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Abstract

The development of time series foundation models has been constrained by the
absence of comprehensive benchmarks. This paper introduces the General TIme
Series ForecasTing Model Evaluation, GIFT-Eval, a pioneering benchmark specif-
ically designed to address this gap. GIFT-Eval encompasses 23 datasets with over
144,000 time series and 157 million observations, spanning seven domains and fea-
turing a variety of frequencies, number of variates and prediction lengths from short
to long-term forecasts. Our benchmark facilitates the effective pretraining and evalu-
ation of foundation models. We present a detailed analysis of 20 baseline models, in-
cluding statistical, deep learning, and foundation models. We further provide a fine-
grained analysis for each model across different characteristics of our benchmark.
We hope that insights gleaned from this analysis along with the access to this new
standard zero-shot time series forecasting benchmark shall guide future develop-
ments in time series forecasting foundation models. The code, data, and leaderboard
are available at https://github.com/SalesforceAIResearch/gift-eval.

1 Introduction

The success of foundation model pretraining in language and vision modalities has catalyzed similar
progress in time series forecasting®. By pretraining on extensive time series datasets, a universal
forecasting model can be developed, equipped to address varied downstream forecasting tasks across
multiple domains, frequencies, prediction lengths, and variates in a zero-shot manner [42, 33, 4].

A critical aspect of foundation model research is creating a high quality benchmark that includes
a large pretraining data and a diverse evaluation data to provide a fair evaluation ground and help
identify weaknesses of models. Research in Natural Language Processing (NLP) has produced key
benchmarks such as GLUE, MMLU, efc. [38, 15, 36, 5], which are crucial for developing high-quality
assessments that evaluate model capabilities and highlight areas needing improvement.

Unlike NLP, time series foundation models lack a unified, diverse benchmark for fair comparison.
For instance, Woo et al. [42] introduces LOTSA, which remains the largest collection of time series
forecasting pre-training data to date. However, the proposed architecture Moirai is evaluated on
existing benchmarks that are tailored to specific forecasting task, such as the LSF [46] dataset for
long-term forecast, and the Monash [14] dataset for global-univariate forecasts. Both of them lack
sufficient variety in terms of time series data characteristics and forecasting tasks. This issue is
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also apparent in other benchmarks like TimesFM, Chronos, and Lag-Llama [8, 4, 33]. Moreover,
inconsistent pretraining, train, and test splits across different models complicate comparison and risk
data leakage. To effectively train and evaluate foundation models, it’s essential to establish a high-
quality, balanced, and diverse set of pretraining, train, and test data that supports both in-distribution
and out-of-distribution forecasting evaluations.

To fill identified gaps, we introduce the General TIme Series ForecasTing Model Evaluation (GIFT-
Eval), consisting of distinct pretraining and test components. Details on the pretraining component are
available in Appendix D. The test component features 23 datasets encompassing 144,000 time series
and 157 million observations across 7 domains and 10 frequencies, with prediction lengths ranging
from short to long-term. We also establish clear train/test splits for in-distibution model evaluation.
Unlike previous benchmarks focused mainly on univariate forecasting, GIFT-Eval offers extensive
multivariate data with 8 dedicated datasets. This benchmark not only facilitates new foundation work
in time series by standardizing train and test splits but also eases model evaluation. Prior to our
work, Qiu et al. [31] introduced TFB, a comprehensive dataset for time series forecasting. While
it offered diversity in the number of variates and domains, it lacks pretraining data and foundation
model evaluation. Our benchmark not only fills these gaps but it also includes a broader range of
frequencies and a wider span of prediction lengths. Our contributions are 3 fold:

* GIFT-Eval: We introduce a new time series forecasting benchmark with pretrain/train/test splits
maintaining diversity and balance across multiple characteristics.

* Comprehensive Benchmarking: We evaluate 20 baseline models spanning statistical, deep
learning, and foundational approaches on GIFT-Eval.

*» Detailed Analysis: We provide insights into the strengths of different models on all aspects of
GIFT-Eval including domains, frequencies, prediction lengths, and the number of variates.

2 GIFT-Eval

In this section, we detail the design choices that underpin the development of GIFT-Eval. Initially, we
describe our methods for selecting and processing the datasets, along with some key statistics from
the final distribution of these datasets. Subsequently, we discuss the range of models employed to
report results on GIFT-Eval and outline the configuration of our experimental environment. Finally,
we describe the evaluation setup and highlight the user-friendly nature of our framework.

Datasets We curated test portion of GIFT-Eval with 15 univariate and 8 multivariate datasets,
covering 7 domains and 10 frequencies, totaling 144,000 time series and 157 million observations.
We adhere to established prediction lengths for well-known datasets like M4 [23], and for others,
we establish three prediction settings—short, medium, and long—based on frequency and domain,
with medium and long settings extending the short-term length by factors of 10 and 15, respectively.
To support models without multivariate forecasting, our framework flattens multivariate datasets for
broader compatibility. Data is stored using the Arrow format [34], ensuring efficient integration into
deep learning pipelines. Detailed dataset statistics and characteristics, such as domain, frequency,
and prediction lengths, are available in Appendix C and Table 7. Our benchmark features 97 unique
triplets of dataset, frequency, and length, with aggregated results for each model reported across these
configurations. For pretraining portion of our benchmark please check Appendix D.

Models We utilize 20 models with varied methodologies including traditional statistical models,
various deep learning models, and the more recent foundation models. For statistical models, we incor-
porate Naive, Seasonal Naive [17], and Auto_Arima [12] methods. Representing deep learning,
we select DeepAR [11], TFT [19], TiDE [7], N-BEATS [29], PatchTST [28], and iTransformer [21].
Additionally, we evaluate three foundation models zero-shot on our benchmark: TimesFM [8],
Chronos [4] available in tiny, small, and base sizes, and Moirai [42] available in small, base, and
large sizes. More details with full list of models and model-specific hyperparameters can be found
in Appendix B.

Evaluation setting We structure the evaluation component of our benchmark by dedicating the
final 10% of each dataset to testing, with the rest allocated for training. A non-overlapping rolling
evaluation method is employed, setting a predetermined number of windows in the test split, each



Table 1: Results on GIFT-Eval aggregated by domain. The best results across each row are bolded,
while the second best results are underlined.

Domain Metric | Nv S.Nv. A.Ar. A.Th. |D.AR__TFT __ TiDE _ N-B. _ P.TST _ iTr Chr.g Best
Econ/Fin MASE | 143 100 866c ' 0.83¢ '|154 103 151  86le ' 0.08¢ ' 0.80¢ |82 77 Chr L.
CRPS |L.17 100 82le”! 84le'[122  8dle! 108  9.67¢' 803¢' 84S’ 7.63¢7 T.Fi
Rank | 1.90¢'  1.88¢! 1.07¢! | 1.88¢!  1.10¢!  212¢!  1.62¢'  9.17 1.15¢! 9.50 Moi.p,
Energy MASE [ 156 1.00 136 [178 101 117 118 983’ LIl 947e T Chr.L
CRPS 153 100 170|107 630e! 7.5l 9.35¢! 6.12e' 6.95¢ -1 648! P.TST
Rank | 2.51¢!  2.13¢! 232 |2.00¢) 956 ldle!  20le!  7.69 9.4 1.12¢! Moi .
Healthcare MASE [ 1.16 .00 951c 7| 7.65¢ T 6.60c T 8.03¢ | 60lc T 6.86e | 7.7de 1] 6.0 607" Chr.L
CRPS 119 100 8.03¢! 5.12¢70 9.12¢7! 6.28¢7" 1.96¢7" Chr.p,
Rank | 2.26¢'  1.98¢! 1.52¢! 940 174 1.26¢ 700 6.00 Chr.p,
Nature MASE | 9.62¢ 7 1.00 1.06 S7le T 137 B5le T S5l T 823 " Moi.L
CRPS 133  1.00 -1 9.10¢ ! ! 348¢! 561! 3.42¢7! 3.83¢! 3.66¢7" Moi.p,
Rank | 2.75¢'  2.67¢! 2.37¢! 5¢! 1.93¢! 8.93 .13 1.40¢!  1.29¢! Moi g
Sales MASE [ 1.00 _ 1.00 873¢ T T 08lc T 7.0lc ' 6.90e ' 6.99¢ " |7 733¢ T 7.260 T P.IST
CRPS |8.96c™" 1.00 1 480e! 3527 3.52¢7! 484e! 414! 348e! 3.5l -1 3.66c" 3.63¢71 3.62 T.Fi
Rank | 2.80¢'  2.80¢! 2.10¢! 2.05¢'  Ld5¢! 500 7.00 22! 1.05¢! T.FM
Transport MASE [ 126 1.00 T1.08 T00c T T 700 707¢ " T 7i2eT Moi.L
CRPS [2.07 100 133 5.3l 1617t 4.60¢7" U512t ¢ Moi.p,
Rank | 2.84c!  2.43¢! 2.61¢! 1.39¢! 8.07 7.93 139! 1.08¢! Moi.p
Web/CloudOps | MASE | .13 1.00 52lc T [850c T 662 6.23¢ T 5 162 " d8sc [ L. G.78¢ T 6.76¢ T P.IST
CRPS [1.07 100 6.08¢" | 6.33¢"! 5.03¢! 5.68¢ 4.37e" 4.51e7! | 7.30¢ 6.20¢" 6.51e! . . P.TST
Rank |2.19¢' 2.18¢! 1.99¢' 166! |148¢! 695  1.22¢! 129¢! 475 5.85 129¢!  1.45¢! 135! 122! 113! |Pp.TST

Table 2: Results on GIFT-Eval aggregated by Prediction Length. The best results across each row are
bolded, while the second best results are underlined.

Pred. Len. | Metric [Nv.  S.Nv. A.Ar. A.Th. |[D.AR__TFT __ TiDE _ N-B. _ P.IST _ iTr. |T.FM _V.TS _ Chr.g Chr.gy Chr.,  Moi.s Moi.p Moi.p |Best
Long MASE [140 1.00 9.85¢ | 8.09¢ '|1.10 _ 580c | 6.55e | G6Ade | 5.37c ' 5.66c 1| 9.90c | 5.22e T G658 | 6.3de | 632 | 6.4de | 6.25¢ | 6.0de | V.TS
CRPS |1.89 1.00 8.05¢! 140 4.48¢! 5.65¢7" 3.68¢~! 3.9l 518! 4.56¢7! 522! 504! 5.02e!  4d5e! 4.23¢7! 4.22¢7! | P.TST
Rank |2.72¢' 2.3l¢' 2.09¢'  2.43¢! 1.16¢'  1.61¢! 7.9 [1.51e' 126! 1.56¢!  1.40¢!  14d¢! 929 824 819 |P.TST
867

Medium |MASE [146  1.00 102 _ 1.17 9.86c T 1.03 144 104 1.03 103 103 972 '[V.1S
CRPS |1.87 100 833! 153 5.63¢7" 6.78¢ 7! 4.70¢7" 6.30¢7! 6.22¢71 555! 5.35¢! 5.23¢ ! |P.TST
Rank | 2.62¢! 2.16¢! 1.99¢!  2.43¢! 1.24¢!  1.70¢! 511 4 1.50e!  142¢!  1.00¢!  8.86 8.62 P.TST
Short MASE [1.1& 100 9.35¢ ' 0.55¢ | T14 8062 ! 8.80¢ T 87le T 768 | 7.6le © 8.07¢ | 8.10¢ | 8.2le ' |Chr.
CRPS | 1.09 1.00 7.35¢" 8.16e"! 7.95¢7! 7.48¢7! G.1le™! 7.5le”! 5.52e7! 542! 5.38e! 6.09¢! 5.48¢7! 5.53¢7! | Chr.y,
Rank |236¢' 2.3l¢' 1.64¢' 1.86e! | 1.62¢! 1.79¢'  1.87¢!  9.27 1.02¢' |880  196e! 965 833 833 Llde! 618 693 |Moi.p

equal to the dataset’s prediction length. The final window of the training data serves as validation for
tuning deep learning model hyperparameters.

