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ABSTRACT
Multi-task learning has shown its advantages in NLP and CV do-
mains but has not been widely applied for time-series classification.
In this paper, we propose a novel multi-task learning approach
for time-series classification based on intelligent classifier sharing.
Based on the proposed method, we demonstrate that a time-series
classification task can benefit from semantically relevant ones au-
tomatically without human intervene. Experiments are carried out
on the 15 largest datasets in UCR repository. Overall, the average
accuracy of 15 datasets has been enhanced from 86.8% to 88.2%
compared to the best state-of-the-art model in the literature. Anal-
yses also verify that the task relations captured by our Multi-Task
Classifier Sharing (MTCS) method present good interpretability.
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1 INTRODUCTION
Time-series classification is a ubiquitous task in various business
scenarios. For example, oil companies monitor the status of their
oil rigs by collecting time series from thousands of sensors and
getting alerts before incidents happen. In real scenarios, it is often
hard to acquire sufficient training labels for a specific task, which
hinders the accuracy of the corresponding time-series classifier.
Therefore, it is a natural requirement to train a unified time-series
classification model, where multiple tasks can collaborate with each
other to improve the performance of individual ones.

Existing research works on time-series classification mainly fo-
cus on the improvement of representation learning. For example,
T-Loss [10] leverages the triplet loss to minimize the representation
distances between similar samples while maximizing them between
dissimilar samples. TS2Vec [23] provides a universal framework
for learning time-series representations in different granularities
and semantic levels through hierarchical contrastive loss. However,
to the best of our knowledge, all these models are trained by indi-
vidual datasets separately while ignoring the useful information in
other datasets. In this paper, we aim to study if multiple datasets
of time-series can benefit from each other. A straightforward so-
lution is to pre-train a self-supervised representation model on all
datasets, and then perform time-series classification based on the
unified representations. However, the performance of cross-dataset
classification becomes even worse when representing all time series
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jointly. We conjecture that the severe negative transfer phenom-
enon is caused by the unawareness of task-oriented semantics in
each downstream task. Presumably, a multi-task learning frame-
work can incorporate the semantics of different tasks with diverse
time-series distributions, which would improve the effectiveness of
knowledge sharing among different datasets.

Multi-task learning has achieved tremendous success in many
fields including natural language understanding and computer vi-
sion, yet few successful stories have been carried out in the time-
series domain, partially due to the diverse semantics of time series.
Following common practices in other domains, like MT-DNN [13]
for NLP, a straightforward way is to leverage a shared encoder for
all time series and adopt a separate classifier for each task. But
this design has two limitations. (1) All classifiers are trained sepa-
rately without sharing information with each other; (2) It is hard
for the shared encoder to incorporate all kinds of features for a
large number of classification tasks with diverse semantics and
data distributions. Thus, we argue that only sharing encoders is
insufficient, while sharing the information between classifiers is
also crucial to the success of cross-dataset time-series classification.

To this end, we propose a novel Multi-Task Classifier Sharing
(MTCS) framework for cross-dataset time-series classification. Un-
like a traditional multi-task learning (MTL) architecture where
each task corresponds to a separate classifier, the classifiers in the
MTCS framework share knowledge collaboratively. To achieve this
goal, we calculate an affinity matrix between predictive label logits
of the target task and all rest ones. Based on the affinity matrix,
MTCS model smartly predicts which pairs of labels are semantically
relevant and establishes a soft weight-sharing loss to bridge corre-
sponding parameters in multiple classifiers. Extensive experiments
demonstrate the effectiveness of our proposed model. We show that
MTCS improves an average of 1.6% accuracy on the largest 15 UCR
datasets compared to the best state-of-the-art model.

