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Abstract
The representation learning of time series has a wide range of
downstream tasks and applications in many practical scenar-
ios. However, due to the complexity, spatiotemporality, and
continuity of sequential stream data, compared with the rep-
resentation learning of structural data such as images/videos,
the time series self-supervised representation learning is even
more challenging. Besides, the direct application of exist-
ing contrastive learning and masked autoencoder based ap-
proaches to time series representation learning encounters in-
herent theoretical limitations, such as ineffective augmenta-
tion and masking strategies. To this end, we propose a Lan-
guage Pre-training guided Masking Representation Learn-
ing (LPMRL) for times series classification. Specifically, we
first propose a novel language pre-training guided mask-
ing encoder for adaptively sampling semantic spatiotempo-
ral patches via natural language descriptions and improving
the discriminability of latent representations. Furthermore,
we present the dual-information contrastive learning mech-
anism to explore both local and global information by metic-
ulously designing high-quality hard negative samples of time
series data samples. As a result, we also design various ex-
periments, such as visualization of masking position and dis-
tribution and reconstruction error to verify the reasonability
of proposed language guided masking technique. Last, we
evaluate the performance of proposed representation learning
via classification task conducted on 106 time series datasets,
which demonstrates the effectiveness of proposed method.

Introduction
Time series data are being incrementally collected from
multiple mechanical sensors, which is crucial for various
downstream tasks, such as fault diagnosis (Chen, Liu, and
Kong 2020), machine remaining useful life (RUL) predic-
tion (Chen et al. 2020b) and classification (Eldele et al.
2023). However, due to the high-dimensionality, unstruc-
tured and temporality, large amounts of informative patterns
that hidden in long sequence cannot be observed by human,
severely limiting the applications of time series data. Conse-
quently, with the advance of deep learning techniques, rep-
resentation learning based approaches have been widely ex-
ploited to make time series more interpretable.
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Figure 1: Randomly masking vs. proposed language guided
masking. We evaluate the performance different masking
strategy in terms of the metrics of mean square errors on
wine time series data. Obviously, proposed language guided
masking strategy outperforms randomly masking more than
0.1 reconstruction errors on both zero value mask (a) and
mean value mask (b) with almost masked ratios, which
demonstrates the effectiveness of proposed language guided
masking model.

Representation learning aims to learn low-dimensional
discriminative patterns from complex high-dimensional data
which has achieved remarkable success in image/video
understanding recently. Concretely, representation learning
methods of images can be divided into following three parts:
traditional linear dimension reduction (Nie et al. 2019) and
manifold learning (Law and Jain 2006) based approaches as-
sume that the essential structural characteristics are hidden
in the low-dimensional manifold neighbouring subspace. In
order to deal with large scale data, deep learning based rep-
resentation learning methods have dominated the develop-
ment trend of this field, such as ResNet (He et al. 2016),
transformer (Vaswani et al. 2017), masked autoencoder (He
et al. 2022) and so on. For further alleviating label limita-
tion, contrastive learning (Chen et al. 2020a) has heralded a
new era of remarkable achievement for self-supervised rep-
resentation learning.

Despite the significant attention garnered by the above
visual representation paradigms, which cannot be directly
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ported to time series data. For instance, it is noting that
time series data have much more complex dynamic pat-
terns hidden in long continuous sequence, making it difficult
to recognize their categories via linear transformation (Liu
et al. 2024). Furthermore, the data augmentation strategies
of positive and negative samples may destroy the inexplica-
ble underlying patterns in time series, causing the major con-
trastive based self-supervised representation learning meth-
ods ineffective as usual (Luo et al. 2023). Last but not least,
since the off-the-shelf tokens extracted from image and lan-
guage patches are much more than those learned from time
series patches, the underlying spatiotemporal information of
time series sequence is difficult to be explored via masked
autoencoder with random masking strategy. Besides, a well-
trained masking sampling strategy on one dataset might not
suitable for another ones (Bandara et al. 2023). Therefore,
crafting sophisticated representation learning method exclu-
sively tailored for time series data, with a focus on circum-
venting above issues, represents a pivotal step towards en-
hancing their efficacy of downstream tasks.

