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Abstract

Long-term Time Series Forecasting is crucial across numer-
ous critical domains, yet its accuracy remains fundamen-
tally constrained by the receptive field bottleneck in exist-
ing models. Mainstream Transformer- and Multi-layer Per-
ceptron (MLP)-based methods mainly rely on finite look-
back windows, limiting their ability to model long-term de-
pendencies and hurting forecasting performance. Naively ex-
tending the look-back window proves ineffective, as it not
only introduces prohibitive computational complexity, but
also drowns vital long-term dependencies in historical noise.
To address these challenges, we propose CometNet, a novel
Contextual Motif-guided Long-term Time Series Forecasting
framework. CometNet first introduces a Contextual Motif Ex-
traction module that identifies recurrent, dominant contextual
motifs from complex historical sequences, providing exten-
sive temporal dependencies far exceeding limited look-back
windows; Subsequently, a Motif-guided Forecasting module
is proposed, which integrates the extracted dominant motifs
into forecasting. By dynamically mapping the look-back win-
dow to its relevant motifs, CometNet effectively harnesses
their contextual information to strengthen long-term fore-
casting capability. Extensive experimental results on eight
real-world datasets have demonstrated that CometNet signif-
icantly outperforms current state-of-the-art (SOTA) methods,
particularly on extended forecast horizons.

Extended version — http://arxiv.org/abs/2511.08049

Introduction

Time series forecasting (TSF) is a fundamental task in
modern data science, driving critical decisions in domains
ranging from meteorology (Bi et al. 2023), energy man-
agement (Balkanski et al. 2023) to transportation (Fang
et al. 2025) and finance (Arsenault, Wang, and Patenaude
2025). With technological advancements, TSF methodolo-
gies have evolved from traditional statistical models (Ariyo,
Adewumi, and Ayo 2014; Bahdanau, Cho, and Bengio
2015) to sophisticated deep learning architectures, includ-
ing Transformers (Zhang and Yan 2023; Nie et al. 2023) and
MLPs (Das et al. 2023; Tang and Zhang 2025). However,
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Figure 1: The Receptive Field Bottleneck in LTSF.

achieving accurate and robust long-term time series fore-
casting (LTSF) remains a persistent and formidable chal-
lenge.

While recent advances have introduced powerful models
such as PatchTST (Nie et al. 2023), iTransformer (Liu et al.
2024) and TimeMixer++ (Wang et al. 2025a), they suffer
from a fundamental architectural constraint: the Receptive
Field Bottleneck. Specifically, contemporary models typ-
ically operate within finite-length look-back windows, at-
tempting to predict future sequences from this limited tem-
poral context (Wu et al. 2023; Chen et al. 2025). This de-
sign inherently fragments continuous time series into dis-
crete, context-independent segments, thereby limiting the
models’ ability to learn long-term dependencies beyond the
restricted look-back window (Zeng et al. 2023). Although
sliding windows theoretically traverse the entire time series
during training, gradient backpropagation remains confined
within individual windows (Kang et al. 2024), preventing
differentiable learning of long-term dependencies. Conse-
quently, this bottleneck leads to severe performance degra-
dation, as Fig. 1a shows, with a limited look-back window
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Figure 2: An example of a contextual motfi and its recurring instances in ETTm1 dataset.

(L = 96), the models exhibit substantially growing predic-
tion errors as the forecast horizon extends.

An intuitive approach is to extend the look-back win-
dow, enabling models to capture longer-range dependen-
cies. While Fig. 1b confirms that enlarged windows yield
improved prediction performance, it also suffers from ex-
ponential growth in computational complexity and training
time (Tan et al. 2024). Moreover, overly extended look-back
windows can drown out meaningful temporal dependencies
within irrelevant historical noise, leading to diminishing re-
turns or even performance degradation (Zeng et al. 2023).
Although the recent approach like Batched Spectral Atten-
tion (BSA) (Kang et al. 2024) enhances long-term depen-
dency modeling by preserving cross-sample temporal cor-
relations, it still struggles to capture meaningful temporal
dependencies across thousands of time steps.