Performance is assessed using two primary metrics: the median Mean Absolute Percentage Error
(MAPE) for point forecasts and the Continuous Ranked Probability Score (CRPS) [13] for probabilis-
tic forecasts. To standardize comparison across benchmarks, both MAPE and CRPS are normalized
against the seasonal naive model as a baseline. To avoid skew from any single dataset, we employ
a ’Rank’ metric that assigns a numerical ranking to each model across all 97 configurations. The
average of these ranks is then reported as the final result for each model.

3 Results

The first four parts in results section aggregate the results by the key characteristics that guided the
development of our benchmark: domain, prediction length, frequency, and number of variates, then
conclude the section with aggregation of results across all configurations. For results on all dataset,
frequency and prediction length combinations with more metrics see Appendix E.

Domain | Table 1 The results across various domains, illustrate that foundation models consistently
outperform both statistical and deep learning models. In particular foundation models exhibit top
performance with the exception of Web/CloudOps domain. Deep learning models like PatchTST and
iTransformer show stronger results in this domain. This suggests a potential lack of representative
data for foundation models in this specific domain.

Prediction length | Table 2 Prediction length reveals a distinct performance variance across
settings. For short-term forecasts, most foundation models, specifically Moirai variants, outperform
other models. However, as the prediction length increases, deep learning models like PatchTST
and iTransformer begin to surpass foundation models, indicating fine-tuning’s effect in handling
longer-term dependencies within the data.

Frequency | Table 3 Deep learning and statistical models demonstrate strong performances at
higher frequencies (secondly and minutely granularities), achieving the best results. Conversely,
foundation models, particularly the Moirai variants, consistently outperform others at lower frequen-
cies, dominating in 6 different settings. This robustness in less granular time series may suggest that
such frequencies exhibit more common patterns that are easier to learn, thus amplifying the benefits
derived from pretraining objectives.



Table 3: Results on GIFT-Eval aggregated by frequency. The best results across each row are bolded,
while second best results are underlined.

Freq. | Metric | Nv. S.Nv. A.Ar A.Th. |D.AR N-B.  P.TST T.FM_ V.TS Chr.y  Chr.,  Moi.s Moi.p  Moi.p |Best
10S |MASE|[198  1.00 1.00 1.59¢ ' |: T T 271l T 224 ! 787e T 216 5.23¢ T 5.06c | 7.95¢ | S4le | 572 ' |A.Th.
CRPS | 1.44 100 1.00 3.15e7! ! ! 598! 5.36e! 1.30 6.91e”! 8591 818! 1.24 1.06 1.02 A.Th.
Rank [1.93¢!  1.13¢' 1.03¢'  1.00 3 1.1 7.17 5.00 2.53¢"  1.08¢! ! 1.23¢!  2.26e!  1.95¢' 178" |A.Th.
ST |MASE|9.42¢ 7 1.00  1.00 981e T | 1.40 9.61e T 88l T 7.87¢ T 238 81977 S62c T 8.69¢ T 7.39¢ T G.89c  6.69e T |Moi.L
CRPS |1.19  1.00  1.00 9.48¢7" | 7.49¢7! 6.31e! 69971 5.22¢7 6.73¢7  T.02¢7 6.83¢7!  6.87¢! 496! 484c 1 4.61e” |Moi.p
Rank | 2.34e’  2.39¢! 224¢! 298¢ | 1.77¢! 1.33¢! 164’ 675 152" 1.63¢! 151! 158¢! 744 642 4.58 Moi .,
10T |MASE[128  1.00 1.00 .62 35 127 121 19 127 9.12¢ T .09 .07 T00 L5 .13 V.TS
CRPS [208  1.00 1.00 251 5.37¢7! 5.68¢7" 6.88¢ 43de”! 4597 4.42¢7! 4.75¢t 47le™t 49let 5047 5.de”t | TFT
Rank |2.67¢!  2.22¢! 2.12¢!  2.80e! | 1.47¢! L65¢'  1.82¢'  9.50 1.00¢! 933 105! 9.67 110e!  1.28¢'  1.30¢! | TFT
IST |[MASE[1.52 100 9.78¢ ' 1.03 176 102 102 877e ' § 9.56e T 9.05¢ | S87e T 885e 1 949 T 9.25¢ | 9.77e | |P.TST
CRPS [220 100 952 ' 151 126 7.92¢71 9.63¢7! 6.55¢ ! 7.68¢ " 8.56¢ ! TA9e ! TAGe ! 7.39¢7! 6.9le”!  7.20e7! |iTr.
Rank | 2.73¢!  2.03¢! 191¢'  238¢! | 1.97¢! 1.37¢!  2.00¢'  5.00 1.07¢! 1.73¢! 1.08e!  1.0Ge!  9.00 617 9.58 iTr.
H |MASE[146 100 1.02 128 31 050c T 872 ' 7.7de T S20e T Tq0e T 7.63e T T.03c ' 802 ' 7.78¢ | 7.70¢ | |Chr.p
CRPS |1.67 100 7.43¢' 157 6.23¢7" 5.11¢7" 6.00e! 4.07e"! 4.69¢" 5.25¢7! 4.62¢7 4.64e ! 4 P.TST
Rank |2.75¢!  2.48¢' 220! 266c! | 152! Lide!  1.85¢' 697 1.16¢!  1.64¢! 1.10¢'  1.12¢! Moi.y
D |[MASE[1.00  1.00 882 ' 036e " |9.06c " 115 7.75¢ T 749 TAGe T 8.22¢ T T1Ge ! Chr.p
CRPS |7.94¢™! 1.00  4.69¢7! 543¢7 ! |4.91e! 3. 6.10e™! 5.24e7! 3.92¢7! 4.13¢7" 5.04e7! TFT
Rank | 248!  2.67¢' 145¢' 191! |1.49¢! 182 1.94¢! 973 747 1.97¢! Moi.p
W |MASE[1.00  1.00 946e T 1.03 1.46 120 108 920! SATe T 104 Chr.y,
CRPS |8.74¢™" 1.00 7.3le™'  7.87¢! |9.94¢7! 9.56e= 9.71e™! 6.66¢" 6.02¢70  9.43¢7! Chr.y
Rank |1.81¢!  2.20e' 1.32¢'  1.60¢' | 1.69¢! 1.70¢!  2.00¢"  1.02¢! 6.12 2.10¢’ 5 Chr.y,
M |MASE[120  1.00 7.59e ' 90.32¢ ' |1.22 T10  S5lc ' 8.50¢ S00c ' O0.05¢ T 827¢ T S5rc | 8.12¢ ! KAr.
CRPS |1.52  1.00 7.59¢7" 8.73¢ ' |1.03 116  9.62¢7' 8.32¢7! 7.33¢7' 103 8.18¢7! 8.49¢1  8.07¢ ! T.FM
Rank |2.52¢!  1.80¢' 8.60 1.16¢" | 1.56¢! 2.00¢!  Ldde!  1.00¢! 4.80 1.90¢!  1.06e' 1.16¢!  1.04e! Moi.y
Q |MASE[925¢ T 1.00 8.00e T 7.4de | [9.00e T 8.12¢ 105  7.56e | 8.25¢ 875¢ T 850e T 7.be | 7.09¢ | 7.09¢ | 7.76e | Tdle ! 7.1le T |Moi.p
CRPS |9.51e? 1.00 823! 797! |84le! 1.02 9.72¢71 8.35¢7! 853¢ 1 1.05 8.46e71 840! 840e7!  T.94e7! 7.40e”! T.40e"' |Moi.p
Rank | 1.80e'  2.00¢' 9.00 6.00 1.40€! 1.9 1.00e! 1.60¢! 2.20¢! 3 1.30e!  4.50 1.00 2.00 Moi.p
A |MASE|[1.00 100 935¢ ' 7.83¢ ' |8.50¢ 793¢ T 8.200 1 SAle T 0.65¢ " 017c T Thle ! 758¢ | 7.49¢ T |Moi.
CRPS [9.93¢" 1.00 9.42¢' 8.33¢ ! |8.19¢" 9.71¢7! 8.48¢7! s4se! LIS 0.78¢7!  T6de ! T.62e”!  7.57e”!|Moi.p
Rank |1.90¢' 2.00¢' 1.40¢'  1.00¢! |8.00 1.60¢'  1.20¢" 1.30¢!  2.30¢! 1.80¢! 350  2.00 1.00 Moi.y

Table 4: Results on GIFT-Eval aggregated by number of variates. The best results across each row
are bolded, while the second best results are underlined.

Num. Var. Metric | Nv. S.Nv. A.Ar. A.Th. D.AR TFT TiDE N-B. P.TST
Multivariate | MASE | 1.I5  1.00  1.03 8.0l 1[1.50  840c T 1.0I _ 7.82¢ | 7dlc !
CRPS [126 1.00 837¢™' 9.26c7'|8.02¢" 495" 659 64le”! 4.51e"
Rank | 2.40e! 2.26e' 1.95¢!  2.08¢' |1.90¢' 8.95 1.55¢!  1.69¢'  6.56
Univariate | MASE | 136 1.00 9.12¢ © 1.I5 | 1.02 _ 8.08¢ ' 959¢ | 892¢ | 8.05¢ | SA5e T T07¢ "
CRPS [149 100 7.2le”' 116 |6.62¢ 524¢! 6.46¢ ' 7.30¢ ' 5.35¢ ! 6.83¢"" 564!

Rank |256¢' 2.20¢! 1.70¢! 2.13¢! |1.34¢' 876  1.52%' 185! 856 9.80 |946 18l 119¢!

V.TS Chr g
6.95¢ T S.0dc !
U 5.85¢! 5.55¢!
1.53¢! 1.24e!

Chr.p  Moi.s Moi.p Moi.p |Best
788¢c T S4de T 83le ! Slle ! |V.TS
5.52¢71 54de”! 5.15e7! 5.25¢7! | P.TST
1.25¢'  9.94 8.63 8.91 P.TST
775e T 8.95¢ | 7.06e | 7.86¢ | |Chr..
543¢7" 598" 5.16e! 5.08e! |Moi.p,
9.69 117¢! 607 6.50 Moi.p

Table 5: Results on GIFT-Eval aggregated by all results. The best results across each row are bolded,
while the second best results are underlined.

Metric | Nv. S.Nv. A.Ar. A.Th. D.AR TFT TiDE N-B. P.TST iTr. T.FM V.TS Chr.g Chr.g Chr.;, Moi.g Moi.p Moi.p |Best
MASE | 126 1.00  9.64e~' 9.78¢7! | 1.21 8.22e71 9.80e7! 842! 7.62e7! 8.02¢7!|9.67e7! T.75e~! 8.00e7! 7.86e! 7.8le”! 8.7de”! 8.1le”! 7.97¢7!|P.TST
CRPS |1.38 1.00 7.70¢™' 1.05 |7.2le™! 5.le”! 6.52¢7! 6.89¢! 4.96e™' 5.24¢7! [5.75¢7! 6.38¢! 5.60e”! 5.5le”! 5.47¢! 5.76e7! 5.16¢7' 5.15¢7! | P.TST
Rank | 249¢! 2.28¢' 1.8le!  2.11e' |1.59¢!  8.85 1.53¢! 178! 7.67 8.58 113" 1.69¢!  1.21e!  1.10e'  1.09¢!  1.10e'  7.21 157 Moi.p

Number of variates | Table 4 In multivariate settings, deep learning models consistently achieve the
best scores across all metrics. Conversely, in univariate scenarios, foundation models—particularly
certain variants of Moirai and Chronos—outperform deep learning models.