In this paper, we introduce a Language Pre-training
Guided Masking Representation Learning (LPMRL) for
time series classification. Inspired by a fact that random
masking partially obscures meaningful regions, which al-
lows easier inference of masked values by leveraging strong
correlations among local regions (Shi et al. 2022). There-
fore, we believe that the masked semantic content is crucial
for effective self-supervised representation learning. Our
method consists of two main mechanisms, the first is the
adaptive masking mechanism driven by a pre-training lan-
guage encoder, selecting semantic region as masked patches
in sequences rather than random sampling strategy. The sec-
ond is the dual-information contrastive learning mechanism
for capturing discriminative information of representations.

We empirically show that our proposed language pre-
training guided masking mechanism is able to sample more
informative tokens from semantic spatiotemporal patches
than random masking strategy, which is verified in Figure 1.
We also conduct extensive experiments on time series clas-
sification downstream task for evaluating the effectiveness
of proposed method. In summary, our contribution are:

• We propose a novel language pre-training guided mask-
ing encoder for adaptively sampling semantic spatiotem-
poral patches of continuous sequence by utilizing natural
language descriptions generated from labels of time se-
ries data, so as to improve the discriminability of repre-
sentations learned by adaptive masked antoencoder.

• We introduce the dual-information contrastive learning
mechanism to explore both local and global information
from long time series sequence for further improving the
discriminability of learned representations in the self-
supervised manner.

• We evaluate the performance of proposed representation
learning method by conducting time series classification
experiments on 106 benchmark time series datasets. The
results shown that our method outperforms several SOTA
related competitors, which verifies the effectiveness of
our method.

Related Work
Neural Architectures for Time Series. In the early
stages, the multi-layer perceptrons (MLP) based representa-
tion learning models directly employed fully connected net-
work to extract low-dimensional features without consider
the temporal relationships between the time series data (Is-
mail Fawaz et al. 2019). In order to learn temporal features
in time series, recurrent neural networks and long short-term
memory based approaches integrate memory cells with a
gating mechanism to capture long-term dependencies in se-
quential data (Tang et al. 2020). With the development of CV
techniques, convolutional neural networks use several con-
volution kernels to aggregate local information at each time
step (Li et al. 2021). Moreover, a more fashionable model,
named temporal convolutional networks (Lea et al. 2017),
equips casual convolution operation to solve information
leakage issue from past time step. Recently, transformers
based approaches adapt multi-headed self-attention mech-
anism to dynamically computing the relationships among
temporal representations themselves, which achieving no-
table performance in time series analysis (Wen et al. 2023).

Contrastive Learning for Time Series. Contrastive
learning is a key technique in self-supervised learning
that aims to learn invariant representations from different
augmentations of the original data samples. Unlike self-
supervised of image, the major challenge of contrastive
learning for time series lies in the fact that existing aug-
mentation techniques generally cannot be applied to sequen-
tial data. The address this issue, PCRTA (Tang et al. 2024),
TS-TCC (Eldele et al. 2021) and COUTA (Xu et al. 2024)
use jittering and permutation techniques to generate posi-
tive and negative samples for data augmentation. However,
such strong augmentation strategies are prone to disrupting
the informative patterns, causing negative samples ineffec-
tive. Therefore, ExpCLR (Nonnenmacher et al. 2022) and
InfoTS (Luo et al. 2023) design implicit hard-negative min-
ing and information-aware augmentation strategies for in-
creasing the interpretability and stavility of negative samples
generation. Recently, CDCC (Peng et al. 2024) simultane-
ously represents time series data in both temporal and fre-
quency domains, leveraging contrastive learning to enhance
the compactness of representations within the same domain.

Masked Autoencoder for Time Series. Masked Autoen-
coder (He et al. 2022) is another fashionable self-supervised
representation learning technique which aims to encode the
masking corrupt input into a latent space, and recovers them
via a simple decoder. Due to the remarkable success of
masked autoencoder in language understanding, it has grad-
ually applied to the representation learning of time series.
For example, TARNet (Chowdhury et al. 2022) focus on se-
lecting the most informative seqments and performing data
reconstruction within a single modality. TimeMAE (Cheng
et al. 2023) design an end-to-end decoupled autoencoder ar-
chitecture for time series representations, which can elim-
inate the discrepancy issues. Ti-MAE (Li et al. 2023) ran-
domly masks embeddings, and learns a decoder to recon-
struct which at point level. Simmtm (Dong et al. 2024)
presents a pre-training framework of masked time series
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Figure 2: An illustration of the proposed Language Pre-training guided Masking Representation Learning model (LPMRL),
consisting of language guided masking autoencoder module for adaptively masking patches in time series, and dual-information
contrastive learning module for exploring both local and global information of learned representations.