Fortunately, the evolution of real-world time series is not
disordered. Instead, it is often governed by some recurring,
representative long-context patterns (Huang, Chen, and Qiao
2024) that we term contextual motifs. As illustrated in Fig. 2,
these motifs can span thousands of time steps and reap-
pear at distant points in the series, while maintaining similar
temporal patterns. Their extended temporal horizons encode
rich contextual information, like factory production cycles
or seasonal climate shifts, which is vital for understanding
long-term dynamics. Building on this insight, we argue that
these contextual motifs are key to transcending the limita-
tions of local look-back windows. By discovering and lever-
aging these motifs, we can provide the long-term temporal
dependencies needed for long-term forecasting.

To operationalize this insight, we propose CometNet, a
novel COntextual Motif-guided NETwork for Long-term
Time Series Forecasting. CometNet introduces a new fore-
casting paradigm that integrates contextual motifs into the
forecasting process, enabling accurate long-term predic-
tions. The framework operates through two core modules.
First, a Contextual Motif Extraction module is designed
to analyze the entire historical time series and establish a
comprehensive library of dominant contextual motifs. Sec-
ond, we further develop a Motif-guided Forecasting mod-
ule that dynamically identify look-back window’s most rel-
evant motif from the pre-established library and uses it to
inform the prediction of the distant future. By doing so, our
model effectively circumvents the receptive field bottleneck,
grounding its predictions not just on the limited look-back
window, but also on rich long-term contextual information
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covered by the dominant motifs. The main contributions of
this paper are summarized as follows:

* We propose CometNet, a novel contextual motif-guided
network for long-term time series forecasting that lever-
ages contextual motifs to overcome the receptive field
bottleneck.

We design an efficient contextual motif extraction mod-
ule that systematically analyzes historical time series to
establish a comprehensive library comprising dominant
contextual motifs.

We develop a motif-guided forecasting module that
leverages our pre-established motif library to inform fu-
ture predictions.

Comprehensive experiments have been conducted across
a broad spectrum of LTSF benchmarks, demonstrating
the superiority of ComtNET over current SOTA methods.

Related Work

In recent years, significant progress in LTSF has been
predominantly driven by advancements in deep learning,
with Transformer-based architectures and MLP-based mod-
els emerging as the two predominant paradigms in the field.

Transformer-based Methods

The Transformer architecture, with its powerful attention
mechanism, has been extensively adapted for modeling tem-
poral dependencies. With early variants like Reformer (Ki-
taev, Kaiser, and Levskaya 2020) and Informer (Zhou et al.
2021) focused on tackling the critical issue of quadratic
complexity. To better capture complex dependencies, recent
prominent works have moved beyond standard attention, ex-
ploring alternative structures to model dependencies. For ex-
ample, Autoformer (Chen et al. 2021) captures more ro-
bust temporal patterns by embedding series decomposition
within its attention mechanism, while Fedformer (Zhou et al.
2022) leverage frequency-domain analysis for capturing pe-
riodic characteristics. A pivotal advancement came with
PatchTST (Nie et al. 2023), which introduced a channel-
independent patching mechanism. This approach segments
each time series variable into patches and focuses on captur-
ing temporal relationships across these patches, significantly
improving performance. This paradigm was further evolved
by iTransformer (Liu et al. 2024), which inverted the typ-
ical role of attention and feed-forward networks, applying
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Figure 3: The architecture of CometNet.

attention to model correlations across variables while using
MLPs to capture temporal dynamics within each channel.

MLP-based Methods

In response to the high complexity and potential training
instability of Transformers, a competing paradigm centered
on simpler MLP and linear structures has gained significant
traction. DLinear (Zeng et al. 2023) pioneered this trend by
demonstrating that a simple linear model applied to decom-
posed trend and seasonal components can achieve competi-
tive forecasting performance. Subsequent works further ad-
vanced this paradigm. TSMixer (Ekambaram et al. 2023)
introduced a pure MLP-based architecture that iteratively
mixes temporal and feature dimensions, while FreTS (Yi
et al. 2023) and FilterTS (Wang et al. 2025b) incorporated
frequency-domain filtering to enhance MLP-based predic-
tions. More recently, models like TimeMixer (Wang et al.
2024) and TimeMixer++ (Wang et al. 2025a) explored more
sophisticated mixing strategies to further improve perfor-
mance.

