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局部(local)和全局(global)一元时序模型

▪ 局部一元时序模型，如ARIMA

𝑓1

𝑓2

𝑓3

▪ 全局一元时序模型（假定所有序列源于同一分布）

𝑓

受制于样本量 假设源于同一分布可能不成立

▪当存在多个一元时间序列时，存在全局和局部两种模型



全局和局部模型的关联

▪ ARIMA / Theta Method

▪ ETS: Variants of Exponential Smoothing selected by 

AICc.

▪ TBATS: Automatic multi-seasonal state space model 

with ARMA errors.

▪ STL-AR: STL decomposition with AR errors

Pablo Montero-Manso, Rob J. Hyndman. Principles and algorithms for forecasting groups of time series: Locality and globality. IJF 2021

Local and global algorithms can produce the same forecasts, so they can approximate the 

series equally well. A local algorithm might learn a different function to forecast each series in the set, 

but its forecasts can always be replicated by a single function learned by a global algorithm.

▪ 全局和局部模型能够实现相同的预测【存在性证明】

▪ Linear Autoregressive (increase memory)

▪ Featurized Linear Autoregressive

▪ Deep Network Autoregressive

▪ Regression Tree Autoregressive: XGBoost

▪ Partitioned Linear

Local Global



多元和多时序数据

▪ 多元时序数据（multivariate）- 对齐，多个通道（channel）

▪ 多个时序数据（multi-series）-大部分不对齐，可能同粒度也可能不同粒度 (M4 dataset)



全局(Global)多元模型

▪ 全局多元模型在多个时间序列上得到一个共享模型

▪DeepAR



通道独立(Channel Independent)多元模型

▪ 通道独立：视为多个一元时序预测任务

𝑓

▪ 通道依赖(channel dependent)：多元预测多元

▪ 大部分深度学习方法属于通道依赖方法



Token Embedding In Transformer

▪ In NLP, a word is a token.



Token Embedding in Time Series

▪ Channel dependent methods were popular  

▪ Embedding variates of each time as token. 

▪ Informer, DeepAR and many other deep methods.

Token

Zhou et al. Informer: Beyond Efficient Transformer for Long Sequence Time-Series Forecasting. AAAI  2021.



Channel Independent

▪ Channel Independent Linear outperform previous methods by a large margin

Ailing Zeng, MuxiChen, Lei Zhang, QiangXu. Are Transformers Effective for Time Series Forecasting? AAAI 2023.



Channel Independent

Lu Han, Han-Jia Ye, De-Chuan Zhan. The Capacity and Robustness Trade-off: Revisiting the Channel Independent Strategy for 

Multivariate Time Series Forecasting. CoRR abs/2304.05206(2023)

▪ Channel Independent strategy is not limited to Linear model



Channel Independent

▪ Channel Independent strategy improves most methods by a large margin. Why? 

Lu Han, Han-Jia Ye, De-Chuan Zhan. The Capacity and Robustness Trade-off: Revisiting the Channel Independent Strategy for 

Multivariate Time Series Forecasting. CoRR abs/2304.05206(2023)



Channel Independent - Analysis

▪ Distribution drift (non-stationarity) in each channel

▪ACF (Auto Correlation Function) differs between Train and Test

Lu Han, Han-Jia Ye, De-Chuan Zhan. The Capacity and Robustness Trade-off: Revisiting the Channel Independent Strategy for 

Multivariate Time Series Forecasting. CoRR abs/2304.05206(2023)



Channel Independent - Analysis

▪ Channel Dependent Linear:

▪ Channel Independent Linear:

Lu Han, Han-Jia Ye, De-Chuan Zhan. The Capacity and Robustness Trade-off: Revisiting the Channel Independent Strategy for 

Multivariate Time Series Forecasting. CoRR abs/2304.05206(2023)

Yule-Walker equation

only related to sum of ACF over all the channels

related to ACF of all the channels



Channel Independent - Analysis

▪ CI strategy leads to less distribution drift

▪CI is only influenced by the average statistics (ACF) 

Lu Han, Han-Jia Ye, De-Chuan Zhan. The Capacity and Robustness Trade-off: Revisiting the Channel Independent Strategy for 