modeling that recovers masked values according to the
weighted aggregation of multiple neighbor within in same
manifold. Recently, TimesURL (Liu and Chen 2024) pro-
poses a masked autoencoder module to preserve impor-
tant temporal variation information in learned representa-
tions. However, most masked autoencoder methods ran-
domly mask the patches in sequences, resulting in mean-
ingless regions to be masked, and weaken model’s ability to
learn semantic regions.

Proposed Method
The Model Overview
The illustration of proposed Language Pre-training guided
Masking Representation Learning model is shown in Fig-
ure 2, which mainly consists of two modules: (i) lan-
guage guided masking autoencoder module; and (ii) dual-
information contrastive learning module. The former one
firstly generates slice (patch) by using a fixed sliding win-
dow on original long sequential data samples, then trains a
TCN (Lea et al. 2017) model for extracting patch token of
each slice of time series. Subsequently, according to the la-
bel embeddings learned from pre-trained language encoder,
it calculates the relationships between time series patch to-
kens and label embedddings, which is able to guide the se-
lection of important patches with more semantic informa-
tion. Finally, all the normal and masked time series patches
are transported to an adaptive masked autoencoder for learn-
ing their latent representations. For further improving the

discriminability of learned representations, we also design
dual-information contrastive learning to extracting both lo-
cal and global information from instance and clip data.

In the following subsections, we will provide an elaborate
description of the proposed framework.

Language Guided Masking Autoencoder
This subsection will introduce the inherent mechanism of
the core idea in our paper, named language guided masking
autoencoder. Firstly, we will present how to generate the lan-
guage label embedding which is the key indicator to guide
the mask location in time series sequence. Then, we will
introduce how to use language tokens to mask patches in
sequences and how to enhance the discriminative power of
learned representations.

Language embeddings generation. We use the label in-
formation of time series as the language text description
for each data sample. Concretely, as shown in Figure 2, we
directly use the text description “This time series is about
working in the garage.” as an input, wherein the keywords
“working” and “garage” are strongly associated with the
class label information, the remaining words are considered
as hard prompts (Liu et al. 2023a). According to the litera-
ture (Khattak et al. 2023), the pre-trained language encoder
shown in Figure 2 is a CLIP text encoder that generates fea-
ture representations for text description by tokenizing the
words and projecting them to word embeddings zil :

zil = TextProj(wi
k), zil ∈ Rd (1)
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where d is the dimension of each learned embedding zl, and
wi

k denotes the output of k-th transformer layer of i-th word
encoding, TextProj(·) is able to project wi

k into a common
latent embedding space. Besides, we also choose the pre-
dicted soft labels with high confidence as the pseudo-labels
for reducing the interference from incorrect label informa-
tion (Zhang et al. 2021).

Language guided masking antoencoder. As shown in
Figure 2, we first use a sliding windows of length l to clip
the original long sequential time series data sample X to n
subsequences. For each subsequence of X, the i-th slice can
be denoted as xi

(j,j+l−1) ∈ Rl where j is the starting point
timestamp. Then, we transport each subsequence into a TCN
model to calculate the patches tokens of all subsequence,
which can be denoted as Z ∈ Rn×d. In order to calculate the
similarity between patch token zi and word embedding zil ,
we set the number of neurons in last layer of TCN model to
d as well. The main idea of cross patch attention shown in
Figure 2 is to calculate the correlation of each word embed-
ding with the patch tokens at each position. Therefore, the
possibility of a semantic part to appearing in each position
of patch token can be formulated as an attention map:

M = Zl ⊗ Z := softmax(ZT
l WT

l WZ), (2)
where M ∈ Rc×n denotes the attention map of each time
series data, c is the number of word embeddings, and Wl,
W are the projection matrixes.

