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Abstract

Delivering precise point and distributional forecasts across a spectrum of predic-
tion horizons represents a significant and enduring challenge in the application
of time-series forecasting within various industries. Prior research on developing
deep learning models for time-series forecasting has often concentrated on isolated
aspects, such as long-term point forecasting or short-term probabilistic estimations.
This narrow focus may result in skewed methodological choices and hinder the
adaptability of these models to uncharted scenarios. While there is a rising trend in
developing universal forecasting models, a thorough understanding of their advan-
tages and drawbacks, especially regarding essential forecasting needs like point and
distributional forecasts across short and long horizons, is still lacking. In this paper,
we present ProbTS, a benchmark tool designed as a unified platform to evaluate
these fundamental forecasting needs and to conduct a rigorous comparative analysis
of numerous cutting-edge studies from recent years. We dissect the distinctive
data characteristics arising from disparate forecasting requirements and elucidate
how these characteristics can skew methodological preferences in typical research
trajectories, which often fail to fully accommodate essential forecasting needs.
Building on this, we examine the latest models for universal time-series forecasting
and discover that our analyses of methodological strengths and weaknesses are also
applicable to these universal models. Finally, we outline the limitations inherent in
current research and underscore several avenues for future exploration. 1

1 Introduction

Time-series forecasting has extensive applications in various industries, including traffic flow forecast-
ing [43], renewable energy forecasting [67], and diverse forecasting demands in retail [8], finance [29],
physical system [39], and climate [48]. It is crucial to provide forecasts across different prediction
horizons, addressing both short- and long-term planning needs [13, 26, 4, 61]. Moreover, modern
decision-making processes typically require not only point forecasts to quantify planning efficiency
but also robust distributional estimations to manage uncertainty effectively [24, 30]. The fundamental
need to produce accurate point and distributional forecasts across various horizons presents significant
challenges to existing forecasting approaches.
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Nevertheless, much of the previous research on developing deep learning models for time-series
forecasting has often focused on isolated aspects, such as long-term point forecasting or short-
term distribution estimations. This narrow focus may result in skewed methodological choices and
hinder the adaptability of these models to rarely evaluated scenarios. For example, studies such
as [78, 72, 38, 76, 11, 71, 49, 73, 40] have primarily explored neural architecture designs tailored
for long-term point forecasting with strong trending and seasonal patterns. However, it remains
unclear how these advancements can be effectively extended to capture complicated distributions and
whether these designs maintain their effectiveness in short-term scenarios. Conversely, research such
as [58, 57, 62, 7, 33] adapts deep generative models [17, 28] for probabilistic forecasting, specializing
in characterizing complex data distributions. Yet, these models have mainly been developed and
evaluated in short-term scenarios, leaving questions about their effectiveness in long-term forecasting
and their ability to preserve point forecasting performance.

Despite the recent surge in building time-series foundation models over the past year [18, 56, 14,
10, 15, 25, 41, 20, 70, 2, 23, 74], our understanding of their advantages and limitations, especially
regarding essential forecasting needs like point and distributional forecasts across various horizons,
is still limited. Many of these models claim to support arbitrary prediction horizons, employing
different mechanisms that come with their own set of advantages and drawbacks. Among them, a
select few offer capabilities for distributional forecasting, which, however, are typically confined to
predefined closed-form distributions [56, 70] or discrete distributions with value quantization [2].
The emergence of these foundation models has brought about unprecedented zero-shot forecasting
capabilities. Consequently, it is both timely and crucial to delve into an evaluation of their strengths
and weaknesses, especially in relation to the fundamental forecasting needs mentioned earlier.

In this study, we present ProbTS, a benchmark tool crafted to serve as a comprehensive platform
for assessing those key forecasting needs and for performing a detailed comparison of several state-
of-the-art models developed in recent years. To address the core forecasting requirements, ProbTS
includes a broad array of datasets and spans various forecasting horizons. It also utilizes both point
and distributional metrics to facilitate a thorough performance evaluation.

Our research reveals that the specific data characteristics inherent to different forecasting requirements
often play a crucial role in guiding the selection of model designs. As a result, it is crucial to have a
comprehensive view of the essential forecasting needs. To aid in the analysis and interpretation of
performance, we measure three essential data characteristics in ProbTS: the strength of trends and
seasonality, and the complexity of the data distribution. Moreover, we have explicitly distinguished
three fundamental methodological aspects within ProbTS that differentiate the existing forecasting
models, largely influencing their pros and cons. The first aspect involves the approach to distributional
forecasting, ranging from models focused on point forecasts [49, 40] to those using pre-defined
distribution heads based on specific data assumptions [56, 70]. The second aspect is the decoding
scheme used to generate multi-step forecasts, which can be either autoregressive (AR) or non-
autoregressive (NAR). The third aspect pertains to the normalization choice, where the long-term
point forecasting models typically employ reversible instance normalization (RevIN) [32] while
short-term probabilistic ones often use mean scaling strategies [58, 57].