Despite their notable progress, these methods primarily
concentrate on optimizing information extraction within lo-
calized temporal windows, which lack a dedicated mech-
anism to explicitly leverage the rich contextual dependen-
cies embedded in the vast history beyond this finite scope.
Though recent approach like BSA (Kang et al. 2024) at-
tempts to alleviate this by preserving cross-sample tempo-
ral correlations through spectral attention, it still challenged
in identifying meaningful temporal dependencies from com-
plex historical sequences.

Methodology

Problem Statement. The objective of LTSF is to learn
a mapping function f : RIXN — RHXN that predicts

future sequence Xy.41p € RAXN based on the observed
look-back window X; 7.1, € RE*N, where N denotes
the number of channels, L and H represent the observation
window length and the prediction horizon, respectively. The
function f is typically learned from the historical time se-
ries Xj.7 to capture temporal dependencies and generalize
to unseen sequences.

Overall Architecture

To overcome the receptive field bottleneck inherent in lim-
ited look-back windows, we propose CometNet, a novel
framework that leverages dominant contextual motifs to cap-
ture temporal dependencies far beyond the look-back win-
dow, significantly enhancing long-term forecasting perfor-
mance. As illustrated in Fig. 3, CometNet introduces a two-
module paradigm: first, a Contextual Motif Extraction mod-
ule establishes a dominant contextual motif library from his-
torical data, and second, a Motif-guided Forecasting module
utilizes this library to make accurate long-term predictions.
The Contextual Motif Extraction module is designed to
analyze the entire historical time series X1.7 € RT*N to
extract dominant contextual motifs. To handle channel-wise
heterogeneity in multivariate time series (MTS), we adopt a
channel-independent strategy (Nie et al. 2023; Han, Ye, and
Zhan 2024), decomposing X.7 into N univariate series:

Xl:T%{X%;TW" 7X1n;T7"' ’Xf\:[T}’ (1)
where X7\ € RT*! represents the n-th channel. For
brevity, we omit the channel superscript n hereafter. A cas-
caded motif extraction process is then applied to each uni-
variate series to establish a library of its dominant motifs:

M = CM Extractor(X1.1), 2)

where M = {mqy,ma,---,mg} denotes the ex-
tracted library of K dominant contextual motifs, and

26482



CM Extractor(-) represents the contextual motif extrac-
tion function.

The Motif-guided Forecasting module is engineered to
leverage this pre-established motif library M for long-term
prediction. We implement this using a Mixture-of-Experts
(MoE) architecture, where each dominant motif m, € M
is conceptually associated with a dedicated expert network
FE, which specializes in capturing the temporal dynamics
inherent to that motif. Specifically, given a look-back win-
dow X;_r41., the forecasting module employs a motif-
guided gating mechanism to dynamically associate the in-
put with the most relevant dominant motif my, in the library
M. This association not only selects the appropriate expert
E}., but also provides crucial contextual information about
the window’s position within the motif. The activated expert
then generates the pattern-specific forecasts. This forecast-
ing process is formally defined as:

Xt+1:t+H = MGForecaster(X¢—r+14 | M), (3)

where M G Forecaster(-) represents the motif-guided fore-
casting function, which makes predictions conditioned on
the pre-established motif library M.

This design effectively circumvents the receptive field
bottleneck, enabling the model to ground its predictions in
both the local context of the look-back window and the long-
term dependencies embedded in the dominant motifs. Next,
we will introduce each module in detail.

Contextual Motif Extraction

The primary goal of this module is to automatically estab-
lish a library of dominant contextual motifs from the en-
tire historical time series. The key challenge lies in the un-
known scales of these motifs. A naive multi-scale explo-
ration would not only create an exponentially large candi-
date space but also introduce significant cross-scale redun-
dancy. To address this, we propose a cascaded motif extrac-
tion framework that combines multi-scale candidate discov-
ery, cross-scale redundancy filtering, and benefit-driven se-
lection to efficiently construct a high-quality library of dom-
inant motifs.

