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ABSTRACT

Multivariate time series forecasting has experienced a surge in interest recently.
However, significant challenges remain in effectively modeling the multi-level
dependencies among time points, sequences, and channels. Existing methods
often struggle to fully capture the hierarchical relationships between these three
aspects or face efficiency issues. To address this, we propose HyperTime: Hy-
perbolic space hierarchical constraints for multivariate Time series forecasting.
This method initially segments the time series into patches and then extracts tem-
poral dependencies to obtain representations for each channel. It subsequently de-
rives interrelationships among multiple channels based on these representations,
encoding time patches, individual channels, and multi-channel series into a unified
hyperbolic representation space. By imposing hyperbolic hierarchy and entail-
ment constraints on the encoded representations, the method leverages relation-
ships from local to global among the three levels, ensuring sufficient interactions
among point, intra- and inter-channel information. We evaluated HyperTime on
several commonly used multivariate time series forecasting datasets and compared
it with previously top-performing models. The experimental results demonstrate
the effectiveness and efficiency of HyperTime, achieving state-of-the-art perfor-
mance with only linear complexity. This highlights its proficiency in capturing
complex temporal dependencies and interrelationships among channels. Our code
is included in the supplemental material and will be released open-source.

1 INTRODUCTION

The multivariate time series, characterized by its chronological sequences and multi-channel vari-
ables, plays a crucial role in various fields such as energy management, weather prediction, and
traffic flow. Consider the specific hierarchical structure: within a single channel (one variable), con-
tiguous segments of time (time patches) form a natural hierarchy where finer-grained time patches
are subsumed by coarser ones. This reflects the idea that short-term fluctuations aggregate to form
longer-term trends or patterns Rangapuram et al. (2023). Furthermore, across multiple channels (dif-
ferent variables), the individual channels can be seen as components contributing to a higher-level
system. Thus, a single channel represents a lower level in the hierarchy relative to the collective
behavior of all channels Naghashi et al. (2025). A key aspect of forecasting often lies in uncovering
the inherent hierarchical relationships among time patches, single channel and multiple channels.

In recent years, the field of multivariate time series forecasting has witnessed an upsurge. Nu-
merous studies have demonstrated that deep learning methods significantly outperform traditional
approaches, establishing deep learning forecasters as the current forefront of research in multivariate
time series forecasting. The MLP-based models, such as RLinear Li et al. (2023b), expand upon re-
versible instance normalization Kim et al. (2022) and linear regression to manage intricate temporal
dependencies. Models like N-BEATS Oreshkin et al. (2020), TiDE Das et al. (2023), and DLin-
ear Zeng et al. (2023) dissect and forecast the fundamental components of time series data, includ-
ing trends and seasonality. N-HiTS Challu et al. (2023), TimeMixer Wang et al. (2024a), and WP-
Mixer Murad et al. (2025) process input data hierarchically across multiple scales. SOFTS Han et al.
(2024) utilizes inverse embedding and a star aggregate-redistribute module to effectively model the
interrelationships among multiple channels. As for CNN-based models, SCINet Liu et al. (2022a)
harnesses temporal attention mechanisms to adeptly manage long-term dependencies. TimesNet Wu
et al. (2023) integrates sparsity and explainability to enhance both prediction accuracy. Turning to
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RNN-based models, MLST Lai et al. (2018) employs sparse tensor decomposition to capture com-
plex temporal dependencies. DeepAR Salinas et al. (2020) employs a likelihood function to predict
values and their associated uncertainties. Transformer-based models have made significant strides.
Autoformer Chen et al. (2021) utilizes auto-covariance, while FEDformer Zhou et al. (2022) in-
tegrates frequency-domain decomposition to handle long-term dependencies. PatchTST Nie et al.
(2023) employs a patch-based approach to effectively handle long sequences, and iTransformer Liu
et al. (2024) proposes inverse embedding for efficient multivariate modeling. TimeXer Wang et al.
(2024b), which benefits from both PatchTST and iTransformer, has achieved promising results. The
GNN-based methods Wu et al. (2020); Liu et al. (2022b), such as MSGNet Cai et al. (2024), effec-
tively capturing both complex temporal and spatial dependencies inherent in multivariate data.

However, existing forecasters primarily face the following challenges: Channel-independent Han
et al. (2023) methods fail to model the hierarchy between single channel and multiple channels,
limiting their performance on scenarios with multiple variables. Channel-dependent methods either
do not adequately model the hierarchy between time points and single channel to maintain high effi-
ciency Liu et al. (2024), or suffer from poor computational efficiency when simultaneously process-
ing the three-level hierarchy Wang et al. (2024b); Cai et al. (2024). Furthermore, all of these methods
model the inherent hierarchical relationships in Euclidean space, where the distance between two
points grows linearly with their separation, which is insufficient for representing the multi-level,
tree-like structures often found in hierarchical data Li et al. (2023a). Additionally, Euclidean space
requires high-dimensional representations to adequately capture complex hierarchical relationships,
which increases computational costs and risks overfitting. In contrast, hyperbolic space, with its
negative curvature, allows distances to grow exponentially as they approach the boundary, making
it a more natural fit for hierarchical modeling. These limitations highlight the need for alternative
geometric frameworks, such as hyperbolic space, which better align with the intrinsic exponential
nature of hierarchical relationships Pan & Wang (2021).

