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Abstract

Since its introduction, the transformer has shifted the devel-
opment trajectory away from traditional models (e.g., RNN,
MLP) in time series forecasting, which is attributed to its
ability to capture global dependencies within temporal to-
kens. Follow-up studies have largely involved altering the
tokenization and self-attention modules to better adapt Trans-
formers for addressing special challenges like non-stationarity,
channel-wise dependency, and variable correlation in time
series. However, we found that the expressive capability of se-
quence representation is a key factor influencing Transformer
performance in time forecasting after investigating several
representative methods, where there is an almost linear rela-
tionship between sequence representation entropy and mean
square error, with more diverse representations performing
better. In this paper, we propose a novel attention mechanism
with Sequence Complementors and prove feasible from an in-
formation theory perspective, where these learnable sequences
are able to provide complementary information beyond cur-
rent input to feed attention. We further enhance the Sequence
Complementors via a diversification loss that is theoretically
covered. The empirical evaluation of both long-term and short-
term forecasting has confirmed its superiority over the recent
state-of-the-art methods.

Introduction

Time series forecasting (TSF) plays a crucial role in vari-
ous domains, enabling the extraction of meaningful patterns
and the prediction of future events based on historical data.
It incubates a wide spectrum of applications, ranging from
financial risk assessment, weather forecasting, and energy
sustainability to healthcare (Wang et al. 2024b). Recently, the
introduction of transformers (Vaswani et al. 2017) has dramat-
ically shifted the trajectory of model designs for TSF largely
due to their ability to capture long-range dependencies.
Following this trend, numerous efforts have been devoted
to enhancing the architectural designs of transformer-based
TSF models (Zhou et al. 2021; Liu et al. 2021; Zhou et al.
2022; Wu et al. 2021; Liu et al. 2022b, 2024). Although they
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Figure 1: The vanilla self-attention mechanism v.s. the self-
attention mechanism with proposed learnable Sequence
Complementors, which serve as complementary se-
quences to the original input sequence (Left). The integration
of Sequence Complementors results in richer learned repre-
sentations and a better forecasting performance (Right).

have achieved satisfactory performance, their effectiveness
in TSF is empirically challenged even by simple linear mod-
els (Zeng et al. 2023; Lin et al. 2024). However, an in-depth
analysis of what limits the performance of transformers for
TSF is insufficient in the literature. This motivates us to in-
vestigate the fundamental limits of transformers for TSF in
both an empirical and theoretical way.

For this purpose, we first conduct a series of empirical
observations on four different types of transformers for TSF.
We observe that the learned latent representations in four
different types of transformers are not rich and generalizable
enough, measured by the rank and entropy of the learned
feature embeddings. Interestingly, we find that this has a
direct relationship with the performance of the TSF task:
more diverse and richer latent representations typically lead
to higher performance. We believe that this phenomenon is
likely due to the combination of limited training samples and
domain shifts in most TSF datasets.



Based on these empirical observations, the most direct so-
lution to enhance the performance of transformers for TSF
is to learn rich and generalizable representations. However,
this typically requires a larger scale dataset containing di-
verse samples (Bengio, Courville, and Vincent 2013; LeCun,
Bengio, and Hinton 2015), which is impractical for our tasks.
This inspires us to consider artificially enriching the dataset
by injecting a learnable sequence into the raw input sequence.
We term this mechanism as Sequence Complementor,
as it complements transformers to discover additional infor-
mation from the input sequence by interacting with the com-
plementary sequence in a self-attention (see Fig. 1). Although
this solution is simple, it has nice information-theoretic guar-
antees in lowering the bound of mean-squared error and
explicitly increasing the diversity of the learned latent repre-
sentations. To further enforce the learnable complementary
sequence to be diverse, we propose a diversification loss by
leveraging the volume maximization of sub-matrices. Our
extensive empirical evaluations across a variety of TSF tasks
demonstrate the effectiveness of the proposed method.

In summary, our contributions are threefold: (i) We demon-
strate a strong correlation between forecasting performance
and the learned representations of different transformer vari-
ants; (i) To this end, we propose a theoretically sound
Sequence Complementor to enrich the learned repre-
sentations of Transformer; (iii) We further propose a novel
loss to diversify the learnable Sequence Complementor from
a theoretical perspective.

Preliminaries

Without loss of generality, the multivariate time series
forecasting (MTSF) given historical observations X
{Z1,...,z7,} € RT»*N with T time steps and N
variates, the goal is to predict the future 7},,; time steps
Y {Zr, 11, &1 41, € RTewN We con-
sider transformer-based models with a general structure for
MTSF (Wu et al. 2021; Liu et al. 2022b; Nie et al. 2023):

fene foec

Zene Y, )

where we denote the feature of each sequence X after patchi-
fying as Z, € RL*Po_ with L and Dy being the number of
patchified sequences and the initial dimension of patches, re-
spectively. Zembed € REXP denotes the embedded patches.
Likewise, Z.,. € REXD denotes the latent feature learned
by the encoder, and Y denotes the final prediction. The en-
coder often involves several transformer blocks. It is worth
mentioning that early works (e.g., (Wu et al. 2021)) prefer to
utilize transformer blocks as the encoder, while recent works
(Nie et al. 2023) abandon transformer-based decoder and
prefer to directly apply a linear projector. In this sense, we
also consider the linear projector as encoder without the
loss of generalizability.