General | Table 5 The final aggregation of results across the entire benchmark illustrates key
performance insights. PatchTST stands out by achieving the best scores on both MASE and CRPS
metrics. However, in terms of overall rankings, Moirai variants generally perform better. This
discrepancy suggests that certain datasets may disproportionately influence the metric-based results,
which is not captured by the ranking-based outcomes. This indicates the strength of PatchTST in
specific contexts where it excels, while Moirai’s consistently high rankings across diverse datasets
highlight its robustness and generalizability across the benchmark.

4 Conclusion

We introduced the GIFT-Eval benchmark, aimed at assessing forecasting models across various
characteristics. Our analysis indicates that foundation models like Moirai are effective in short,
univariate settings and at lower frequencies. In contrast, deep learning models such as PatchTST
and iTransformer are better in long, multivariate settings and higher frequencies. These findings
highlight the ongoing need to further develop model versatility for advancements in time series
forecasting foundation models.
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Related work

Our benchmark, GIFT-Eval, builds upon and seeks to address gaps identified in existing time series
forecasting benchmarks. This section outlines how our work relates to and expands upon previous
efforts.



Woo et al. [42] introduced LOTSA, which holds the title for the largest collection of open time
series datasets, encompassing 27 billion observations across nine domains. Despite its vast size,
the evaluation datasets still lack sufficient variety in terms of time series data characteristics and
forecasting tasks, which our benchmark aims to augment. Ansari et al. [4] developed a dataset
specifically structured for pretraining, in-domain evaluation, and zero-shot evaluation splits. However,
their work is constrained by a limited range in prediction lengths (from 6 to 56), missing out on
long-term forecasts, and restricts the data to univariate forecasting, whereas our benchmark includes
extensive multivariate scenarios. The corpus by Rasul et al. [33] presents a diverse array of domains,
yet it comprises only univariate datasets totaling 8,000 time series. In contrast, GIFT-Eval dramatically
expands this scope with 144,000 time series, enhancing the breadth and depth of the dataset. The
benchmark by Qiu et al. [31] is closely aligned with our work in its aim to curate a diverse and
comprehensive set of data. However, it lacks pretraining data, does not evaluate foundational models,
and limits its scope to point forecasts. Our benchmark not only includes pretraining data (with
zero-shot evaluation support) but also provides evaluations for foundational models and offers both
point and probabilistic forecasts, filling a critical gap in the existing landscape.

B Experimental setup details

Time series forecasting training and inference may take different forms for different families of
models. Statistical models make predictions by directly analyzing patterns in the historical data
without a separate training phase. We incorporate five statistical models in our benchmark: Naive,
Seasonal Naive [17], Auto_Arima, Auto_ETS, and Auto_Theta [12] methods. Deep learning
models require training a specific model instance for each dataset. Representing deep learning, we
select 8 models: DeepAR [11], TFT [19], TiDE [7], N-BEATS [29], PatchTST [28], DLinear [44],
Crossformer [45] and iTransformer [21]. To obtain both point and probabilistic forecasts,
we either adapt models using gluonts [3] with a small probabilistic head or implement our own
modifications. We conduct an extensive hyperparameter search for each deep learning model,
see Appendix B for details. We evaluate four foundation models on our benchmark: TimesFM [8],
Chronos [4] available in tiny, small, and base sizes, Moirai [42] available in small, base, and large
sizes and, Lag-Llama [32], Timer [22], TTM [9], VisionTS [6]. These models all provide publicly
accessible model parameters for direct use. However, it is important to note that pre-training datasets
of TimesFM, Chronos, and Moirai exhibit partial data leakage issues for GIFT-Eval.

Statistical models We utilize the statsforecast [12] library to implement all three statistical baselines:
Naive, Seasonal Naive,Auto_ETS,Auto_Theta, and Auto_Arima. Inference is performed on a
CPU server equipped with 96 cores. For each dataset, a time limit of one day is set for the statistical
model to complete its run, with any model that times out being halted and its results replaced with
those from the Seasonal Naive model as a fallback. Given that some datasets in our benchmark
are particularly long, we impose a maximum size constraint on each statistical baseline (set to 1000
with our time constraints), truncating the time series to this max_size.

Table 6: Hyperparameter search range for deep learning baselines.

TiDE

Parameters num_layers_encoder num_layers_decoder hidden_dim temporal_hidden_dim  decoder_output_dim  dropout_rate Ir

Search Range | [1.2] [1,2] [256,512,1024] [64,128] [8,16,32] 0.0, 0.5] [le-5:1e-1]
N-BEATS [ PatchTST

Parameters Toss_function hidden_layer_units share_weights_in_stack  nb_blocks_per_stack  Ir d_model num_encoder_layers  Ir

Search Range | ["mase”, "mape", "smape"]  [256, 512, 1024, 2048]  [True, False] [3.4] [le-5:1e-1] (128,256, 512] [2,3.4] [le-5:1e-1]
iTransformer DeepAR [ DLinear

Parameters | d_model num_encoder_layers It hidden_size num_Tayers Tr Tr

Search Range | [128, 256, 512] [2.3.4] [le-5:1e-1] [20.25.....80] [1.23.4] [le-5:le-1] [le-5:le-1]
Crossformer TFT

Parameters d_model n_heads Ir num_heads hidden_dim Ir

Search Range | [64,128,256] [2.4.8] [le-5:5e-3] [2,4.8] [16,32,64] [le-5:1e-1]

Deep learning models For all deeplearning models we either used models readily available in
gluonts library [3] or we write our own wrappers. Where feasible we also add a probabilistic
forecasting head to the models. Where direct probabilistic outputs are not feasible, we generate
probabilistic evaluations by converting point forecasts into sample forecasts using a single sample.
To identify the optimal hyperparameters, we conducted a comprehensive search across all 97 runs
included in GIFT-Eval. We employed the ray library [25] to parallelize the search on a single GPU
and used the optuna [1] library to extend this parallelization across multiple GPU servers. We
search for 15 trials for each deep learning model per each of the 97 runs. Table 6 lists the range
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of parameters we search for each model. On top of the listed parameters for each model, we also
search for weight decay on all runs in the range: [le — 8 : le — 2], and for context length in
range [1,2,4,8] x prediction_length. For the Crossformer model on the long term setting of
Jena Weather dataset with both ten—minutely and hourly frequencies, we had to limit the search
for d_model and n_heads, fixing them at 32 and 1, respectively. This adjustment was necessary
because the model’s attention mechanism operates across multiple variates, leading to an OOM (Out
of Memory) error due to the high number of variates present in this dataset.

Foundation models For all foundation models we use their public versions available online and
conduct zero-shot evaluation on our benchmark’s test-split. Since Moirai [42] provides multi-patch
size projections and varying context lengths. We adopt the similar approach by defining a frequency-
to-patch size mapping as follows:

* Yearly, Quarterly: 8
* Monthly: 8

* Weekly, Daily: 16
* Hourly: 32

* Minute-level: 32

* Second-level: 64

We set context length to 4000. We used the public available Moirai models from the cor-
responding HuggingFace repos, i.e., Moiraigny,; - https://huggingface.co/Salesforce/
moirai-1.1-R-small, Moiraip,, - https://huggingface.co/Salesforce/moirai-1.
1-R-base, Moiraij e - https://huggingface.co/Salesforce/moirai-1.1-R-large.

For Chronos, we mainly follow their official implementation* for evaluation: with the num-
ber of samples as 20. The models are loaded from the corresponding HuggingFace repos, e.g.,
Chronosriny - https://huggingface.co/amazon/chronos-t5-tiny, Chronosgyay - https:
//huggingface.co/amazon/chronos-t5-small, Chronosg,,- https://huggingface.co/
amazon/chronos-t5-base.

For TimesFM, we follow their official implementation® for evaluation. We set the context length
for evaluation as 512 as mentioned in their paper since the maximum context length in training
is 512. Following their default setting in their example, we keep the input patch length as 32,
the output patch length as 128, the number of layers as 20, and the model dimension as 1280.
TimesFM comes with only one model size, i.e., timesfm-1.0-200m, and we load the model from
https://huggingface.co/google/timesfm-1.0-200m.

For VisionTsS, we follow their official implementation® for evaluation. We set the context length as
2000, the norm constant as 0.4, the alignment constant as 0.4 according to their default settings. We
use their implementation for seasonality detection to generate a candidate list and search an optimal
seasonality parameter with the validation data.

Additional parameters and computational resources. All experiments are conducted on eight
NVIDIA A100 GPUs. For models that has gone through training the loss function and optimizer are
set following their original implementation. Additionally we set the batch size to 128 and, number of
batches per epoch to 100, and finally number of epochs to 50.

C GIFT-Eval test datasets

In this section we provide comprehensive list of datasets used in test portion of GIFT-Eval along with
original sources and statistics, for details regarding the pretraining portion see Appendix D. Table 7
lists all datasets, along with their source, frequency, prediction length and number of variates setup

*https://github. com/amazon-science/chronos-forecasting/blob/main/scripts/
evaluation/evaluate.py

*https://github.com/google-research/timesfm/blob/master/experiments/long_horizon_
benchmarks/run_eval.py

Shttps://github.com/Keytoyze/VisionTS/blob/main/eval_gluonts/run.py
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Table 7: Individual statistics of GIFT-Eval benchmark across all datasets.

