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Long-Term Time Series Forecasting
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Transformers
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Transformers For Time series Forecasting
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Long-Term Time Series Forecasting
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Transformers For Long-Term Series Forecasting

Transformers Autoformer
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Overall Architecture
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Overall Architecture
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Decomposition: Pre-processing Convention

 Limited by the capabilities of decomposition

* Overlooks the potential future interactions among components
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Deep Decomposition Architecture
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Deep Decomposition Architecture: Input
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Deep Decomposition Architecture: Encoder
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Deep Decomposition Architecture: Decoder
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Auto-Correlation Mechanism

Period-based dependencies
The same phase position of different periods

A AVAN AN/

Benefited from the deep decomposition,
the Is highlighted with

Conducts the dependencies discovery and representation aggregation at the series level.



Auto-Correlation Mechanism

Discover period-based dependencies with autocorrelation in stochastic process:
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Auto-Correlation Mechanism
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Auto-Correlation Mechanism
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Auto-Correlation Mechanism

: Aggregate representations from similar sub-processes
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Experiments: Multivariate setting
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Experiments: ETT benchmark
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Experiments: Univariate setting

Modelq Autoformer|N-BEATS[23] Informer[41] LogTrans[20] Reformer[17] DeepAR[28] Prophet[33] ARIMA[1]
Metric{f MSE MAE|MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

96 [/0.065 0.189]0.082 0.219 0.088 0.225 0.082 0.217 0.131 0.288 0.099 0.237 0.287 0.456 0.211 0.362
192}/0.118 0.256{0.120 0.268 0.132 0.283 0.133 0.284 0.186 0.354 0.154 0.310 0.312 0.483 0.261 0.406
336((0.154 0.305{0.226 0.370 0.180 0.336 0.201 0.361 0.220 0.381 0.277 0.428 0.331 0.474 0.317 0.448
720}/0.182 0.335{0.188 0.338 0.300 0.435 0.268 0.407 0.267 0.430 0.332 0.468 0.534 0.593 0.366 0.487

ETT

96 |[0.241 0.387]0.156 0.299 0.591 0.615 0.279 0.441 1.327 0.944 0.417 0.515 0.828 0.762 0.112 0.245
192}/0.273 0.403]0.669 0.665 1.183 0.912 1.950 1.048 1.258 0.924 0.813 0.735 0.909 0.974 0.304 0.404
336/0.508 0.5390.611 0.605 1.367 0.984 2.438 1.262 2.179 1.296 1.331 0.962 1.304 0.988 0.736 0.598
720110991 0.768|1.111 0.860 1.872 1.072 2.010 1.247 1.280 0.953 1.894 1.181 3.238 1.566 1.871 0.935
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(2) Exchange dataset with input-96-predict-192 (Economics, without obvious periodicity)



Ablation of decomposition architecture

Table 3: Ablation of decomposition in multivariate ETT with MSE metric. Ours adopts our progres-
sive architecture into other models. Sep employs two models to forecast pre-decomposed seasonal
and trend-cyclical components separately. Promotion is the MSE reduction compared to Origin.

Input-96 | Transformer[35] Informer[41] LogTrans[17] Reformer[20] Promotion

Predict-O |Origin Sep Ours Origin Sep Ours Origin Sep Ours Origin Sep Ours| Sep Ours

96 0.604 0.311 0.204 0.365 0.490 0.354 0.768 0.862 0.231 0.658 0.445 0.218]0.069 0.347
192 1.060 0.760 0.266 0.533 0.658 0.432 0.989 0.533 0.378 1.078 0.510 0.336]0.300 0.562
336 1.413 0.665 0.375 1.363 1.469 0.481 1.334 0.762 0.362 1.549 1.028 0.366]0.434 1.019
720 2.672 3.200 0.537 3.379 2.766 0.822 3.048 2.601 0.539 2.631 2.845 0.502}0.079 2.332

« Progressive decomposition architecture outperforms separately forecasting convention,
especially the long-term setting.
« The decomposition architecture can be generalized to other Transformers with

remarkable promotion.
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Figure 4: Visualization of learned seasonal X ({‘é’ and trend-cyclical 7:{;4 of the last decoder layer. We
gradually add the decomposition blocks in decoder from left to right. This case is from ETT dataset
under input-96-predict-720 setting. For clearness, we add the linear growth to raw data additionally.

