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Abstract

Recent booming time series models have demonstrated remarkable forecasting
performance. However, these methods often place greater focus on more effectively
modelling the historical series, largely neglecting the forecasting phase, which
generates long-term forecasts by separately predicting multiple time points. Given
that real-world time series typically consist of various long short-term dynamics,
independent predictions over individual time points may fail to express complex
underlying patterns and can lead to a lack of global views. To address these issues,
this work explores new perspectives from the forecasting phase and proposes a
novel Implicit Forecaster (IF) as an additional decoding module. Inspired by decom-
position forecasting, IF adopts a more nuanced approach by implicitly predicting
constituent waves represented by their frequency, amplitude, and phase, thereby
accurately forming the time series. Extensive experimental results from multiple
real-world datasets show that IF can consistently boost mainstream time series
models, achieving state-of-the-art forecasting performance. Code is available at this
repository: https://github.com/rakuyorain/Implicit-Forecaster.

1 Introduction

Time Series Forecasting (TSF) is the task of predicting future trends and dynamics of time series
based on historical observations. It is essential for many real-world applications, including weather
forecasting [52, 28], energy management [21, 3], and traffic flow estimation [1, 32]. In the past few
years, the advancement of deep learning has enabled neural forecasting methods to take a significant
place in the TSF landscape. Neural networks, especially Recurrent Neural Networks (RNNs) [10, 11],
are particularly effective on TSF due to their ability to capture sequential information. Convolutional
Neural Networks (CNNs) [12, 51], with their strength in recognising intricate temporal structures and
local patterns, excel at extracting features from time series. By modelling dependencies between a
sequence of representations, Transformers have demonstrated superior ability in learning inter-series
[13] and intra-series [20] information, thus becoming state-of-the-art in TSF.

Despite these achievements, existing TSF methods primarily focus on improving the modelling of
historical time series, while more precisely translating the modelled features into future series during
the forecasting phase is rarely considered. Specifically, previous works typically use elaborately
designed architectures to learn and transform the input time series into complex representations, and
then leverage MLPs to predict these representations separately into the value of each future time step,
thereby generating the output series. We noticed that this scheme of independent prediction between
consecutive points might not be suitable for long-term forecasting, given that native MLPs lack a
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Figure 1: Decomposition of a time series into sub-components. Left: illustrates the breakdown of a
simple time series into its constituent parts, each reflecting fluctuations over different frequencies.
Right: provides a complete view of each individual component to clearly visualise how the combina-
tion of different periodic fluctuations forms the observed time series.

global view of time series’ overall fluctuations [45] and are unable to handle the autocorrelation among
predicted points, which may hinder them from forecasting and expressing general trends and long-term
patterns. Besides, real-world time series often exhibit a mixture of long short-term dynamics, yet point-
wise MLPs directly predict the intertwined original series while ignoring this compositional structure.
This results in a forecasting process that lacks the understanding of underlying patterns, which
not only increases forecasting difficulty but can also produce indistinguishable and uninterpretable
predictions over various dynamics.

Considering the numerous underlying dynamics, it is apparent from Figure 1 that a time series can be
regarded as a combination of multiple different types of fluctuations, where long-period fluctuations
can reflect the overall trend of the time series and short-period fluctuations can indicate the seasonality.
Extensive research [41, 54, 49, 36] has proven that forecasting future time series by separately pre-
dicting its trend and seasonal components can enhance performance. This decomposition forecasting
approach further highlights the potential to forecast future series by predicting more nuanced trends
and dynamics. Consequently, we pose the following question: Is it feasible to form the future time
series by globally predicting constituent fluctuations across different periodicities?