After obtaining the attention map via Eq.(2), where each
attention map value mi,j indicates the possibility of the cor-
responding i-th language word embedding related to j-th
time series patch position. Then, we can obtain the semantic
patches position p according to attention map as follow:

p = argmax
j

(mj), j = 1, ..., n (3)

where mj =
∑c

i=1 mi,j is the sum of column in the at-
tention map M. Therefore, the patch token in p-th position
contains more semantic information that strongly related to
the language word embeddings, which should be masked
for encouraging model to learn more class-aware informa-
tion rather than meaningless background redundancy, so as
to improve the discriminability of learned representations.

Subsequently, we construct an adaptive masked autoen-
coder to map the masked time series sequence into latent
representations and then reconstructs the full instance from
the latent representations. The masking strategy is designed
according to above Eq. (3), and the loss function based on
Mean Squared Error (MSE) metric is applied to calculate the
errors of original data and reconstructed data in each times-
tamp. To be specific, as suggested in MAE, the loss function
of proposed adaptive masked autoencoder is

Lrecon =
1

|B|
∑
i

∥mi ⊙ (x̃i − xi) ∥22, (4)

where mi ∈ {0, 1} ∈ Rn denotes the mask of i-th sample,
where if j ̸= p, the xj is observed, and mi,j = 1; otherwise
xj is missing, and mi,j = 0. Besides, x̃i indicates the recon-
struction samples, and |B| denotes the number of samples in
each batch.

Dual-information Contrastive Learning
Inspired by existing contrastive learning methods for im-
age/video (Kalantidis et al. 2020), we can conclude a fact
that hard negative samples play an more important role in
contrastive learning, however, hard negative time series sam-
ples are difficult to be explored. A previous technique to se-
lect hard negative sample is designed according to times-
tamps, namely, the fragments with small time intervals are
mutually hard negative samples, while those with large time
intervals are mutually simple negative samples (Hu et al.
2022). However, the content evolution rule in time series
is unknown, thus it is inaccurate to judge the similarity of
fragments solely based on timestamps.

To address this issue, inspired by TimesURL (Liu and
Chen 2024), we define a hard negative samples generation
strategy at both the clip-level and instance-level for explor-
ing the local and global information, respectively. Given the
i-th time series data in t-th timestamp that can be denoted as
xi,t, and we can obtain two augmentation of xi,t as x′

i,t and
x′′
i,t, respectively. Then, the synthetic hard negative samples

of augmentations for i-th time series at timestamp t can be
calculated as

x′clip
i,t = α · x′

i,t + β · x′
i,t′ ,

x′′clip
i,t = α · x′′

i,t + β · x′′
i,t,

(5)

where t′ ̸= t is a different timestamp of another clip. Analo-
gously, the instance-level hard negative samples of augmen-
tations in all timestamps can be formulated as

x′inst
i = α · x′

i + β · x′
j ,

x′′inst
i = α · x′′

i + β · x′′
j ,

(6)

where j ̸= i denotes the another time series sample in batch
B. Besides, the parameters α and β are used to control
the quality of hard negative sample generation, if the β in-
creases, the quality of hard negative samples decreases, vice
versa. Last, according to the hard negative sample genera-
tion in Eq.(5) and Eq.(6), we can present the loss function of
dual-information contrastive learning for extracting both lo-
cal and global information in i-th time series data as follow:

Llocal
i,t = −log

exp(x′
i,t, x

′′
i,t)

exp(x′
i,t, x

′′
i,t) +

∑
qi,t′∈Ni

exp(x′
i,t, qi,t′)

,

(7)

Lglobal
i = −log

exp(x′
i, x

′′
i )

exp(x′
i, x

′′
i ) +

∑
qj∈Nj

exp(x′
i, qj)

, (8)

where Ni and Nj denote the set {x′
i,t′ , x

′′
i,t′}

⋃
{x′clip

i,t′ , x
′′clip
i,t′ }

and {x′
j , x

′′
j }

⋃
{x′inst

j , x′′inst
j }, respectively. Therefore, in or-

der to capture both local and global information in time se-
ries data, the total loss function dual-information contrastive
learning is

Lcons =
1

|B|
∑
i

∑
t

(Llocal
i,t + Lglobal

i ). (9)

In a word, the overall loss function of proposed language
guided masking autoencoder is

Ltotal = Lrecon + λLcons, (10)
where parameter λ is used to balance two loss.
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Experimental Results
In this section, to demonstrate the effectiveness of LPMRL,
we first perform a comparison with the baseline algorithm
on 106 datasets from the UCR time series dataset. Second,
we perform ablation experiments on the model to evaluate
the contribution of each module within the model. Third, vi-
sualization experiments are conducted to validate the clas-
sification performance of LPMRL, focusing on its repre-
sentational dimension. Finally, we assess the robustness of
LPMRL through sensitivity tests.