« With the increasing of decomposition blocks, the predictions of both seasonal and trend

part get better and better progressively.



Auto-Correlation vs. Self-Attention Family

Table 4: Comparison of Auto-Correlation and self-attention in the multivariate ETT. We replace the
Auto-Correlation in Autoformer with different self-attentions. The “-” indicates the out-of-memory.

Input Length 96 192 336
Prediction Length 2 144 2 144 2 144
Auto- MSE | 0339 0422 0555 0355 0429 0503 0361 0425 0.574
Correlation MAE | 0372 0419 0.496 0392 0430 0484 0.406 0.440 0.534
Full MSE | 0375 0537 0.667 0.450 0.554 - 0.501 0.647 -
Attention[35] | MAE | 0425 0502 0.589 0.470 0.533 - 0.485 0.491 -

LogSparse MSE | 0362 0.539 0.582 0420 0552 0958 0474 0.601 -
Attention[20] | MAE | 0413 0.522 0.529 0450 0513 0.736 0.474 0.524 -

LSH MSE | 0366 0.502 0.663 0407 0.636 1.069 0.442 0.615 -
Attention[17] | MAE | 0404 0475 0.567 0421 0571 0.756 0.476 0.532 -

ProbSparse MSE | 0481 0.822 0.715 0404 1.148 0.732 0417 0.631 1.133
Attention[41] | MAE | 0472 0.559 0586 0425 0.654 0.602 0.434 0.528 0.691

Under various input-predict settings, Auto-Correlation outperforms the self-attention and

their variants.



Visualization of learned dependencies

—Time Series 1 [ — Time Series 1 [ — Time Series 1 — Time Series

---Time Delay T % Query % Query * Query
0.5F Ei Ei E E g 0.5¢ Attention ] 0.5} Attention ] 0.5F Attention
L 0 L
0 0 * \ . 0
5 S 05 5 05 S
=.05 = 0. =2.0. = .05
i i s p
1F 1 -1r 1
150 1.5 15} 1.5
2% 20 40 60 80 o 270 20 40 60 80 0 20 20 40 60 go 100 27§ 20 0 60 80 100
Time Time Time Time
(a) Auto-Correlation (b) Full Attention (c) LSH Attention (d) ProbSparse Attention

Figure 5: Visualization of learned dependencies. For clearness, we select the top-6 time delay sizes
T1, -+ ,Tg of Auto-Correlation and mark them in raw series (red lines). For self-attentions, top-6
similar points with respect to the last time step (red stars) are also marked by points.

Auto-Correlation can discover the relevant information

more sufficiently and precisely.

Transformers[Vaswani et al. NeurlPS17], Informer[Zhou et al. AAAI2021], Reformer[Kitaev et al. ICLR2020]



Visualization of learned lags
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Figure 6: Statistics of learned lags. For each time series in the test set, we count the top 10 lags
learned by decoder for the input-96-predict-336 task. Figure (a)-(d) are the density histograms.

Learned lags can reflect the

human-interpretable prediction.



Efficiency Analysis
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Figure 6: Efficiency Analysis. For memory, we replace Auto-Correlation with self-attention family in
Autoformer and record the memory with input 96. For running time, we run the Auto-Correlation or
self-attentions 10> times to get the execution time per step. The output length increases exponentially.

Auto-Correlation presents remarkable O(L log L) complexity

in both memory and computation.



Summary

Motivation Autoformer
Intricate Decomposition architecture
Temporal Classic method |:> to ravel out the entangled
Patterns of time series analysis temporal patterns
Deal with | Series-wise Auto-Correlation
, Stochastic process theory |:> : ,
Long Series with O(L log L) complexity

Autoformer achieves the remarkable state-of-the-art
on extensive benchmarks.
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