Multi-scale Candidate Discovery. This initial step aims
to efficiently discover a diverse set of candidate motifs
across multiple time scales. Given a historical univariate
time series X;.p, we first apply moving average smooth-
ing (Chen et al. 2021) to obtain a detrended series X{%
with more stable periodic characteristics. Subsequently, the
Fast Fourier Transform (FFT) (Duhamel and Vetterli 1990)
is employed to identify the dominant frequencies in the data:

“

where Amp(-) calculates the amplitude spectrum. The cor-
responding period Ay for each frequency component f is
T

f—‘ . Based on the amplitude intensity, we

select the top-N, periods A = {A1, Ag, -+, Ay, } with the
highest spectral magnitudes to serve as the set of relevant
scales. For each identified scale \; € A, we first downsam-
ple the sequence to improve computational efficiency. On

Ay = Amp (FFT(ngé),

derived as Ay = [
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this downsampled series, we employ an anchor-based clus-
tering approach to efficiently group similar subsequences.
Specifically, to avoid exhaustive pairwise comparisons, we
randomly sample NNV, subsequences of length A, as candi-
date anchors A; = {ai,...,an, } and construct their cor-
relation matrix R® € RN*Nr where each element Rfj is
the Pearson correlation coefficient between anchors a; and
a;. The density score for each anchor a; at scale A, is then
calculated as:

N'r
pi = Ry -I(Ry > 1), (5)
j=1

where 7, is a similarity threshold. After selecting the top NV,
anchors with the highest density scores as cluster centroids,
all subsequences of length )\, are assigned to their nearest
centroid. From each resulting cluster, we select the most rep-
resentative subsequence (the medoid) as a candidate motif.
This process yields a comprehensive set of candidate motifs

from all scales, C = Uivzl Cs, for the subsequent refinement
stages.

Cross-scale Redundancy Filtering. To refine the candi-
date set C while preserving its diversity, we develop a cross-
scale filtering strategy that eliminates redundant motifs us-
ing graph-based analysis. We first model the relationships
between all candidate motifs in C as a weighted, undirected
graph G = (V, &), where each vertex v; € V corresponds to
a candidate motif ¢; € C. Edge weights are determined by
a normalized Dynamic Time Warping (DTW) (Sakoe and
Chiba 2003) similarity score, with a sparsity constraint:
wi; = Sprw (ci, ¢;) - W(Sprw (e, ¢j) > 74),  (6)
where Sprw (+) is the normalized DTW similarity, and the
threshold 74 controls the granularity of redundancy filtering.
The graph G is then decomposed into a set of connected
components {G1,Ga, - ,Gn, }. Each components G, =
(Vk, Ex) represents a cluster of semantically similar motifs
that may span different scales. We obtain a refined candidate
set C* by selecting a single prototype from each component.
The prototype c;;, for component G, is identified as the motif
with the highest intra-cluster affinity:

1
Z SDTW (C, C/) .

c’'€Vy,

)

¢), = argmax

cEVy |Vk|

This process effectively filters redundancy while preserving
a diverse set of representative candidates.

Dominant Motif Selection. An ideal library of dominant
motifs must be representative, comprehensive, and diverse,
as these properties fundamentally determine its capacity to
provide precise contextual guidance. To this end, we propose
a benefit-driven selection strategy to select the final dom-
inant motifs from the refined set C*. First, each candidate
c; € C* is evaluated for its intrinsic quality using a compos-
ite metric:

Q(c}) = as - Qs(cj) + ap - Qp(c)) + aa- Qalc]), (8)

where Qs(-), @p(:), Qa(-) quantify the saliency, preva-
lence and atomicity of patten ¢}, respectively. While ag, ap,
and a4 are their corresponding weighting coefficients.



Next, we formulate a benefit score that jointly optimizes
for pattern quality, overall temporal coverage, and library
diversity. The benefit of adding a candidate ¢ to our current
selection § is calculated as:

B(ci | §) = Q(cj) - Cov(ci | S) - Div(cj | S),  (9)
where Cou(-) measures the marginal temporal coverage
gained by adding ¢}, and Div(-) measures its marginal con-
tribution to the library’s diversity. By iteratively selecting
the top-K candidates with the highest benefit scores, we
construct the final library of dominant contextual motifs,
M = {mi,ma, - ,mg}, that optimally balances these
crucial properties. The detailed formulations of these met-
rics are provided in Appendix.

Motif-guided Forecasting

After establishing the library of dominant contextual mo-
tifs M, we introduce the Motif-guided Forecasting module.
This module is designed to leverage the rich, long-term con-
textual information embedded in the motif library to guide
its predictions. Its core is a motif-aware MoE architecture,
where the number of experts is equal to the number of dom-
inant motifs, K = |M)|. The forecasting process consists
of three sequential stages: window embedding, motif-driven
gating, and context-conditioned prediction by the experts.