Therefore, this paper proposes a novel approach, HyperTime, to investigate the application of hy-
perbolic space learning to multivariate time series data, specifically aiming to capture the hierarchy
between time patch, single channel and multiple channels. We hypothesize that by leveraging the
intrinsic properties of hyperbolic geometry, we can uncover and represent these hierarchical rela-
tionships more effectively and efficiently than Euclidean methods, leading to improved performance
in downstream tasks that benefit from an understanding of the data’s hierarchical organization. The
contributions can be summarized as follows:

• We propose HyperTime, a simple and novel framework to simultaneously aggregate the
three-level hierarchy between time patch, single channel and multiple channels, in a unified
hyperbolic representation space, with only linear computational complexity.

• HyperTime innovatively and effectively introduces Hyperbolic Space Hierarchical Con-
straints into multivariate time series forecasting, demonstrating the importance of hyper-
bolic representations in learning the hierarchy and entailment of relationships.

• When compared to previous top-performing methods, HyperTime exhibits exceptional pro-
ficiency in multivariate time series forecasting, achieving state-of-the-art results in most
scenarios, especially for large-scale and non-stationary data.

2 RELATED WORK

2.1 HYPERBOLIC REPRESENTATION LEARNING

Hyperbolic representation learning has garnered significant attention in various fields of deep learn-
ing, offering a novel approach to capturing complex hierarchical relationships within data. Un-
like traditional Euclidean space, hyperbolic space is characterized by a constant negative curvature,
which allows it to naturally represent hierarchical structures. For example, hyperbolic neural net-
works Ganea et al. (2018b) and hyperbolic graph neural networks Liu et al. (2019) leverage the
unique properties of hyperbolic geometry to improve the representation of hierarchical relation-
ships, leading to more accurate and efficient learning. Additionally, hierarchical semantics in lan-
guage Everaert et al. (2015) have been leveraged to embed textual data in hyperbolic space Dhingra
et al. (2018). In the vision domain, research has explored the integration of hyperbolic embeddings
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with other deep learning paradigms, such as contrastive learning Pal et al. (2024), entailment learn-
ing Pal et al. (2024); Ganea et al. (2018a); Desai et al. (2023), and generative models, to improve
the robustness and generalization of learned representations. Despite these promising results, hyper-
bolic representation learning still faces challenges, such as the computational complexity associated
with hyperbolic operations and the need for further theoretical understanding of hyperbolic space in
machine learning. Ongoing research efforts are dedicated to addressing these challenges, aiming to
unlock the full potential of hyperbolic geometry in advancing the field of representation learning.

2.2 TIME SERIES FORECASTING MODELS

The channel-independent forecasters separately analyze and predict each time series channel without
considering the potential correlations or interactions between different channels. Examples of such
methods include regression-based approaches like DeepAR Salinas et al. (2020) and RLinear Li
et al. (2023b), frequency-based methods like FreTS Yi et al. (2023) and FEDformer Zhou et al.
(2022), decomposition-based methods like N-BEATS Oreshkin et al. (2020), N-HiTS Challu et al.
(2023), and PDF Dai et al. (2024), as well as the patch-based PatchTST Nie et al. (2023). The
primary advantage of channel-independent forecasting is its simplicity and high efficiency, making it
suitable for situations where the channels are unrelated or when computational resources are limited.
However, these approaches may not be optimal when there are significant interrelationships among
the channels, as they fail to leverage the full information of the multivariate data.

In contrast, channel-dependent forecasters involve predicting future values of multiple time se-
ries by considering the interrelationships among the channels. For example, TimesNet Wu et al.
(2023) utilizes convolutional layers to simultaneously model intra- and inter-channel dependencies.
SOFTS Han et al. (2024) and iTransformer Liu et al. (2024) embed each channel into a single
vector using linear transformations, then extract inter-channel dependencies through the encoder.
TimeXer Wang et al. (2024b) combines the advantages of PatchTST and inter-channel depen-
dency modeling, while TimeMixer++ Wang et al. (2025) incorporates multi-scale decomposition,
frequency analysis, and inter-channel information. MSGNet Cai et al. (2024) learns multi-scale
inter-channel correlations through GNN blocks. These models are able to achieve promising re-
sults across various scenarios. However, due to the complex computations for each channel, their
low efficiency becomes unacceptable for large-scale and multi-channel data. Therefore, it urgently
requires the ability to model intra- and inter-channel dependencies simultaneously and efficiently.

