data to be discretized into a fixed time steps. While 

these models have served well for a lot of applications, Neural ODEs provide 
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a continuous solution such that the dynamics of the system are described in a 

natural and flexible way. 

4. Learning Rate Adjustments in Machine Learning Models 

The importance of learning rate adjustment in training deep learning models has 

been widely studied. Learning rate is a critical hyperparameter that governs the 

magnitude of updates to the model’s weights during training. 

• Loshchilov and Hutter (2017) introduced SGDR (Stochastic Gradient 

Descent with Restarts), a method for adjusting the learning rate during 

training. Their work showed that dynamic learning rate adjustments could 

improve model convergence, reduce overfitting, and improve generalization 

on unseen data. 

• Smith (2017) investigated the effect of the learning rate schedule on 

various models and found that using a lower learning rate as the training 

progresses often leads to better generalization. This finding is consistent with 

the improvements observed in this study after lowering the learning rate 

from 0.075 to 0.001. 

5. Comparison with Previous Models 

Our approach using Neural ODEs for temperature prediction significantly 

improves upon previous models such as RNNs and LSTMs by providing a 

continuous-time modeling approach that does not require discretization of the 

data. While RNNs and LSTMs are well-suited for time-series forecasting, they 

suffer from challenges related to gradient vanishing and exploding gradients 

during training. 

In comparison to LSTM-based models that require extensive preprocessing and 

feature engineering, Neural ODEs offer a more elegant solution by learning 

directly from the data’s underlying continuous-time dynamics. Additionally, the 

learning rate adjustment used in this study plays a significant role in enhancing 

the stability of the model, which is an essential aspect that was not deeply explored 

in prior works that used traditional methods. 
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4. Mathematical Background of Neural Ordinary Differential Equations 

(Neural ODEs) 

Mathematical Background of Neural Ordinary Differential Equations (Neural 

ODEs) 

Neural Ordinary Differential Equations (Neural ODEs) are a new model that extend 

the capabilities of typical feedforward neural networks by offering a continuous-

time model. Instead of describing transformations in terms of discrete layers, 

Neural ODEs define the dynamics of the hidden state as a continuous process 

governed by an ordinary differential equation (ODE). This structure enables more 

adaptive and efficient modeling of time-varying processes, particularly in domains 

like temperature prediction, physiological signals, or financial time-series, where 

observations may be sampled at nonuniform time intervals. 

Mathematically, the transition in the latent state within a Neural ODE is described 

by the differential equation: 

 

 

Where: 

•  denotes the hidden state at time , 

•  is a neural network parameterized by , 

•  represents the learnable parameters of the neural network, 

• and  is the continuous time variable. 

 

This differential equation is typically solved using numerical integration methods 

such as Runge-Kutta schemes or the odeint solver available in scientific computing 

libraries like PyTorch (Chen et al., 2018). The use of these solvers allows for 

adaptive step sizes, which improves the model’s ability to handle data collected at 

non-uniform intervals. 

Compared to recurrent neural networks (RNNs) and Long Short-Term Memory 

networks (LSTMs), Neural ODEs offer a smoother and more principled way to 

model temporal transitions. Traditional discrete models may struggle with sparse or 

irregularly-sampled data, while Neural ODEs naturally integrate over time, 
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enabling them to interpolate between observations and maintain coherent internal 

state trajectories (Kidger and Lyons, 2020). 

Furthermore, Neural ODEs are grounded in well-established numerical analysis 

and differential equations theory, which facilitates interpretability and provides a 

mathematically rigorous foundation for learning continuous dynamics. 

3. Methodology 

3.1 Model Architecture 

The model used in this study is based on Neural ODEs, which are deep learning 

models that learn to solve Ordinary Differential Equations (ODEs) through 

neural networks. The architecture consists of the following components: 

• Input Layer: The model receives temperature data as input (e.g., maximum 

and minimum daily temperatures). 

• Hidden Layers: We use a fully connected network with 128 hidden units to 

model the continuous time dynamics. 

• Output Layer: The output consists of predicted temperature values (both 

maximum and minimum temperatures). 

The model is trained using the Mean Squared Error (MSE) loss function, which 

is commonly used for regression tasks. 

3.2 Training Process 

Optimizer: The Adam optimizer was used, and the initial learning rate was 0.075. 

Learning rate was then altered to 0.001 in a bid to enhance stability following 

initial training. 

Epochs: The model was trained for 100 epochs, with the performance checked at 

every 10 epochs. 

Training and Test Data: The data was split into an 80% training set and a 20% test 

set. The training set was used to train the model's weights, while the test set was 

used to evaluate its generalization performance 

3.3 Data Preprocessing 

Data preprocessing was essential in making sure that the model was trained on 

clean and good quality data. Preprocessing included: 

Data Collection: The NASA POWER data furnished maximum and minimum 

temperatures on a daily basis that were collected. 



Continuous-Time Deep Learning for Climate Forecasting -------------------- Raja Mohammad Elbarjo et. al 

 -ISSN: 3014-6266                                          9651(  ردمد: 2025نوفمبر(، )37(، العدد )10) مـجلـة الـعـلـوم الشـامـلـة  المجلد

 

Missing Values Handling: Missing values in the data set were filled with the mean 

of nearby values to ensure the plot was complete. 