Series Length Short-term Med-term Tong-term
Datasel Source Domain  Frequency #Series  Avg  Min  Max FObs  Target Varfates Pred Length(S) Windows Pred Length(M) Windows _Pred Length(L) _Windows
Jena Weather Autoformer [43] Nature 101 1 52704 52704 52704 52,704 21 43 20 480 1 720
Jena Weather Autoformer [43] Nature H 1 8,784 8,784 8,784 8,784 21 48 19 480 2 720 2
Jena Weather Autoformer [43] Nature D 1 366 366 366 366 21 30 2
BizITObs - Application AutoMixer [30] ‘Web/CloudOps 108 1 8,834 8,834 8,834 8,834 2 60 15 600 2 900 1
BizITObs - Service AutoMixer [30] Web/CloudOps 108 21 8835 8835 8835 185535 2 60 15 600 2 900 1
BizITObs - L2C AutoMixer [30] Web/CloudOps ST 1 31968 31968 31968 31968 7 43 20 480 7 720 5
BizITObs - L2C AutoMixer [30] Web/CloudOps H 1 2664 2664 2,664 2,664 7 48 6 480 1 720 1
Grid Workloads Archive [35]  Web/CloudOps ST 1,250 8,640 8,640 8,640 10,800,000 2 48 18 480 2 720 2
Grid Workloads Archive [35] ~ Web/CloudOps H 1,250 721 721 721 901,250 2 48 2
Grid Workloads Archive [35] ~ Web/CloudOps 5T 500 8,640 8,640 8,640 4,320,000 2 48 18 480 2 720 2
Grid Workloads Archive [35]  Web/CloudOps H 500 720 720 720 360,000 2 48 2
Recruit Rest. Comp. [16] Sales D 807 358 67 478 289303 1 30 1
Tnformer [46] Energy 15T 1 69.680 69,680  69.680 69,680 7 48 20 480 15 720 10
ETTI1 Informer [46] Energy H 1 17,420 17,420 17,420 17,420 7 48 20 480 4 720 3
ETTI1 Informer [46] Energy D 1 725 725 725 725 7 30 3
ETTI1 Informer [46] Energy W-THU 1 103 103 103 103 7 8 2
ETT2 Informer [46] Energy 15T 1 69.680  69.680  69.680  69.680 7 43 20 480 15 720 10
ETT2 Informer [46] Energy H 1 17420 17420 17420 17420 7 43 20 480 4 720 3
ETT2 Tnformer [46] Energy D 1 725 725 725 725 7 30 3
ETT2 Informer [46] Energy W-THU 1 103 103 103 103 7 8 2
Loop Seattle LibCity [39] Transport 5T 323 105,120 105,120 105,120 33,953,760 1 48 20 480 20 720 15
Loop Seattle LibCity [39] Transport H 323 8,760 8,760 8,760 2,829,480 1 48 19 480 2 720 2
Loop Seattle LibCity [39 Transport D 323 365 365 365 117.895 1 30 2
s; LibCity [39 Transport 15T 156 2976 2976 2976 464256 1 43 7 480 1 720 1
LibCity [39 Transport H 156 744 744 744116064 1 43 2
LibCity [39] Transport H 30 17,520 17,520 17,520 525,600 1 48 20 480 4 720 3
LibCity [39] Transport D 30 730 730 730 21,900 1 30 3
LSTNet [18 Energy 10T 137 52,560 52,560 52,560 7,200,720 1 48 20 480 11 720 8
LSTNet [18] Energy H 137 8760 8760 8760  1200,120 1 48 19 480 2 720 2
LSTNet [18] Energy D 137 365 365 365 50,005 1 30 2
LSTNet [18] Energy W-FRI 137 52 52 52 7,124 1 8 1
Hierarchical Sales Mancuso et al. [24] Sales D 118 1,825 1,825 1,825 215,350 1 30 7
Hierarchical Sales Mancuso et al. [24] Sales W-WED 118 260 260 260 30,680 1 8 4
M4 Yearly Monash [14] Ex 22974 37 19 284 845,109 1 6 1
M4 Quarterly Monash [14] 24,000 100 24 874 2,406,108 1 8 1
M4 Monthly Monash [14] 48000 234 60 2812 11246411 1 18 1
M4 Weekly Monash [14] 350 1035 93 2610 371579 1 13 1
M4 Daily Monash [14] 4,227 2,371 107 9,933 10,023,836 1 14 1
M4 Hourly Monash [ 14 414 902 748 1,008 373,372 1 48 2
Hospital Monash [14 are 767 84 84 64,428 1 12 1
COVID Deaths Monash [14] Healthcare D 266 212 212 212 56,392 1 30 1
US Births Monash [14] Healthcare D 1 7305 7305 7.305 7,305 1 30 20
US Births Monash [14] Healtheare  W-TUE 1 1043 1043 1,043 1043 1 8 14
US Births Monash [14] Healthcare M 1 240 240 0 1 12 2
Saugeen Monash [ 14 Nature D 1 23,741 23,741 23,741 23,741 1 30 20
Saugeen Monash [14; Nature W-THU 1 3391 3.391 391 391 1 8 20
Saugeen Monash [14] Nature M 1 780 780 780 1 12 7
Temperature Rain Monash [14] Nature D 32072 725 725 725 780 1 30 3
KDD Cup 2018 Monash 14] Nature H 270 10898 9,504 10920 2942364 1 43 20 480 2 720 2
KDD Cup 2018 Monash [14] Nature D 270 455 396 455 122,791 1 30 2
Car Parts. Monash [14] Sales M 2,674 51 51 51 136,374 1 12 1
Electricity UCI ML Archive [37] Energy 15T 370 140,256 140,256 140,256 51,894,720 1 48 20 480 20 720 20
Electricity UCI ML Archive [37] Energy H 370 35,064 35,064 35064 12,973,680 1 48 20 480 8 720 5
Electricity UCI ML Archive [37] Energy D 370 1461 1461 1461 540570 1 30 5
Electricity UCI ML Archive [37] Energy W-FRI 370 208 208 208 76,960 1 8 3

and presents various statistics from number of series, to series length, and also number of observations.
We use last 10% of each timeseries in the test portion of our data for testing and keep the rest for
training.

In order to help reader digest these tables easily we have also curated tables Tables 8 to 11 which
aggregates number of time series and observations for prediction length, domain, frequency and
number of variates respectively.

In curating the test portion of our benchmark we made use of 10 open domain sources. We use Jena
Weather’ dataset following Autoformer [43]. It is recorded every 10 minutes a year, which contains
21 variates like temperature, humidity and so on. We process BizITObs Application, Service, and
L2C?8 following the pipeline in AutoMixer [30]. These are a series of business and IT observability
data and they fuse both business KPIs and IT event channels together as multivariate time series data.
Within the same domain we also process Bitbrains datasets from Grid Workloads Archive [35]. The
Restaurant data is borrowed from Recruit Restaurant Forecasting Competition [16], the task in this
dataset is to use reservation and visitation data to predict the total number of visitors to a restaurant
for future dates. From Informer [47] we utilize ETT1 and ETT?2 datasets which denote electricity
transformer temperature and is an indicator used in the electrict power long-term deployment. Dataset
for Transport domain are extracted from LibCity [39], which provides a collection of urban time
series datasets. We utilize the solar dataset from LSTNet [18] where the task is to predict solar plant
energy outputs. The second and last dataset for Sales data is by Mancuso et al. [24]. Monash [14] is
a large collection of diverse time series datasets across many domains, we choose a subset of these
datasets making sure there is no leak from pretrain to test split. Finally from UCI ML Archive [37]
we use the electricity dataset which contains electricity consumption of 370 individual clients.

Table 8: Statistics aggregated by prediction length.

Pred. Length 6 8 2 13 14 8 30 48 60 480 600 720 900
# Series 22974 24,629 3,443 359 4,227 48,000 34,398 6,194 22 3,874 22 3,874 22
# Obs 845,109 2,525,512 201,042 371,579 10,023,836 11,246,411 1,447,848 131,125,706 194,369 | 129,375,020 194,369 | 129,375,020 194,369

"https://www.bgc- jena.mpg.de/wetter/
%https://github.com/BizITObs/BizITObservabilityData/tree/main
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Table 9: Statistics aggregated by domain.

Domain | Econ/Fin Energy Healthcare Nature Sales Transport ~ Web/CloudOps  Grand Total
# Series 99,974 2,036 1,036 32,618 3,717 1,341 3,524 144,246
#0Obs | 25,266,415 74,119,755 129,408 3,154,921 671,707 38,028,955 16,610,251 157,981,412

Table 10: Statistics aggregated by frequency.

Frequency 10S 10T 15T 5T A D H M Q W Grand Total
# Series 22 138 528 2,074 22,974 38,625 3,454 51,443 24,000 988 144,246
# Obs 194,369 7,253,424 52,498,336 49,105,728 845,109 11,471,684 22268218 11,447,453 2,406,108 490,983 157,981,412

Table 11: Statistics aggregated by number of variates.

# Variates 1 2 7 21 Grand Total
# Series 140,711 3,522 10 3 144,246
# Obs 141,133,451 16,575,619 210,488 61,854 157,981,412

D GIFT-Eval pre-training datasets

The pre-training split of GIFT-Eval is constructed based on LOTSA [42], and we excluded certain
datasets from it to form part of the evaluation set, making it more diverse and balanced. The complete
list of pre-training datasets and their respective sources, key properties are provided in Table 12.

BuildingsBench [10] compiles datasets on residential and commercial building energy consumption.
ClimateLearn [27] offers time series of various climate-related variables, including temperature,
humidity, and multiple pressure levels. CloudOps TSF [41] introduces large-scale CloudOps time
series datasets that capture key variables such as CPU and memory utilization. GluonTS [2] provides
a variety of datasets commonly used in time series forecasting. LargeST [20] sourced from the
California Department of Transportation Performance Measurement System (PeMS) is one of the
largest collections to date, which is widely used for traffic forecasting. LibCity [39] provides a
collection urban spatio-temporal datasets. SubseasonalClimateUSA [26] provides climate time
series data at daily level. ProEnFo [40] introduces a range of datasets for load forecasting which
include various covariates such as temperature, humidity, and wind speed. Monash [14] is a large
collection of diverse time series datasets, the most popular source for building time series foundation
models. LOTSA_Others [42] are a complementary datasets collected by LOTSA to enhance the
diversity.

E Results with all models

In this section, we present results for all models with more metrics, including those omitted from
the main paper due to space constraints. The results are displayed in the same aggregated form
through Tables 13 to 17. Furthermore, we provide non-aggregated results across all dataset, term and
frequency combinations in Tables 18 to 20.
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Table 12: Pretraining datasets and their key properties.