3 METHODOLOGY

3.1 PRELIMINARY

Hyperbolic space, a non-Euclidean geometry with constant negative curvature, c < 0, which leads
the exponential growth of circumference with radius and the divergence of geodesics. This unique
property is distinct from the flat Euclidean space, making it an ideal choice for learning repre-
sentations of data with an inherent hierarchical structure Pal et al. (2024). Among its mathe-
matical representations, the Lorentz model stands out for its analytical tractability and geometric
intuition Nickel & Kiela (2018), where hyperbolic space Hn is realized as the upper sheet of a
two-sheeted hyperboloid embedded in a Minkowski space Rn+1, equipped with the inner product
⟨X,Y ⟩ = −x0y0 +

∑n
i=1 xiyi, where x0 =

√
∥x∥2 − 1/c. Points in Hn satisfy ⟨X,X⟩ = 1/c

and x0 > 0, with geodesics corresponding to intersections of the hyperboloid with planes through
the origin. The distance and angle can be computed as Dxy =

√
−1/c · cosh−1(c⟨X,Y ⟩) and

Axy = cos−1((y0 − x0c⟨X,Y ⟩)/(∥x∥
√
(c⟨X,Y ⟩)2 − 1))).

Besides, we provide a formal description of the time series forecasting task. The time series data
is defined as X = {x1, x2, . . . , xt}, x ∈ Rd, where t is the current time and d is the dimension of
features of each time point data. The goal is to predict the sequence Y = {xt+1, xt+2, . . . , xt+h},
where h is the prediction horizon. We propose a novel method, HyperTime, which mainly includes
three components: patch embedding, HyperTime encoding, and prediction decoding. The overall
architecture is shown in Figure 1.
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Figure 1: Overall architecture of HyperTime, includes patch embedding, HyperTime encoding, and
decoding. (a) Patch embedding to embed the time series patches as tokens. (b) Temporal Depen-
dency Modeling (TDM) from the concatenated patch representations. (c) Multi-channel Depen-
dency Modeling (MDM) from the dimension-wise concatenated intra-channel representations. (d)
Hierarchically representation aggregation. Note that the Hyperbolic Space Hierarchical Constraints
(HSHC) will be introduced with details in the following of this section.

3.2 HYPERTIME ARCHITECTURE

Patch Embedding. To reduce memory usage and improve computational efficiency, a sliding win-
dow of length k is defined as Ti = {xi+1, xi+2, . . . , xi+k}, with a step size of s to divide the time
series into multiple smaller patches. A fully connected linear layer is employed for patch embedding,
accepting each patch within the window as input and outputting a single aggregated representation.

S1 = Patch Embed(T ) (1)

In Equation (1), n represents the number of patches, T = {T1, T2, . . . Tn}. The linear operation
treats multivariate time series as multiple univariate series (channel independent) Han et al. (2023),
and multiplies k values within the sliding window by a matrix with dimensions k × d, where d is
the dimension of embedding. This processing method is consistent with that in PatchTST Nie et al.
(2023). The method of dividing sequence data into patches for representation learning has been
demonstrated in numerous related studies to have advantages in time series forecasting.

HyperTime Encoding. The patch data representations extracted by the input module are fed into
the HyperTime encoding layer, where intra- and inter-channel information is extracted and unified
within the same hyperbolic representation space for hierarchical multi-level aggregation.

Sj+1 = HyperT ime(Sj), j = 1, 2, . . . , l (2)

In Equation (2), HyperT ime denotes only encoding layer here, where l is number of encoding
layers. The detailed process of it will be introduced in the following of paper.

Prediction Decoding After passing through l encoding layers, the output Sl+1 will be fed into
decoding module to obtain the final prediction results. In Equation (3), Projection is implemented
by a simplest fully connected layer, which is consistent with many previous studies.

Ŷ = Projection(Sl+1) (3)

4



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

Under review as a conference paper at ICLR 2026

3.3 HYPERTIME ENCODING

The output from patch embedding or previous encoding layer is treated as additional representations
relative to each patch, and is concatenated with the original representations.

Cj = S1
i ◦ S2

i+1 ◦ · · · ◦ Sj
n (4)

In Equation (4), ◦ denotes data concatenation. The derived high-dimensional representation con-
tains rich temporal information, which needs to be fully exploited to enhance the overall sequence
modeling capability.

Temporal Dependency Modeling. Information extraction is performed on the high-dimensional
representations obtained from concatenation phase. To reduce overall computational complexity of
the model while ensuring the effectiveness of Temporal Dependency Modeling (TDM), a simple and
efficient MLP module is chosen for this operation.

Rj = TDM(Cj) (5)

The high-dimensional sequence representations are compressed to a lower dimensionality, reducing
the number of parameters in the model, and serve as additional representation for the original input
representation. Note that the TDM could be implemented using any suitable method.

Multi-channel Dependency Modeling. Then, we hierarchically derive multi-channel information
from sequential representations with similar process. Here, C represents the number of channels.

