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Figure 4: Visualization of data with different characteristics.

in a time series, such as the clear manifestation of trends, period-
icity, or the simultaneous presence of both seasonality and trend.
Stationarity refers to the mean of any observation in a time series
is constant and the variance is finite for all observations.

3.2 Types of Time Series Anomalies
As is shown in Figure 1, time series anomalies can be categorized
into point anomalies and subsequence anomalies. Point anomalies
include global anomalies and contextual anomalies, while subse-
quence anomalies encompass Shapelet anomalies, Seasonal anom-
alies, and Trend anomalies [45]. As is shown in Figure 1, Global
anomalies refer to points that significantly deviate from the rest
of the data points, often appearing as spikes in the time series. On
the other hand, contextual anomalies are points that deviate from
their corresponding context, defined as neighboring time points
within specific proximity ranges, representing small deviations in
sequential data. Shapelet anomalies involve subsequences with dis-
similar basic shapelets compared to the normal shapelet component
of the sequence. Seasonal anomalies exhibit unusual seasonal pat-
terns compared to the overall seasonality, maintaining similar basic
shapelets and trends but displaying abnormal seasonality. Trend
anomalies involve subsequences that bring about a significant shift
in the trend of the time series, resulting in a permanent change in
the mean of the data. While retaining basic shapelets and seasonal-
ity of normal patterns, trend anomalies undergo a drastic alteration
in slope.

In summary, we investigate the characteristics of time series
and types of time series anomalies, such that we can select the
appropriate AD method given a new time series.

4 TAB: BENCHMARK DETAILS
We proceed to cover the design of the TAB benchmark. First, we
outline the process of dataset collection and filtering in TAB and the
statistical information of OTB’s own dataset TSAIOps (Section 4.1).
Second, we cover evaluation strategies and metrics (Section 4.2).
Finally, we describe the full benchmark pipeline (Section 4.3).

4.1 Datasets
TAB comprises two categories of datasets: public dataset and own
dataset. The public dataset includes datasets previously proposed in
various community literature, providing researchers with a broad

Table 1: Unified hyperparameter results for the long-
term forecasting task. We fix the input length as 96
for all experiments. Avg is averaged from all four
prediction lengths, that is 96, 192, 336, 720. The
scripts for reproducing the results can be found at:
https://github.com/decisionintelligence/DUET/tree/main/
scripts/multivariate_forecast/DUET_unified_seq_len_96.sh.

Models Metrics DUET
mse mae

ETTh1

96 0.377 0.393
192 0.429 0.425
336 0.471 0.446
720 0.496 0.480
Avg 0.443 0.436

ETTh2

96 0.296 0.345
192 0.368 0.389
336 0.411 0.422
720 0.412 0.434
Avg 0.372 0.397

ETTm1

96 0.324 0.354
192 0.369 0.379
336 0.404 0.402
720 0.463 0.437
Avg 0.390 0.393

ETTm2

96 0.174 0.255
192 0.243 0.302
336 0.304 0.341
720 0.399 0.397
Avg 0.280 0.324

Weather

96 0.163 0.202
192 0.218 0.252
336 0.274 0.294
720 0.349 0.343
Avg 0.251 0.273

Electricity

96 0.145 0.233
192 0.163 0.248
336 0.175 0.262
720 0.204 0.291
Avg 0.172 0.258

Solar

96 0.200 0.207
192 0.228 0.233
336 0.262 0.244
720 0.258 0.249
Avg 0.237 0.233

Traffic

96 0.407 0.252
192 0.431 0.262
336 0.456 0.269
720 0.509 0.292
Avg 0.451 0.269

Exchange

96 0.086 0.205
192 0.182 0.305
336 0.310 0.403
720 0.693 0.624
Avg 0.318 0.384
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