Window Embedding. Given any look-back window
Xi_r+1:4, we first map it into a compact latent represen-
tation e; € R via a window embedding module (imple-
mented as a MLP), preserving key temporal information
while reducing dimensionality,

e; = Layer Norm(MLP(X;—141.1)). (10)

Motif-driven Gating Network. We then develop a motif-
driven gating network to dynamically integrate our pre-
established motif library M into the forecasting process.
This network acts as an intelligent router, receiving the win-
dow embedding e; as input and dynamically associating the
current local observation with the relevant contextual motif.
Unlike standard MoE gates, which only selects which expert
to use, our gate also provides window position information
in its relevant motif, offering fine-grained prediction guid-
ance.

Specifically, our gating network processes the embed-
ding e; through two parallel heads, both implemented as
lightweight MLPs. The first is a routing head H ., yt., Which
maps e; to a logit vector. This vector is then passed through
a Softmax function to generate a probability distribution
p: € RE representing the selection probabilities for the K
experts,

Pt = Softmal'(Hroute(et))a (11)
the k-th element p, ; represents the confidence in selecting
the k-th expert, which corresponds to the k-th dominant mo-
tif my € M.

Simultaneously, a parallel position head H,,s maps the
same embedding e, into a scalar value s, € [0, 1] via a Sig-
moid activation function. This scalar encodes the relative po-
sition of the current observation within the life cycle of its
associated motif.

s¢ = 0 (Hpos(er))- (12)
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Together, p; and s; form a dual instructional signal that
specifies both the associated motif and the temporal progres-
sion within it. This provides rich, dual-faceted guidance for
the downstream experts.

Context-conditioned Experts. Our framework con-
tains K independent context-conditioned expert networks
{E1,Es,--- ,Ek}, each designed to specialize in the
dynamics of a corresponding dominant motif m; € M.
The core contribution of these experts lies in their ability to
perform context-conditioned forecasting by leveraging the
dual instructional signal from the gating network.

For each expert Ey, the shared inputs are the window em-
bedding e; and its positional score s;. The process begins
with a position encoder ®,,,,, implemented as a MLP. It el-
evates the low-dimensional positional score s; into a high-
dimensional position embedding e,,s € R? . Subsequently,
a conditional fusion layer concatenates the window embed-
ding e, with the position embedding e,,s and processes
them through another MLP to learn their non-linear inter-
actions. This produces a unified, contextually-aware condi-
tional representation z, € R%.

2t = Fpyse(concat(er, Ppos(5t)))- (13)

Then, the highly conditional representation z; is
fed into K parallel, expert-specific prediction heads
{P1,Ps, -+ ,Pr}, to generate a set of expert-specific
forecasts { X1t 1, Xogpiarm1, s XK p4144+H

where )A(k7t+1;t+ g € REX1 The final prediction of the

entire model X1, is the weighted sum of all expert
outputs, with the weights provided by the gating network’s
probability distribution p;.

K K
Xiyvern = D Pk Xeaprrm = D pek - Prl21)-

k=1 k=1
(14
This design enables our model to dynamically and granu-
larly adjust its predictive strategy based on both the high-
level contextual motif and the subtle variations of the stage
within it.

Experiments
Experimental Details

Datasets. We evaluate our proposed model on eight
real-world benchmark datasets from various domains in-
cluding energy, climate, economics and transportation for
LTSF task. These datasets encompasses four ETT datasets
(ETThl, ETTh2, ETTml, ETTm2), Weather, Exchange
Rate, Traffic, and Electricity, as previously employed in Aut-
oformer (Chen et al. 2021).

Baselines and Setup. We select 7 state-of-the-art LTFS
models as baselines, including TimeMixer++ (Wang et al.
2025a), FilterTS (Wang et al. 2025b), PatchMLP (Tang and
Zhang 2025), BSA (Kang et al. 2024), iTransformer (Liu
et al. 2024), PatchTST (Nie et al. 2023) and DLinear (Zeng
et al. 2023). To ensure fair comparison, all models adopt
identical experimental setup, utilizing a finite look-back



Models CometNet | TimeMixer++ | FilterTS PatchMLP BSA iTransformer | PatchTST DLinear

(Ours) (2025) (2025) (2025) (2024) (2024) (2023) (2023)