Dj = MDM(Rj
1 ◦R

j
2 ◦ · · · ◦R

j
C) (6)

In Equation (6), the extracted sequential representations are concatenated dimension-wise to inte-
grate information from all channels, which is subsequently processed by the Multi-channel Depen-
dency Modeling (MDM). The MDM could also be implemented using any suitable method.

Representation Fusion. The extracted temporal and multi-channel dependencies are then concate-
nated with the original input representations or the output from previous encoding layer.

Sj+1 = FFN(Sj ◦Repeat(Rj ◦Repeat(Dj))) (7)

This operation is analogous to the residual connections commonly used in Transformer-based mod-
els and helps to enhance the model’s information representation capability, improve training effi-
ciency and effectiveness, and allow for the training of deeper networks.

3.4 HYPERBOLIC SPACE HIERARCHICAL CONSTRAINTS

The hyperbolic space hierarchical constraints module plays a crucial role in the entire model archi-
tecture, governing how the three levels of representations are hierarchically aggregated. This module
employs the Lorentz model for hyperbolic transformation, as detailed in the research of MERU De-
sai et al. (2023) and the accompanying code 1. We utilize this model to implement the hierarchy and
entailment constraints. The overall methodology of this module is illustrated in Figure 2.

Hierarchy Constraint. Following the HyperTime encoding process, we obtain the final aggregated
representations of patches (Sl), sequences (Rl), and channels (Dl). For brevity, we will refer to
these as S, R, and D in the remainder of this section. In accordance with the principles of hyper-
bolic hierarchy learning, local information should reside at higher levels in the space. Therefore,
we propose a novel Hyperbolic Triangle Loss (HTL) of hierarchy constraint to learn relationships
between three levels of representations.

HTL = max(α
∑

(DSR −DSD,DRD −DSD,DSR +DRD −DSD), 0) (8)

In Equation (8), DXY represents the computation of the hyperbolic distance between L(X) and
L(Y ), where L denotes the Lorentz transformation from Euclidean to hyperbolic space. The formu-
lation and implementation of D and L are publicly available in MERU. Through the HTL constraint,
the sequence representation (R) is compelled to occupy the intermediate hierarchy between the other
two representations. The parameter α serves as a scaling factor for adjusting the loss, analogous to
the role of β in Equation (9).

1https://github.com/facebookresearch/meru
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Figure 2: Hyperbolic constraints to learn the relationships of hierarchy and entailment between time
patch (S), single channel (R), and multiple channels (D) in a unified hyperbolic representation space,
including the illustration of distance, angle, and angle threshold. The more peripheral a point is, the
lower its hierarchical level, and the more specific the information it contains.

Entailment Constraint. The hierarchy constraint only establishes specific levels among the three
representations but does not inherently enforce entailment relationships between them. In the con-
text of multivariate time series, patches represent local segments of sequences, while sequences
themselves are local to multi-channel series. To learn these entailment relationships, we introduce a
Hyperbolic Entailment Loss (HEL) for multivariate forecasting.

HEL = max(β
∑

(ASR − t,ARD − t,ASD − t), 0) (9)

In Equation (9), AXY denotes the computation of hyperbolic angle between L(X) and L(Y ), where
t is the angle threshold indicating an entailment relationship between the two.

Constraint Learning. During the model training phase, the predicted results are compared with
the actual subsequent time series values to calculate the corresponding error. The hierarchy and
entailment constraint losses are then added to this prediction error.

Loss = MSE(y, ŷ) +HTL+HEL (10)

Model parameters are updated using the backpropagation, and MSE are utilized as error function.

4 EXPERIMENTS

Datasets. We comprehensively assessed the performance of HyperTime on eight widely used mul-
tivariate time series forecasting benchmark datasets, including ETTm1, ETTm2, ETTh1, ETTh2,
Exchange, Weather, Electricity (ECL), and Traffic. These datasets, derived from real-world do-
mains such as electricity consumption, weather records, exchange rate fluctuations, and traffic flow,
are publicly available on GitHub 2. The data processing and split ratio were consistent with those
used in TimesNet Wu et al. (2023).

Baselines. we select a set of top-performing baselines for time series forecasting to compare their ef-
fectiveness against HyperTime. Including Transformer-based models: TimeXer Wang et al. (2024b),
iTransformer Liu et al. (2024), and PatchTST Nie et al. (2023), CNN-based model: TimesNet Wu
et al. (2023), MLP-based models: SOFTS Han et al. (2024) and TimeMixer Wang et al. (2024a),
and GNN-based model: MSGNet Cai et al. (2024). All models were implemented using the original
code provided by the authors or code meticulously replicated according to the respective papers.