X f_p> ZO ferrbed) Zembed

The Analysis of Transformers in Time Series
Forecasting

The transformer usually suffers information redundancy,
which leads to a large number of neurons highly simi-
lar (Dalvi et al. 2020; Bhojanapalli et al. 2021; Dai et al.
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2020). Some works on network pruning studies typically ad-
dress the issue of avoiding computational resource waste by
considering the removal of neurons through channel shrink-
age (Zhao et al. 2019; Wen et al. 2016; Liu et al. 2017). Here,
we conjecture that there is a relationship between this infor-
mation redundancy and the performance of transformer-based
methods in MTSEF. To validate our hypothesis, we first select
several representative models, including the vanilla trans-
former, Autoformer (Wu et al. 2021), Non-stationary Trans-
former (Liu et al. 2022b), and PatchTST (Nie et al. 2023). Un-
der fair experimental conditions (Appendix C), we visualized
feature similarity by selecting the best-performing variant of
each model. Specifically, for each model, we calculated the
patch-wise similarity after the self-attention block, generat-
ing a feature similarity map for each model (Fig. 2(Left)). An
intriguing observation is that PatchTST, which exhibits rela-
tively lower feature correlation, consistently achieves better
performance (lower MSE scores). This suggests that models
with less information redundancy, or lower feature similarity
and higher diversity, tend to perform better. However, draw-
ing conclusions based solely on visual inspection of feature
correlation is insufficient. Here, we introduce two metrics
that are used to further analyze the relation between feature
diversity and performance (Z.,.): (i) the ratio of the domi-
nant singular values in Z.,,. and (ii) the entropy of features.
Given the singular values of Z,,. (i.e., {o1,09,..., - }),
the ratio of the dominant singular value is calculated as the
ration between the dominant singular values (o; > 0.1) and
the total number of singular values. Below, we discuss how
to compute entropy:

Definition 1. Let Z € R? be a random vector that follows
a multivariate Gaussian distribution with covariance matrix
3 € R4¥4, The Gaussian entropy of Z is defined as:
1 d

Hg(Z) = 3 log ((2me) det (X)) . 2)
Remark 1. The entropy can be estimated by a set of samples
Z = [z1,29,...,2,] € R4 where each z; is an n-
dimensional vector, the Gaussian entropy is computed as:

_ !

Hg(Z)

log <(27re)ddet <1ZTZ + EI)) , (3
2 n

where the covariance ¥ in Eq. 2 is approximated by
LS 22l = 1Z7Z. ¢ and I denote a very small num-
ber and identity matrix, respectively, which are used to avoid
non-trivial solutions. This approximation is adopted by (Ma
et al. 2007; Yu et al. 2020; Chen et al. 2024, 2025).

In this analysis, we employ the Gaussian entropy as a sur-
rogate estimation of the richness or diversity of Z.,., and
a higher entropy corresponds to a richer or more diverse
feature representation. We consider patches to come from
one sequence as a set of samples. The metrics are measured
when the network is well-trained. Our analysis result reveals
insights that a negative linear relationship between feature en-
tropy and the ratio of the dominant singular value with MSE
(refer to Fig. 2(Center,Right)). Specifically, higher feature
entropy and a greater ratio of the dominant singular value
generally correspond to better performance, as indicated by
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Figure 2: The analysis of transformers for time series forecasting: (a) the correlation of the learned latent representations from
the encoder (Z ), (b) the ratio of dominant singular value against MSE, and (c) the feature entropy against MSE.

lower MSE. In summary, the performance of transformers
in TSF is largely constrained by the lack of richness in the
learned latent representations, as they struggle to generalize
effectively to the domain shifts that are commonly encoun-
tered in TSF. In contrast, diverse feature representations typi-
cally contribute to better generalization (Bengio, Courville,
and Vincent 2013; LeCun, Bengio, and Hinton 2015), which
often leads to better performance in TSF tasks.

Sequence Complementor

Our empirical analysis suggests that the key to enhancing the
transformer’s performance in time series forecasting revolves
around learning rich feature representations. In this section,
we answer this question with the proposed sequence com-
plementor, which involves adding learnable complementary
sequences to a raw time-sequence input. Although the pro-
posed method is simple, it is surprisingly effective and has
nice theoretical guarantees.

