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Simple RNN Tutorial
------------------------------------------------------------------------------------------------------------------------
Ensure you have a suitable environment open, and that you have a working instance of Jupyter Notebook.

1. Open Anaconda Navigator and ensure you are in the environment that you set up. Click ‘Launch’ on the Jupyter Notebook tab.
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2. Once the Jupyter Notebook tab opens in a browser window, choose ‘New’ and in the dropdown menu choose ‘Python 3 (ipykernel)’.
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3. Once a notebook window is opened, you can start coding. Ensure ALL CODE is typed from the GREYED CELL in the images.
Firstly, import the packages you will need. Most of these you have seen before, with the exception of cv2. Run the cell.
from pandas import read_csv
import numpy as np
from keras.models import Sequential
from keras.layers import Dense, SimpleRNN, Input
from sklearn.preprocessing import MinMaxScaler
from sklearn.metrics import mean_squared_error
import math
import matplotlib.pyplot as plt

		What packages will be needed?
		What do the packages do?
What version of Keras are you using?

4. As a note, remember you can name your notebook to be saved for later reference.
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5. Check the version of Tensorflow. We will also assert that it is TF2 as it is offers more flexibility. Run the cell.
 tf.__version__

6. This time we will start by designing and creating the network. We will do this inside a function we can call whe we need it. Once again we will use the sequential model, and this time as an Input layer, a simple RNN layer and a Dense output layer. We will use variables as placeholders we can pass the parameters to when calling the function. The function will include the compilation of the model with the loss and optimizer in it too. Run the cell.
def create_RNN(hidden_units, dense_units, input_shape, activation):
    model = Sequential()
    model.add(Input(shape=input_shape))
    model.add(SimpleRNN(hidden_units, activation=activation[0]))
    model.add(Dense(units=dense_units, activation=activation[1]))
    model.compile(loss='mean_squared_error', optimizer='adam')
    return model


7. Now call the function and store in a variable. This will call the function and create and compile the RNN model It will pass in two hidden layers, one Dense unit, and an array of activations. Run the cell.
demo_model = create_RNN(2, 1, (3,1), activation=['linear', 'linear'])

demo_model.summary()

	What does this show?
	
8. Let’s print out the weights that the network randomly initialises. Run the cell.
wx = demo_model.get_weights()[0]
wh = demo_model.get_weights()[1]
bh = demo_model.get_weights()[2]
wy = demo_model.get_weights()[3]
by = demo_model.get_weights()[4]

print('wx = ', wx, ' wh = ', wh, ' bh = ', bh, ' wy =', wy, 'by = ', by)

To visualise this we see the values belonging to the weights in red:
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9. Set up a simple experiment here to see how an output is produced from the layers of a simple RNN with Dense layer. This is the network we are aiming for:
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x is input for three timesteps here, and an output is generated by the network. h0 will be initialized to zero. The output is derived from ht+3 (h3) and wy . Run the cell below.
x = np.array([1, 2, 3])
# Reshape the input to the required sample_size x time_steps x features 
x_input = np.reshape(x,(1, 3, 1))
y_pred_model = demo_model.predict(x_input)

m = 2
h0 = np.zeros(m)
h1 = np.dot(x[0], wx) + h0 + bh
h2 = np.dot(x[1], wx) + np.dot(h1,wh) + bh
h3 = np.dot(x[2], wx) + np.dot(h2,wh) + bh
o3 = np.dot(h3, wy) + by

print('h1 = ', h1,'h2 = ', h2,'h3 = ', h3)

print("Prediction from network ", y_pred_model)
print("Prediction from our computation ", o3)

What do the weights calculate to?
Does the network output match out computation?









10. Now let’s try the network on some actual data. Get the data and preprocess it here. Run the cell.
# Parameter split_percent defines the ratio of training examples
def get_train_test(url, split_percent=0.8):
    df = read_csv(url, usecols=[1], engine='python')
    data = np.array(df.values.astype('float32'))
    scaler = MinMaxScaler(feature_range=(0, 1))
    data = scaler.fit_transform(data).flatten()
    n = len(data)
    # Point for splitting data into train and test
    split = int(n*split_percent)
    train_data = data[range(split)]
    test_data = data[split:]
    return train_data, test_data, data

sunspots_url = 'https://raw.githubusercontent.com/jbrownlee/Datasets/master/monthly-sunspots.csv'
train_data, test_data, data = get_train_test(sunspots_url)
    
    files = sorted(files)  # Sorting ensures consistency in image selection
    
    for j in range(len(img_idx)):  # Loop over index 0 and 1
        if len(files) > img_idx[j]:  # Check if index exists
            image_path = os.path.join(folder_path, files[img_idx[j]])
            row = j  # First image in row 0, second in row 1
            col = i  # Position based on category index
            
            axes[row, col].imshow(plt.imread(image_path))  # Display image
            axes[row, col].set_title(f"{target_var[i]} {img_idx[j]}")
            axes[row, col].axis("off")  # Hide axis
        
plt.tight_layout()
plt.show()



11. Reshape the data here and pass the timesteps. Run the cell.
# Prepare the input X and target Y
def get_XY(dat, time_steps):
    # Indices of target array
    Y_ind = np.arange(time_steps, len(dat), time_steps)
    Y = dat[Y_ind]
    # Prepare X
    rows_x = len(Y)
    X = dat[range(time_steps*rows_x)]
    X = np.reshape(X, (rows_x, time_steps, 1))    
    return X, Y

time_steps = 3
trainX, trainY = get_XY(train_data, time_steps)
testX, testY = get_XY(test_data, time_steps)

12. Use the original function to construct and compile the model in the same way as before. Fit the data and run the training over 20 epochs. Run the cell.
model = create_RNN(hidden_units=5, dense_units=1, input_shape=(time_steps,1), 
                   activation=['tanh', 'tanh'])
model.fit(trainX, trainY, epochs=20, batch_size=1, verbose=1)










13. Set up a function to calculate the squareroot of the mean squared error, and predict using the train and test set on the model. Run the cell.
def print_error(trainY, testY, train_predict, test_predict):    
    # Error of predictions
    train_rmse = math.sqrt(mean_squared_error(trainY, train_predict))
    test_rmse = math.sqrt(mean_squared_error(testY, test_predict))
    # Print RMSE
    print('Train RMSE: %.3f RMSE' % (train_rmse))
    print('Test RMSE: %.3f RMSE' % (test_rmse))    

# make predictions
train_predict = model.predict(trainX)
test_predict = model.predict(testX)
# Mean square error
print_error(trainY, testY, train_predict, test_predict)

	What do the RMSE work out to for both train and test?
14. Finally let’s plot the result for the actual sunspot data against the prediction from the model. The red line here separates the training data and the test data. Run the cell.
# Plot the result
def plot_result(trainY, testY, train_predict, test_predict):
    actual = np.append(trainY, testY)
    predictions = np.append(train_predict, test_predict)
    rows = len(actual)
    plt.figure(figsize=(15, 6), dpi=80)
    plt.plot(range(rows), actual)
    plt.plot(range(rows), predictions)
    plt.axvline(x=len(trainY), color='r')
    plt.legend(['Actual', 'Predictions'])
    plt.xlabel('Observation number after given time steps')
    plt.ylabel('Sunspots scaled')
    plt.title('Actual and Predicted Values. The Red Line Separates The Training And Test Examples')
plot_result(trainY, testY, train_predict, test_predict)

How close are the predictions to the actual? This will most likely be different every time.
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