Multivariate Time Series Forecasting. CoRR abs/2304.05206(2023)



Channel Independent - Analysis

▪ Capacity and robustness trade-off

Lu Han, Han-Jia Ye, De-Chuan Zhan. The Capacity and Robustness Trade-off: Revisiting the Channel Independent Strategy for 

Multivariate Time Series Forecasting. CoRR abs/2304.05206(2023)

incapacity

Non-robustness

Generalization

error



Channel Independent - Analysis

Lu Han, Han-Jia Ye, De-Chuan Zhan. The Capacity and Robustness Trade-off: Revisiting the Channel Independent Strategy for 

Multivariate Time Series Forecasting. CoRR abs/2304.05206(2023)



Patch Embedding

▪ Channel independent – share model

▪ Patch embedding – share feature extractor



Patch Embedding

Yuqi Nie et al. A Time Series is Worth 64 Words: Long-term Forecasting with Transformers. ICLR 2023

▪ PatchTST

▪ Patch embedding + channel independent + Transformer 



Patch Embedding

▪ SegRNN

▪ Patch embedding + channel independent + RNN

ShengshengLin et al. SegRNN: Segment Recurrent Neural Network for Long-Term Time Series Forecasting. 

CoRRabs/2308.11200 (2023)



Patch Embedding

▪ Crossformer / iTransformer

▪ Patch embedding + channel attention + Transformer

Yong Liu et al. iTransformer: Inverted Transformers Are Effective for Time Series Forecasting. 

CoRRabs/2310.06625(2023)

YunhaoZhang, JunchiYan. Crossformer: Transformer Utilizing Cross-Dimension Dependency for Multivariate 

Time Series Forecasting. ICLR 2023
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Frequency View of Time Series

▪ Time-domain signals can be decomposed into a combination of sine waves of different 

frequencies.

▪ Represent the value of each time(time domain) -> Represent the coefficient of each frequency 

components (frequency domain)

▪ Fourier series for periodic function (with period P)

▪ Fourier Transform for arbitrary function (P -> ∞)

▪ This concept can be generalized: The transformation is not only using a combination of sine 

waves, such as the Legendre polynomial

may be more 

sparse!



Transformer (Freq.)

▪ Auto-correlation as the ‘horizontal’ attention

▪ Use FFT to reduce the complexity 

Haixu Wu, Jiehui Xu, Jianmin Wang, Mingsheng Long: Autoformer: Decomposition Transformers with Auto-Correlation for 

Long-Term Series Forecasting. NeurIPS 2021



Transformer (Freq.)

FFT + down sample

Reduce complexity of

self-attention

Tian Zhou, Ziqing Ma, Qingsong Wen, Xue Wang, Liang Sun, Rong Jin: FEDformer: Frequency 

Enhanced Decomposed Transformer for Long-term Series Forecasting. ICML 2022.



Transformer (Freq.)

▪ Time (domain) attention and frequency domain attention are equivalent if no softmax

Xiyuan Zhang, Xiaoyong Jin, Karthick Gopalswamy, Gaurav Gupta, Youngsuk Park, Xingjian Shi, Hao 

Wang, Danielle C. Maddix, Yuyang Wang: First De-Trend then Attend: Rethinking Attention for 

Time-Series Forecasting. CoRR abs/2212.08151 (2022)



Transformer (Freq.)

▪ (a)-(d): Data with fixed seasonality: sin(x). Fourier 

softmax attention amplifies the correct frequency 

modes compared with Fourier linear attention.

▪ (e)-(h): Data with varying seasonality. Fourier 

softmax attention amplifies the dominant 

frequency modes.

▪ (i)-(l): Data with linear trend. Fourier softmax

attention incorrectly amplifies the low-frequency 

modes compared with Fourier linear attention.

▪ (m)-(p): Data with spikes as noise. Fourier softmax

attention filters out the noisy components and 

emphasizes the correct frequency modes 

compared with Fourier linear attention.

▪ Softmax helps seasonal but not trend
Xiyuan Zhang, Xiaoyong Jin, Karthick Gopalswamy, Gaurav Gupta, Youngsuk Park, Xingjian Shi, Hao 

Wang, Danielle C. Maddix, Yuyang Wang: First De-Trend then Attend: Rethinking Attention for 

Time-Series Forecasting. CoRR abs/2212.08151 (2022)



Transformer (Freq.)