Datasets description. Our approach was rigorously
evaluated using the well-established UCR time series
archive (Dau et al. 2019), a benchmark dataset in real-
world scenarios. In selecting the datasets, we adhered to the
methodology employed in the time series SSC work (Liu
et al. 2023b), ensuring consistency in our evaluation. Out
of the 128 available UCR datasets, we carefully chose 106
datasets that are representative and challenging. For our ex-
periments, class labels were assigned to each instance, al-
lowing us to effectively measure the model’s classification
performance. We randomly selected a certain ratio of the 106
datasets in which multiple algorithms were compared. Rank-
ing by accuracy yields fair and generalizable results. Ta-
ble 1 presents 10 representative UCR datasets, which cover
various application scenarios and data characteristics, effec-
tively demonstrating the applicability of our method. No-
tably, the UCR datasets are univariate, and due to the con-
straints of the text guidance, we did not select multivariate
datasets in our experiments. However, the LPMRL method
is applicable to multivariate datasets.

Baselines. Our method is compared with five SOTA
time series classification algorithm including DTW, T-
Loss (Franceschi, Dieuleveut, and Jaggi 2019), TS-TCC (El-
dele et al. 2021), TST (Zerveas et al. 2021), TNC (Tonek-
aboni, Eytan, and Goldenberg 2021) and TS2Vec (Yue et al.
2022). Dynamic Time Warping (DTW) is an algorithm used
to measure the similarity between two time series, even if
they have different lengths or are shifted in time. T-Loss is
a method for unsupervised time series representation learn-
ing. It learns representations of time series through a self-
supervised task, which is suitable for representation learn-
ing. Time-series representation learning via temporal and
contextual contrasting (TS-TCC) is a time series representa-

Dataset # Type # Classes # Length # Samples
Adiac Image 37 176 390

CricketX Motion 12 300 390
ElectricDevices Device 7 96 8926

FiftyWords Image 50 270 450
Phoneme Sensor 39 1024 214
ShapesAll Image 60 512 600

WordSynonyms Image 25 270 267
Crop Image 24 46 7200

PigArtPressure Hemodynamics 52 2000 104
PowerCons Power 2 144 180

Table 1: Datesets description.

tion learning method that leverages both temporal and con-
textual contrasting. It combines temporal and contextual in-
formation, improving the representation learning of time se-
ries data. TST applies a Transformer-based framework to
multivariate time series representation learning which can
effectively capture long-term dependencies and interactions
in multivariate time series data. TNC is an unsupervised rep-
resentation learning method for time series, using temporal
neighborhood coding. TNC emphasizes the temporal rela-
tionships within the data, making it robust for unsupervised
learning tasks. TS2Vec aims to achieve universal representa-
tion of time series through a self-supervised learning frame-
work. By creating multi-level temporal contrastive tasks,
TS2Vec learns representations that can generalize across dif-
ferent time series tasks.

Experimental setups. We adhered to the experimental
setup established in TS2Vec, utilizing an SVM classifier
with an RBF kernel to train on the learned representa-
tions, which allowed us to rigorously assess both the robust-
ness and accuracy of our approach. To maintain consistency
across methods, we configured the representation dimension
for all classification techniques, except for DTW, to 320.
Additionally, the maximum epoch was set at 500, the learn-
ing rate was configured to 1e-4, and the batch size was set
to 64. These experiments were meticulously conducted in a
controlled environment using PyTorch 1.10, running on two
high-performance NVIDIA GeForce RTX A6000 GPUs, en-
suring that our results were both reliable and reproducible.

Results Analysis
The results of the evaluation experiments for time series
classification are shown in Table 2. LPMRL achieves the
best classification performance on 106 UCR time series
datasets with different percentages of randomly selected
datasets. It achieved an average accuracy of 85.1% on all
106 datasets, and ranked the highest accuracy on 60 of the
106 datasets, surpassing the previous SOTA model.