In light of the aforementioned problems and motivations, we explored the forecasting phase of TSF,
focusing on accurately translating the learned information into actual forecasts. In this paper, we
propose Implicit Forecaster (IF), a novel decoding module that replaces the output layers of previous
TSF methods. IF offers a different forecasting perspective: instead of predicting future time points
separately, it globally forms the time series by combining various base fluctuations, where these
fluctuations are treated as periodic waves that can be implicitly represented and predicted just by
their frequency, amplitude, and phase. Experimentally, IF is compatible with recent mainstream TSF
models and can consistently boost their forecasting performance, making them state-of-the-art on 14
real-world datasets widely used in TSF and improving the result by a large margin on several of them.
The contributions of our work lie in three folds:

• We refine the forecasting phase of TSF and propose Implicit Forecaster to replace the
output layers of existing TSF models. It globally predicts various constituent waves from a
frequency perspective to achieve accurate long-term time series forecasting.

• Experimentally, the proposed Implicit Forecaster can be applied to mainstream TSF models,
boosting their performance by a large margin and achieving consistent state-of-the-art on
multiple real-world benchmarks.

• We show that a better forecasting phase also matters for accurate TSF, an aspect largely
overlooked by existing research. We hope our work can draw research attention to this
critical point and inspire novel advancements.
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2 Related Work

2.1 Time Series Forecasting with Deep Models

In the rapidly evolving �eld of time series forecasting, deep learning-based methods have garnered
signi�cant attention and attained remarkable success. RNNs have been favoured for their pro�ciency
in handling sequential data. LSTNet [10] integrates convolutional layers into recurrent structures,
effectively learning long short-term patterns. SegRNN [11] reduces recurrent steps by leveraging
Segment-wise Iterations and Parallel Multi-step Forecasting strategies, achieving notable performance
and ef�ciency. CNNs excel in learning local temporal patterns underlaid in time series, where
MICN [34] employs multiple convolutional kernels to capture local features and global correlations,
offering holistic views of time series. TimesNet [40] extends 1D time series into 2D space for
better time series representation, thereby extracting multi-periodicity information. MLPs, built upon
linear transformations, have demonstrated impressive forecasting accuracy while maintaining high
computational ef�ciency. TimeMixer [36] utilizes a decomposable multiscale mixing, capturing
temporal patterns at different granularities. SOFTS [4] introduces the STar Aggregate-Redistribute
(STAR) module, aggregating global information across channels to capture inter-series correlations.

Transformer [27], as the most prominent sequence modelling architecture that achieved exceptional
success in natural language processing [39] and computer vision [2], has emerged as the most
popular approach for solving TSF problems. Autoformer [41] combines traditional time series
decomposition with auto-correlation to extract better predictive components. PatchTST [20] adopts
a Vision Transformer-like strategy, segmenting time series into smaller patches to better model
intra-series dependencies. Crossformer [50] and CARD [37] explore interdependencies between
patches across channels, concurrently learning cross-time and cross-variate information. iTransformer
[13] treats the entire time series as an individual token to model series-wise dependencies, thereby
explicitly learning multivariate correlations.

Given that time series forecasting is an end-to-end process, previous methods predominantly con-
centrated on optimizing the “historical series to representation” stage. Our work, however, shifts the
focus to the “representation to predicted series” stage, bridging the gap in the forecasting phase.

2.2 Time Series Forecasting with Fourier Analysis

Fourier analysis offers methods for effectively modelling the underlying dynamics within time series.
Recent advancements demonstrated that integrating frequency-domain techniques can enhance the
performance of TSF. FEDformer [54] employs frequency-enhanced attention for ef�cient computation
while better capturing the global properties. FiLM [55] applies Legendre Polynomial projections
to approximate historical information and remove noise. FreTS [45] applies MLPs directly to
the frequency domain, learning the mappings of time series in the complex plane. FreDF [30]
proposes a new loss term to penalize forecasting errors within the frequency domain, enhancing the
autocorrelation between predicted points. OLinear [46] operates in an orthogonally transformed
domain to better model time series and utilizes a normalized weight matrix to ef�ciently capture
multivariate correlations. FreEformer [47] further leverages a frequency-enhanced Transformer
to model cross-variate dependencies in the complex domain, introducing an enhanced attention
mechanism that improves feature diversity and gradient �ow. In contrast to these methods, which
primarily focus on leveraging Fourier analysis to model the historical time series, our approach
explores a novel strategy that incorporates frequency techniques in the forecasting phase, aiming to
achieve more accurate pattern predictions and address the lack of global views of output series.