▪ For data with trend, all attention models show inferior generalizability, especially Fourier 

attention

▪ For data carrying noise, Fourier attention is the most robust.

Xiyuan Zhang, Xiaoyong Jin, Karthick Gopalswamy, Gaurav Gupta, Youngsuk Park, Xingjian Shi, Hao 

Wang, Danielle C. Maddix, Yuyang Wang: First De-Trend then Attend: Rethinking Attention for 

Time-Series Forecasting. CoRR abs/2212.08151 (2022)



Transformer (Freq.)

▪ For data with fixed seasonality, Fourier attention is the most sample-efficient

▪ For data with varying seasonality, wavelet attention is the most effective.

Xiyuan Zhang, Xiaoyong Jin, Karthick Gopalswamy, Gaurav Gupta, Youngsuk Park, Xingjian Shi, Hao 

Wang, Danielle C. Maddix, Yuyang Wang: First De-Trend then Attend: Rethinking Attention for 

Time-Series Forecasting. CoRR abs/2212.08151 (2022)



Transformer (Freq.)

▪ Method

Xiyuan Zhang, Xiaoyong Jin, Karthick Gopalswamy, Gaurav Gupta, Youngsuk Park, Xingjian Shi, Hao 

Wang, Danielle C. Maddix, Yuyang Wang: First De-Trend then Attend: Rethinking Attention for 

Time-Series Forecasting. CoRR abs/2212.08151 (2022)



MLP (Freq.)

▪ global view: operating on spectral components acquired from series transformation, frequency-domain MLPs can 

capture a more complete view of signals, making it easier to learn global spatial/temporal dependencies.

▪ energy compaction: frequency-domain MLPs concentrate on the smaller key part of frequency components with the 

compact signal energy, and thus can facilitate preserving clearer patterns while filtering out influence of noises

Kun Yi, Qi Zhang, Wei Fan, Shoujin Wang, Pengyang Wang, Hui He, Defu

Lian, Ning An, Longbing Cao, Zhendong Niu: Frequency-domain MLPs 

are More Effective Learners in Time Series Forecasting. CoRR

abs/2311.06184 (2023)



Linear (Freq.)

Zhijian Xu, Ailing Zeng, Qiang Xu: FITS: Modeling Time Series with 10k Parameters. CoRR abs/2307.03756 (2023)
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概要

▪ Homework 5 considers multivariate time series (multi input multi output).

▪ The datasets used here are `ETTh1`, `ETTh2`, `ETTm1`, `ETTm2`, `Electricity`, `Traffic`, 

`Weather`, `Exchange`, `ILI`.

▪ The val/test splits can not be used for training model. The train splits can be used for free.

▪ The evaluation protocol is provided. Do not modify the test code. The model should only 

responsible for taking in the input and create an output. 

▪ You need to choose one of the questions below to complete.

▪ Submit a short paper with > 4 pages.

Model
X

Y

evaluation

O



1. Time Series Distillation

▪ Knowledge distillation is a way to transfer the knowledge from teacher model to a student model

▪ In the field of time series, different models have diverse performance discrepancy. 

▪ This question explore how the knowledge of good models (PatchTST/DLinear) can be transferred to bad 

models (vanilla Transformer). And whether the student can even surpass the teacher.

▪ Baseline is the teacher model.



2. Time Series Forecasting based on LLMs

▪ Large Language Models is a powerful technique to store and retrieve human knowledge. 

▪ Some of the research have demonstrate that LLMs can be used to forecast time series by 

prompting or finetuning.

▪ This question explores the way of forecasting time series based on LLMs.



3. Time Series Transfer

▪ Real-world time series are heterogeneous with different granularities, trends or other statistics.

▪ This question explore how to harness the potential of external datasets. Measures include but 

not limited to:

▪Ways to select useful data from external datasets.

▪How to adapt model trained from external datasets.

▪Ways to process heterogeneous data.

▪…

▪ All the training data from the given datasets are free 

to use.