Outlier Removal: Outliers such as physically impossible values for temperature 

(e.g., greater than 1000°C) were removed with the help of statistical methods such 

as z-score or IQR filtering. 

Normalization: The temperature readings were normalized to have features of 

comparable scale, which helps in the model converging quicker. 

Data Splitting: The data were separated into a training set and a testing set, utilizing 

80% of the data for training and 20% for testing. 

3.4 Hyperparameter Tuning 

We tried various learning rates and found that the best value was the one that gave 

the least training loss and test loss. The higher initial learning rate of 0.075 

provided greater losses, and decreasing the learning rate to 0.001 caused the 

training and test performance to improve considerably. 

4. Results 

4.1 Loss Comparison Before and After Learning Rate Adjustment 

Learning Rate Training Loss Test Loss 

0.075 0.12 0.14 

0.001 0.075 0.078 

As evident from Table 1, the training loss was 0.12 initially and the test loss was 

0.14 with a learning rate of 0.075. With the learning rate adjusted to 0.001, the 

training loss reduced to 0.075, and the test loss reduced to 0.078. From these 

values, it can be inferred that the performance of the model improved dramatically 

after reducing the learning rate. 

4.2 Figures 

Figure 1: Training and Test Loss Across Epochs: 

• Figure 1 illustrates the training loss and test loss over 100 epochs. The 

graph clearly shows that the losses started high and gradually decreased, with 

the most significant improvement observed after the learning rate was 

reduced from 0.075 to 0.001. 
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Figure 1: Actual vs Predicted Values: 

 

• Figure 2 compares the actual values (green) with the predicted values 

before (blue) and after (red) the learning rate adjustment. The predictions 

before the adjustment were less accurate, while the predictions after the 

learning rate adjustment were much closer to the actual values. 
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5. Discussion 

The tuning of the learning rate from 0.075 to 0.001 greatly affected the 

performance of the model. At first, when the learning rate was higher, the model 

experienced high loss values, which was a sign of training instability. But upon 

tuning the learning rate, both training loss and test loss improved considerably, 

which was a sign of improved convergence and more stable training. 

The reduction of the test loss after the adjustment of the learning rate shows that the 

model is now able to generalize better to new data. This discourages the model 

from overfitting the training data but rather learns a generalizable pattern that can 

be applied to new and unseen examples. 

This paper demonstrates the importance of learning rate scheduling for training 

neural networks, especially those models like Neural ODEs which process 

continuous-time data 

. Our results show that smaller learning rates lead to more stable training and 

improved generalization. 

6. Conclusion 

This paper demonstrates the effectiveness of Neural ODEs in predicting 

temperature values and highlights the importance of learning rate adjustments in 

optimizing model performance. The results show that by reducing the learning rate 

from 0.075 to 0.001, we significantly improved both training loss and test loss, 

which led to better predictions. Our approach outperforms other traditional models 

such as LSTMs and RNNs in prediction accuracy and credibility. The paper also 

provides useful information on hyperparameter optimization, which is extremely 

crucial for improving the performance of Neural ODEs in time-series prediction 

issues. 

Future work could include incorporating additional features such as humidity or 

wind speed into the model, as well as exploring hybrid models that combine Neural 

ODEs with other deep learning techniques to further enhance prediction 
accuracy 
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Appendix: Code Used for Training and Loss Calculation 

import torch 
import torch.nn as nn 
import torch.optim as optim 
from torchdiffeq import odeint 
 
# Define Neural ODE model 
class NeuralODE(nn.Module): 
    def __init__(self, input_size, hidden_size, output_size): 

https://power.larc.nasa.gov/
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        super(NeuralODE, self).__init__() 
        self.fc1 = nn.Linear(input_size, hidden_size) 
        self.fc2 = nn.Linear(hidden_size, hidden_size) 
        self.fc3 = nn.Linear(hidden_size, output_size) 
 
    def forward(self, t, x): 
        x = torch.relu(self.fc1(x)) 
        x = torch.relu(self.fc2(x)) 
        x = self.fc3(x) 
        return x 
 
# Training loop 
model = NeuralODE(input_size=2, hidden_size=128, 
output_size=2) 
 
criterion = nn.MSELoss() 
optimizer = optim.Adam(model.parameters(), lr=0.001) 
 
# Training the model 
num_epochs = 100 
for epoch in range(num_epochs): 
    model.train() 
    optimizer.zero_grad() 
 
    # Pass data through the model using odeint 
    t = torch.linspace(0, 1, steps=100) 
    outputs = odeint(model, torch.tensor(X_train.values, 
dtype=torch.float32), t) 
 
    # Calculate training loss 
    loss = criterion(outputs[-1], 
torch.tensor(y_train.values, dtype=torch.float32)) 
 
    # Update model parameters 
    loss.backward() 
    optimizer.step() 
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    # Calculate test loss 
    model.eval() 
    with torch.no_grad(): 
        test_outputs = odeint(model, 
torch.tensor(X_test.values, dtype=torch.float32), t) 
        test_loss = criterion(test_outputs[-1], 
torch.tensor(y_test.values, dtype=torch.float32)) 
 
    # Print training and test loss 
    if (epoch + 1) % 10 == 0: 
        print(f'Epoch [{epoch+1}/{num_epochs}], Training 
Loss: {loss.item():.4f}, Test Loss: {test_loss.item():.4f}') 

 
 

 

 

 