By utilizing ProbTS, we conduct a systematic comparison between studies that focus on long-
term point forecasting and those aimed at short-term distributional estimation, employing various
forecasting horizons and evaluation metrics. Our overarching finding is that the strengths of these
methods tend to diminish in scenarios they are rarely evaluated in, highlighting several important but
unresolved research questions. Notably, while recent probabilistic forecasting approaches have shown
proficiency in short-term distribution estimation, we find that long-term distributional forecasting
remains a significant challenge. This challenge stems from achieving distribution estimation that
remains both efficient and effective as the prediction horizon extends—a topic that has not been
thoroughly investigated in existing literature. Additionally, our analysis uncovers a clear divide in
the choice of decoding schemes: most long-term point forecasting methods opt for NAR, whereas
choices in short-term forecasting studies are more evenly split. Further investigation suggests that
the preference for NAR methods stems from existing AR models’ difficulty in managing error
accumulation, particularly over extended horizons with strong trends. However, we observe that a
proper normalization strategy can significantly improve AR models in long-term forecasting, opening
new possibilities for AR-based approaches. Moreover, AR decoding performs better in scenarios
with pronounced seasonality, indicating potential for refining these strategies, particularly for long-
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term forecasts. Given the inefficiency of existing NAR-based probabilistic methods like CSDI, our
comparison highlights the need for further exploration of decoding strategies in future research.

Furthermore, we have expanded the analytical framework of ProbTS to include an examination
of several very recently developed time-series foundation models, which has allowed us to re-
validate some of our earlier findings. Interestingly, there appears to be a relatively even split in
their preference for AR and NAR decoding schemes. Our analysis reaffirms the limitation of AR in
handling time-series data, as we observe that AR-based foundation models tend to excel at shorter
horizons. However, their performance advantages often significantly diminish over longer forecasting
periods. This underscores the critical need for future research to focus on addressing the issue of
error accumulation in AR-based foundation models. Besides, our exploration reveals that current
probabilistic foundation models may face challenges when dealing with complex data distributions.
This observation suggests that the integration of more sophisticated distribution estimation techniques
could enhance the development of time-series foundation models.

In summary, we have made the following contributions.

• Introduction of ProbTS, a benchmark tool designed for a thorough evaluation of essential
forecasting needs, towards precise point and probabilistic forecasting across varied horizons.

• Comprehensive analysis of methodological variations within forecasting models, especially
regarding distributional estimation methods and decoding schemes (AR vs. NAR), which
illuminates significant yet previously underexplored research challenges.

• Extension of our analytical framework to include the latest time-series foundation models,
providing insights into the implications of their methodological choices and underscoring
important directions for future research endeavors.

2 Related Work

Classical Time-series Forecasting Models In recent years, classical research in time-series fore-
casting has bifurcated into two distinct but complementary streams. The first stream has con-
centrated on refining neural architecture designs for long-term forecasting, primarily employing
non-autoregressive decoding schemes to address scenarios with pronounced trend and seasonality.
This stream has evolved from enhancing multi-layer perceptrons [53, 76] to developing special-
ized recurrent or convolutional neural networks [34, 37], and introducing Transformer-based mod-
els [66, 49, 40]. Despite achieving advancements in point forecasts, these efforts mainly capture
average future changes, with only a few adopting approaches like quantile regression to partially
overcome this limitation [69, 36]. On the other hand, the second stream, probabilistic time-series
forecasting specializes in capturing the intricate data distribution of future time series. It encompasses
a spectrum of techniques, from utilizing predefined likelihood functions [55, 60] and Gaussian
copulas [59, 19] to exploring advanced deep generative models [58, 7]. Unlike the first stream, this
branch employs both AR [58, 57] and NAR decoding schemes [62, 7, 33], often utilizing standard
neural network architectures to represent time series [16, 58, 57, 7, 19], though some studies propose
customized designs [62, 35, 5]. Together, these streams highlight the diverse approaches to forecast-
ing, ranging from point predictions focusing on the mean future variations to probabilistic forecasts
that capture the full distribution of future values. In Appendix A.1, we summarize a comparison of
these models on the coverage of essential forecasting needs and their methodological preferences.

Universal Time-series Foundation Models Over the past year, the development of time-series
foundation models has greatly accelerated, driven by the success of language foundation models [9].
This wave has seen models such as Lag-Llama [56], TimesFM [15], Timer [41], and Chronos [2]
adopting the decoder-only Transformer architecture with an AR decoding scheme. Conversely, models
like ForecastPFN [18], MOIRAI [70], TTM [20], and UniTS [23] employ the NAR decoding, often
using variable-length placeholders to indicate prediction positions for different horizons. Probabilistic
forecasting is less common, with MOIRAI and Lag-Llama integrating pre-defined distribution
heads (Student-t for Lag-Llama and a mixture for MOIRAI) while Chronos uses quantized bins to
accommodate time-series values and adopts Softmax outputs for distribution approximation. The
strategic choice between AR and NAR decoding and the method for distributional estimation highlight
distinct trade-offs. For an extensive comparison, see Appendix A.2.
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Figure 1: An overview ofProbTS.