In the baseline method, DTW is computed by the align-
ment method, but much effective information is missing. Al-
though TST can effectively capture the complex relation-
ships of time series, the method cannot be trained in large
numbers for datasets with small data sizes, whereas our
method performs multiple effective enhancements and still
maintains excellent accuracy on datasets with small sample
sizes. TS-TCC, although it also uses the contrastive learn-
ing approach, it only considers contrasts on temporal infor-
mation. Our method uses the time-frequency transform to
obtain information in both time and frequency domains si-
multaneously, which makes the model representation more
powerful, and thus better results are obtained.

TNC achieves better results by capturing both local con-
sistency and global feature representation. Whereas, our ap-
proach captures the important information of the time se-
ries locally better by the cross-attention mechanism through
the linguistic level guidance, and enhances the model repre-
sentation capability through the mask autoencoder (MAE).
TS2Vec achieves a generalized representation of time se-
ries through a self-supervised learning framework, but it
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Dataset Ratio 10% 20% 30% 40%

Avg.ACC Win P-value Avg.ACC Win P-value Avg.ACC Win P-value Avg.ACC Win P-value

DTW 0.828 2 9.9E-03 0.776 2 4.2E-02 0.757 2 7.9E-02 0.773 4 1.2E-02±0.125 ±0.155 ±0.176 ±0.179

TST 0.771 1 1.9E-01 0.699 1 9.7E-01 0.683 1 6.8E-01 0.703 2 9.2E-01±0.160 ±0.190 ±0.225 ±0.221

TS-TCC 0.871 2 1.0E-04 0.816 5 2.7E-03 0.816 6 7.5E-04 0.819 8 1.1E-04±0.113 ±0.150 ±0.173 ±0.178

TNC 0.861 3 1.5E-04 0.806 3 3.2E-03 0.799 5 4.2E-03 0.806 6 5.5E-04±0.113 ±0.140 ±0.178 ±0.181

T-Loss 0.895 2 1.2E-04 0.835 5 2.7E-04 0.825 5 1.3E-04 0.824 5 2.4E-05±0.096 ±0.136 ±0.159 ±0.167

TS2Vec 0.892 4 4.4E-05 0.846 6 5.3E-05 0.839 10 2.0E-05 0.837 13 4.0E-06±0.087 ±0.128 ±0.153 ±0.163
0.912 0.867 0.846 0.848LPMRL ±0.087 8 − ±0.126 12 − ±0.160 17 − ±0.153 23 −

Dataset Ratio 50% 60% 80% 100%

Avg.ACC Win P-value Avg.ACC Win P-value Avg.ACC Win P-value Avg.ACC Win P-value

DTW 0.781 4 1.3E-03 0.752 4 2.2E-02 0.753 6 7.4E-03 0.747 6 8.6E-01±0.171 ±0.174 ±0.179 ±0.172

TST 0.699 2 9.7E-01 0.671 2 2.8E-01 0.666 4 1.5E-01 0.661 5 4.4E-05±0.217 ±0.213 ±0.221 ±0.211

TS-TCC 0.814 9 1.0E-05 0.791 12 7.5E-05 0.790 14 5.6E-06 0.782 15 7.6E-02±0.169 ±0.169 ±0.178 ±0.181

TNC 0.813 7 2.3E-05 0.787 8 2.1E-04 0.788 12 1.0E-05 0.780 13 9.1E-02±0.175 ±0.174 ±0.181 ±0.179

T-Loss 0.831 7 2.7E-07 0.808 8 1.5E-06 0.810 13 2.3E-06 0.816 17 6.1E-05±0.160 ±0.159 ±0.167 ±0.160

TS2Vec 0.845 16 1.6E-07 0.823 19 5.1E-06 0.825 20 2.8E-08 0.833 24 4.4E-07±0.156 ±0.156 ±0.163 ±0.156
0.862 0.844 0.846 0.851LPMRL ±0.126 29 − ±0.142 32 − ±0.153 45 − ±0.148 60 −

Table 2: Time series classification results in different ratio on 106 UCR multivariate datasets. Win represents the number
of datasets for which the current algorithm has reached the best accuracy. The best is in bold.

lacks sufficient instance information in the sample dimen-
sion. Since LPMRL uses enhancements on the sample di-
mension, it can better capture instance-level information,
resulting in better performance. Additionally, we evaluate
the significance of the test classification accuracy using
Wilcoxon signed rank test (Demšar 2006). The results show
that LPMRL significantly outperforms all other baseline
classification algorithms.