Settings. By default, all Transformer-based models were configured with a dropout probability
p = 0.1 and the number of attention heads n = 16. For patch-based methods, the patch size was
set to 16 with a stride of 8, aligning with previous research. For Weather, ECL, and Traffic datasets,

2https://github.com/thuml/Time-Series-Library
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both HyperTime and Transformer-based models were equipped with l = 3 encoding layers, and a
latent dimension of d = 512. For smaller datasets, such as Exchange and the four ETT subsets, we
employ a smaller model size to mitigate the risk of overfitting: l = 2 and d = 256. The dimension
ratio for representations of patch, intra- and inter-channel representations within HyperTime was
maintained at 2 : 1 : 1 across all experimental scenarios.

Table 1: Overall experimental outcomes for multivariate time series forecasting, which are averaged
from four prediction horizons: H ∈ {96, 192, 336, 720} across all of the eight datasets, and the
input length L = 96. These settings are consistent with many previous related studies. The ”OOM”
indicates out of memory error of TimeMixer in the corresponding scenarios.

Model HyperTime TimeXer SOFTS TimeMixer iTransformer MSGNet PatchTST TimesNet
(Ours) (2024b) (2024) (2024a) (2024) (2024) (2023) (2023)

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
ETTh1 0.438 0.433 0.450 0.440 0.457 0.446 0.470 0.454 0.448 0.440 0.497 0.483 0.448 0.442 0.523 0.494
ETTh2 0.374 0.397 0.382 0.405 0.382 0.407 0.384 0.406 0.381 0.406 0.399 0.421 0.382 0.407 0.422 0.429
ETTm1 0.383 0.396 0.392 0.402 0.398 0.404 0.397 0.400 0.407 0.410 0.427 0.438 0.390 0.401 0.432 0.430
ETTm2 0.276 0.322 0.282 0.327 0.288 0.331 0.292 0.334 0.287 0.331 0.298 0.332 0.284 0.330 0.304 0.339

Exchange 0.348 0.395 0.374 0.411 0.361 0.405 0.355 0.399 0.360 0.405 0.360 0.406 0.366 0.407 0.377 0.416
Weather 0.251 0.274 0.247 0.276 0.257 0.278 0.259 0.283 0.260 0.281 0.254 0.279 0.255 0.278 0.262 0.287

ECL 0.179 0.274 0.184 0.280 0.190 0.276 OOM OOM 0.185 0.275 0.195 0.298 0.196 0.283 0.192 0.294
Traffic 0.453 0.305 0.483 0.317 0.466 0.310 OOM OOM 0.467 0.314 0.587 0.323 0.486 0.322 0.619 0.328

4.1 EXPERIMENTAL RESULTS

The overall results are presented in Table 1. The bolded red values denote the best performance
on each dataset, while bolded blue indicate the second-best. As observed in the table, HyperTime
achieves state-of-the-art results when compared with all types of recent best-performing forecast-
ers in most scenarios, especially on non-stationary and large-scale datasets, such as Exchange and
Traffic. This demonstrates the robust performance and complex dependency modeling ability of
HyperTime. These results collectively demonstrate the overall effectiveness of HyperTime, and a
detailed analysis of each type of method is conducted as follows.

For channel-independent methods, such as TimeMixer and PatchTST. HyperTime outperforms all by
large margins across most scenarios, especially on large-scale datasets. This highlights the accurate
forecasting ability of channel-dependent models. For the Exchange dataset, which comprises only
8 channels and exhibits a high degree of non-stationary, the variables have different seasonality
and trends, on which non-decomposition methods may perform poorly. However, HyperTime still
achieves the best, indicating its robust performance for non-stationary forecasting.

For channel-dependent methods, such as TimesNet, MSGNet, iTransformer, SOFTS, and TimeXer,
these forecasters achieve much better performance compared to channel-independent methods on
large datasets. However, due to the largely compromised temporal information, their prediction re-
sults for small datasets are even worse when compared with many channel-independent models. Fur-
thermore, HyperTime surpasses them in most scenarios, especially for complex and non-stationary
datasets (Traffic and Exchange), which demonstrates its robustness and effectiveness of hyperbolic
space constrained hierarchical representations and the superior multivariate modeling ability.

Table 2: Ablation study with settings of original HyperTime, w/o EN (ENtailment constraint), w/o
HR (HieraRchy constraint), and w/o HP (both of HyPerbolic constraints).

Model HyperTime w/o EN w/o HR w/o HP
Metric MSE MAE MSE MAE MSE MAE MSE MAE
ETTh1 0.438 0.433 0.440 0.437 0.441 0.436 0.447 0.442

Exchange 0.348 0.395 0.353 0.401 0.351 0.399 0.358 0.405
Weather 0.251 0.274 0.254 0.280 0.254 0.279 0.256 0.281

ECL 0.179 0.274 0.183 0.278 0.185 0.279 0.189 0.285
Traffic 0.453 0.305 0.458 0.309 0.459 0.307 0.467 0.314
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4.2 ABLATION STUDY

Effectiveness of HyperTime. Ablation study for hyperbolic constraints of hierarchy and entail-
ment, as shown in Table 2. The results indicate that HyperTime achieves the best MSEs and MAEs
in all scenarios when compared with its variants (w/o EN, HR, and HP), which demonstrate the
effectiveness of hyperbolic space hierarchical constraints in learning hierarchical relationships of
patch, intra- and inter-channel information, markedly improving the prediction accuracy.