3 Methodology

Problem De�nition Consider aT length multivariate time series withN number of variates,
represented asX = f x1; x2; : : : ; xT g 2 RT � N , where eachx t 2 RN corresponds toN concurrent
variates observed at timet. Also, consider the subsequent time series ofX over a future horizonL ,
denoted asY = f xT +1 ; xT +2 ; : : : ; xT + L g 2 RL � N . Given a forecasting modelf � parameterized
by � that maps the historical time seriesX to its future forecast aŝY = f � (X ), whereŶ =
f x̂ T +1 ;x̂ T +2 ; : : : ;x̂ T + L g 2 RL � N , the objective of time series forecasting is to optimize� such
that the forecast̂Y closely approximates the true futureY .
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3.1 Implicit Forecaster

Figure 2: The overall architecture of Implicit Forecaster. The input time series will �rst be learned
and converted into hidden representations via the encoder part of other time series models. The
proposed Implicit Forecaster then decodes such representations into amplitudes and phases of various
periodic waves, composing them into output series.

As depicted in Figure 2, our Implicit Forecaster mainly consists of an Amplitude Head (AHead),
a Phase Head (PHead), a Discrete Fourier Transform (DFT) module, and an inverse DFT (iDFT)
module. We will dissect its architecture around how it generates the forecasts in this section.

Encoder Integration IF receives two inputs for forecasting: 1) a hidden encoder representation that
can maximally capture the inherent information and temporal features of the input time series, and 2)
the original input time series provided by a skip-connection. Since IF mainly serves as an additional
decoding module for improving the forecasting phase, we take existing forecasting models (e.g., the
encoder part of TSF Transformers) as the time series encoder for learning the encoder representation,
and replace their output layers with IF. Given a multivariate time seriesX 2 RT � N , learning the
encoder representation can be easily formulated as follows:

X enc = TimeSeriesEncoder(X ); (1)

whereTimeSeriesEncoder :RT � N 7! RN � D is the encoder module,X enc 2 RN � D is the encoder
representation of the input time series andD stands for the model dimension. Note that the encoder
representation is channel-separated overN , as IF independently forecasts each variate of time series.

Implicit Decoding In the forecasting phase, rather than directly predicting the learned information
into each output time point like conventional methods, IF implicitly predicts the constituent �uctua-
tions of the future time series. Concretely, for a desired forecast, IF presupposes afrequency pool
(i.e., a �xed-size spectrum) containing waves with different long short-term frequencies and separately
predicts the amplitude and phase of each wave. These implicitly represented waves will serve as
the constituent components and will be combined as the future time series, where the part within
the forecasting length will be cropped as the �nal output. Additionally, IF uses a skip-connection to
extract and incorporate the amplitude and phase information of the original input series, given that
such information is likely to persist throughout future observations, which will be concatenated to the
encoder representation as a supplementary feature map to assist the wave prediction.

Taking the encoder representationX enc 2 RN � D and the historical time seriesX 2 RT � N as its
input, IF forecasts the future time seriesŶ 2 RL � N as follows:

S = F (X > );

Â = AHead(Concat( X enc ; jSj)) ;

�̂ = PHead(Concat(X enc ; arg(S))) ;

Ŷ = Crop :L (F � 1(Â � ej �̂ )> );

(2)
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whereF denotes the Discrete Fourier Transform andF � 1 is its inverse operation, andj is the
imaginary unit de�ned as the square root of� 1. S 2 CN � T is a complex matrix denoting the
spectrum of the original inputX . jSj is the amplitude of each constituent wave fromX andarg is
the argument operation that computes the phase of each constituent wave.AHead is the amplitude
predictor andPHead is the phase predictor. Suppose the frequency pool of IF containsP waves with
different frequencies to form the future time series, thenÂ 2 RN � P

� 0 and�̂ 2 [� �; � ]N � P denote
the predicted amplitudes and phases of these waves, respectively. We provide a detailed discussion of
IF in the next section.