Ablation Study
In this subsection we discuss the impact of each module
on LPMRL as a whole and perform ablation experiments.
We first selected 12 UCR time series datasets and then
calculated the accuracy using different sub-models: (1)w/o
Language Guided: we removed the cross-attention mecha-
nism and used the self-attention mechanism to find adap-
tive masks; (2)w/o Contrastive Learning: we removed the
contrast learning module to get the representations using
only the mask encoder; (3)w/o Mask Autoencoder: we re-
move the mask autoencoder; (4)Random Mask: we replace
the mask matrix with a random mask matrix.

As shown in Table 3, both adaptive masks and mask au-
tocompilers can effectively improve the classification per-
formance of the model. In particular, the language-guided
adaptive coding is due to the fact that the token obtained

Method Avg.ACC Win P-value
w/o Language Guided 0.851 2 1.2E-04

w/o Contrastive Learning 0.737 0 5.6E-03
w/o Mask Autoencoder 0.674 0 1.1E-02

Random Mask 0.832 0 3.9E-04
LPMRL 0.882 10 −

Table 3: Ablation study performances of proposed method
and its degradation models on 12 UCR time series datasets.

through linguistic modality can more effectively extract the
segments containing rich information under the influence of
the cross-attention mechanism, which effectively enhances
the performance of the mask self-encoder and improves the
model’s classification ability.

Visualization Analysis
To visually demonstrate the effectiveness of LPMRL clas-
sification, we performed t-SNE visualization on multiple
datasets. Figure 3 shows the visualizations on 2 UCR time
series datasets, where the original data become separated af-
ter the LPMRL representation is extracted. This illustrates
the effectiveness of the LPMRL model. Figure 4 highlights
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Figure 3: The t-SNE visualization on two UCR time series
datasets, i.e., CBF (left column) and Freezer (right column).

the distinction between randomly generated masks and those
produced by the LPMRL model. The upper section of the
figure depicts masks created through language-guided mask-
ing, whereas the lower section displays masks generated
randomly. Despite having the same 50% masking ratio, the
LPMRL-generated masks concentrate more on the mid- and
high-frequency regions of the time domain, where informa-
tion is denser. By focusing on these information-rich seg-
ments, the LPMRL model produces higher-quality masks,
thereby enhancing its representation performance.
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Figure 4: Comparative visualization of time series masking:
Language-Guided vs. Random Generation on UCR wine
dataset, with shaded areas indicating masked regions.

Sensitivity Study

In this subsection, we conduct a parameter sensitivity anal-
ysis on the LPMRL model to examine how different pa-
rameter settings impact its classification performance. We
adjusted the mask ratio incrementally by 0.1 and measured
the model’s classification accuracy at each scale. Figure 5 il-
lustrates the variation in classification accuracy between the
random mask model and the LPMRL model across differ-
ent datasets as the mask ratio increases. The results indi-
cate that, due to the language-guided masks, the LPMRL
model is significantly better at identifying and focusing on
the information-rich segments, especially when the mask ra-
tio is low, resulting in higher accuracy. As the mask ratio
increases, LPMRL consistently targets the most informative
regions, thereby enhancing its robustness and performance.
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Figure 5: Sensitivity study of classification accuracy for
Language-Guided vs. Random Masking at various mask ra-
tios on UCR time series datasets.

Conclusion
In this paper, we proposed a novel approach to time series
representation learning termed LPMRL. Our method uti-
lizes language pre-training to guide an adaptive masking en-
coder, enhancing the discriminability of learned representa-
tions. This is achieved by adaptively sampling semantic spa-
tiotemporal patches, using natural language descriptions de-
rived from time series labels. Additionally, we incorporated
a dual-information contrastive learning mechanism that cap-
tures both local and global information from long sequences
in a self-supervised manner. Extensive experiments on 106
benchmark datasets confirmed that our approach consis-
tently outperforms several state-of-the-art methods, validat-
ing the effectiveness of the proposed framework. Our fol-
lowing work will focus on investigating the relationship be-
tween similar segments of temporal information appearing
on different time slices.
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