Learnable Complementary Sequence

The most effective way to learn rich feature representations
is to train the model on more samples (Bengio, Courville,
and Vincent 2013; LeCun, Bengio, and Hinton 2015; Sun
et al. 2017). However, this is not always feasible for TSF
in practice, where we typically have a variety of TSF tasks,
each of which contains only limited samples. An intuitive
idea for this challenge is to improve the diversity of the raw
input time sequence. To this end, we propose a learnable
complementary sequence that adds an additional learnable
sequence to the raw input sequence to enhance its diversity.
The implementation of the proposed learnable complemen-
tary sequence is straightforward. Following the definition
of the transformer in Eq. 1, we concatenate &K number of
learnable sequences S to the feature embeddings Z:

Zo € RETE)IXP concat(Zy, S), )

where concat (-, -) denotes concatenation operation, and L.
and P denotes the number of patches for each channel and
patchified sequence length, respectively. Since S is learnable,
adding S directly to Z is more straightforward than adding
it to the raw input sequence X . Although this process can be
model-agnostic and seamlessly integrated into most current
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TSF transformers, the detailed implementation can vary from
model to model (e.g., different patchifying strategies will
result in different numbers of tokens). As a proof of concept,
we consider the patchifying strategy outlined in (Nie et al.
2023) as an example in this paper. This will result in L, =
(Tin — P)/S + 2 number of patches, where S denotes the
stride used for patchifying.

We then add one more embedding layer to project Z to
an embedding feature Z.,,,peq, Which is commonly used in
many transformer design (Vaswani et al. 2017):

Zembed S R(LC+K)XD — flinear(ZO)v (5)
where D denotes the embedding dimensions. It is noteworthy

that the positional encoding f,,s is only applied to patches
from X to preserve the relations of original positions:

Zembed[5 LC] A fPOS(Zembed[: Lc]) + Zembed[: Lc],
(6)
Zembed = Concat(ZE’MbEd[: Lc]v Zembed[Lc + 1 ])

Then, we can feed Z.,,peq to the transformer blocks of the
encoder f.,. to obtain latent representations Z ,.:

Zenc S R(LC+K)XD — fenc(Zembed>- (7)

We want to reiterate that we do not intend to modify the
original network architecture and also to reduce the com-
putation overhead, we only use the patches from the origi-
nal sequence for the subsequent operations. Since there is
enough interaction among complementary patches and origi-
nal patches through a self-attention mechanism, there would
not be substantial information loss if we abandon comple-
mentary patches here. For simplicity, we here only show the
self-attention mechanism on the last transformer block from

the encoder to reveal this fact:
) V’
Q = Zembed[: LC]WQa
K = [Zembed[: Lc]a Zembed[Lc +1 :HWK7
V= [Zembed[5 LCL Zembed[Lc +1 ”WV

where W, W, Wy, are learnable parameters. Then the
subsequent operations is presented as,

Y = reshape(faec(Zene|: Le)).

T

®

QK
Z enel: L] = softmax
b Lel ( Vi

©))



Complexity analysis. Adding complementary sequences
will not introduce a huge computation overhead in self-
attention. Specifically, this process increases the computa-
tional complexity from O((L?) to O((L.+ K)(L.+ K)) ~
O(L? + K?). Additionally, the number of newly introduced
parameters is negligible- only K x P for each channel, where
k and P are often small (e.g. K = 3, P = 16). Hence, the
overall newly introduced computational and memory com-
plexity is acceptable.

Theoretical Justification

Below, we justify this joint from an information-theoretic
perspective.

Justification 1. We first note that including the sequence
complementors has the potential to result in a richer represen-
tation. This is because it can increase the entropy H (Z.,..):

H(Zene) < H(Zepe, S). (10)

Proof. Please refer to Appendix A. O

As suggested by previous observations, a higher entropy
H(Z.,.) indicates diverse feature representations, which
shows a strong relationship to forecasting performance.

Justification 2. We then note that a richer representation
H(Z.,.) can potentially lead to a lower forecasting error.
Here, we first show the relations between MSE and the con-
ditional uncertainty H(Y | Z cpc),

Lemma 1. Under Gaussian assumption, the minimum
mean-squared error (MMSE), is bounded by,

exp2H (Y |Z cne)

MMSE > (11)

2me

Here, H (-|-) denotes the conditional entropy.

Proof. Please refer to Appendix A. O

Remark 2. Lemma 1 is supported by our earlier observations
that diverse and rich latent representations (Z.,,.) generally
result in a lower MSE. This reduction in MSE stems from a
decrease in conditional entropy H (Y |Z ¢y, ), which reduces
the uncertainty of Y given Z.,,..

