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A Whole Year Rolling P rediction Example

Baselines

(WAN) employs an attention mechanism to enhance predictive 

accuracy through adaptive loss computation. 

These attention weights are then used to weight the prediction 

outputs from the AEF.

Allowing the network to adaptively emphasize or de-emphasize 

different.

Attention Weights-guided Backpropagation

Problem: solving a demanding univariate time series 

forecasting challenge, dealing with a non-stationary series 

characterized by significant variance and containing extreme 

events. 

● End-to-End Mixture Clustering-Based Model

MC-ANN learns the time series data distribution, as a mixture of 

Gaussian distributions on both point-wise and segment-wise levels, 

consisting of two parts: 

1)Grouped Auto-Encoder based Forecaster (AEF) and 

2) GMMmixture clustering-based learnable Weights Attention 

Network (WAN) for disentangling extreme values from normal ones. 

Motivations: 

➢ Feed the combined probability matrix derived from both pointwise 

and segment-wise clusters to WAN to generate loss weights. 

➢ These weight vectors are then applied to the outputs of the AEF, 

contributing to the loss computation and influencing the final 

prediction.

• NEC+

• iTransformer, which applies the attention and feedforward network on 

the inverted dimensions

• Informer

• Fedformer

• Attention-LSTM

• N-BEATS, renowned for its superior performance on several 

benchmark datasets, DNN-U [41], a state-of-th

• NLinear

• Dlinear

• DNN-U

Extreme Events

Motivation

Achieving the best overall prediction performance, 

without sacrificing either the quality of normal or of 
extreme predictions.

Root Mean Square Error (RMSE)

Mean Absolute Percentage Error (MAPE)

Point-wise clustering feature series: initial water levels (top).

Values after preprocessing and the WGMM feature series (middle).

PW features series for a GMM model with M = 3 components 

(bottom).

PW: Point-Wise Statistical Clustering Features Auto-regularized Loss Function

Effects of Proposed Methods

Challenges:

➢ Long-range dependencies.

➢ Rare but important extreme values.

Goal:

➢ An end-to-end model concurrently learns extreme and normal 

prediction functions.

➢ Long sequence forecasting (predicted length = 72).

Dataset:

• 9 reservoirs in California. Prediction: 3 days, hourly, 72 points. Over 

31 years of sensor data, 276,226 values.

• Reservoirs: multipurpose, vast bodies of water. Function: flood 

control, navigation, irrigation, energy production, human safety and 

welfare. 

High skewness and kurtosis scores indicate that there is significant 

deviation from a normal distribution in our data!

SW: Segment-Wise Statistical Clustering Features

To capture long temporal 

patterns.

Segment-Wise Clustering 

(SW GMM) Feature Series 

is to extend the Gaussian 

Mixture Modeling process 

from individual time points 

to contiguous sequences.

Enable the discovery of 

repeated temporal motifs 

or shape patterns across 

the time series. Contact Information: danastasiu@scu.edu 

𝑥1 to 𝑥𝑇 : the input sequence

𝑥𝑇+1 to 𝑥𝑇+𝐻 : the output sequence

In our research: for reservoir water level problem，T = 15 * 24 = 1440,  

H = 3 * 24  = 72.
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