Metric | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE
96 0.345 0.3980.361 0.403 [0.374 0.3910.391 0.403|0.427 0.442]0.386 0.405 |0.460 0.447(0.397 0.412

= 192 [0.368 0.412|0.416 0.441 |0.424 0.421|0.444 0.431]0.480 0.481|0.441 0.512 |0.477 0.429|0.446 0.441
E 336 | 0.387 0.423|0.430 0.434 [0.464 0.441|0.490 0.456|0.537 0.521]0.487 0.458 |0.546 0.496 |0.489 0.467
L 720 10391 0.434|0.467 0.451 |0.470 0.466|0.528 0.496 | 0.697 0.620|0.503 0.491 |0.544 0.5170.513 0.510
Avg [0.373 0417 [0.419 0.432 [0.433 0.430|0.463 0.447|0.536 0.516|0.454 0.447 [0.516 0.484|0.461 0.457
96 0.205 0.281(0.276 0.328 [0.290 0.338[0.305 0.353{0.234 0.323]0.297 0.349 [0.308 0.355|0.340 0.394
Q192 10.212 0.305|0.342 0.379 |0.374 0.390|0.402 0.410|0.290 0.362|0.380 0.400 |0.393 0.405|0.482 0.479
E 336 |0.219 0.318]0.346 0.398 [0.406 0.420|0.436 0.437|0.327 0.388|0.428 0.432 [0.427 0.436|0.591 0.541
D720 0.228 0.332]0.392 0.415 |0.418 0.437]0.437 0.449|0.414 0.439(0.427 0.445 |0.436 0.450|0.839 0.661
Avg [0.216 0.309 [0.339 0.380 [0.372 0.396|0.395 0.412|0.316 0.378[0.383 0.407 [0.391 0.411]0.563 0.519
96 0.210 0.315{0.310 0.334 [0.321 0.360|0.324 0.362{0.382 0.398|0.334 0.368 [0.352 0.374|0.346 0.374

E 192 10.211 0.3220.348 0.362 |0.363 0.382(0.369 0.385(0.423 0.428|0.390 0.393 [0.374 0.387 [0.391 0.391
E 336 |0.282 0.368 |0.376 0.391 [0.395 0.403|0.402 0.407|0.492 0.466|0.426 0.420 |0.421 0.414]0.415 0.415
m 720 |0.303 0.387|0.440 0.423 [0.462 0.438 |0.474 0.446|0.567 0.516|0.491 0.459 |0.462 0.449|0.473 0.451
Avg [0.252 0.348[0.369 0.378 [0.385 0.396[0.392 0.400[0.466 0.452]0.407 0.410 [0.406 0.407[0.404 0.408
96 0.117 0.244{0.170 0.245 [0.172 0.255[0.180 0.263 [0.153 0.258 {0.180 0.264 [0.183 0.270[0.193 0.293

%‘ 192 |0.148 0.2800.229 0.291 |0.237 0.299 [ 0.244 0.306 | 0.189 0.290|0.250 0.309 [0.255 0.314{0.284 0.361
E 336 |0.156 0.285[0.303 0.343 [0.299 0.398 {0.312 0.349|0.230 0.321|0.311 0.348 |0.309 0.347|0.382 0.329
m 720 (0.171 0.299|0.373 0.399 |0.397 0.394]0.411 0.407(0.303 0.369(0.412 0.407 |0.412 0.404 |0.558 0.525
Avg [0.148 0.277]0.269 0.320 [0.276 0.321]0.287 0.331]0.218 0.309 [0.288 0.332 [0.290 0.334|0.354 0.402

- 96 0.183 0.209|0.155 0.205 [0.162 0.207 |0.164 0.210|0.159 0.203|0.174 0.214 |0.186 0.227 | 0.195 0.252
S 192 ]0.196 0.223]0.201 0.245 [0.209 0.252|0.211 0.251]0.205 0.246 |0.221 0.254 | 0.234 0.265|0.237 0.295
§ 336 |0.216 0.241|0.237 0.265 [0.263 0.292(0.269 0.294 | 0.252 0.285|0.278 0.296 [0.284 0.301 {0.282 0.331
Z 720 [0.264 0.280(0.312 0.334 [0.344 0.344|0.349 0.345|0.325 0.337|0.358 0.347 [ 0.356 0.349 | 0.345 0.382
Avg [0.215 0.238[0.226 0.262 [0.244 0.274]0.248 0.275]0.235 0.268[0.258 0.278 [0.265 0.2850.265 0.315