Therefore, by adding the complementary sequence, we
may proactively lead to a lower conditional entropy,

Theorem 1. The integration of the proposed comple-
mentary sequence lowers the bound of MMSE:

H(Y|Zene,S) < H(Y |Zene). 12)

Proof. Please refer to Appendix A. O

These two justifications converge to our intuitive obser-
vations, where the entropy H (Z.,.) denotes the amount of
knowledge we know and conditional entropy H(Y|Z.,.)
presents the uncertainty about Y after knowing Z.,,..
Adding more information to the system, in this case, through
complementary sequences, enriches our knowledge about Y,
and hence potentially leads to improved performance.
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Diversified Complementary Sequence

We can further diversify or orthogonalize the learnable com-
plementary sequence to enforce them to inject more infor-
mation. Although it is easy to initialize the Sequence Com-
plementors from a set of orthogonal bases, they may not
necessarily be orthogonal during network optimization. As a
consequence, they are likely to converge to a trivial solution
where all complementary sequences are highly similar or
identical. To tackle this issue, we propose a diversification
loss to diversify the complementary sequences by leveraging
the volume maximization of sub-matrices (Kulesza, Taskar
et al. 2012; Petit, Roumy, and Maugey 2023). Different from
their problems, which try to find an optimized set of indices
that maximizes the volume (i.e., a discrete optimization), we
propose a differentiable loss that can be learned through back-
propagation with any automatic differentiation framework.

Definition 2. For given Sequence Complementors S &€

REXP the volume is defined as,
K

vol(S) = [ (es)i, (13)
i1

where (0g); is the i-th largest non-zero singular value of S.

Theorem 2. IfV||S;|| = 1,7 € [K] holds, maximizing
vol(S) results in S; L. S, forall Vi # j, 4, j € [K].

Proof. This can be proven via the arithmetic mean-geometric
mean (AM-GM) inequality. Please refer to Appendix A. [

Learning objective. To avoid the product being an arbitrar-
ily large number that burdens the computation, we take the
logarithm to vol(S'), which leads to the proposed diversifica-
tion loss L4 for learning complementary sequence:

K
Lacs(8) = =) 2log((0s)i +¢), stV|[S] =1,

where € is a very small number to avoid the logarithmic opera-
tion being negative infinite, and apparently a smaller £;.5(S)
denotes a larger volume. Computing this loss only requires
O(K?P) due to the SVD decomposition, which is negligible.
We compute the diversification loss independently for each
channel in parallel to minimize the computational cost. The
overall objective function is a weighted combination of MSE
loss and the proposed diversification loss:

ﬁobj = Emse(Y, Y) + AdcsﬁdCs(S),

where A\4.s > 0 is the balance weight. This is a tunable hyper-
parameter and we set it to 0.1 for all experiments. The overall
algorithmic summary is presented in Appendix C.

(14)

Experiments and Results

Experimental setup. We evaluate our proposed architecture
on both long-term forecasting task and short-term fore-
casting task with 8 datasets and 6 datasets, respectively. It is
worth mentioning that each dataset in the long-term setting



Model Ours iTransformer Rlinear PatchTST Crossformer TimesNet Dlinear SCINet FEDformer Stationary
Metric MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