The contributions of this paper are three-fold. First, we propose a
Multi-Task Classifier Sharing (MTCS) framework for cross-dataset
time-series classification. The result establishes a new state-of-the-
art accuracy on the UCR top-15 datasets. Second, it is non-trivial to
share knowledge between two distinct classifiers with disjoint label
spaces. In this paper, we propose a novel method that calculates the
affinity score between each pair of labels and leverages an MSE loss
to facilitate soft weight sharing between corresponding classifiers.
Third, Visualization analysis illustrates the effectiveness of derived
affinity matrices. To the best of our knowledge, this is the first
work that proposes parameter sharing among different classifiers
with disjoint label spaces. The essence is generic, which may be
beneficial to other multi-task classification applications.
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2 RELATEDWORKS
Time-series classification. Time-series classification is a basic
yet important task with numerous real-life applications. Over the
last decades, many works have been proposed to handle this task.
Among them, One-nearest neighbor classifier with Dynamic Time
Wrapping (DTW) distancemetric is a common baseline algorithm [16–
18]. Deep neural networks have also been investigated for time-
series classification in recent years and achieve competitive per-
formance [9, 12]. Besides, ensembling the outputs of several inde-
pendently trained models into a single prediction is an effective
technique to get a higher accuracy score, such as COTE [2] and
HIVE-COTE [1].

Time-series representation learning. The performance of
time-series classification mainly depends on the effectiveness of
time-series representations. There are various attempts for improv-
ing time-series representation in recent years. T-Loss [10] exposes
an encoder-only architecture and designs a triplet loss to make the
encoder unsupervised. TNC [19] assumes that close time steps in a
time series have similar representations and proposes a temporal
neighborhood sampling method. TST [24] applies a transformer
model to learn time-series representations, while TS-TCC [8] pro-
poses a novel temporal contrasting module to learn robust temporal
representations. TS2Vec [23] provides a universal framework for
learning time-series representations in different granularities and
semantic levels through hierarchical contrastive loss. These mod-
els generate good representations of time-series and improve the
performance of downstream tasks like clustering or classification.
However, they are trained separately for each individual dataset,
ignoring the abundant information of common characteristics of
time series from different sources.

Multi-task learning and classifier sharing. Multi-task learn-
ing (MTL) has been applied across many applications of machine
learning, including natural language processing [4], speech recog-
nition [6] and computer vision [11]. MTL aims to learn an inductive
transfer, which is provided by auxiliary tasks and losses. As a result,
models can generalize better to multiple tasks or data distributions
through multi-task learning. Existing MTL methods usually utilize
hard or soft parameter sharing techniques to handle multiple tasks
in one model. Hard parameter sharing is the most commonly used
approach [3]. In this setting, most parts of the model are shared
between all tasks, while a task-specific output layer is held out for
each task. On the other hand, in soft parameter sharing, each task
has its own model and parameters. Meanwhile, a regularization
objective is applied to pull the parameters of relevant tasks to be
closer, for instance, using an 𝑙2 norm [7] or trace norm [21]. To the
best of our knowledge, most existing works study the setting of
sharing encoders instead of sharing classifiers.

3 METHODOLOGY
3.1 Overall Pipeline
The overall pipeline of Multi-Task Classifier Sharing (MTCS) for
cross-dataset time-series classification is illustrated in Figure 1,
which consists of two major stages, namely encoding stage and
classification stage. In the encoding stage, time-series from mul-
tiple datasets are fed into a shared encoding layer. Next, in the
classification stage, the model predicts classification labels for each

Figure 1: Overall framework of Multi-Task Classifier Sharing
(MTCS) for cross-dataset time-series classification.

task based on a task-specific MLP classifier, and the corresponding
supervised signals of downstream tasks are leveraged to train both
classifiers and encoders from end to end. Unlike the traditional
Multi-Task Learning (MTL) networks which leverage an isolate
MLP classifier for each task, MTCS introduces a classifier sharing
mechanism that performs weight sharing across multiple classifiers.
To enable weight sharing among different classifiers with disjoint
label spaces, we propose a soft weight-sharing strategy based on
label relevance, which encourages the corresponding MLP parame-
ters for relevant labels to be similar. To estimate the relevance score
between a pair of labels, each time series is fed into all MLP classi-
fiers, while the cosine similarity of corresponding logits is taken
as a proxy of label relevance. Then, a Mean Squared Error (MSE)
loss can be added to bridge the classifier parameters of relevant
labels. Finally, the whole MTCS network can be optimized by the
cross-entropy and MSE losses jointly.