(a) (b) (c) (d)

Figure 3: Zero-shot learning analysis for HyperTime. Four scenarios are adopted, which is illus-
trated in the figure (titles). Note that Figure (a) means the model is trained by ETTh2 and is tested
by ETTh1. Each error bar in the figure denotes the MSE increment of corresponding model from
original to zero-shot setting. All hyperparameters remain the same for two scenarios.

Zero-shot Learning Analysis. All results are presented in Figure 3. In normal settings, the per-
formance of HyperTime is comparable to that of recent baselines. However, in zero-shot learning
scenarios, HyperTime exhibits more advantages, considerably outperforming its counterparts. This
superior performance strongly suggests that our model possesses robust zero-shot learning capa-
bilities. It indicates that the model can effectively generalize to unseen data distributions without
requiring explicit task-specific training.

4.3 LEARNING REPRESENTATIONS

As shown in Figure 4, HyperTime successfully
separates three levels of representation when
compared with ”w/o HR”, note that there are
10% unseen from the training data. Local-levels
are closer to the root, while global-levels are
pushed further. This phenomenon provides an
explanation for zero-shot transfer. When pre-
sented with unseen data, HyperTime can infer
their relationships based on positions within hy-
perbolic space, which enables robust generaliza-
tion beyond the scope of training data.

(a) (b)

Figure 4: Distribution of 1K random se-
lected hyperbolic representations of patch, uni-
and multi-channel distances from root R =
{
√
−1/c, 0, . . . , 0}, R ∈ Rn+1, with value of

”bins” of histograms as 40.

4.4 HYPERPARAMETER SENSITIVITY

We conduct hyperparameter sensitivity analysis on dimension of latent space and number of en-
coding layers for HyperTime. As depicted in Figure 5, the analysis reveals that variations in both
hyperparameters have a negligible impact on overall performance of HyperTime across small-scale
datasets, such as ETTh1, Exchange, and Weather. For large-scale datasets like ECL and Traffic, the
performance of HyperTime could benefit from increased model dimensionality and encoder layers.
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The experimental results suggest that a larger amount of the latent parameters and deeper neural
network should be adopted for more complex time series data.

(a) (b)

Figure 5: Hyperparameter analysis for number
of dimension and encoding layers. The lower
MSE indicates the better.

(a) (b)

Figure 6: The impact of input data length on Hy-
perTime and several strong baselines. The lower
MSE indicates the better.

4.5 INFLUENCE OF INPUT LENGTH.

We selected two largest datasets, ECL and Traffic, to learn the impact of input data length. We
chose the two because, as shown in Table 1, for small-scale datasets with simpler inter-channel
dependencies, such as ETTs and Exchange, nearly all baselines could perform well. As depicted
in Figure 6, HyperTime demonstrates superior effectiveness across all scenarios when compared to
baselines. It achieves the best on both datasets and even surpasses others by larger margins as the
length increases, which attests to the model’s robust capability in modeling complex dependencies.

4.6 EFFICIENCY ANALYSIS

Assuming an input length L, a number of channels C, a sliding window with stride as s, model
dimension d with dim ratio 2 : 1 : 1 of three types of representation, and prediction horizon H ,
the computational complexities are: O(CpdL/s) for patch embedding, O(Cd2L/2s) for TDM,
O(CdL/2s) for MDM, O(C2d2L/s) for representation fusion, and O(CHd) for decoding. By
disregarding all constants, we derive the overall computational complexity as O(CL+CH), which
is linear with respect to L, C, and H .

Table 3: Computational complexity of encoding layers of HyperTime and typical baselines.

HyperTime TimeXer TimeMixer iTransformer PatchTST
O(·) O(CL) O(CL2 + C2) O(CLlog(L)) O(CL+ C2) O(CL2)

5 CONCLUSION

In this paper, we introduce HyperTime, a novel framework that pioneers the unification of patch,
univariate, and multi-channel representations within a hyperbolic representation space. By lever-
aging hierarchy and entailment constraints, HyperTime seamlessly integrates these heterogeneous
representations with linear computational complexity. Our comprehensive evaluation demonstrates
HyperTime’s superior capability in multi-level information exploitation and robust zero-shot learn-
ing performance. Crucially, we establish that the effectiveness of HyperTime is intrinsically linked
to the latent or explicit hierarchical structures inherent in multivariate time series data. Conse-
quently, applying this hyperbolic geometry-based approach to domains lacking such hierarchy, such
as univariate or flat-structured datasets, may result in suboptimal learning efficiency and introduce
unnecessary computational overhead.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Wanlin Cai, Yuxuan Liang, Xianggen Liu, Jianshuai Feng, and Yuankai Wu. Msgnet: Learning
multi-scale inter-series correlations for multivariate time series forecasting. In Proceedings of the
AAAI Conference on Artificial Intelligence, volume 38, pp. 11141–11149, 2024.