3.2 Overall Work�ow

In this section, we provide a comprehensive introduction to the internal components of Implicit
Forecaster, explaining the motivations behind various designs.

Discrete Fourier Transform and its Inverse IF aims at forming time series with various periodic
waves, while the DFT [26] and its inverse provide effective tools for representing and processing
these waves. By transforming a signal from the time domain into the frequency domain, DFT enables
the decomposition of a time series into its constituent frequency components, each represented by a
complex number that encodes both the amplitude and phase of the corresponding sinusoidal wave at
a certain frequency. Consider a univariate time seriesx = f x1; x2; : : : ; xN g 2 RN , we can convert
it to its spectral representationz = f z1; z2; : : : ; zN g 2 CN with N waves by DFT as follows:

zk =
NX

n =1

xn � e� j 2�k n � 1
N = jzk j � ej arg( zk ) = Ak � ej� k ; k = 1 ; : : : ; N; (3)

wherezk 2 C corresponds to the complex ofk-th wave components with a frequency ofk � 1
N . By

considering each wave componentzk in a polar coordinate,jzk j = Ak =
p

Re(zk )2 + Im( zk )2 2
R� 0 represents its amplitude andarg(zk ) = � k = atan2(Im( zk ); Re(zk )) 2 [� �; � ] represents its
phase, whereRe(zk ); Im( zk ) 2 R are the real part and the imaginary part ofzk , respectively.

On the other hand, the inverse DFT allows for the reconstruction of a time series from provided
frequency components with known amplitudes and phases. This feature is particularly critical for our
approach, as IF essentially seeks to predict amplitudes and phases of various waves with different
frequencies to implicitly represent underlying �uctuations of future time series, where the inverse
DFT is used to combine these waves to obtain the �nal forecast. Reversely, given amplitudes
A = f A1; A2; : : : ; AN g 2 RN

� 0 and phases� = f � 1; � 2; : : : ; � N g 2 [� �; � ]N of N waves, we can
construct a time series signalx = f x1; x2; : : : ; xN g 2 RN through inverse DFT as follows:

xn =
1
N

NX

k=1

zk � ej 2�n k � 1
N =

1
N

NX

k=1

Ak � ej� k � ej 2�n k � 1
N ; n = 1 ; : : : ; N; (4)

wherexn 2 R is then-th value inx andzk 2 C is the complex of thek-th wave.

Frequency Pool Based on DFT properties, any length-L time series can be completely represented
as a linear combination ofL wave components, where each wave corresponds to a normalized
frequency off k = k=L, for k = 0 ; : : : ; L � 1. Therefore, it is possible for IF to forecast such
time series just by predicting the amplitudes and phases of theseL waves, while we can de�ne
Pf = f f 0; f 1; : : : ; f L � 1g as the frequency pool of IF. However, we observed that there may exist
very long-period �uctuations in time series, such that the input time series or the forecast can only
encompass a small portion of their complete cycle. Given that these �uctuations operate at lower
frequencies than those that can be directly predicted by IF (i.e., beyond the IF's frequency pool), they
can only be approximated and represented by blending the pool's existing frequencies (a phenomenon
known asSpectral Leakage), which complicates the forecasting process.

To better capture these ultra-low-frequency components, we extend IF's frequency pool. Speci�cally,
when forecasting a time series of lengthL , we consider increasing the size of the frequency pool to
P (P � L ), such that it contains frequenciesf k = k=P for k = 0 ; : : : ; P � 1. Consequently, IF
predicts the amplitudes and phases ofP waves rather thanL , allowing it to directly access and predict
lower-frequency components. This extension enhances the representational capacity of IF, enabling
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more accurate forecasting of time series with large-scale or slow �uctuations. Moreover, according to
the conjugate symmetry property of the DFT, the spectrum of a real-valued time series is symmetric,
where the second half is the complex conjugate of the �rst half. Therefore, in practical implementation,
IF only needs to predict the �rst half of its frequency-domain components to reconstruct the complete
time signal, substantially reducing computational cost.