Toolkits for Time-series Forecasting. We observe a plethora of toolkits that have been developed
for time-series forecasting. These range from those primarily designed for point forecasting, such as
Prophet [63], sktime [42], tsai [52], and TSlib [71], to others that incorporate probabilistic forecasting,
including GluonTS [1], PyTorchTS [58], PyTorchForecasting2, and NeuralForecast3. In creating
ProbTS, we built upon the foundations laid by tools like PyTorchTS, GluonTS, and TSlib. Our unique
contribution is a detailed approach that supports both precise point and probabilistic forecasting over
various horizons, and examines methodological differences in forecasting models, especially regard-
ing distributional estimation and decoding schemes (AR vs. NAR). Additionally,ProbTSintegrates
cutting-edge time-series foundation models, making it a comprehensive benchmark tool for tackling
current and future challenges in time-series forecasting. A comparison ofProbTSwith existing
toolkits, focusing on functionalities and features, is provided in Appendix A.3.

3 TheProbTSTool

This section offers a concise overview of theProbTStool's design and implementation. The core
modules and the primary pipeline ofProbTSare depicted in Figure 1.

Data We aggregate publicly accessible datasets used for both short-term and long-term forecasting.
Initial data visualization analyses reveal that the data domains and forecasting horizons signi�cantly
in�uence speci�c data characteristics within a given forecasting horizon. For instance, many long-
term forecasting scenarios exhibit clear trend and seasonality patterns within a forecasting window,
while numerous short-term forecasting cases display irregular variations within a short sliding window.
Consequently, we have developed quanti�ed indicators, such as trend and seasonality strengths, along
with non-Gaussianityto indicate the complexity of data distribution within a forecasting window.
Detailed information about dataset statistics, visualization analyses, and quanti�ed measures can be
found in Appendix B.1.1, B.1.2, B.1.3, and B.1.4. The quanti�ed measurements for all forecasting
scenarios are compiled in Table 1.

Metrics ProbTSincorporates a broad range of evaluation metrics to enable a thorough assessment
of both point and distributional forecasts. These metrics are elaborated in detail in Appendix B.2. In
this paper, we primarily use the normalized mean absolute error (NMAE) for point forecasts and the
continuous ranked probability score (CRPS) for distributional forecasts to succinctly communicate
the critical insights discovered. It is noteworthy that some methods reproduced inProbTS, their
original papers reported certain point forecast metrics before de-normalizing forecasts to the initial
scale [75, 71, 49] or primarily reveal aggregated distributional metrics over all time-series variates,
namely CRPS-sum [59, 57, 58]. We have veri�ed our reproduced results align with their reported
results and utilized the uni�ed metrics in this study to offer a comprehensive and fair comparison of
these studies from different research threads.

2github.com/jdb78/pytorch-forecasting
3github.com/Nixtla/neuralforecast
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Table 1: This table includes a quantitative assessment of the inherent characteristics for all forecasting
scenarios, each corresponding to a dataset with a speci�c forecasting horizon. We use the suf�xes
"-S" and "-L" to differentiate between short-term and long-term scenarios. Quanti�ed indicators
encompass trend and seasonality strengths, as well as non-Gaussianity, where a higher value signi�es
a greater deviation from a Gaussian distribution.

Dataset-Horizon Exchange-S Solar-S Electricity-S Traf�c-S Wikipedia-S ETTm1-L ETTm2-L

TrendFT 0.9982 0.1688 0.6443 0.2880 0.5253 0.9462 0.9770
SeasonalityFS 0.1256 0.8592 0.8323 0.6656 0.2234 0.0105 0.0612

Non-Gaussianity 0.2967 0.5004 0.3579 0.2991 0.2751 0.0833 0.1701

Dataset-Horizon ETTh1-L ETTh2-L Electricity-L Traf�c-L Weather-L Exchange-L ILI-L

TrendFT 0.7728 0.9412 0.6476 0.1632 0.9612 0.9978 0.5438
SeasonalityFS 0.4772 0.3608 0.8344 0.6798 0.2657 0.1349 0.6075