96 0.321 0.359 | 0.334 0.368 | 0.355 0.376 | 0.329 0.367 | 0.404 0.426 | 0.338 0.375 | 0.345 0.372|0.418 0.438 | 0.379 0.419 | 0.386 0.398
T 192 0.362 0.386 | 0.377 0.391 | 0.391 0.392 | 0.367 0.385| 0.450 0.451 | 0.374 0.387 | 0.380 0.389 | 0.439 0.450 | 0.426 0.441 | 0.459 0.444
E 336 0.393 0.406 | 0.426 0.420 | 0.424 0415 | 0.399 0.410| 0.532 0.515 | 0.410 0.411 | 0.413 0.413 | 0490 0.485 | 0.445 0.459 | 0.495 0.464
m 720 0.450 0.442 | 0.491 0.459 | 0.487 0.450 | 0.454 0.439 | 0.666 0.589 | 0.478 0.450 | 0.474 0.453 | 0.595 0.550 | 0.543 0.490 | 0.585 0.516
Avg. 0.381 0.398 | 0.407 0.410 | 0.414 0.408 | 0.387 0.400 | 0.513 0.496 | 0.400 0.406 | 0.403 0.407 | 0.485 0.481 | 0.448 0.452 | 0.481 0.456
96 0.172  0.256 | 0.180 0.264 | 0.182 0.265 | 0.175 0.259 | 0.287 0.366 | 0.187 0.267 | 0.193 0.292 | 0.286 0.377 | 0.203 0.287 | 0.192 0.274
%‘ 192 0.236  0.299 | 0.250 0.309 | 0.246 0.304 | 0.241 0.302 | 0.414 0.492 | 0.249 0.309 | 0.284 0.362 | 0.399 0.445 | 0.269 0.328 | 0.280 0.339
E 336 0.298 0.339 | 0.311 0.348 | 0.307 0.342 | 0.305 0.343 | 0.597 0.542 | 0.321 0.351 | 0.369 0.427 | 0.637 0.591 | 0.325 0.366 | 0.334 0.361
m 720 0.395 0.397 | 0.412 0.407 | 0407 0.398 | 0.402 0.400 | 1.730 1.042 | 0.408 0.403 | 0.554 0.522|0.960 0.735 | 0.421 0.415| 0.417 0.413
Avg. 0.275 0.323 | 0.288 0.332 | 0.286 0.327 | 0.281 0.326 | 0.757 0.610 | 0.291 0.333 | 0.350 0.401 | 0.571 0.537 | 0.305 0.349 | 0.306 0.347
96 0.375 0.394 | 0.386 0.405 | 0.386 0.395 | 0.414 0.419 | 0423 0.448 | 0.384 0.402 | 0.386 0.400 | 0.654 0.599 | 0.376 0.419 | 0.513 0.491
= 192 0.423 0425 | 0.441 0.436 | 0437 0.424 | 0.460 0.445 | 0471 0474 | 0.436 0.429 | 0.437 0.432|0.719 0.631 | 0.420 0.448 | 0.534 0.504
E 336 0.457 0.448 | 0.487 0.458 | 0479 0.446 | 0.501 0.466 | 0.570 0.546 | 0.491 0.469 | 0.481 0.459|0.778 0.659 | 0.459 0.465 | 0.588 0.535
=720 0.462 0472 | 0503 0.491 | 0.481 0.470 | 0.500 0.488 | 0.653 0.621 | 0.521 0.500 | 0.519 0.516 | 0.836 0.699 | 0.506 0.507 | 0.643 0.616
Avg. 0.429 0435 | 0454 0.448 | 0446 0.434 | 0.469 0.454 | 0.529 0.522 | 0.458 0.450 | 0.456 0.452|0.747 0.647 | 0.440 0.460 | 0.570 0.537
96 0.283 0.337 | 0297 0.349 | 0.288 0.338 | 0.302 0.348 | 0.745 0.584 | 0.340 0.374 | 0.333 0.387 | 0.707 0.621 | 0.358 0.397 | 0.476 0.458
Q192 0.362 0.388 | 0.380 0.400 | 0.374 0.390 | 0.388 0.400 | 0.877 0.656 | 0.402 0.414 | 0.477 0.476 | 0.860 0.689 | 0.429 0.439 | 0.512 0.493
ﬁ 336 0.408 0.425| 0.428 0432 | 0415 0426 | 0426 0.433 | 1.043 0.731 | 0.452 0.452 | 0.594 0.541 | 1.000 0.744 | 0.496 0.487 | 0.552 0.551
=720 0.419 0441 | 0.427 0.445 | 0420 0.440 | 0431 0.446 | 1.104 0.763 | 0.462 0.468 | 0.831 0.657 | 1.249 0.838 | 0.463 0.474 | 0.562 0.560
Avg. 0.368 0.398 | 0.383 0.407 | 0.374 0.399 | 0.387 0.407 | 0.942 0.684 | 0.414 0.427 | 0.559 0.515|0.954 0.723 | 0.437 0.449 | 0.526 0.516
96 0.156 0.252 | 0.148 0.240 | 0.201 0.281 | 0.181 0.270 | 0.219 0.314 | 0.168 0.272 | 0.197 0.282 | 0.247 0.345| 0.193 0.308 | 0.169 0.273
o 192 0.175 0.269 | 0.162 0.253 | 0.201 0.283 | 0.188 0.274 | 0.231 0.322 | 0.184 0.289 | 0.196 0.285| 0.257 0.355 | 0.201 0.315 | 0.182 0.286
8 336 0.190 0.284 | 0.178 0.269 | 0.215 0.298 | 0.204 0.293 | 0.246 0.337 | 0.198 0.300 | 0.209 0.301 | 0.269 0.369 | 0.214 0.329 | 0.200 0.304
720 0.246 0.324 | 0.225 0.317 | 0.257 0.331 | 0.246 0.324 | 0.280 0.363 | 0.220 0.320 | 0.245 0.333 [ 0.299 0.390 | 0.246 0.355 | 0.222 0.321
Avg. 0.192  0.282 | 0.178 0.270 | 0.219 0.298 | 0.205 0.290 | 0.244 0.334 | 0.192 0.295 | 0.212 0.300 | 0.268 0.365 | 0.214 0.327 | 0.193 0.296
o 96 0.082 0.200 | 0.086 0.206 | 0.093 0.217 | 0.088 0.205| 0.256 0.367 | 0.107 0.234 | 0.088 0.218 | 0.267 0.396 | 0.148 0.278 | 0.111 0.237
2 192 0.175 0.297 | 0.177 0.299 | 0.184 0.307 | 0.176 0.299 | 0.470 0.509 | 0.226 0.344 | 0.176 0.315|0.351 0.459 | 0.271 0.315| 0.219 0.335
J:: 336 0.325 0.413] 0331 0.419 | 0.351 0.432 | 0.301 0.397 | 1.268 0.883 | 0.367 0.448 | 0.313 0.427 | 1.324 0.853 | 0.460 0.427 | 0.421 0.476
g 720 0.840 0.690 | 0.847 0.691 | 0.886 0.714 | 0.901 0.714 | 1.767 1.068 | 0.964 0.746 | 0.839 0.695 | 1.058 0.797 | 1.195 0.695 | 1.092 0.769
Avg. 0.356  0.400 | 0.360 0.404 | 0.378 0.417 | 0.367 0.404 | 0.940 0.707 | 0.416 0.443 | 0.354 0.414 | 0.750 0.626 | 0.519 0.429 | 0.461 0.454
96 0.455 0291 | 0.395 0.268 | 0.649 0.389 | 0.462 0.295 | 0.522 0.290 | 0.593 0.321 | 0.650 0.396 | 0.788 0.499 | 0.587 0.366 | 0.612 0.338
g 192 0.460 0.291 | 0.417 0.276 | 0.601 0.366 | 0.466 0.296 | 0.530 0.293 | 0.617 0.336 | 0.598 0.370 | 0.789 0.505 | 0.604 0.373 | 0.613 0.340
s 336 0.473  0.302 | 0.433 0.283 | 0.609 0.369 | 0.482 0.304 | 0.558 0.305 | 0.629 0.336 | 0.605 0.373|0.797 0.508 | 0.621 0.383 | 0.618 0.328
=720 0.500 0.321 | 0.467 0.302 | 0.647 0.387 | 0.514 0.322 | 0.589 0.328 | 0.640 0.350 | 0.645 0.394 | 0.841 0.523 | 0.626 0.382 | 0.653 0.355
Avg. 0.472  0.301 | 0.428 0.282 | 0.627 0.378 | 0.481 0.304 | 0.550 0.304 | 0.620 0.336 | 0.625 0.383 | 0.804 0.509 | 0.610 0.376 | 0.624 0.340
g 96 0.159 0.206 | 0.174 0.214 | 0.192 0.232 | 0.177 0.218 | 0.158 0.230 | 0.172 0.220 | 0.196 0.255| 0.221 0.306 | 0.217 0.296 | 0.173 0.223
2 192 0.205 0.249 | 0.221 0.254 | 0.240 0.271 | 0.225 0.259 | 0.206 0.277 | 0.219 0.261 | 0.237 0.296 | 0.261 0.340 | 0.276 0.336 | 0.245 0.285
s 336 0.263 0.291 | 0.278 0.296 | 0.292 0.307 | 0.278 0.297 | 0.272 0.335 | 0.280 0.306 | 0.283 0.335| 0.309 0.378 | 0.339 0.380 | 0.321 0.338
=z 720 0.344 0.345 | 0358 0.347 | 0.364 0.353 | 0.354 0.348 | 0.398 0.418 | 0.365 0.359 | 0.345 0.381 | 0.377 0.427 | 0.403 0.428 | 0.414 0.410
Avg. 0.243 0.273 | 0.258 0.278 | 0.272 0.291 | 0.259 0.281 | 0.259 0.315 | 0.259 0.287 | 0.265 0.317 | 0.292 0.363 | 0.309 0.360 | 0.288 0.314
First Count 47 19 5 4 1 1 2 0 1 0