AHead The Amplitude Head is essentially an MLP that maps the encoder representations to the
amplitudes of the waves in the frequency pool. To enhance information utilization, it also incorporates
the amplitude information derived from the original input time series, thereby obtaining a global
view of the input's energy distribution and improving the accuracy of future amplitude prediction.
Given then-th variate's encoder representationX enc;n 2 RD and corresponding input amplitude
informationA n 2 RT

� 0, the AHead can be formulated as follows:

AHead(X enc;n ; A n ) = jMLP amp (Concat(X enc;n ; A n )) j ; (5)

whereMLP amp : RD + T 7! RP is a dense network with two layers for predicting the amplitude.

PHead The Phase Head is responsible for predicting the relative position of the waves in the
frequency pool, ensuring they are properly aligned within the forecasting window. However, directly
regressing raw phase values is challenging due to the inherent numerical discontinuity of phases
at their boundaries, where abrupt changes may occur from� to � � . Such discontinuities make
it dif�cult for IF to produce stable and consistent phase predictions. To mitigate this issue, we
adopt a continuous representation of phases by predicting their sine and cosine components instead.
Predicting these components ensures phases have a smooth transition across their periodic boundaries,
thereby facilitating a more accurate phase prediction. Therefore, taking the encoder representation
X enc;n 2 RD and input phase� n 2 [� �; � ]T of then-th variate as its input, the PHead consists of
two MLPs and can be formulated as follows:

�̂ n = Tanh(MLP sin (Concat(X enc;n ; � n ))) ;

�̂ n = Tanh(MLP cos(Concat(X enc;n ; � n ))) ;

�̂ n = atan2( �̂ n ; �̂ n );

(6)

where�̂ n 2 [� �; � ]P is the predicted phases of pool waves.�̂ n ; �̂ n 2 [� 1; 1]P are the sine and
cosine components, andMLP sin ; MLP cos : RD + T 7! RP are their corresponding predictors.

4 Experiments

We conduct extensive experiments to evaluate the performance of mainstream TSF models equipped
with IF across various datasets and forecasting scenarios, comparing them with their original results
to analyze the effectiveness of IF.

Datasets We comprehensively include 14 benchmark datasets commonly used in TSF for our
experiments, covering various real-life domains such as energy, traf�c, weather, economics, and
disease. Speci�cally, these datasets are ETT (Electricity Transformer Temperature) with 4 subsets,
ECL (Electricity Consuming Load), Traf�c, Weather [53], Exchange Rate, ILI (In�uenza-Like Illness)
[41], PeMS (Traf�c data of Caltrans Performance Measurement System) with 4 subsets [12], and
Solar Energy [10]. We split each dataset into training, validation, and test sets in respective ratios of
70%, 15%, and 15%, with all datasets divided strictly in chronological order to prevent data leakage
issues. The validation set is used for monitoring the training loss of models, and the test set evaluates
the model's �nal performance quantitatively. Lastly, all datasets are preprocessed with standardisation
based on the training set. Further descriptions for each dataset are provided in Appendix A.1.

Baselines We carefully select 7 well-acknowledged TSF models as our benchmark methods for
comparison. These methods are from a diverse range of model types (we choose the most competitive
method of each type), including: 1) one MLP-based method: SOFTS [4], 2) four Transformer-based
methods: TimeXer [38], iTransformer [13], PatchTST [20] and Crossformer [50], 3) one RNN-based
method: SegRNN [11], and 4) one CNN-based method: TimesNet [40]. These models will be paired
with IF to compare against their original performance, with all models being evaluated under the
same framework and environment. We provide a detailed introduction to baselines in Appendix A.2.
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Implementations All models are implemented entirely in Python and built upon PyTorch 2.0, with
baseline methods directly adopted from their of�cial implementations. The experiments reported in
this paper were conducted on a 16-core AMD EPYC 9654 CPU and a single NVIDIA RTX 4090
GPU. We choose Adam optimizer [9] and L2 loss to learn the model parameters and take MSE
(Mean Squared Error) and MAE (Mean Absolute Error) as metrics to evaluate the models. More
implementation and experimental details are provided in Appendix A.3.