3.2 TS2Vec Encoder
We adopt TS2Vec [23], a state-of-the-art model for single-dataset
time-series classification as the backbone architecture of encoding
layer. As shown in Figure 1, the TS2Vec encoder consists of an input
projection module and a dilated Convolutional Neural Network
(CNN) [22] with 𝐿 sequentially connected residual blocks, where the
𝑙-th block has a dilation factor 2𝑙 . First, the input projection module
maps each input timestamp into a high-dimensional vector; Second,
the 𝐿-layers dilated CNN architecture is applied to each time series
input, resulting in a contextual representation for each timestamp.
At last, the representations for all timestamps are fed into a max
pooling layer, which generates an instance-level representation for
the entire time series.

3.3 Multi-Task Classifier Sharing
On the basis of time-series representations derived by the encoder,
we stack a task-specific MLP (Multi-Layer Perceptron) classifier
to predict the classification labels for each task. Without loss of
generality, the number of layers in the MLP classifier is set as 1, and
the methodology can be extended to multi-layer MLP classifiers
with little modifications. For the 𝑘-th task with 𝑁 possible labels,
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the label probabilities of instance 𝑥𝑖 can be calculated by

𝑝𝑘 (c|𝑥𝑖 ) = softmax(W𝑘 𝑓 (𝑥𝑖 )), (1)

where c = {𝑐1, 𝑐2, ..., 𝑐𝑁 } is the set of possible labels; 𝑓 (𝑥𝑖 ) ∈ R𝐷 is
the encoding representation for instance 𝑥𝑖 ; and𝑊𝑘 ∈ R𝐷×𝑁 is the
learnable matrix for the classifier.

Given ground truth labels, the probabilities for each class can be
learned by the cross-entropy loss function, where1(𝑥𝑖 , 𝑐 𝑗 ) indicates
if 𝑥𝑖 falls into the class 𝑐 𝑗 .

ℓ𝑘
𝑐𝑙𝑠

(𝑥𝑖 ) = −
∑︁
𝑐 𝑗 ∈c

1(𝑥𝑖 , 𝑐 𝑗 )log(𝑝𝑘 (𝑐 𝑗 |𝑥𝑖 )), (2)

It is non-trivial to share knowledge effectively among multiple
classifiers, as different classifiers hold disjoint label spaces. To ad-
dress this challenge, we propose a soft weight-sharing strategy by
making corresponding MLP parameters similar between relevant
labels. Specifically, we assume𝑊𝑘 ∈ R𝐷×𝑁 and𝑊𝑗 ∈ R𝐷×𝑀 are
weight matrices for the classifiers of the 𝑘-th and 𝑗-th tasks respec-
tively.𝑊𝑘,𝑞 denotes the 𝑞-th component of𝑊𝑘 , which corresponds
to the weight of 𝑞-th label for the 𝑘-th task. Similarly,𝑊𝑗,𝑝 corre-
sponds to the 𝑝-th label for the 𝑗-th task. If the labels 𝑝 and 𝑞 are
semantically relevant, we utilize the loss function below to facilitate
soft parameter sharing between them.

ℓ
(𝑘,𝑗)
𝑤𝑠 =

1
𝑀𝑁

∑︁
𝑝∈𝑃

∑︁
𝑞∈𝑄

1(𝑞, 𝑝) (𝑊𝑘,𝑞 −𝑊𝑗,𝑝 )2, (3)

where 𝑃 is the label space of the 𝑗-th task, and 𝑄 is the label space
of the 𝑘-th task;𝑀 and 𝑁 are the possible label counts for the 𝑗-th
and 𝑘-th tasks, respectively; 1(𝑞, 𝑝) indicates whether two labels 𝑞
and 𝑝 are relevant in semantics.