Table 1: The results of multivariate long-term time series forecasting. We fix the look-back window length to 96 for all methods,
and the forecast horizons are set as {96, 192, 336, 720}. We highlight the best results in bold and the second-best results with
underlining. Avg. denotes the average results from all four prediction lengths. All reported results are averaged over 5 runs.

Models Ours Rlinear PatchTST Crossformer FEDformer TimesNet DLinear SCINet FEDformer Stationary Autoformer
SMAPE 13.185 13.994 13.258 13.392 13.728 13.387 16,965  13.717 13.728 13.717 13.974
Year MASE 2955 3.015 2.985 3.001 3.048 2.996 4.283 3.076 3.048 3.078 3.134
OWA 0.775  0.807 0.781 0.787 0.803 0.786 1.058 0.807 0.803 0.807 0.822
SMAPE 9.989 10.702 10.179 16.317 10.792 10.1 12,145 10.845 10.792 10.958 11.338
Quarterly MASE 1.17 1.299 1.212 2.197 1.283 1.182 1.52 1.295 1.283 1.325 1.365
OWA 0.88  0.959 0.904 1.542 0.958 0.89 1.106 0.965 0.958 0.981 1.012
SMAPE 12453 13.363 12.641 12.924 14.26 12.67 13.514  13.208 14.26 13.917 13.958
Monthly MASE 0913  1.014 0.93 0.966 1.102 0.933 1.037 0.999 1.102 1.097 1.103
OWA 0.861  0.94 .876 0.902 1.012 0.878 0.956 0.928 1.012 0.998 1.002
SMAPE 4.565 5.437 4.946 5.439 4.954 4.891 6.709 5.432 4.954 6.302 5.458
Others MASE  3.144  3.706 2.985 3.69 3.264 3.302 4.953 3.583 3.264 4.064 3.865
OWA 0976 1.157 1.044 1.16 1.036 1.035 1.487 1.136 1.036 1.304 1.187
Weighted SMAPE 11636 12.473 11.807 13.474 12.84 11.829 13.639  12.369 12.84 12.78 12.909
Avegra . MASE 1.556  1.677 1.59 1.866 1.701 1.585 2.095 1.677 1.701 1.756 1.771
¢ owA 0.836  0.898 0.851 0.985 0.918 0.851 0.851 0.894 0.918 0.93 0.939

