
1



2 

The three most important components of the Informer model are: the Encoder module, the 
Decoder module, and the Output module. The Encoder module has a relatively simple structure, 
with each layer in the module being identical. Each layer includes an attention mechanism and a 
convolutional layer [7]. As previously mentioned, Long-range dependencies in the data are captured 
by the attention mechanism. Global features are successfully extracted from the data by this method. 
Local features are captured by the convolutional layer, and when the two are combined, the model 
can simultaneously collect global and local characteristics, greatly enhancing its prediction ability. 

Additionally, the decoder is made up of several identical layers, each of which has a 
convolutional layer and a self-attention mechanism [8]. In order to produce an output sequence 
based on the encoder's hidden representation, the decoder must efficiently use the encoder's data in 
order to produce precise predictions. To this end, the decoder introduces an attention mechanism 
called “Encoder-DecoderAttention” at each position to perform a weighted combination of the 
encoder's hidden representation. 

3. Methodology
As shown in Fig. 1, the output layer is used to convert the decoder's output into the final 

prediction result. Typically, the output layer includes a fully connected layer to map the decoder's 
hidden representation to the prediction target space, followed by an activation function (such as a 
linear function or softmax function) to obtain the final prediction result [9].  
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Fig. 1 Informer overall architecture diagram 

3.1 Data and Evaluation Indicators 
The dataset used in this experiment was collected between 07:00 on July 6, 2015, and 13:55 on 

July 28, 2015, from the University of Massachusetts in Massachusetts, USA (denoted as mes). 
Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage 

Error (MAPE), and Coefficient of Determination (R2) are the four metrics most frequently used to 
assess model performance in experiments.  

MAE: The average of the absolute values of the deviations between the arithmetic mean and 
each individual observation is known as the mean absolute error.                         
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In this formula, projected value is denoted by 𝑦̂𝑦𝑡𝑡, the actual value by 𝑦𝑦𝑡𝑡, and the quantity of data 
utilized for evaluation by ݊. 
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The implementation process of the algorithm consists of data loading and time processing. In this 
procedure, the number of model training iterations and the length of the input and output data are 
predetermined. Before being separated into training, validation, and test sets, the data is first read 
and standardized. Then, the model parameters are adjusted, followed by model training, result 
saving, and output [10]. 

4. Results 
In this experiment, mes network traffic data was selected as experimental data. Under this traffic 

flow variation scenario, the information model's prediction performance is examined for various 
prediction steps. 

At various forecast lead periods, the informer model's predictive ability was examined for this 
traffic data. The input data lead time was set to 48, traffic data from 48 historical time points, while 
the output lead times were divided into 1, 12, 24, and 48, predicting traffic results for the next 1, 12, 
24, and 48 time points. The prediction results are shown in the Fig. 2. 

Fig. 2 Predicted results for step lengths of 1, 12, 24, and 48 

The aforementioned graphic illustrates how the red and blue curves significantly overlap when 
single-step forecasting is used with a step size of 1. When predicting with a step size of 12, the red 
and blue curves also overlap to a quite high extent. But the forecasting error is larger compared to 
the case with a step size of 1. In the case of a step size of 24, the blue curve and the red curve show 
significant discrepancies in many areas, resulting in a further decrease in prediction accuracy. In the 
case of a step size of 48, the blue curve and the red curve show numerous discrepancies in many 
areas. Based on the above four predictions, it can be inferred that as the prediction step size 
increases, the error becomes larger, and the corresponding accuracy decreases. 
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