Non-Gaussianity 0.0719 0.1422 0.1533 0.1378 0.1727 0.1082 0.1112

Model The model module inProbTSexplicitly differentiates critical methodological decisions,
especially the decoding scheme (AR vs NAR) and the distributional estimation approach. Speci�cally,
we employ the following mathematical formulation. We denote an element of a multivariate time
series asxk

t 2 R, wherek represents the variate index andt denotes the time index. At time step
t, we have a multivariate vectorx t 2 RK . Eachxk

t is associated with covariatesck
t 2 RN , which

encapsulates auxiliary information about the observations. Given a length-T forecast horizon, a
length-L observation historyx t � L :t and corresponding covariatesct � L :t , the objective in time series
forecasting is to generate the vector of future valuesx t +1: t + T . Based on established conventions, we
categorize forecast as short-term if the horizonT � T [57, 62], and long-term ifT � T [75, 49, 40],
whereT represents the primary periodicity of the data (e.g., 24 for hourly frequency). To represent
point and distributional forecasting in a uni�ed way, here we divide a model into an encoderf �

and a forecasterp� . An encoder is tasked with generating expressive hidden statesh 2 RD .
Underautoregressivedecoding scheme, encoder forecasts variates using their past values:h t =
f � (x t � 1; ct ; h t � 1). Under thenon-autoregressivescheme, the encoder generates all the forecasts
in one step:h t +1: t + T = f � (x t � L :t ; ct � L :t + T ). A forecasterp� is employed either to directly
estimatepoint forecastsasx̂ t = p� (h t ), or to perform sampling based on the estimatedprobabilistic
distributionsasx̂ t � p� (x t jh t ). In addition, the normalization choices utilized by different research
branches vary, with a detailed analysis provided in Appendix D.1.

4 Results and Analyses

Utilizing ProbTS, we conducted a comprehensive benchmarking and analysis of a diverse range of
state-of-the-art models from different strands of research. We mainly assessed these models using
NAME and CRPS metrics across multiple forecasting horizons, repeating each experiment �ve times
with different seeds to ensure result reliability.

Selected Models for Comparison. Our selection criteria for models focused on a balance of
performance, reproducibility, and simplicity. For long-term point forecasting, we included models like
iTransformer [40], PatchTST [49], TimesNet [71], N-HiTS [11], and LTSF-Linear [75]. Probabilistic
forecasting methods selected include GRU NVP, GRU MAF, Trans MAF [58], TimeGrad [57],
and CSDI [62]. Additionally, general architectures like Linear, GRU [12], and Transformer [66],
along with simple non-parametric baselines, were evaluated as a reference. For foundation models,
reproducible methods such as Lag-Llama [56], TimesFM [15], Timer [41], MOIRAI [ 70], Chronos [2],
and UniTS [23] were included. Detailed implementation speci�cs are in Appendix B.3.

Due to space constraints, comprehensive comparison results are placed in Appendix C, with detailed
results for short-term and long-term forecasting in Tables 9 and 10, respectively. Zero-shot evaluations
of pre-trained time-series foundation models are detailed in Tables 11 and 12. Our evaluation
highlights the critical relationship between forecasting requirements, data properties, and modeling
strategies. It aims to shed light on the strengths and limitations of current approaches, paving the way
for uncovering novel research avenues.
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(a) Long-term Forecasting (NMAE#). (b) Long-term Forecasting (CRPS#).

(c) Short-term Forecasting (NMAE#). (d) Short-term Forecasting (CRPS#).

Figure 2: We present a comprehensive comparison between classical models designed for long-term
point forecasting and short-term distributional forecasting across various prediction horizons. It
utilizes a non-Gaussianity score to highlight the complexity of the data distribution across different
datasets. The aggregated performance metrics are derived from Tables 9 and 10.

4.1 Analyzing Classical Models for Time-series Forecasting

We examine traditional non-universal time-series models from distinct research branches: one branch
focuses on developing customized neural architectures tailored for long-term point forecasting, while
the other branch concentrates on creating advanced probabilistic methods for short-term distributional
forecasting. Our investigation con�rms the effectiveness of these models for their intended purposes.
However, we observe a notable trend: the strengths of these methods tend to diminish in scenarios
where they are seldom tested.

Diminishing Advantages of Customized Architectures in Short-term Forecasting Scenarios
The comparative analysis presented in Figures 2a and 2c showcases the performance of point and
probabilistic forecasting methods with respect to the NMAE metric. These �gures also illustrate how
NMAE values correlate with non-Gaussianity, a measure we employ to evaluate the complexity of
data distributions. It becomes evident that customized architectures, originally crafted for long-term
forecasting, tend to lose their competitive performance in short-term scenarios. This phenomenon
could be attributed to the increased importance of accurately characterizing complex data distributions
within shorter forecasting windows, where higher non-Gaussianity scores are indicative of this
necessity. A closer look at Figures 2c and 2d further reveals that the performance disparity measured
with CRPS becomes even more pronounced for datasets characterized by signi�cant non-Gaussianity,
such as Solar-S. This observation underscores the critical need for incorporating short-term patterns
and distributional estimation capabilities into the design of new forecasting architectures.