First Count 14 0 1 0 0 0 0 0 0 0 0

Table 2: The results of multivariate short-term time series forecasting. We highlight the best results in bold and the second-best
results with underlining. All reported results are averaged over 5 runs. For the details of the metrics, please refer to Appendix D.

only contains one continuous time series, and the samples different time series collected in different frequencies, which
are obtained by sliding window, while M4 involves 100,000 makes the forecasting on M4 become challenging (Wu et al.
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2023). The metrics we chose adhere (Wu et al. 2023). The
lower value implies a better performance for all metrics.
Please refer to Appendix B for details of the datasets and
metrics.

Following (Wu et al. 2023; Liu et al. 2024), we fix the
look-back window length to 96, and the forecast horizons
are set as {96, 192,336, 720}. We include multiple recent
transformer-based methods for long-term forecasting, such
as PatchTST (Nie et al. 2023), iTransformer (Liu et al. 2024),
Crossformer (Zhang and Yan 2023), Fedformer (Zhou et al.
2022), Autoformer (Wu et al. 2021), Non-stationary Trans-
former (Liu et al. 2022b). We also include recent models
with other architecture, such as TimesNet (Wu et al. 2023),
RLinear (Li et al. 2023), DLinear (Zeng et al. 2023), and
SCINet (Liu et al. 2022a). Since iTransformer is designed for
learning cross-variate information, while short-term forecast-
ing is univariate, hence we do not intend to include it in the
comparison for short-term forecasting. In the implementation
of our method, we use Adam optimizer (Kingma and Ba
2014) and fix the learning rate to 0.0001. The number of the
complementors is fixed at 3. Please refer to Appendix C for
more details of the implementation. All results are reported
over an average of 5 runs. The standard deviation and run-
ning time are reported in Appendix D, which confirms the
robustness and efficiency of our method.

Main Results on Long-term Forecasting. The quantitative
results of the long-term time series forecasting are shown in
Table 1. The results demonstrate that the proposed model out-
performs all other competing methods across most datasets
and secures first place 47 times. In most other cases, our
method can achieve second place, such as on ECL and
Traffic datasets. In comparison, the second-best method
(i.e., iTransformer) achieves first place 19 times. Remark-
ably, Our method shows a significant improvement over
PatchTST(2023) and wins it above 42 times across differ-
ent settings and metrics. All of these results confirm the
superiority of our method for long-term time series forecast-
ing. The exemplary qualitative forecasting results are shown
in Fig. 4, where our method shows close coherence to the
ground truth with minimal error, whereas some transform-
ers (e.g., Non-stationary transformer and Crossformer) show
disastrous alignment to the ground truth. We have additional
visualization in Appendix D. Please also refer to Appendix
D for the results on ILI dataset.

Main Results on Short-term Forecasting. The quantitative
results for the short-term time series forecasting are shown
in Table 2. Different from the long-term forecasting tasks,
the short-term forecasting tasks exhibit more temporal varia-
tions, as they are collected from different sources. The pro-
posed still demonstrates superior performance on short-term
forecasting tasks across different settings compared to other
competing methods. Notably, our method secures the best
performance 14 times out of all 15 settings. This suggests
that the proposed method is even more effective on datasets
with more temporal heterogeneity.

Analysis
Effectiveness of Sequence Complementors. We conduct the
ablation analysis on Exchange, Weather, ETTm1, and ETTh1
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datasets, where the baseline is PatchTST. As shown in Fig. 3,
it is evident that adding complementary sequences reduces
the forecasting errors. Though there is some variability in
performance when using a different number of complemen-
tary sequences (K), the improvement becomes substantial
when K > 3. Therefore, we fix the number to 3 in our main
experiments. For a Wilcoxon signed-rank test, please see
Appendix D.

Effectiveness of Diversification. We conduct the ablations
on the diversification loss when K > 3, as it is meaningless
to diversify only one complementary sequence. As shown
in Fig. 3, our model can benefit from this diversification
loss with an additional reduction in forecasting error. We
provide the similarity matrix for the learned complementary
sequences with/without diversification loss in Appendix D.
Case Study on Training Dynamics. We conduct a case study
on how the richness of the latent representations evolves
during training (see Fig. 5). We observe that as training
progresses, the richness of the learned representations in-
creases, indicating that the model is learning more complex
and diverse features. The curve might plateau once the model
reaches a certain level of feature richness, suggesting conver-
gence in feature learning. The main observation is that our
model can consistently learn richer representations than the
baseline and translate them to a lower forecasting error with-
out slowing the model convergence. This again highlights the
effectiveness of complementary sequences.