Dataset Source Domain  Frequency # Time Series # Targets # Covariates #Obs.
BDG-2 Panther BuildingsBench [10] Energy H 105 1 0 919,800
BDG-2 Fox BuildingsBench [10] Energy H 135 1 0 2,324,568
BDG-2 Rat BuildingsBench [10] Energy H 280 1 0 4,728,288
BDG-2 Bear BuildingsBench [10] Energy H 91 1 0 1,482,312
Low Carbon London BuildingsBench [10] Energy H 713 1 0 9,543,348
SMART BuildingsBench [10] Energy H 5 1 0 95,709
IDEAL BuildingsBench [10] Energy H 219 1 0 1,265,672
Sceaux BuildingsBench [10] Energy H 1 1 0 34,223
Borealis BuildingsBench [10] Energy H 15 1 0 83,269
Buildings900K BuildingsBench [10] Energy H 1,792,328 1 0 15,702,590,000
CMIP6 ClimateLearn [27] Climate 6H 1,351,680 53 0 1,973,453,000
ERAS ClimateLearn [27] Climate H 245,760 45 0 2,146,959,000
Azure VM Traces 2017 CloudOpsTSF [41] CloudOps 5T 159,472 1 2 885,522,908
Borg Cluster Data 2011 CloudOpsTSF [41] CloudOps 5T 143,386 2 5 537,552,854
Alibaba Cluster Trace 2018 CloudOpsTSF [41] CloudOps 5T 58,409 2 6 95,192,530
Taxi GluonTS [2] Transport 30T 67,984 1 0 54,999,060
Uber TLC Daily GluonTsS [2] Transport D 262 1 0 47,087
Uber TLC Hourly GluonTS [2] Transport H 262 1 0 1,129,444
Wiki-Rolling GluonTS [2] Web D 47,675 1 0 40,619,100
M5 GluonTS [2] Sales D 30,490 1 0 58,327,370
LargeST LargeST [20] Transport 5T 42,333 1 0 4,452,510,528
PEMSO03 LibCity [39] Transport 5T 358 1 0 9,382,464
PEMS04 LibCity [39] Transport 5T 307 3 0 5,216,544
PEMS07 LibCity [39] Transport 5T 883 1 0 24,921,792
PEMS08 LibCity [39] Transport 5T 170 3 0 3,035,520
PEMS Bay LibCity [39] Transport 5T 325 1 0 16,937,700
Los-Loop LibCity [39] Transport 5T 207 1 0 7,094,304
Beijing Subway LibCity [39] Transport 30T 276 2 11 248,400
SHMetro LibCity [39] Transport 15T 288 2 0 1,934,208
HZMetro LibCity [39] Transport 15T 80 2 0 146,000
Q-Traffic LibCity [39] Transport 15T 45,148 1 0 264,386,688
Subseasonal SubseasonalClimateUSA [26] Climate D 862 4 0 14,097,148
Subseasonal Precipitation SubseasonalClimateUSA [26] Climate D 862 1 0 9,760,426
Covidl9 Energy ProEnFo [40] Energy H 1 1 6 31,912
GEF12 ProEnFo [40] Energy H 20 1 1 788,280
GEF14 ProEnFo [40] Energy H 1 1 1 17,520
GEF17 ProEnFo [40] Energy H 8 1 1 140,352
PDB ProEnFo [40] Energy H 1 1 1 17,520
Spanish ProEnFo [40] Energy H 1 1 1 35,064
BDG-2 Hog ProEnFo [40] Energy H 24 1 5 421,056
BDG-2 Bull ProEnFo [40] Energy H 41 1 3 719,304
BDG-2 Cockatoo ProEnFo [40] Energy H 1 1 5 17,544
ELF ProEnFo [40] Energy H 1 1 0 21,792
London Smart Meters Monash [14] Energy 30T 5,520 1 0 166,238,380
Wind Farms Monash [14] Energy T 337 1 0 172,165,370
Wind Power Monash [14] Energy 4S 1 1 0 7,397,147
Solar Power Monash [14] Energy 4S 1 1 0 7,397,222
Oikolab Weather Monash [14] Climate H 8 1 0 800,456
Elecdemand Monash [14] Energy 30T 1 1 0 17,520
Covid Mobility Monash [14] Transport D 362 1 0 148,602
Kaggle Web Traffic Weekly Monash [14] Web w 145,063 1 0 16,537,182
Extended Web Traffic Monash [14] Web D 145,063 1 0 370,926,091
M1 Yearly Monash [14] Econ/Fin Y 106 1 0 3,136
M1 Quarterly Monash [14] Econ/Fin Q 198 1 0 9,854
M1 Monthly Monash [14] Econ/Fin M 617 1 0 44,892
M3 Yearly Monash [14] Econ/Fin Y 645 1 0 18,319
M3 Quarterly Monash [14] Econ/Fin Q 756 1 0 37,004
M3 Monthly Monash [14] Econ/Fin M 1,428 1 0 141,858
M3 Other Monash [14] Econ/Fin Q 174 1 0 11,933
NN5 Daily Monash [14] Econ/Fin D 111 1 0 81,585
NN5 Weekly Monash [14] Econ/Fin w 111 1 0 11,655
Tourism Yearly Monash [14] Econ/Fin Y 419 1 0 11,198
Tourism Quarterly Monash [14] Econ/Fin Q 427 1 0 39,128
Tourism Monthly Monash [14] Econ/Fin M 366 1 0 100,496
CIF 2016 Monash [14] Econ/Fin M 72 1 0 6,334
Traffic Weekly Monash [14] Transport w 862 1 0 82,752
Traffic Hourly Monash [14] Transport H 862 1 0 14,978,112
Australian Electricity Demand Monash [14] Energy 30T 5 1 0 1,153,584
Rideshare Monash [14] Transport H 2,304 1 0 859,392
Sunspot Monash [14] Nature D 1 1 0 73,894
Vehicle Trips Monash [14] Transport D 329 1 0 32,512
Weather Monash [14] Climate D 3,010 1 0 42,941,700
FRED MD Monash [14] Econ/Fin M 107 1 0 76,612
Pedestrian Counts Monash [14] Transport H 66 1 0 3,130,762
Bitcoin Monash [14] Econ/Fin D 18 1 0 74,824
KDD Cup 2022 LOTSA_Others [42] Energy 10T 134 1 9 4,727,519
GoDaddy LOTSA _Others [42] Econ/Fin M 3,135 2 0 128,535
Favorita Sales LOTSA _Others [42] Sales D 111,840 1 0 139,179,538
Favorita Transactions LOTSA_Others [42] Sales D 54 1 0 84,408
China Air Quality LOTSA_Others [42] Nature H 437 6 0 5,739,234
Beijing Air Quality LOTSA_Others [42] Nature H 12 11 0 420,768
Residential Load Power LOTSA_Others [42] Energy T 271 3 0 145,994,559
Residential PV Power LOTSA_Others [42] Energy T 233 3 0 125,338,950
CDC Fluview ILINet LOTSA_Others [42] Healthcare w 75 5 0 63,903
CDC Fluview WHO NREVSS LOTSA_Others [42] Healthcare w 74 4 0 41,760
Project Tycho LOTSA_Others [42] Healthcare w 1,258 1 0 1,377,707
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Table 13: Results on GIFT-Eval with all models aggregated by domain.
row are bolded, while second best results are underlined.

The best results across each
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CRPS [117 100  821¢”! Sdlet 108 967! 803 S48 112 109|148 114 184 7.16e7 105 7,960
Rank | 190! 188 9383 110 212 1620 9.7 115l 27! 3006 |243¢) 218 262 667 203!
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Table 14: Results on GIFT-Eval with all models aggregated by term length. The best results across

each row are bolded,

while second best results are underlined.

Pred_Len. | Metric | v C.former [Timer TTM _ L-Llama T.FH__V.TS _ Chrs Chry Chr. Mois Moiy Moip |Best
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Table 15: Results on GIFT-Eval with all models aggregated by frequency. The best results across
each row are bolded, while second best results are underlined.
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MASE 198 100 551t 376e ! 5.37¢ ) L a7le! D6aset [5a7et 728t 598 1523 !
ND [124 100 101|802 679 ' 562! Loeset (9000 144 117 1 og72et
MSE [129 100 106|501 460e! -1 302! 1396|600 108 LIS 16020
MAE [124 100 101 [8020 678! 56l oGsse ! [9.00c !
CRPS [144 100 193 [750 6720 L 50se! 17200 ¢ !
Rank | 193¢ 113! 258|123 883 AT 1.22¢! (!
5T [SMAPE [9.24¢ T .00 T T (156 LIS 17 140
MASE |9.42 100 9.10¢ 7 | 140 36c ! s ste! 145 !
ND 7.99¢7" 100 9.13¢7" [ 88371 6.95¢7! to7a9e! ! !
MSE |723 100 8.79¢ 1 | 78507 5.1207! L5650 ! !
MAE |799 100 9.13¢ 1 |8.820 1 6.960 ! 1730071 ! !
CRPS [119 100 ! 1 6.99¢! ! - 6827
Rank _|234c!  2.39c U L6de! (!
TOT [SMAPE[ 168 .00 206
MASE [128 100
ND 151 Lo
MSE |157 100 -t -
MAE 151 100
CRPS [208 100 ! ! ! !
Rank _| 2.67¢! ! ! ! .
TST | SMAPE | 141 00 iTr
MASE 152 100 ! ! ' |p.1sT
ND 150 100 102 - 9.13¢7 T
MSE 199 100 ' 9.99¢7! 871 1 et |aTe
MAE 149 100 102 ! ! 't
CRPS (220 100 963! ! ! T
Rank _|273¢] 203! 200! !
T [sMAPE[146 100 TO8 T T
MASE |146 100 1 g 72e! ! ! !
ND o [143 100 12 ! 8.99¢! ! ! !
MSE [185 100 13 U 764! ! 5 ! !
MAE |143 100 121|114 7950 L 8.99e! ! -1 ! !
CRPS | 167 1.00 501 {62300 4280 1 600e ! ! 46901 !
Rank _|2.75¢] 245! 260|152 877 185l ! L16e!
D [sMAPE[100  LO00 SO5¢ T[105 ST 00 T T S 260 T T
MASE 100 100 9.01¢ ! | 9.060 ! 72501 7.75¢ ! el 94l 119 !
ND 100 100 833|912 6.87¢! .96 ! el 891 LIS !
MSE [100 100 67001 | 8.25¢! 5.35¢ 6.927 -1 66t 132 -1
MAE [100 100 8321 |9.11e" 687! 79501 ! 189l LIg !
CRPS |7.04c' 100 460" 9.07¢ 1| 191¢ 1 3.70e71 52t ! ! oss6e ! Gde ! !
Rank _|2.48¢!  2.67¢! 145! 193! | 1.49¢ 887 1ol (2106 209!
W [SMAPE[100 100 LI0 G6lc T[155 0300 T T16 T 152 T
MASE [100 100 9.46e! 932|146 921¢7! 108 L3163 T
ND 100 100 939" 924e7 | 136 93007 104 L4155
MSE |100 100 867! e 9300 102 ! YL 230
MAE [100 100 939! 136 93l 124 104 L4155 T
CRPS [871c™' 100 731 991 726e7 9.56e7 0.71¢! ! 106 20 T
Rank | 181c'  220¢! 132! L7061 2.00¢! 12200 239
M| SMAPE [ 121 TO0  8.35¢ T T 08 T TI5 146 T
MASE 120 100  T.59¢" T 110 ! ! LIS 143 !
ND 124 100 7.88e7! ! 115 ! 126 141 !
MSE |18 100  6.06e! ! 124 ! ! 148 199 !
MAE [124 100 T.89¢ T 115 ! 126 141 !
CRPS [ 152 00 7500 ! 16 ! 141 35 !
Rank _|252¢!  180¢!_ 860 2.00¢! ¢l 228 190¢!
Q [SMAPE|925¢ T 100 s872¢ T T2 T T T 206 T
MASE 9251 100 8.00¢"! ! 105 ! ! 124 373 !
ND |02 100 831! ! 101 ! ! 108 266 !
MSE  [912c1 100 8.76c! ! 9,280 ! ! 871 446 !
MAE [925c1 100 83! ! 102 ! ! 108 267 !
CRPS [951c 100 823 ! 102 ! 129 252 !
Rank | 180" 2.00c_9.00 210¢' 1.90¢! ¢ 2506 2.70¢!
A [SMAPE[T00 100 058 T T T 8ol 124 198 T
MASE | 100 100 935c" ! ! to126 793t 91 129 241 ! ! et
ND (100 100 963! ! ! Do sare! 8.77¢! L9 206 1 gs1e 806!
MSE 100 100 L10 ! ! oo o0t 791 Lo 292 97801 7,601
MAE 100 100 962! 8500 836e L4 8300 410 Lo 205 o5l !
CRPS [993¢™ 100 9427 83 81907 797 112 971 2 103 2139 2 1 078! !
Rank | 190 2.00¢ 140¢'  1.00¢! 800 600 220 160 120 110! 240 3.00c! 0t 250e8 2.60c! 2306 2106 1.70¢!

Table 16: Results on GIFT-Eval aggregated by number of
are bolded, while second best results are underlined.

variates. The best results across each row

Num. Var. |Metric |Nv. _ SNv. AAr. ATh. AETS DLin. C.former | Timer Chrp Chry Mol Vol Moig
False SMAPE[T15 100 112 114 120 T4 19 % 16 115 19 122 10
MASE [115 100 103 80l 105 963" 116 8,95 794! TESe! SdAde! 83 811e
ND - [105 100 104 956e! L10 908" 917 981! S43e7" 8.36e 872!
MSE 108 100 106 787! 128 6381 668! [7.960" T45et 738 79267
MAE [105 100 104 957 110 908" 917! 981! 843t 836 872!
CRPS [126 100 837c ! 926c ' 405 663" 669 | T16¢ ! 5550 552 5Ade!
226! 195¢'  2.08¢!  2.37¢! 180! 1.73¢! | 2.00¢! 123! 125! 9.94
True T00 980 L7 LI0 T06 226 19 D0l B.04e T 088
100 90271 115 L1 9.4de”! 400 113 7.75e”! 8.95¢7!
100 9027 LI5S 110 926" 3.01 112 7.65¢71 873
100 806! 106 LIS TA5et 228 104 633" 623! 7490
100 901" 115 110 9.26e” 215 112 771 7656t 873!
100 7217 116 2 758! 246 913 5477 53¢ 598!
2.20¢ 170e! 213¢!  2.07¢! 201 199 [223¢' 201! 18s¢' 946 LSl 119 994 9.69  LI7e!