Signi�cant Performance Degradation for Existing Probabilistic Methods in Long-term Distri-
butional Forecasting The performance of current probabilistic forecasting models in long-term
scenarios, even when assessed using distributional metrics such as CRPS, reveals notable limitations.
This is highlighted by the comparison between Figures 2b and 2d, which shows a signi�cant drop
in performance for models like TimeGrad on ETTm1-L, GRU NVP on ETTh2-L, and Weather-L
datasets. The decline in performance can be attributed to the fact that these probabilistic models
were not speci�cally designed with the unique challenges of long-term forecasting in mind. This
oversight has mixed in�uences. On the positive side, the design of these methods has led to a more
balanced approach in the choice between AR and NAR decoding schemes, providing a versatile
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(a) CRPS# w.r.t. forecast horizon. (b) CRPS# of models (w/ ReVIN) and (w/ mean scaling) normalization.

(c) CRPS# w.r.t. trend and seasonality strength. (d) CRPS gap (TimeGrad.CRPS - CSDI.CRPS)
w.r.t. trend and seasonality.

Figure 3: We explore the challenges faced by current models in conducting long-term distributional
forecasting, with insights drawn from Table 10 and Table 16. Subplot (a) shows signi�cant error
increases in AR-based models, averaged across all datasets except Traf�c. Subplot (b) demonstrates
how the instance-level normalization impacts performance in long-term forecasting. Subplots (c)
examine how trends and seasonality impact performance across all long-term forecasting datasets
and horizons.

Subplot (d) further investigates the combined effects of trend and seasonality, using lighter and
smaller circles to indicate situations where AR-based models are favored over NAR-based ones.

foundation for probabilistic forecasting. However, the downside is more signi�cant: no matter using
which decoding schemes, existing probabilistic models face considerable challenges when applied to
long-term distributional forecasting. We will dive deeper into the speci�c challenges associated with
each decoding scheme next. Here the performance gap underscores the need for future research to
systematically investigate long-term distributional forecasting.

Different Decoding Schemes & Challenges in Long-term Distributional Forecasting Existing
probabilistic forecasting methods exhibit a balanced preference for both AR and NAR decoding
schemes. For instance, TimeGrad employs an AR decoding scheme, whereas CSDI utilizes an
NAR approach. This contrasts starkly with the aforementioned customized architectures, which
solely opt for NAR decoding. These two types of decoding schemes, however, confront distinctive
challenges when applied to long-term probabilistic forecasting. With original normalization strategy,
AR probabilistic models like TimeGrad struggle with error accumulation, particularly as the forecast
horizon extends or trends strengthen, the performance gap widens, as shown in Figures 3a and 3c.
On the other hand, NAR models such as CSDI encounter memory constraints in long-term forecasts
(detailed in Appendix D.7). Moreover, Table 10 reveals that even on smaller datasets, such as ETTm2
and ETTh1, CSDI's performance in long-term scenarios is less than optimal, indicating reduced
learning ef�ciency by the extension of the forecasting horizon.

The Unexpected Superiority of AR Decoding in Addressing Strong SeasonalityDespite its
drawbacks, AR-based models, as used in TimeGrad, excels in capturing strong seasonality, outper-
forming models like PatchTST in scenarios such as the Traf�c dataset (Table 10). This advantage
is further analyzed in Figures 3c and 3d, showing AR's increasing bene�t with stronger seasonal
patterns. This suggests AR's potential in long-term forecasting could be revitalized with solutions to
its error accumulation challenge in long horizons.
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(a) NMAE w.r.t. forecasting horizon. (b) Model.CRPS� CSDI.CRPS
CSDI.CRPS w.r.t. non-Gaussianity.

Figure 4: We evaluate the ef�cacy of time-series foundation models for various forecasting horizons
and distributional estimation. Subplot (a), derived from Table 11 and excluding results from the
Electricity dataset, demonstrates the short-term forecasting capabilities and long-term error accumu-
lation of AR-based models. Subplot (b), draw from Table 12, investigates short-term distributional
estimation, highlighting the performance challenges of foundation models compared to CSDI in
handling complex data distributions. Note that we include MOIRAI with two different context
lengths, 96 and 5000, as context length signi�cantly affects its transfer performance.

ReVIN's Effectiveness in Long-term Forecasting with Exceptions. RevIN signi�cantly enhances
AR-based models in long-term forecasting, as shown in Figures 3b and 7. Notably, on the ETTh1
dataset, GRU NVP (w/ RevIN) even outperforms PatchTST (w/ RevIN). While RevIN offers sub-
stantial improvements for most models across most datasets, it brings negative impact on the Traf�c
dataset. The Traf�c dataset features strong seasonality but minimal trends, thus we speculate that
the major distribution shift addressed by RevIN is related to normalizing the effect of trending.
These �ndings indicate that normalizing the trending effect could be a direction to alleviate error
accumulation of AR-based models in long-term forecasting. However, we also observe that RevIN
does not seem to be an ideal match for the NAR probabilistic model. For instance, CSDI (w/ RevIN)
performs worse than CSDI (w/ Scaling) on the Weather dataset. Further research in developing
effective normalization strategies for NAR probabilistic models is necessary.