Case Study on iTransformer. We conduct a case study on
iTransformer to show that our method can also be applied
to other transformers. Though iTransformer has achieved
good performance for long-term time series forecasting tasks
(see Table 1), its performance is further boosted after inte-
grating the proposed Sequence Complementor (see Table 3).
In particular, the integration of Sequence Complementor re-
sults in an average reduction of MSE and MAE by 2.4% and
1.22%, respectively. The larger reduction rate of MSE over
MAE matches our theoretical analysis that the integration
of Sequence Complementor is likely to lower the bound of
MSE (Theorem 1). We also observe that the learned repre-
sentations are enriched after the integration of our method
into iTransoformer (for details, see Appendix D). These re-
sults suggest that the effectiveness of the proposed method is
model-agnostic.

Related Work

Despite there being other pillars of models in time series
forecasting, transformers have been one of the main streams
since its introduction. This is because the self-attention in
transformers is effective in capturing long-term temporal de-
pendencies and complex multivariate correlations compared
to other competing models, such as RNNs (Lai et al. 2018; Pa-
tro and Agneeswaran 2024), MLPs (Chen et al. 2023; Wang
et al. 2024a), and CNNs (Wu et al. 2023; donghao and wang
xue 2024; Liu et al. 2022a; Wu et al. 2023). However, the di-
rect adoption of vanilla transformers faces several challenges
in TSF, such as inadequate tokenization of time series se-
quences, inefficient processing of long sequences, difficulties
in series rationalization, and insufficient modeling of vari-
able and channel mutual information. To address these, many
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Figure 5: The comparison of training dynamics with and
without Sequence Complementors.

Dataset ETTm1 ETTm2 ETThl
Metric MSE MAE MSE MAE MSE MAE
iTransformer | 0.407 041 0.288 0.332 0.454 0.447
+ Seq. Comp. 0.393 0.402 0.285 0.329 0.443 0.441
Reduction (%) | 3.5% 2.0% 09% 08% 2.5% 14%
Dataset ETTh2 Exchange Weather
Metric MSE MAE MSE MAE MSE MAE
iTransformer | 0.383 0.407 036 0.403 0.258 0.278
+ Seq. Comp. 0.376 0.403 0.346 0.398 0.254 0.276
Reduction (%) | 1.9% 11% 38% 13% 17% 0.7%

Table 3: The case study on iTransformer, where we add 3
complementary sequences to the patchified features in iTrans-
former. The performance is averaged over four prediction
lengths. Please refer to Appendix D for full results.

follow-up variants have been introduced for TSF. PatchTST
(Nie et al. 2023) addresses these problems by segmenting
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each channel/univariate time sequence into sub-level patchi-
fied sequences, designing a tokenization module inspired by
ViT (Dosovitskiy et al. 2020). iTransformer (Liu et al. 2024)
and Crossformer (Zhang and Yan 2023) further redesign the
self-attention and feed-forward network to better capture
cross-variate dependencies. Non-stationary Transformer (Liu
et al. 2022b) introduces a simple yet effective self-attention
for time-series stationarization, enhancing predictive capabil-
ity for non-stationary series without adding extra parameters.
Fedformer (Zhou et al. 2022) and Autoformer (Wu et al.
2021) introduce frequency-enhanced and auto-correlation de-
composition into vanilla transformers to efficiently handle
the long-range time series with complex patterns.

Although empirical studies such as (Zeng et al. 2023) have
questioned the effectiveness of transformers in TSF, we hold
the view that self-attention has untapped potentials for time
series forecasting due to the modeling of long-range depen-
dencies. Our investigation suggests that the limitations of
transformers in TSF stem from their inability to learn rich
and generalizable feature representations with limited data.
To address this, we propose diversified complementary se-
quences rather than altering architectural designs, as seen
in (Nie et al. 2023; Zhang and Yan 2023; Liu et al. 2024,
2022b; Zhou et al. 2022; Wu et al. 2021). Our method is
orthogonal and can be integrated with these previous models.

Conclusion

In this paper, we investigate the potential reason that leads
transformer-based methods with various performances. First,
we conduct experiments on multiple recent transformer-based
methods and measure the richness of their representation by
rank measures and an information-theoretical measure. We
show the interesting finding that a richer representation can
often translate to a better forecasting performance. Based on
this finding and guided by information-theoretical knowledge,
we propose the Sequence Complementors, which can
enhance the representation and be seamlessly integrated into
the Transformer-based framework. To further strengthen the
complementors, we propose a differentiable volume maxi-
mization loss. The empirical results on 8 long-term forecast-
ing datasets and 6 short-term forecasting datasets confirm
the superiority of our proposed method. We hope this work
provides new insights into understanding and designing trans-
formers for time series forecasting.
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