o 26 0.086 0.216(0.085 0.214 [0.081 0.199 [ 0.094 0.215{0.089 0.210{0.086 0.206 [0.088 0.205|0.088 0.218
2 192 [0.137 0.269(0.175 0.313 |0.171 0.294|0.182 0.306|0.183 0.289|0.177 0.299 [0.176 0.299 |0.176 0.315
% 336 |0.176 0.293|0.316 0.420 |[0.321 0.409(0.339 0.423|0.317 0.403|0.331 0.417 |0.301 0.397|0.313 0.427
5 720 0.423 0.437]0.851 0.689 |0.837 0.688|0.873 0.701 |0.647 0.536(0.847 0.691 |0.901 0.714 | 0.839 0.695
Avg [0.206 0.304 |0.357 0.391 [0.352 0.397|0.372 0.411[0.309 0.360|0.360 0.403 [ 0.367 0.404 | 0.354 0.414
5. 96 0.139 0.228 [0.135 0.222 [0.151 0.245[0.160 0.257{0.142 0.239]0.148 0.240 [0.190 0.296 | 0.210 0.302
:§ 192 |0.154 0.2330.147 0.235 |0.163 0.2560.176 0.271[0.163 0.257 |0.162 0.253 [0.199 0.304 |0.210 0.305
£ 336 |0.167 0.247|0.164 0.245 |0.180 0.274|0.197 0.292]0.176 0.274|0.178 0.269 |0.217 0.319|0.223 0.319
5“ 720 [0.172 0.256 |0.212 0.310 |{0.224 0.311]0.249 0.333(0.221 0.308 [ 0.225 0.317 | 0.258 0.352{0.258 0.350
Avg [0.158 0.241[0.165 0.253 [0.180 0.271[0.196 0.288 [0.176 0.269[0.178 0.270 [0.216 0.318 [0.225 0.319
96 0.408 0.271(0.392 0.253 [0.448 0.309 [0.475 0.329{0.392 0.272]0.395 0.268 [0.526 0.347|{0.650 0.396
2 192 10419 0.275]0.402 0.258 |0.455 0.307 | 0.483 0.330|0.417 0.281]0.417 0.276 |0.522 0.332|0.598 0.370
“‘é 336 |0.426 0.279]0.428 0.263 [0.472 0.313]0.498 0.336|0.433 0.289|0.433 0.283 |0.517 0.334|0.605 0.373
= 720 [0.436 0.283]0.441 0.282 [0.508 0.332]0.542 0.359(0.470 0.310|0.467 0.302 |0.552 0.352]0.645 0.394
Avg [0.422 0.277]0.416 0.264 [0.471 0.315]0.500 0.339[0.428 0.288[0.428 0.282 [0.529 0.341[0.625 0.383

Table 1: Full results for the long-term forecasting task. We compare extensive competitive models under different prediction
lengths. Avg is averaged from all four prediction lengths, that is {96, 192, 336, 720}. Best and second best results are highlighted

in red and blue.

window of L = 96 to generate predictions across multi-
ple horizons H € {96,192, 336, 720}. Mean Squared Er-
ror (MSE) and Mean Absolute Error (MAE) are selected as
evaluation metrics.

For high-dimensional datasets (e.g., Traffic and Elec-
tricity), we employ k-dominant frequency hashing (k-
DFH) (Kang, Shin, and Lee 2025) to cluster variables into
multiple groups, enabling efficient parallel training of vari-
able groups. More details are provided in Appendix.

Main Results

The comprehensive quantitative results of our proposed
CometNet against 7 baseline models are presented in Ta-
ble 1. The results unequivocally demonstrate the superiority
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of our approach across a wide array of benchmarks and fore-
casting horizons. Specifically, across all datasets, CometNet
attained either first (7/8) or second (1/8) rank in averaging
MSE and MAE performance, establishing robust forecast-
ing superiority.

