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Motivation 

Due to the highly complex and large-scale long-time-series data, 
traditional methods are limited in efficiently handling high 
dimensional large data and representing complex functions. It will 
forget some data and ignore the long-term dependency of the 
time-series data. 

When conducting long-term power forecasting, the model 
structure of traditional methods is not stable. Therefore, in order to 
improve the accuracy and reliability of long-term power forecasting, 
it is necessary to adopt more stable and accurate for prediction 
analysis. 

The traditional attention mechanism is prone to losing key 
connections between sequences when capturing the 
dependencies among long-time-series data, leading to the 
degradation of prediction performance. 
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Method 

We propose a parallel neural network model called LDformer, 
which combines the advantages of Informer and long short-term 
memory (LSTM) to effectively solve the problem of long-term 
power forecasting. Using LSTM to learn the long-term correlation 
of time-series data, the model has good long-term forecasting 
performance. 

We propose a parallel encoder module that combines a 
convolutional layer and an attention mechanism to avoid value 
redundancy in the attention mechanism. Several experiments on 
different datasets validate the effectiveness and robustness of the 
parallel encoder and the convolutional layer. 

We propose a probabilistic sparse (ProbSparse) self-attention 
mechanism combined with UniDrop. UniDrop does not need 
additional computational overhead or external resources. 
Combining UniDrop, ProbSparse attention mechanism can 
mitigate the risk of losing some key connections in the sequence. 
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Long-time-series prediction task 

In the prediction setting with a fixed length, we have 
input  

 

output   

 

 

 

at time t 

Li is the number of input features 

Lo is the number of output features 

The objective of long-term power forecasting is to map the 
historical power load profile at m time steps to the target feature at 
n time steps by the model f () 
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Long-time-series prediction model 

LDformer contains LSTM, encoder, and decoder structures. 

Framework of LDformer 
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Embedding layers with multiple perspectives 

Data embedding (DE) 

Position embedding (PE) 
(Vaswani et al., 2017) 

Time embedding:  
The time slice of the dataset used is mainly in hours and minutes, 
so hour_embed and minute_embed are chosen to obtain the 
timestamp encoding results. 

Front In
form

 Technol E
lectro

n Eng



Multichannel parallel encoder module 

We build the encoder module by combining the attention 
mechanism with the convolutional layer. It takes four channels of 
length L, L/2, L/4, and L/8, and executes them in parallel. 
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ProbSparse self-attention mechanism combined with UniDrop 

 The canonical self-attention mechanism 
consists of a query and a set of key-value 
pairs. The formula is as follows (Vaswani et 
al., 2017): 

 Considering the time complexity and the risk 
of losing some key connections in sequences, 
we propose a ProbSparse self-attention 
mechanism combined with UniDrop. 

 

UniDrop structure: (a) attention;  
(b) feed forward;(c) output 
prediction  
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Long-time-series prediction tasks 

We extensively perform experiments on five datasets, namely, 
the ETTm1, ETTh1, ETTh2, PEMS03, and weather datasets. 
ETTm1, ETTh1, and ETTh2 are collectively referred to as the 
ETT dataset.  

Assessment metrics: three evaluation indexes, mean square 
error (MSE), mean absolute error (MAE), and root mean square 
error (RMSE) are used. 
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The average error between 
the true and prediction values 
for different datasets.  

  

Major results 

Under the early stop mechanism, both LDformer and LDformer 
(np) stop training at the fourth epoch, Informer stops training at 
the fifth epoch, and Informer (np) stops training at the sixth 
epoch. Informer (np) obtains the optimal result at the sixth epoch. 

Front In
form

 Technol E
lectro

n Eng



Conclusions  

Compared with traditional long-term power prediction 
models, LDformer and LDformer (np) can better capture 
long-term dependencies in long-time-series data without 
increasing computational complexity, thereby improving 
prediction accuracy. 

In long-time-series prediction tasks conducted on multiple 
short-term interval datasets, the LDformer model performs 
better than traditional long-term power prediction models. 

ProbSparse self-attention mechanism combined with 
UniDrop effectively avoids the risk of losing key 
connections between sequences without increasing 
complexity. 
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