No Dominating Normalization Strategies in Short-term Forecasting. While RevIN is effective
for long-term scenarios, it does not adequately address the challenges faced by short-term probabilistic
models. As shown in Table 14, RevIN fails to consistently deliver signi�cant improvements for
models such as CSDI, TimeGrad, and GRU NVP in short-term forecasting. The mean scaling strategy
has proven to be the most reliable option for these models, explaining its widespread use. Although
omitting instance-level normalization is occasionally acceptable, it can lead to signi�cant issues, as
seen with TimeGrad (without normalization) on the Wikipedia and Solar datasets, and GRU NVP
(without normalization) on Electricity. We provide detailed analysis in Appendix D.1.

4.2 Analyzing Foundation Models for Universal Time-series Forecasting

We next explore the capabilities of recent foundation models in universal time-series forecasting,
focusing on their performance across different prediction horizons and their ability to estimate
distributions, especially regarding their zero-shot transfer capabilities on unseen datasets. Table 11
showcases their signi�cant progress, sometimes outperforming traditional models without re-training.
Using the analytic framework ofProbTS, we delve into their methodological pros and cons.

Navigating the AR Decoding Challenge over Extended Forecasting HorizonsFigure 4a illus-
trates how the performance of various time-series foundation models evolves in relation to expanding
forecasting horizons. It is evident that for shorter horizons, AR-based foundation models such as
TimesFM and Timer exhibit highly competitive performance, on par with NAR-based models like
MOIRAI. However, the advantage of NAR-based decoding becomes increasingly apparent as the
forecasting horizon lengthens, as demonstrated by the widening performance gap between TimesFM
and MOIRAI. This trend is consistent with our earlier observation that without proper normalization
strategies, AR-based methods could suffer from signi�cant error accumulation when applied to
long-term time-series forecasting. Given the inherent strengths of AR decoding, such as its supe-
riority at capturing strong seasonality and its robust performance in certain short-term forecasting
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scenarios, it is clear that further research is warranted to explore ways to overcome its limitations
in long-term forecasting contexts. This could potentially unlock new avenues for enhancing the
versatility and effectiveness of AR-based time-series foundation models across a broader range of
forecasting horizons.

The Critical Role of Addressing Complex Data Distributions Figure 4a illustrates the incremental
changes in CRPS among leading probabilistic time-series foundation models, such as MOIRAI and
Chronos, compared to the best-performing short-term probabilistic model, CSDI. It becomes apparent
that in scenarios characterized by complex data distributions, indicated by higher non-Gaussianity
scores, the performance decline of MOIRAI in relation to CSDI becomes notably more pronounced.
This phenomenon may be attributed to MOIRAI's approach to supporting distributional forecasting,
which involves utilizing a mixture of prede�ned distribution heads. While this method is ef�cient and
effective for certain applications, it may lack the expressiveness required to accurately model more
complex data distributions. Furthermore, these observations underscore that, in speci�c contexts,
foundation models might not be able to fully replace traditional models that have been speci�cally
tailored and trained for particular domains. Additionally, the prospect of �ne-tuning these foundation
models as a remedy is less economically viable, primarily due to their signi�cantly larger size.
This highlights the importance of not only continuing to re�ne foundation models to enhance their
adaptability and performance across a wide spectrum of data distributions but also recognizing the
continued relevance of domain-speci�c models, especially for handling intricate data distributions
where a more nuanced approach may be necessary.

5 Conclusion

In this study, we introducedProbTS, a benchmark tool tailored for evaluating essential forecasting
needs, which facilitates a detailed comparison of various state-of-the-art models in the context of
time-series forecasting. Through our comprehensive analysis, we identi�ed signi�cant challenges and
opportunities in the realm of time-series forecasting, particularly highlighting the need for models
that can effectively address both point and probabilistic forecasting across diverse horizons.

Limitations While our study represents a signi�cant step forward in understanding and evaluating
time-series forecasting models, it does come with many limitations. A predominant focus of our work
is on empirical analysis, relying heavily on intuitions and experimental observations, which may lack
the depth that theoretical foundations could provide. Additionally, our exploration, though extensive,
might not encompass all the nuanced factors that in�uence model performance. By concentrating on
major methodological decisions such as AR versus NAR decoding schemes, we may inadvertently
overlook other critical aspects that could play a decisive role in forecasting accuracy. Moreover, the
datasets employed for evaluation, despite their diversity and relevance to current research threads,
may not fully capture the vast spectrum of real-world forecasting challenges. This limitation is
particularly pronounced when comparing different foundation models, as their pre-training often
involves an even broader array of data, potentially skewing the comparative analysis.