Table 17: Results on GIFT-Eval with all models aggregated by all datasets. The
each row are bolded, while second best results are underlined.

best results across

Metric  Nv

SMAPE 125
MASE 126
ND 120
MSE 136
MAE 120
CRPS  1.38
Rank 249!

S.nv.
100
1.00
1.00
1.00
1.00

1.00
1208t

181e!

A.Th A.ETS
1.16 1.14

978 1.09

106 110

9.30e 1 1.21

106 L10

1.05

2.11¢!

D
137
121
L1l
110
L1l

21e”
1.59¢!

N-B

1.06

9.80e ! 8.42¢

! 8.86e

8.20e! 7.58¢
9.73¢7
T bale™t 6527
885 153!

a3
FY
2
&

2
o
3
5

DLin
1

et 231
9.18¢7" 178
6.95¢ "
9.18¢7"
7.14e7"
1.92¢!

1.58¢

'

C.former Timer
2

1.23

8.20e~!
2.13¢!

™™

1.98¢!

1.13¢!

VTS

8.20¢
6.48¢
8.20¢7"
63807
1.69¢!

1.21¢!

786!
8.02¢7!
6.80¢ !
8.02¢7
5.51e7!

1.10¢!

Chr .y,
1.00
781!
7.96¢”"

6.72¢ ¢
7,966~

5.47¢
1.09¢!

Voi.s
106

874!
8.73¢7!
7.67¢ !
873!

1.10¢!

Moi.p
1.04

811!
8.22¢71
6.96e

5.16e7"
721

Best

P.TST
P.TST
P.TST
P.TST
P.TST
P.TST
Moi.p
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Table 18: Results on all dataset configs for GIFT-Eval | Table 1/3. The best results across each row
are bolded, while second best results are underlined.

Daiel, e [mqu:ncy Metwic[Wv. SAv. Adr.  ATh AES [DIR C former|Timer TIE Chr g Holp Mol
ust_storage, long, ST [MASE[104 100 100 141 100 [643 86!
In[hmvm fast \mmgg, long, ST |CRPS [164 100 1 10s 100 |73 =1 551! 536
bitbrains_fast_storage, long, ST [Rank [2.90¢1 260! 2400 280¢" 230! [2.00¢! 9.00 100!
bitbrains_fast_storage, medium, ST|MASE[1.04  1.00  1.00 116 1.00 9.10e7" 8.49¢~1
bnbmns ;_fast_storage, medium, ST|CRPS 00 6331
fust_storage, medium, ST|Rank 2706t 2.50¢! Lioe!
huhm\ MASE] 100 100 7!
CRPS 00 100
mmmm hs! swmge, short, ST |Rank 300! 280!
bitbrai tor MASE| 100 110
bnbmm CRPS 100 781! 602~
bitbrains_fast Rank 2.30¢! 2.10¢! 130e! 2.40¢! 2.00¢!
bitbrains_md., lon; MASE| 114 100 7 L3 103
bitbrains_md, long, ST CRPS 183 100 1.00 201 [T 5.13¢
bitbrains_md, long. Rank [2.90¢ 2.60¢! 2.40¢! L0e! 110! 600
bitbrains_rnd, medium, 5T MASE[1.05 100 1.00 2 63 1 9.82¢71
bitbrains_rnd, medium, ST CRPS |1.60  1.00 1.0 51371 7.21¢ 1 6.637! 4.63¢71
bnbmns _md, medium, 5T Rank |2.00¢! 2.70e! 2.50¢! 2 1.20¢! 2.00¢! 1.80¢0 200
md, short, ST MASE[105 100 100 w0 |07 71 8.97e~
i rd. short, 5T CRPS |7.50:1 100 1.00 100 506! 64501 549 38501
bitbrains_md, short, 5T Rank [230c! 300! 280 240¢1  290¢1 | 1L50c! 230c0 180!
blrbmms;nﬂ short, H MASE[9.72¢71 100 1.01 102 9900
bitbrains_md, short, H CRPS |1.12 100 6.72 5,081 82371 6,
bitbrains_md, shcn H Rank [3.00¢' 260! 1.90¢! 2.4t
(obs_application. long, 105 |MASE|1.06 100 100
izitobs .Ipplluill\\n \ung 105 |CRPS [LOI 100 100 2
hmmh\ application, long, 105 |Rank |2.00¢!  2.80¢! 2.70¢! 260¢! | L10c 200e!
mz.mm,ap.-ncauon,medmm. 105 |MASE|242 100 1.00 22 {120 520
bizitobs_application, medium, 10 [CRPS [2.11 100 1.00 384 (128 249
bizitobs_application, medium, 108 [Rank [1.70¢! 300 2.00 280¢0 {1106} 23061
bizitobs_application, short, ASE|168 100 100 221|186
hmw\» application, short, 105 |CRPS |1.10 100 100 138 |1
tobs_application, shor, 105 | Rank | Lac! 100! 900 Looe! 250!
hmm\n 12c, long, 5T MASE[s.62¢~1 100100 8691 [0.10c
b\ IZc Tong, 5T CRPS 5. w&r" 100 100 886c7 (107
12c. long, ST Rank [120¢  1.90¢! 150 Laoe! - [2.00e
blznobs IZc. Iong H MASE[1.03 100 351 359 |180e
long, H (CRPS [6.08% ' 100 4.32¢ " 6.10e 1 | 1.86¢
hmmb\ | e, I\mg,H Rank [250c! 290e! 2.40¢! 270¢4 {300
bizitobs_I2e, medium, 100 100 652" 9,76
bizitobs_12¢, medium, s'r 100 100 6.70e=" |01
bizitobs_I2c, medium, 2.30e! 2.20¢! 600 [2.50e
bizitobs_12c, mcdlum.H 100 9.09e7! 447
00 5T 7 AJ(" 24371 7o
2.90¢! 2,406 2506 500 L10e!
1100 100 456!
100 100 .53 4731 320¢~1 291¢7
s l2e, 0 2,50 230¢! L40e! 0 400
bizitobs_L2c.short, 9.83¢7! 124 1337 81871 95371
bizitobs_12c, short, H 9.46¢~1 147 Love! 01971 104
bizitobs_12c, short, H R: g b 2206 3.00¢! 300 2.00e! 2.70e!
bizitobs_service, long, 105 MASE[282 100 100 18 158 439 348
bmrobs service, long, 10S. CRPS [2.13  1.00 1.00 9.25¢~ ! 1.25 1.16 67 .07 205
ice, long, 108 Rank [240¢' 400 3.00 1.00 12061 9.00 200 1.40¢! 2.30¢!  2.10¢!
hmw\» service, medium, 105 [MASE[281 100 100 8.03e~! 164 139 125 347 500 321
bizitobs_service, medium, 108 [CRPS [196 100 100  5.64e 9,05 102 861e 8 05 49 216 82
bizitobs_service, medium, 105 |Rank [2.20' 800 7.00 100 5.00 1.00¢! 200 1200 200! 280! 1.60¢! 240 1.90¢
service, short, 105 MASE[178 100 100 6.43e~! 217 244 167 318|176 200
vice, short, 108 CRPS 01571 1.00 100 3.18e~! 5 0.8 110
bm{obs sevics, short, 105 Rank [110¢ 150¢! 140! 1.00 12060 2300
car_parts MA 7ol 103 7o7e ! 113
ca pars, ~hurl " 100 7A0e 7. 5
r_parts, short, 260! 2001 2.20¢!
ot dealhs, shon D I 9,68
covid_deaths, 100
mwd |_deatl .shcn.D 2.10¢!
ect 15T 100
clcunuly Iung 15T 100 100
ricity, long, 15T L70¢! Lot 2.80¢!
electricity, long, H 100 100 135
electricity, long, H 100 100 58
electricity, long, H 230! 22061 250¢!
electricity, medium, 15T 100 100 124 100
electricity, medium, 15T 100 100 265 100
ricity, medium, 15T L70eh 150 2800 Looe!
electricity, medium, H 100 100 128 100
electricty, medium, H 100 100 6 100
electricity, medium, H 220¢0 200 25060 210!
electricity, short, 15T 100 1.00 T85! 141
eleetricity, short, 15T 100 100 sd4ge ! 106
clectricity, short, 15T L80! 170t 110e 20000
electricity, short, D 100 970!
electricity, short, D 100 9.10c
electricity, short, D 260" 1.60e!  1.90¢!  2.50e! 3.00¢" z 106!
electricity, short, H 100 1.00 128 1.00 226! {9560 - &
elecuichy, short, H 3 100 1.00 162 9.10e7! 2. m‘ 1.05 6991 7.00e7!
el y, short, H Rank [2.90¢' 220e! 210¢'  2.60e'  2.00¢! 3.00¢'  [2.40¢! 7.00 1.10¢!
y. short, W MASE[100 100 100 L2 102 sated (109 9200~ 856! [ohr.p
gY:cmtuy, short, W CRPS |1.00 or e 9o 108 0 227 (L1416 199 ssse! L1252 778 629¢7 |enry,
electriity, short, W Rank [160c] 150c! 170c) 180! 140¢! |120¢ 1000 230c! 250c 130 200c]  210¢  300cl  [240¢ 2600 2706 900 2200 300 600 500 |onry
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Table 19: Results on all dataset configs for GIFT-Eval | Table 2/3. The best results across each row
are bolded, while second best results are underlined.