4.1 Main Results

Table 1 presents the forecasting performance of all models across 14 benchmarks, including their
results after being equipped with the proposed Implicit Forecaster (w/ IF), where better values are
bolded. Since MSE/MAE measures the discrepancy between the forecast and the ground truth, a
lower value indicates better model performance.

Table 1: Multivariate time series forecasting results, averaged over respective prediction lengths
L 2 f 24; 36; 48; 60g for the ILI dataset,L 2 f 12; 24; 48; 96g for the PEMS datasets, andL 2
f 96; 192; 336; 720g for the remaining datasets. The lookback window length is set toT = 36 for the
ILI and T = 96 for the others.

Models
SOFTS w/ IF TimeXer w/ IF iTransformer w/ IF SegRNN w/ IF PatchTST w/ IF Crossformer w/ IF TimesNet w/ IF
(2024) (Ours) (2024) (Ours) (2024) (Ours) (2023) (Ours) (2023) (Ours) (2023) (Ours) (2023) (Ours)

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
ETTh1 0.533 0.519 0.506 0.516 0.527 0.525 0.510 0.528 0.535 0.525 0.535 0.529 0.524 0.523 0.523 0.526 0.533 0.522 0.498 0.511 0.607 0.570 0.587 0.564 0.596 0.568 0.535 0.546

ETTh2 0.202 0.315 0.193 0.305 0.204 0.317 0.194 0.306 0.202 0.315 0.198 0.309 0.193 0.307 0.189 0.308 0.192 0.308 0.187 0.301 0.296 0.395 0.238 0.360 0.212 0.327 0.204 0.315

ETTm1 0.486 0.474 0.473 0.475 0.490 0.488 0.477 0.480 0.487 0.481 0.478 0.478 0.470 0.474 0.470 0.473 0.477 0.476 0.471 0.470 0.538 0.516 0.532 0.511 0.548 0.512 0.508 0.497

ETTm2 0.151 0.269 0.147 0.266 0.145 0.262 0.145 0.261 0.154 0.272 0.150 0.268 0.142 0.259 0.144 0.263 0.147 0.266 0.144 0.262 0.203 0.319 0.183 0.304 0.155 0.271 0.148 0.264

ECL 0.170 0.258 0.165 0.261 0.166 0.265 0.161 0.257 0.172 0.261 0.167 0.264 0.181 0.275 0.186 0.277 0.199 0.289 0.184 0.274 0.212 0.308 0.193 0.294 0.190 0.289 0.188 0.291

Traf�c 0.433 0.286 0.429 0.287 0.480 0.297 0.629 0.343 0.434 0.292 0.497 0.333 0.639 0.326 0.573 0.315 0.489 0.317 0.470 0.308 0.575 0.326 0.546 0.336 0.614 0.336 0.593 0.359

Weather 0.236 0.261 0.229 0.270 0.221 0.254 0.221 0.260 0.237 0.261 0.225 0.261 0.230 0.281 0.227 0.277 0.237 0.262 0.229 0.262 0.242 0.305 0.253 0.313 0.241 0.270 0.231 0.269

Exchange0.424 0.454 0.402 0.438 0.397 0.433 0.395 0.434 0.427 0.458 0.412 0.449 0.440 0.446 0.294 0.393 0.441 0.454 0.422 0.446 0.798 0.654 1.338 0.825 0.425 0.456 0.420 0.454

ILI 2.893 1.122 2.827 1.120 3.134 1.174 2.938 1.147 2.991 1.164 2.871 1.119 4.631 1.432 3.641 1.246 3.365 1.155 3.185 1.127 4.246 1.440 5.128 1.592 3.264 1.162 3.734 1.177