Future Directions The insights derived from our study open the door to numerous promising
research directions. Addressing the shortcomings of AR and NAR decoding schemes, especially
in their application across varying forecasting horizons, emerges as a critical area for future ex-
ploration. Innovating effective architecture designs that can navigate the intricacies of short-term
forecasting challenges and devising ef�cient methods for long-term probabilistic forecasting stand
out as urgent needs. For AR-based models, reducing error accumulation remains essential, with
ReVIN-style normalization showing potential for improving long-term forecasting. Additionally,
exploring effective normalization strategies for NAR-based probabilistic models is an underdeveloped
yet promising area. Equally important is the enhancement of models' abilities to characterize complex
data distributions, which could signi�cantly improve the adaptability and effectiveness of foundation
models. Beyond these technical endeavors, expanding the scope of datasets used for evaluation to
encompass a wider range of real-world scenarios will be crucial for validating the robustness and
versatility of future forecasting models. Lastly, integrating theoretical insights with empirical �ndings
could provide a more holistic understanding of model behaviors, contributing to the development of
more sophisticated and nuanced forecasting solutions.
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A Additional Related Work

A.1 A Comparison with Traditional Models on Covering Essential Forecasting Needs and
methodological decisions

Table 2 presents a comparative summary of our approach, which adopts an integrated perspective,
and representative studies from the existing literature.

Table 2: We provide a concise comparison between the methodologies presented in this paper and
those from two distinct research branches. The comparison is based on data scenarios (short-term
versus long-term forecasting), primary evaluation metrics (point versus distributional forecasts), and
key methodological choices (general or customized neural architecture designs, and autoregressive or
non-autoregressive decoding schemes).

Method Pred. Horizon Paradigm Arch. Design Dec. Scheme
Short Long Point Distr. General Customized AR Non-AR

N-BEATS [53] % X X % % X % X
Autoformer [72] % X X % % X % X
Informer [78] % X X % % X % X
Pyraformer [38] % X X % % X % X
N-HiTS [11] % X X % % X % X
LTSF-Linear [75] % X X % % X % X
PatchTST [49] % X X % % X % X
TimesNet [71] X X X % % X % X
iTransformer [40] % X X % % X % X

DeepAR [60] X % % X X % X %
GP-copula [59] X % % X X % X %
LSTM NVP [58] X % % X X % X %
LSTM MAF [58] X % % X X % X %
Trans MAF [58] X % % X X % X %
TimeGrad [57] X % % X X % X %
CSDI [62] X % % X % X % X
SPD [7] X % % X X % % X
TSDiff [33] X % % X % X % X

This Study X X X X X X X X

A.2 A Comparison of Pre-trained Time-series Foundation Models

We have incorporated eight recently emerged time series foundation models, namely Lag-Llama [56],
Chronos [2], TimesFM [15], Timer [41], MOIRAI [ 70], UniTS [23], ForecastPFN [18], and TTM [20],
into our framework. These foundation models are categorized based on their capabilities, such as zero-
shot forecasting, adaptability to varying prediction lengths, and support for probabilistic predictions,
as well as their architectural designs, including whether they are auto-regressive and the nature of their
backbone networks. Additionally, we have detailed their training processes, including the lengths of
prediction horizons used during pre-training and the sizes of look-back windows. These details are
summarized in Table 3.

Furthermore, we have compiled a summary of these foundation models' pre-training and evaluation
on several classical time series forecasting datasets. This compilation is presented in Table 4.

A.3 A Comparison with Existing Libraries on the Coverage of Data, Model, and Metrics

ProbTS is a research toolkit designed to advance forecasting research across varied horizons, focusing
on both point and distributional forecasting. To achieve these objectives, ProbTS includes state-of-
the-art models, comprehensive evaluation protocols (point vs. distributional), and explores different
methodological aspects of forecasting models, particularly in terms of distributional estimation
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Table 3: Foundation Models for Time Series.Zero-shot indicates whether the original work tests zero-
shot capabilities.Any-horizon indicates if the same pre-trained model can adapt to prediction tasks of
varying lengths.AR denotes if the model performs auto-regressive forecasting.Prob. indicates if the
model natively supports probabilistic forecasting.Arch. denotes the model's backbone architecture:
D-O for decoder-only transformer, E-O for encoder-only transformer, E-D for encoder-decoder
transformer, and unique for specially designed backbones.Multi-variate indicates if the model
explicitly handles multivariate relationships.Pre-train Horizons speci�es the forecasting task
horizons during pre-training.Look-back Window speci�es the context history length settings used
in the original experiments.