Dataset, term, frequency | Metric [1v
el long. 15T MASE|1.71
ettl, long, 15T CRPS |1.81
eul, long, 15T Rank [2.60¢"
ettl, long, H MASE|1.53
el long, H CRPS |1.60
ettl, long, H Rank[2.70¢!
1, medium, 15T MASE|1.53
ettl, medium, 15T CRPS [1.75
ettl, medium, 15T Rank [270¢!
ettl, medium, H MASE|1.29
ettl, medium, H CRPS [1.56
ettl, medium, H Rank |2.70¢!
el short, 1T MASE|2.11
ettl, short, 15T CRPS |1.60
ettl, short, 15T Rank |2.50¢!
ettl, short, D MASE|1.00
ettl, short, D CRPS |7.92¢~1
ettl, short, D Rank |2.60¢!
el short, H MASE|1.87
ettl, short, H CRPS [1.63
e, short, H Rank [2.60c!
el short, W MASE|1.00
cttl, short, W CRPS [9.23¢ 1
ettl, short, W L40¢!
e, long. 15T 129
ett2, long. 15T 172
ett2, long, 15T 2.70¢!
et2, long, H 117
e, long. H 122
et2, long, H 2.90¢"
2, medium, 15T 116
ett2, medium, 15T 169
ett2, medium, 15T 270!
ett2, medium, H L5
12, medium, H 122
et2, medium, H 2.90¢!
e, short, 15T 116
ett2, short, 15T 126
e, short, 15T 250!
et2, short, D 1.00
et2, short, D 7 46c !
et2, short, D 2.20¢!
et2, short, H E[1L18
e, short, H 120
et2, short, H Rank  [2.60c!
et2, short, W MASE|1.00
et2, short, W CRPS |7.93 !
eti2, short, W ank | 1.30¢!
hierarchical_sales, short, D | MASE|1.00
hierarchical_sales, short, D | CRPS |7.37¢~1
hierarchical_sales, short, D |Rank _|2.50¢"
hierarchical_sales. short, W | MASE 1,00
hierarchical_sales, short, W | CRPS [8.08¢
hierarchical_sales, short, W | Rank |2.80¢!
ospital, short, MASE|1.05
hospital, short, M CRPS [1.38
hospi M Rank [2.30¢!
jena_weather, long, 10T |MASE| 9,501
jena_weather, long, 10T |CRPS [3.52
jena_weather, long, 10T |Rank [2.90¢
jena_weather, long, H | MASE(1.16
jena_weather, long H  |CRPS |191
jena_weather, long, H | Rank_[2.70¢!
jena_weather, medium, 10T| MASE 1,06
jena_weather, medium, 10T|CRPS [3.18
jena_weather, medium, 10T|Rank  [2.90¢"
jena_weather, medium, H | MASE |9.52¢~!
jena_weather, medium, H | CRPS |191
jena_weather, medium, H | Rank _[2.50¢!
jena_weather, short, 10T | MASE [4.90¢~!
jena_weather, short, 10T |CRPS [1.86
jena_weather, short, 10T |Rank  [2.90¢"
jena_weather, short, D |MASE |1
jena_weather, short, D CRPS |7.10¢ !
jena_weather, short, D |Rank _[2.60¢
jena_weather, short, H | MASE|§.96¢ !
jena_weather, short, H | CRPS [1.78
jena_weather, short, H Rank  [2.90¢"
kdd_cup_2018, long, H MASE [8.81¢~)
kdd_cup 2018, long. H | CRPS |1.00
kdd_cup_2018, long, H Rank  [2.80¢"
kdd_cup_2018, medium, H |CRPS |1.05
kdd_cup_2018, medium, H [Rank |2.90¢"
kdd_cup_2018, short, D | MASE|1.00
kdd_cup_2018, short, D |CRPS |7.60¢~ "
kdd_cup_2018, short, D |Rank |2.60c
kdd_cup_2018, short, H ~ |MASE|9.55¢ ™1
kdd_cup_2018, short, H | CRPS |1.01
kdd_cup_2018, short, H  |Rank |2.50¢!
loop_seatile, long, ST | MASE|1.13
loop_seattle, long. ST | CRPS [2.64
loop_seattle, long, ST Rank  [2.90¢
loop_seattl, long, H MASE|L13
Toop_seattle, long, H CRPS [227
seattle, long, H Rank [2.90¢
attle, medium, 5T~ [MASE|1.73
loop_seattle, medium, ST | CRPS |2.66
attle, medium, 5T |Rank _[2.90¢"
Toop_seattle, medium, H | MASE|120
loop_seattle, medium, H | CRPS [222
loop_seattle, medium, H | Rank _[2.90¢"

SW. AAr AT
100 100 148
100 100 351
1.70¢! 1.60et 2801
100 LI 170
100 6081 315
260¢ 190! 25001
100 100 105
100 Lo 321
1506l Lave! 2.90e!

100 100
00 Tale !
2.40¢! 190!
100 100
100 1.00
160e! 150!
100 104
100 542!
290!

100 102
100 802"

210¢ 170! 3.00¢!
100 L2107
100 0.02e7! 9.tet
190¢! 110! 170!
100 100 109
100 100 102
250! 2.40¢8 2.60¢!
00 L3129
100 9487t 117
260¢ 230¢ 250¢!
100 100 9.90¢!
100 100 105
190e! L80e! 2.30¢!
100 L8 105
00 102 L8
240! 2.50e1  2.80¢!
100 100 TS
100 100 &00e7T
200¢! 1.90e1 8.00

100
100

2.60¢!

100

100

2.10¢!

100

2.90¢!

100

100

2.90¢!

100

100

160c! 120!
100 100
00 100
270¢! 2.60¢!
100 156
100 .85
2.60¢! 2.50¢!
100 100
00100
270¢! 2.60¢!
100 163
100 4317t
2.60¢! 2.50¢!
100 100
100 100
270¢! 2.60¢!
100 924"
100 270"
2.80¢! 2.00¢!
100 149
100 527
270¢! 2.40¢!
100 881e!
100 8400
2.90¢! 2.50¢!
100

100

2:80¢!

100

100

2.70¢! 1.70¢!

100 100 odze!
100 100 05007
24001 2300 2.00¢!

0 100 LIS
100 100 169
L7061 L60e! 2.70¢!
100 167 130
100 788! 191
260¢! 230¢1 2806
L0

100 100 195
1506l L40e! 25061
100 135 109
100 Tase~! 189
260! 250¢) 2.80¢!

KETS [DAR
185|785
265|561

2.90¢!

2.80e! | 100!
1.99

0.38%712.35
8.20eH2.03
700 |2.90¢!
165|366
192 i
200! [2.80¢!
115 220
115 [6sse

9.91¢ 5.

100
806 864
130! 12001
0860 143

5.80¢~1 9,250
5.00 170e! 240
9267l 101101

743e71 0.86e~1 9.40¢!
300 130eh 1.20e!
917e”! 106 981!

9.00
99271 118
S0t 122

585071 5.le™! 8330 84371 681671
1200 800 2100 1.70¢!
2 105 9.31e7! Lot
102 9200 105 1108
L0 1200 Lo0e! 2.10¢!

1104 388 LIS LIS

Toate™! 206 751! 742071
300 2.20¢! 200!
087! 9,520 911! 067! 105

67! 102 114
500 220 2500
8107 122 150

8.88~1 9.96e~!
9.00 1.60¢! 2.00¢!
910e7! 8.42e71 9.21¢7!
120 840071 110

2301 900 210!
114 138 9.70e!

100t 240 25001
125

6617t 770! Tgte T 612e71 8, 867!
8.00 1.30e5 1.20e! 400 1.90eh 200!
128 116 112 118 136

481! et 5ase! 36c 1575071

1.30¢! 100e! 1.80e! 800 2108 2.00¢!
21 104

105

7.27e7! 9.6 X
7.00 1.70c! 200 240¢8 L0c!
106 gate”l 102 10l 110 108
5066 53071 519e7! 490e7! 689 598!
20 L2 000 el
0 (384 91 9.4de”
107 (392 sa0et 113 106 102
240¢" [3.00¢" 110! 260 700 100 2200 2106}
102 |26 02! L0156 132 234 144
77 [Lo1 Ad6e! 683! 227!
230¢!2:70¢1 4.00 zxAu(“ 210¢!
12160 104 887 LIt
109 (130 8317l 136 068! TGt 70071 03270 114
240¢0 290" 150! 300¢! 200e!  L1e!  120¢! L1706l 250¢!
920 205 888 345 191 959 248 235
Szt ot 4 4 sanel 496 1 125
280t 170el 2706 2606 Ll 2006l 210k 22000
el 6s2e! LB 68te! 669! 679! T6le! 127
2 30871 250070 25371 346! 201
140¢0 270¢0 170 900 100! 200! 3.00¢!
“L7T0eh L4 Tese! Tage! TTael 0647 274
368~ 371! 361! .65 159!
doe! 1.50¢! .00 1.30¢!  2.40¢1  3.00¢!
906! 0.04e! 837! 890c~! 833e”! 88le~! 362!
0.02 71 00871 206 1.09 102 832 122 200
130 110e!  260¢0 180! L70ct 300 210¢0 300!
404 07ie! 108 123
4700~ 1.70e~1 2.70¢~! 2750~
2.40¢" 1.0 17061 1.60¢!
3 006! 191 150 119
3.20e~1 15161 2.04e71 2321 1.92¢7!
290¢! (24060 160! 1L90e! 230¢! 1.80¢!
142 |68 103 131 1L 169
758" 2,650~ 1.88e~1 3.94c~! 3 333671
250! 2.40¢! 200! 1.90¢!
136 142101 08 L1213
7.65¢3 24071 199e7! Late! 124071 19271 171!
2.90¢! 240¢ 200e0  Lo0e! 600 2.00¢ 180!
4397 773e7L 60670 190 7097 Taze”l 5017l 264 377!
5.30¢7! 8,32
200¢! 200 240¢8 300
127 24102 12
249 31671 246 238071

1.80c!
103
9.13¢ 74,04
2.60¢!|3.00¢!
100|249
100|872
2.70¢! [2.60¢!
100 |s18e!
100|466~
2.70¢!
980
L16e!
3.00¢!
107
208
290!

110|635

270! |1.20¢"

115|696
165 |3.4007"
270¢!|5.00

230 160! 150¢!
0881 136 113
307! 4.97¢~" 395¢
130¢! 200 1.90¢!
769" 8.13e71 4.81
3831 4660 9,440
900 L80! 100
7837 8.81

1906l 2.00¢!
8.43e7! 1221
L4 549
2600 3,00
S0

1.50¢!
1

6a1e7! 056 156~
800 L3l 1.00
627¢! G650 4.87e7!
! 3581 4.24¢72
L0t 100
0.71e7! 176
745! 102 496e!
800 160! 3.00
656! 8310 67601 811e7! 4,500
33T 425 3ate™ 505! 6.7

3.00 150¢! 170! 400 2.00 200¢' 1.00

DLin. G former|
109

Tiner
145

2.20¢!

873¢7!
6.63¢ !
1.60¢!
9.95¢ !
LIS

220¢!

5161
150!
Tte!
903!
1.80e!

2.10¢!

T-Llama

82101
Lioe!
285

1.12e~!
1206

2.43¢~!
1.00

7.04e71
3331

1906

866"
13671
130!
e
24471
800
9,467
LaeT

L80e!

Thr s
126
114
2.10¢!

5.800 71
160!
114
LIt
200!
8.34e~1
6060
130!
93071
9.00¢!
110¢!
101
60001
180!
9.10¢
888!
150c!

140
142
2.30¢!

e
4.30¢~!
10!

Cir g
L13

8.91e7!
7.00
105
262"
Lioe!

Looe!

hrp,
108

90471
9.00
99371

709!
4,09~
11064

0,500
757!

0,971
1.45¢!
0,127

gdoe=! 105

9.04e7! 886071

7017 7.55¢71
600 100
865! 860!

Best
v.1s
iTr
iTr

o1 g
Moi_y,

C_former
C.former

c_former
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Table 20: Results on all dataset configs for GIFT-Eval | Table 3/3. The best results across each row
are bolded, while second best results are underlined.

Dataset, erm, frequency |Metic [Wv_ S.0iv. A Ar. A.Th. AE1S [D.AR  TFT _ TiDE W8 P.IST 1Tt Dlin Cfomor|Timer T  L-Llama T.FH V1S  Chrg Chr.p Chrp Fois Woip  Moip |Best
loop_seattle, short, ST |MASE[1.17 100 1.00 102 110 1.01 el 9767l 965l 117 210 105 117 117 110 1.04 1.01 1.00 1.00 786! 690! 6.40e ! [Moi.y,
loop_seattle, short, ST~ |CRPS [1.44 100 100 101 103 9.0le”! 980 812e7! 81271 122 564 110 122 102 920! 108 8.66e71 861!

atlle, short, ST |Rank {2901 1.00e! 1.80¢1 2,00 220¢! 150e!170eT 100et - 9.00 260! 3.00e! {2400 250e8  2.10¢! 16061 L10e!