PEMS03 0.107 0.214 0.109 0.216 0.122 0.235 0.102 0.209 0.414 0.392 0.209 0.293 0.196 0.298 0.159 0.270 0.252 0.341 0.159 0.263 0.167 0.279 0.146 0.259 0.175 0.260 0.106 0.208

PEMS04 0.112 0.223 0.107 0.216 0.113 0.231 0.098 0.207 0.187 0.282 0.124 0.234 0.233 0.328 0.191 0.296 0.334 0.393 0.186 0.290 0.232 0.331 0.132 0.249 0.222 0.325 0.117 0.232

PEMS07 0.096 0.195 0.092 0.195 0.100 0.205 0.078 0.178 0.884 0.629 0.149 0.249 0.211 0.302 0.174 0.272 0.275 0.351 0.173 0.267 0.196 0.290 0.155 0.259 0.167 0.280 0.109 0.215

PEMS08 0.118 0.218 0.107 0.212 0.144 0.260 0.108 0.217 0.860 0.626 0.179 0.284 0.232 0.320 0.176 0.282 0.301 0.371 0.172 0.276 0.220 0.317 0.142 0.257 0.210 0.315 0.128 0.242

Solar 0.222 0.253 0.207 0.253 0.239 0.290 0.231 0.272 0.241 0.278 0.228 0.271 0.244 0.298 0.238 0.286 0.240 0.288 0.229 0.272 0.299 0.344 0.222 0.283 0.260 0.273 0.212 0.270

Promotion — — 3.71% 0.60% — — 4.97% 3.54% — — 18.5% 11.0% — — 10.4% 5.12% — — 14.5% 8.82% — — 6.62% 4.07% — — 14.3% 7.22%

Compared with the initial results, all baselines equipped with IF exhibit consistently improved
performance, demonstrating obviously lower MSE/MAE across most of the datasets. This clearly
validates the effectiveness and generality of IF, indicating that decoding time series by implicitly
predicting and combining constituent components indeed leads to a more accurate forecast. Notably,
the performance gains are particularly pronounced on PEMS datasets, in which all models outperform
their original results with average decreased MSE and MAE of30.4% and18.2%. We attribute
these substantial improvements to IF's ability to directly access low-frequency waves and to perform
separated predictions over long short-term patterns, which facilitates forecasting time series that
are mixed with extreme �uctuations and rapid changes, such as PEMS. Furthermore, it is evident
from the table that the average improvement of IF in MSE is more signi�cant than that in MAE,
revealing that IF produces globally more precise forecasts, and predicting frequency components does
offer a more holistic view of the future series. Finally, the experimental results also imply that the
encoders of these models are actually capable of extracting useful information from the data, while
their original point-wise decoding schemes are insuf�cient to fully leverage the learned information.

4.2 Method Analysis

In this section, we further analyze the proposed Implicit Forecaster. For a fair comparison, all models
in the following experiments will adopt the same time series encoder: a standard Transformer encoder
with an inverted time series embedding [13].

Ablation study We gradually replace/adjust the proposed module/mechanism, thereby investigating
their contribution to the method's overall performance. We consider two ablations: 1) IF: we replace
IF with other decoders, including Linear forecaster that is common in recent works [4, 13, 20, 31],
MLP forecaster with the same nonlinear process and parameter amount as IF, and the traditional
Transformer decoder, 2) Skip-connection: to ensure that the strong performance of IF is not attributed

7



to its skip-connection, we test the effectiveness of the skip-connection, including disabling it (w/o)
and only using it (only, i.e., without using the time series encoder).

Table 2: Ablations of IF. This table presents
the standard Transformer's average performance
across various forecasting lengths when equipped
with different decoders.

Transformer Decoder

Replace IF Linear MLP Transformer

Metric MSE MAE MSE MAE MSE MAE MSE MAE
ETTh2 0.188 0.301 0.201 0.313 0.199 0.311 0.202 0.316

Exchange 0.286 0.384 0.411 0.442 0.428 0.448 0.412 0.454

ILI 2.387 1.018 2.689 1.107 2.486 1.040 3.504 1.282

PEMS08 0.103 0.209 0.184 0.272 0.198 0.278 0.167 0.272

Performance100% 100% 77.0% 88.0%77.3% 88.9%73.1% 84.0%

Table 3: Ablations of skip-connection. This
table details the impact of adjusting the skip-
connection in IF.

