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Bandwidth Outlier Prediction of Local Weighted Regression LSTM

ZHANG Ge, ZHALI Jian-Feng
(Department of Computer Teaching and Research, University of Chinese Academy of Social Sciences, Beijing 102488, China)

Abstract: The prediction and accurate warning of CDN bandwidth outliers have always been the focus and difficulty of
network operation. For this reason, the study proposes and implements a new algorithm framework, the serial LSTM
(long short-term memory) network with locally weighted regression, based on the LSTM network with time series. The
framework uses the time-series interpolation sampling method to construct the data set, and the local ‘W‘éighting algorithm
is integrated into the fitting model based on least square regression for initial prediction./The prediction result is serialized
with the LSTM time series model for the final bandwidth outlier prediction; The 4sigma method is used to determine
whether the bandwidth is abnormal at a certain moment, and an abnormal alarm is issued according to the grade standard.
The experimental results show that the model is effective for the prediction and alarm of bandwidth outliers.

Key words: LSTM; locally weighted regression; least squares; 4sigma; mean squared error (MSE); outlier detection
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# create and fit the LSTM network

model = Sequential()

model.add(LSTM(100, input_shape=(None,1)))
model.add(Dense(1, activation='linear'))
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I o
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&

model.compile(loss='mean_squared error', optimizer='adam')
history = model.fit(train_x, train_y, epochs=100, batch_size=100,validation_split=0.33)
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Train on 1140 samples, validate on 562 samples
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