5351 510e7l 54007 53871 520071 0.36e71 [8.67e! 94871 03171
33771 4081 35371 34se! 40871 277 6.60¢ 1 7.04e~1 G431
300 1706 110et 800 Lol 2906 |250¢0 260¢0 240!

loop.

loop_seattle, short, D MASE[1.00  1.00 86le ! 803! 7.23¢ 7! |6,

loop_seattle, short, D CRPS |7.86¢" 100 593" 5.48¢ 1 4.46e !

loop_seattle, short, D Rank (2.70¢! 280! 2201 210! 2,00
100

4
1.90¢!

Toop._seattle MASE|123 100 120 ? . 8 60! 571671 86001
loop_seattle, RPS [169 100 100 153 145 6.7 144 8.96e!
Toop_seattle Rank [3.00¢" 240! 290¢! 2:50¢! ! 2.70¢! 1.90¢!
‘m4_daily, short, D MASE[100 100 9947 102 988! 1. 9.82 9 6.04¢!

‘mé_daily, short, D CRPS [921¢71 100 8.72e7! 887¢71 108 |1 08 s 9 276e 3

‘md_daily, short, D Rank [1.20¢!  150¢! 100e! 1.60¢! 2 1 6. 3.00e'  [230e! 240! 2.60¢!

md_hourly, short, H MASE[9.75 100 866! 2.07 L |29 192 205

md_hourly, short, H CRPS [3.44 100 105 : 7 10 e |13 049! 156

‘m4_hourly, short, H Rank [2.70¢!  1.60¢ 1.90e! 2 2 8 3.00e!  [2.00e! 1.30e'  2.40¢!

md_monthly, short, M |MASE|9.60c~" 1.00 76T L6le! 122 114 248

Lose! 128 121 167
300¢ [2.40¢0 230 2.70¢!
1ol 184 124 373
1206|178 129 252

md_monthly, short, M |CRPS [1.02 1.0
md_monthly, short, M [Rank |1.90¢! 1.70¢'
md_quarterly, short, @ [MASE([9.25¢~! 1.00
md_quarterly, short, @  [CRPS [9.51¢ ! 1.00

. 25¢
1.30¢!
7.69¢7!

md_quarterly, short, Q  [Rank |1.80¢!  2.00¢" 2.10¢! ! R 3.00e! |260e! 2.50e"  2.70¢!

‘m4_weekly, short, W MASE[1.00  1.00 7o 1.83 g 1y ! arsel 139 102 35 87171

‘md_weekly, short, W CRPS [8.38¢ 71 100 686" 7.35¢ ! - 6.80¢1 9.05¢7! 6.5l 553 5771 L14e? {109 85771 142 568"

‘md_weekly, short, W Rank [1.90¢'  2.50¢" 140¢"  130¢! [2.00e" 100! 2.20¢! 7.00 4.00 120e'  240¢' 3.00¢!  |260¢! 210! 2.70¢'  5.00

md_yearly, short, A MASE[1.00  1.00 8371 7767 856e! 778! 126 793¢ 8.20e7! 105 791 1.29

md_yearly, short, A CRPS [0.93~! 1.00 e~ 833! 801t 8197 797! 112 971e”! Sase! L3¢ 139

m4_yearly, short, A Rank [1.90¢!  2.00¢! 100¢! 7.00  [8.00 220e!  1.60¢!  1.20¢! 3.00¢! 2.50¢!

m_dens MASE|193 100 155 107 (5.4 653" 797! 1.99:7 295 7.0~

m_dens CRPS [261 100 1259 107|236 203" 440! 217! 115! 3.97¢~!

m_dense, Rank [2.90¢!  2.60¢! et 280eh 270e! 16,00 130e! 19068 4.00 1.00 1.80¢!

m_dense, me H 1.00 LI 9.49e 470671 63271 56771 48071 247 6431

m_dense, medium, H S 1.00 253 056e 246071 2.38e1 351! 384T 265071 27871 4417t

m_dense, medium, H Rank |2.80¢! 250¢! 200! 2.40¢! {3.00 8.00 2.00e!

m_dense, short, D MASE[100 100 802" 7.31e71 7137750 7! 844 719¢”

m_dense, short, D PS |7.72¢71 100 450" 4.20¢~1 4.18e 2,600~ 1.03¢! 51071

m_dense, short, D Rank [250¢) 29060 2301 2.10¢! 0 00 3.00¢! 2.10¢! 00

m_dense, short, H 82 100 100 LI3 Gle™! G.o1e! 14 748e~! 62871 5.70e71 7e !
5 676~ 616! 7620~ 79461 566" 495 458 asse!

100 100
0c! 2.40¢!
100 9.20e7"

400 500
721e7l T2ge!

200¢  L10c!
82271 116 697!

48
190c! 300!
6991 1.96

1.9
290! 2.20¢!
8.52¢~H7.06e !

or,
m_dense, short, H
restaurant, short, D

1.80¢!

[
280¢ 1

restaurant, short, D 100 3.99¢ ! D121 20871 37501 397 449¢71 531671 2.92¢7! 30871 308!

restaurant, short, D 2.80¢! 2.10! 3.00¢! [6.00 2.00 1.80e!  2.90¢! 220! 250¢  3.00 9.00 100!

saugeen, short, D 100 110 114|126 9.62¢ 1 123 139 9.65¢! 9.33¢7!

saugeen, short, D 100 T.48¢~! 887! 7.00e71|7.50¢ ! 541e7! 813e7! 6.13¢71 5.57e1

saugeen, short, D 2.80¢! 1.90¢ 2.40¢! [2.00e! 8.00 1.60¢" 1.40¢"

saugeen, short, M 1.00 7437|167 9.15¢~! 7.30e~" 8.90¢~"

saugeen, short, M 100 ¥ 721071155 8301 110 4.79¢7" 933~ 738! |C.former
saugeen, short, M 2000 500 110 400 [250¢! 100! 2200 1.00 1.70¢! 700 |C forner

673! 75 2e Gsse! |
53¢ 5517t 549! 499! 505! | TR
L10eb Lol 850 3.00 4.00 TN

9.10e~1 137
7871 207 [681e7! T
230e1 3.00e! {200e0 220e0 170! 1.00

100 7.70¢1 107 100|658t
00 642 858 105 {464 ] 57ae! 620!
280! 1.80e! 2.60¢! 290! 2,00 150e! L60e!

saugeen, short, W
saugeen, short, W
saugeen, short, W

solar, long. 10T 100 100 520 232 [147 LIS 109 135 320 140 327 181 191 191 230 232 232 |C.former
solar, long, 10T 100 100 845 373 [608¢7! 48271 454071 TAde™! 176 7677 1.60 9.52¢71 9.50e" 103 115 112 C.former
solar, long, 10T 160" 1.50¢!  2.00e'  2.80¢! [7.00 4.00 300 2 9.00 2.40¢!  1.10e'  2.30¢! 140e'  1.30e!  170e! 2.10¢'  1.90e'  |C.former
solar, long, H 100 93071 490 145 1.06 126 126 981! 1.00 0531 117 946e”! 928! |C.former
solar, long, H 100 11371 498 117 2.92 1.16¢1 1.18¢~! 3.26¢~1 3161 3.05e7"
solar, long, H 260¢! 2.00¢! 290! 2.70¢! 1.20¢! 2.10¢! 220¢0 170! 160t 150!
solar, medium, 10T 100 100 290 128! 105 117 2 128 166 166
solar, medium, 10T 100 100 735 595 512e7! 716e ! 179 783! 8.00¢ 883!
Rank [2.40¢! 180" 1.70¢!2.90¢! 280! |7.00 300 400 9.00 2506l 1.10e! 140¢! 1.30¢!
2 100 90771307 189 1.25 138102 8 1osg2e!
100 43071 483 167 43571 4.77e =1 353071 280e=T 2.80e7!
240 2.10e! 2.00¢! 2.70e! 2.00¢! 220! 1.80e! L00e! o
100 100 162 L0 L1z 153 105 1 134
00 100 4 95801 130 9me~ 900~ Lot
180¢ 170! 1.60c! 240¢" Lioe! L50e! 200!
100 8 9.74e~! 5. & 150 858!

100 3.73¢

4.65e ! 674e 3806

2.80¢! 3.00 1.70e! 2.00¢! 240¢! 900
solar, short, H 100 100 05 L1 L4 10
solar, short, H 100 1.00 6051 8071 68271 6.42e7!

25001 2.40¢0 3.0 260! 130 Looe! 120! 2.20¢! 190! 160!

100 78271 6.80e 7115 47071 0.12¢7" 7.69! 2e7!

100 657e~1 5.80¢711.03 4.83¢~1 702! 89071 358!

2.10¢! 500 300 100! 1.30¢! - 3.00e!

100 L0 355 125 122259
s 1.00 114 033! 5.69¢~ 715e~! 220071
sz_taxi, long, 15T 200¢" 25061 270¢! 2.90¢ |2 220¢! 240¢! 1.00 110!
sz_taxi, medium, 15T 1.00 100 269|783 1 7.69e~! 0210 ! 88271 272 8a7e ! 832!
sz_taxi, medium, 15T 1.00 LI7 174 L, 6521 4.27e1 5.90¢71 5.881
sz_taxi, medium, 15T 260¢! 2. 2701 2.90¢! 140e! 230e11.00
sz_taxi, short, 15T 1.00 849¢71 911671 80871 7. 762071 242
sz_taxi, short, 15T 100 ! 78007 0,007 G701 6937 877! 667
sz_taxi, short, 15T 2.80¢! 2 240! 2.50¢! L70e! 23060 2,00 800 1.80e!  3.00e!
sz_taxi, short, H 1.00 897e~! 846e! 80le”! 78071 0.04e71 419
sz_taxi, short, H X £ 6.20¢~1 -t 921 80317,
sz._taxi, short, H 2.40¢! 250¢! 2.90¢! 5.00 300¢! [200¢ 190!
temperature_rain, short, D| 100 851e 9.60e~ 9.50¢! 751e! 131e![836c7 816! 7.
temperature_rain, short, D 100 426e ! 467! 463! 3.95¢ 1 372 5016t 4791 3741
temperature_rain, short, D) 200" 1701 2.00¢  1.90¢! 140e! 300" {23060 2.10¢! 110!
us_births, short, D 1.00 26271 887e71 |8.49¢7! 860071 7. 22661

1.00 17371 48571 |6.94e7! T.0se!

3.00¢! 5.00 210! |250e1 2.60¢!

100 6 103 5.58¢1 (200 216

994e~1 115e7! 261 268 289 750! 80471

100 |260¢] 2706 250¢0 400

1 51
1.80¢! 1,906 .
152 93671 216 105 106 133 670!

232 100
Rank |2.50¢! 1.10¢! Love! 00 8,
E[1 788 925 938 Jonr.y,

MASE[1.00 100 i 6! 59761 ! 107
us_births, short, W (CRPS [8.94¢" 100 833¢~! 847¢! 8.47e7 1|7 750! 9727 671! 126 101 408 113 L4125 s7oe! . 9.14¢~" 800e~! 826~ [chr.y,
us_births, short, W Rank |140¢! 210¢' 110e! 130¢! 120! |8.00 150el 7.00 20060 500 270! 220el 300e! |2.40¢0 250e] 2.60¢! 400 1.90¢! 2.00 1.00 9.00 100! |chr.y,
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