Cristian Challu, Kin G Olivares, Boris N Oreshkin, Federico Garza Ramirez, Max Mergenthaler
Canseco, and Artur Dubrawski. Nhits: Neural hierarchical interpolation for time series forecast-
ing. In Proceedings of the AAAI Conference on Artificial Intelligence, volume 37, pp. 6989–6997,
2023.

Minghao Chen, Houwen Peng, Jianlong Fu, and Haibin Ling. Autoformer: Searching transformers
for visual recognition. In Proceedings of the IEEE/CVF international conference on computer
vision, pp. 12270–12280, 2021.

Tao Dai, Beiliang Wu, Peiyuan Liu, Naiqi Li, Jigang Bao, Yong Jiang, and Shu-Tao Xia. Periodicity
decoupling framework for long-term series forecasting. In The Twelfth International Conference
on Learning Representations, 2024.

Abhimanyu Das, Weihao Kong, Andrew Leach, Shaan Mathur, Rajat Sen, and Rose Yu. Long-term
forecasting with tide: Time-series dense encoder. arXiv preprint arXiv:2304.08424, 2023.

Karan Desai, Maximilian Nickel, Tanmay Rajpurohit, Justin Johnson, and Shanmukha Ramakr-
ishna Vedantam. Hyperbolic image-text representations. In International Conference on Machine
Learning, pp. 7694–7731. PMLR, 2023.

Bhuwan Dhingra, Christopher J Shallue, Mohammad Norouzi, Andrew M Dai, and George E Dahl.
Embedding text in hyperbolic spaces. arXiv preprint arXiv:1806.04313, 2018.

Martin BH Everaert, Marinus AC Huybregts, Noam Chomsky, Robert C Berwick, and Johan J
Bolhuis. Structures, not strings: Linguistics as part of the cognitive sciences. Trends in cognitive
sciences, 19(12):729–743, 2015.

Octavian Ganea, Gary Bécigneul, and Thomas Hofmann. Hyperbolic entailment cones for learn-
ing hierarchical embeddings. In International conference on machine learning, pp. 1646–1655.
PMLR, 2018a.

Octavian Ganea, Gary Bécigneul, and Thomas Hofmann. Hyperbolic neural networks. Advances in
neural information processing systems, 31, 2018b.

Lu Han, Han-Jia Ye, and De-Chuan Zhan. The capacity and robustness trade-off: Revisit-
ing the channel independent strategy for multivariate time series forecasting. arXiv preprint
arXiv:2304.05206, 2023.

Lu Han, Xu-Yang Chen, Han-Jia Ye, and De-Chuan Zhan. Softs: Efficient multivariate time series
forecasting with series-core fusion. arXiv preprint arXiv:2404.14197, 2024.

Taesung Kim, Jinhee Kim, Yunwon Tae, Cheonbok Park, Jang-Ho Choi, and Jaegul Choo. Re-
versible instance normalization for accurate time-series forecasting against distribution shift. In
International Conference on Learning Representations, 2022.

Guokun Lai, Wei-Cheng Chang, Yiming Yang, and Hanxiao Liu. Modeling long-and short-term
temporal patterns with deep neural networks. In The 41st international ACM SIGIR conference
on research & development in information retrieval, pp. 95–104, 2018.

Nan Li, Zhihao Yang, Yumeng Yang, Jian Wang, and Hongfei Lin. Hyperbolic hierarchical knowl-
edge graph embeddings for biological entities. Journal of Biomedical Informatics, 147:104503,
2023a.

Zhe Li, Shiyi Qi, Yiduo Li, and Zenglin Xu. Revisiting long-term time series forecasting: An
investigation on linear mapping. arXiv preprint arXiv:2305.10721, 2023b.

Minhao Liu, Ailing Zeng, Muxi Chen, Zhijian Xu, Qiuxia Lai, Lingna Ma, and Qiang Xu. Scinet:
Time series modeling and forecasting with sample convolution and interaction. Advances in
Neural Information Processing Systems, 35:5816–5828, 2022a.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Qi Liu, Maximilian Nickel, and Douwe Kiela. Hyperbolic graph neural networks. Advances in
neural information processing systems, 32, 2019.

Yijing Liu, Qinxian Liu, Jian-Wei Zhang, Haozhe Feng, Zhongwei Wang, Zihan Zhou, and Wei
Chen. Multivariate time-series forecasting with temporal polynomial graph neural networks. Ad-
vances in neural information processing systems, 35:19414–19426, 2022b.

Yong Liu, Tengge Hu, Haoran Zhang, Haixu Wu, Shiyu Wang, Lintao Ma, and Mingsheng Long.
itransformer: Inverted transformers are effective for time series forecasting. The twelfth interna-
tional conference on learning representations, 2024.