A key observation from the results is that our approach’s
competitive advantage becomes more pronounced as the
prediction horizon increases. For instance, on the ETTh2
dataset, while CometNet already outperforms baselines at
horizon H = 96, (MSE 0.205 vs 0.276), its margin of vic-
tory grows substantially at I = 720, (MSE 0.228 vs 0.392).
This trend holds consistently across nearly all datasets, in-
cluding ETTh1, ETTh2, ETTm1, ETTm2, Weather, and Ex-
change, directly verify the validity of our design. Unlike



CometNet Components

| ETThl |

ETTh2 | ETTml | ETTm2

Multi-scale Filtering Selection Gating Position

| MSE

MAE | MSE MAE | MSE MAE | MSE MAE

0.544
0.447
0.430
0.476
0.423

0.5310.653 0.57210.483 0.46410.526 0.539
0.466 | 0.492 0.461 | 0.395 0.439|0.392 0.361
0.47010.331 0.376]0.345 0.401|0.384 0.332
0.48110.292 0.414]0.364 0.422]0.311 0.326
0.442|0.235 0.340]0.326 0.408|0.262 0.308

AN RN
lasaxx
<X x x
< axaax
S xaaax

| 0.391

0.434|0.228 0.332]0.303 0.387|0.171 0.299

Table 2: Ablation study of CometNet’s key components on ETT datasets (H = 720). v denotes that the component is enabled,
while x denotes it is ablated. The best results are highlighted in red.

—e— ETTh1

S

ETTh2 == ETTml == ETTmM2

20

10 15
Number of Motifs (K)

Figure 4: Impact of the number of motifs (K) on the fore-
casting performance.

baseline models constrained by receptive field limitations,
CometNet leverages learned long-context motifs to guide
long-term time series forecasting, thus preventing the error
accumulation that plagues long-horizon forecasting.

The slightly weaker performance of CometNet on the
Electricity and Traffic datasets can be attributed to the high
number of variables in these datasets. This is an expected
result since our group-based motif discovery trick trains
each group rather than each variable to improve training
efficiency. Notably, as prediction horizons extend, Comet-
Net’s rank consistently improves, ultimately achieving top
performance at the longest horizons. This further confirms
the value of our motif-guided approach for long-term fore-
casting.

Ablation Study

To validate the individual contributions of CometNet’s key
components, we conduct a comprehensive ablation study on
the ETT datasets with a forecast horizon H = 720. The re-
sults, presented in Table 2, unequivocally demonstrate the
effectiveness and synergistic cooperation of each designed
module. We start with a baseline where all motif-related
components are disabled, which yields the poorest perfor-
mance and confirms the critical need for long-range con-
textual information. Then, the stepwise reintroduction of
Multi-scale discovery, Cross-scale filtering, and motif se-
lection components demonstrates consistent and significant
improvements, confirming that each step in our Contextual
Motif Extraction process is vital for distilling a high-quality
motif library. For the Motif-guided Forecasting module, we
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verified that removing either the expert routing gate mech-
anism or the refined position signal leads to a marked drop
increase in prediction loss. This highlights the necessity of
both dynamically selecting the correct motif-based expert
and properly localizing the window’s relative position within
its motif’s lifecycle. Ultimately, the full CometNet model,
with all components integrated, achieves the best perfor-
mance across all metrics, effectively validating our design
and proving that each component plays an indispensable role
in overcoming the receptive field bottleneck.

Sensitive Study

We conduct a sensitivity analysis to evaluate the impact of
the number of dominant motifs K in our library. As illus-
trated in Fig. 4, when K is too small (e.g., K=3), our model’s
performance is suboptimal, as an insufficient number of mo-
tifs limits the library’s expressive power. As K increases, the
performance consistently improves, most datasets achieving
performance peaks around K = 10. This suggests that a li-
brary of this size strikes an optimal balance, offering a rich
set of diverse and representative patterns. Interestingly, fur-
ther increasing K beyond this point (e.g., to 15 or 20) leads
to either stabilization or a slight degradation in performance.
This indicates that an overly large library may introduce re-
dundancy or noise, slightly hindering the model’s ability to
pinpoint the most relevant context.

Conclusion

This paper introduces CometNet, a Contextual Motif-guided
framework for LTSF that leverages recurrent contextual
motifs to capture long-term dependencies, thereby signif-
icantly enhancing prediction accuracy. Extensive experi-
ments across eight real-world datasets show that CometNet
significantly outperforms SOTA methods, especially for ex-
tended forecast horizons. These results highlight the bene-
fits of leveraging contextual motifs to guide the modeling of
long-term temporal dependencies.
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