IF Skip-connection

Replace w/ Skip. w/o Skip. only Skip.

Metric MSE MAE MSE MAE MSE MAE
ETTh1 0.503 0.516 0.537 0.521 0.617 0.577

ECL 0.157 0.256 0.160 0.254 0.210 0.300

Weather 0.221 0.259 0.227 0.257 0.250 0.291

Solar 0.189 0.251 0.190 0.251 0.284 0.345

Performance100% 99.9% 97.2% 100% 77.8% 84.0%

From Table 2, we can clearly witness that changing IF to other decoders results in signi�cant
degradation of the model performance. This supports that when processing equivalent input from the
encoder, IF is considerably better at transforming high-level time series representations into more
precise forecasts, which underscores its substantial effectiveness. As a comparison, particularly on the
PEMS dataset, Linear forecaster performs much poorer than IF, revealing that point-wise prediction
can struggle in handling long-term patterns. Besides, MLP forecaster is still inferior to IF, which
implies that the superiority of IF is not own to nonlinear transformation, but rather to the success
of the pattern-separated forecasting method. Notably, the Transformer decoder performs the worst
among these forecasters, indicating conventional heavy decoder designs may be overly complicated
and thus susceptible to noise interference.

From the results in Table 3, the skip-connection in IF contributes effectively to some of the datasets, in
which disabling it only leads to a performance degradation of 2.8% in MSE, indicating its in�uential
but not decisive role in our method's strong performance. Besides, using only skip-connection also
shows good forecasting performance, proving that the frequency-domain information in the input
time series can associated with future observations, thus can provide effective features for forecasting.

Table 4: The computational cost of different forecast-
ers across various datasets. The results are measured
over the prediction length ofL = 96 for the PEMS08
dataset andL = 720 for the rest of the datasets.

Decoder IF Linear MLP Transformer

ETTh1
Speed (ms/iter) 14.12 12.11 11.45 14.44
Memory (GB) 0.241 0.190 0.217 0.251

ECL
Speed (ms/iter) 65.43 59.73 64.05 68.57
Memory (GB) 1.119 0.791 0.888 1.164

Weather
Speed (ms/iter) 19.23 17.51 17.76 20.43
Memory (GB) 0.388 0.328 0.352 0.406

PEMS08
Speed (ms/iter) 34.48 28.17 31.25 43.48
Memory (GB) 0.899 0.538 0.637 0.940

Computational ef�ciency We use the
standard big-O asymptotic notation for an-
alyzing the time complexity of IF. Accord-
ing to the symmetric properties in the fre-
quency domain described in Section 3.2,
for a frequency pool sizeP, there will be
3
2 P + 3 output neurons in IF used for mak-
ing predictions (P2 + 1 neurons for predict-
ing amplitudes, sine of phases and cosine of
phases, respectively). Therefore, the forward
pass complexity of IF is simply bounded by
O(P). However, after predicting frequency-
domain features, an iDFT is applied to re-
construct the time signal. The iDFT can be
implemented ef�ciently with a complexity
of O(P logP) using FFT-based algorithms. Combining both terms, the total time complexity of
IF is: prediction complexity+ iDFT complexity= O(P + P logP) = O(P logP). Conventional
point-wise forecasters, in contrast, predict future values independently at each time step, with distinct
output neurons corresponding to different time points. Hence, their overall computational complexity
is O(L). In experiments, we measured the training speed (ms/iter) and memory footprint (GB) of IF,
comparing its computational cost with other forecasters. The results are provided in Table 4, showing
that IF has a higher computational cost compared to simpler forecasters such as Linear or MLP, yet it
remains more ef�cient than the Transformer decoder, thus this additional cost does not represent a
signi�cant disadvantage.
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