Md Mahmuddun Nabi Murad, Mehmet Aktukmak, and Yasin Yilmaz. Wpmixer: Efficient multi-
resolution mixing for long-term time series forecasting. In Proceedings of the AAAI Conference
on Artificial Intelligence, volume 39, pp. 19581–19588, 2025.

Vahid Naghashi, Mounir Boukadoum, and Abdoulaye Banire Diallo. A multiscale model for multi-
variate time series forecasting. Scientific Reports, 15(1):1565, 2025.

Maximillian Nickel and Douwe Kiela. Learning continuous hierarchies in the lorentz model of
hyperbolic geometry. In International conference on machine learning, pp. 3779–3788. PMLR,
2018.

Yuqi Nie, Nam H Nguyen, Phanwadee Sinthong, and Jayant Kalagnanam. A time series is worth
64 words: Long-term forecasting with transformers. The eleventh international conference on
learning representations, 2023.

Boris N. Oreshkin, Dmitri Carpov, Nicolas Chapados, and Yoshua Bengio. N-beats: Neural ba-
sis expansion analysis for interpretable time series forecasting. In International Conference on
Learning Representations, 2020.

Avik Pal, Max van Spengler, Guido Maria D’Amely di Melendugno, Alessandro Flaborea, Fabio
Galasso, and Pascal Mettes. Compositional entailment learning for hyperbolic vision-language
models. arXiv preprint arXiv:2410.06912, 2024.

Zhe Pan and Peng Wang. Hyperbolic hierarchy-aware knowledge graph embedding for link predic-
tion. In Findings of the Association for Computational Linguistics: EMNLP 2021, pp. 2941–2948,
2021.

Syama Sundar Rangapuram, Shubham Kapoor, Rajbir Singh Nirwan, Pedro Mercado, Tim
Januschowski, Yuyang Wang, and Michael Bohlke-Schneider. Coherent probabilistic forecast-
ing of temporal hierarchies. In International Conference on Artificial Intelligence and Statistics,
pp. 9362–9376. PMLR, 2023.

David Salinas, Valentin Flunkert, Jan Gasthaus, and Tim Januschowski. Deepar: Probabilistic fore-
casting with autoregressive recurrent networks. International journal of forecasting, 36(3):1181–
1191, 2020.

Shiyu Wang, Haixu Wu, Xiaoming Shi, Tengge Hu, Huakun Luo, Lintao Ma, James Y Zhang, and
Jun Zhou. Timemixer: Decomposable multiscale mixing for time series forecasting. The twelfth
international conference on learning representations, 2024a.

Shiyu Wang, Jiawei Li, Xiaoming Shi, Zhou Ye, Baichuan Mo, Wenze Lin, Shengtong Ju, Zhixuan
Chu, and Ming Jin. Timemixer++: A general time series pattern machine for universal predictive
analysis. The thirteenth international conference on learning representations, 2025.

Yuxuan Wang, Haixu Wu, Jiaxiang Dong, Yong Liu, Yunzhong Qiu, Haoran Zhang, Jianmin Wang,
and Mingsheng Long. Timexer: Empowering transformers for time series forecasting with ex-
ogenous variables. Advances in Neural Information Processing Systems, 2024b.

Haixu Wu, Tengge Hu, Yong Liu, Hang Zhou, Jianmin Wang, and Mingsheng Long. Timesnet:
Temporal 2d-variation modeling for general time series analysis. In The eleventh international
conference on learning representations, 2023.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Zonghan Wu, Shirui Pan, Guodong Long, Jing Jiang, Xiaojun Chang, and Chengqi Zhang. Con-
necting the dots: Multivariate time series forecasting with graph neural networks. In Proceedings
of the 26th ACM SIGKDD international conference on knowledge discovery & data mining, pp.
753–763, 2020.

Kun Yi, Qi Zhang, Wei Fan, Shoujin Wang, Pengyang Wang, Hui He, Ning An, Defu Lian, Long-
bing Cao, and Zhendong Niu. Frequency-domain mlps are more effective learners in time series
forecasting. Advances in Neural Information Processing Systems, 36, 2023.

Ailing Zeng, Muxi Chen, Lei Zhang, and Qiang Xu. Are transformers effective for time series
forecasting? In Proceedings of the AAAI conference on artificial intelligence, pp. 11121–11128,
2023.

Tian Zhou, Ziqing Ma, Qingsong Wen, Xue Wang, Liang Sun, and Rong Jin. Fedformer: Frequency
enhanced decomposed transformer for long-term series forecasting. In International conference
on machine learning, pp. 27268–27286. PMLR, 2022.

12


	Introduction
	Related Work
	Hyperbolic Representation Learning
	Time Series Forecasting Models

	Methodology
	Preliminary
	HyperTime Architecture
	HyperTime Encoding
	Hyperbolic Space Hierarchical Constraints

	Experiments
	Experimental Results
	Ablation Study
	Learning Representations
	Hyperparameter Sensitivity
	Influence of Input Length.
	Efficiency Analysis

	Conclusion