Model Zero-
shot

Any-
horizon

AR Prob. Arch. Multi-
variate

Pre-train
Horizons

Look-back
Window

Lag-Llama X X X X D-O % 24� 60 32� 1024
Chronos X X X X E-D % 64 512
TimesFM X X X % D-O % � 512

Timer X X X % D-O % up to 1440 672

MOIRAI X X % X E-O 
 varying 100� 5000
UniTS X X % % E-O % � 60� 720

ForecastPFN X X % % E-O % 0 50 50 500
TTM X % % % Unique X 96 512

Table 4: Evaluation Datasets for Time-series Foundation Models. We selected several popular datasets
to evaluate time-series foundation models.X indicates pre-training on the dataset,
 indicates zero-
shot evaluation on the dataset, few indicates few-shot evaluation on the dataset, and% indicates the
dataset is not mentioned in the paper or documentation. `*' indicates that the data comes from the
same source but may be processed differently.

Model Solar Wikipedia ETTm1 ETTm2 ETTh1 ETTh2 Electricity Traf�c Weather ExchangeILI

MOIRAI 
 X 
 
 
 
 
 X 
 % %
Lag-Llama X * % X 
 X X X X 
 
 %
TimesFM 
 * X * 
 
 
 
 X X X % %
Chronos X X * 
 
 
 
 X 
 
 
 %
TTM % % 
 
 
 
 
 
 
 % %
UniTS 
 % few % X few X X X X X
Timer % % few few few few few few few % %

methods and decoding schemes (AR vs. NAR). In Table 5, we provide a comprehensive comparison
of ProbTS with existing libraries in terms of toolkit functionalities and the benchmarking aspects we
aim to investigate.

B More Details onProbTS

B.1 Data

The data module uni�es varied data scenarios to facilitate thorough evaluation and implements
standardized pre-processing techniques to ensure fair comparison.

Moreover, we utilize a quantitative approach to visually delineate datasets' intrinsic characteristics,
which employs decomposition to assess trends and seasonality in a time series and evaluate the
similarity between data distribution and a Gaussian to depict the complexity of data distribution.

B.1.1 Time-series Forecasting Datasets

Table 6 provides a summary of the public datasets employed in our study. These datasets have been
sourced from recent research studies in the �eld of deep time-series forecasting.
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Table 5: Comparison of Various Time Series Tools.

Tools Features Benchmarking
SOTA Model Dist. Evaluation Short-term Long-term AR vs. NAR Point vs Prob.

Merlion [6] % % X % % %
Kats [31] % % % % % %
pytorch-transformer-ts [65] % % % % % %
Prophet [63] % % X % % %
Darts [27] % X % % % %
sktime [42] % X % % % %
pytorch-forecasting [64] % X % % % %
NeuralForecast [51] X X % % % %
tsai [52] X % % % % %
TFB [54] X % % X % %
TSlib [71] X % X X X %
GluonTS [1] X X X % % X

ProbTS X X X X X X

Table 6: Dataset Summary.

Horizon Dataset #var. range freq. timesteps Description

Long-term

ETTh1/h2 7 R+ H 17,420 Electricity transformer temperature per hour
ETTm1/m2 7 R+ 15min 69,680 Electricity transformer temperature every 15 min
Electricity 321 R+ H 26,304 Electricity consumption (Kwh)

Traf�c 862 (0,1) H 17,544 Road occupancy rates
Exchange 8 R+ Busi. Day 7,588 Daily exchange rates of 8 countries

ILI 7 (0,1) W 966 Ratio of patients seen with in�uenza-like illness
Weather 21 R+ 10min 52,696 Local climatological data

Short-term

Exchange 8 R+ Busi. Day 6,071 Daily exchange rates of 8 countries
Solar 137 R+ H 7,009 Solar power production records

Electricity 370 R+ H 5,833 Electricity consumption
Traf�c 963 (0,1) H 4,001 Road occupancy rates

Wikipedia 2,000 N D 792 Page views of 2000 Wikipedia pages

B.1.2 Data Visualization

To provide a more tangible understanding of the different forecasting scenarios, we visualize time-
series segments from both short-term and long-term forecasting datasets. The segments' window size
is determined by the speci�c forecasting setup.

In Figure 5, we present samples extracted from short-term forecasting scenarios. At this scale, the
series primarily exhibit local variations, and the compact window size often obscures pronounced
seasonal or trending patterns. However, these short-term scenarios may reveal irregularly varied
patterns, suggesting a more complex underlying data distribution.

On the contrary, Figure 6 illustrates long-term forecasting scenarios. With extended forecasting hori-
zons, as showcased in datasets like Traf�c, Electricity, and ETT, the series display more pronounced
seasonality and trends. These characteristics render the series more regular patterns in the long-term
scenarios.

It's important to note that these visualizations are not selectively chosen or "cherry-picked". We have
depicted multiple time-series segments from various time steps, and the observed patterns remain
consistent across these different instances.

Figure 5: We have sampled and visualized multiple time-series segments from the short-term
forecasting datasets. The size of the segment window is set equal to the prediction horizon.
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