The rest challenge is how to estimate the semantic relevance
between two disjoint labels automatically. In this paper, we propose
a data-driven method based on the classification logits. In other
words, the relevance of two labels can be calculated by their cor-
responding distributions of label probabilities for the same input.
Suppose the input time series be 𝑥𝑖 , the predicted probabilities for
the 𝑗-th task be A𝑗 (𝑥𝑖 ) = {𝑎 𝑗,𝑝 |𝑝 ∈ 𝑃} ∈ R𝑀 , and those for the 𝑘-th
task be A𝑘 (𝑥𝑖 ) = {𝑎𝑘,𝑞 |𝑞 ∈ 𝑄} ∈ R𝑁 . We first calculate the outer
product of these two vectors, and then sum them for all time-series
instances inside a given batch,

A =
1
|𝑋 |

∑︁
𝑥𝑖 ∈𝑋

A𝑗 (𝑥𝑖 ) ⊗ A𝑘 (𝑥𝑖 ) = {𝐴𝑝,𝑞} ∈ R𝑀×𝑁 , (4)

where 𝑋 contains all instances in the current batch, and |𝑋 | is the
batch size; A𝑝,𝑞 denotes the relevance score between label 𝑝 in the
𝑗-th task and label 𝑞 in the 𝑘-th task. Finally, we adopt a pre-defined
threshold 𝜏 to determine if 𝑝 and 𝑞 are relevant.

1(𝑝, 𝑞) =
{
1, if 𝑀𝑁 ·A𝑝,𝑞∑

𝑖,𝑗 A𝑖,𝑗
> 𝜏 ,

0, otherwise,
(5)

where 𝑀 and 𝑁 correspond to the 𝑥-th and 𝑦-th dimension of
matrix A, respectively. In the equation above, we consider two
labels relevant if their relevance score is 𝜏 times larger than the
average relevance between all pairs of labels. By default, we set
𝜏 as 2 in all experiments. Notably, if no labels are relevant, the
corresponding relevance matrix A should hold an approximately
uniform distribution after summarizing all instances in a batch.

In this case, the classifier sharing loss becomes zero and does not
affect the final performance.

3.4 Optimization
Loss Function. Overall, the loss function in the multi-task training
stage can be formulated as

ℓ =
∑︁
𝑖∈𝑍

ℓ𝑖
𝑐𝑙𝑠

+ 𝛼
∑︁
𝑘∈𝑍

∑︁
𝑗≠𝑘

ℓ
(𝑘,𝑗)
𝑤𝑠 , (6)

where 𝑍 is the set of all tasks, ℓ𝑐𝑙𝑠 and ℓ𝑤𝑠 stands for the classi-
fication and weight sharing losses defined in Equation 2 and 3,
respectively; The hyper-parameter 𝛼 is used to balance the impor-
tance of two losses. Note that when the joint label space for all tasks
is extremely large, we need a prior of task relationship to avoid
exhaustive enumeration, which will be explored in future works.

Fine-tuning. After multi-task training, a fine-tuning stage is
often necessary to achieve a superior performance. In our imple-
mentation, we do not fine-tune the encoders. Following existing
works [10, 23], we only fine-tune the classifiers to demonstrate
the generality of time-series representations learned in the multi-
task training stage. We leverage SVM classifiers in the fine-tuning
stage as they are adopted by existing state-of-the-art approaches
(T-Loss [10] and TS2Vec [23]).

4 EXPERIMENTS
4.1 Datasets and Preprocessing
The UCRArchive [5] is commonly used to evaluate the performance
of different approaches in time-series classification. We evaluate the
results of our methods compared to other SOTAs on top 15 largest
datasets in the UCR archive. During preprocessing, we normalize
datasets using z-score [23] so that the set of observations for each
dataset has zero mean and unit variance. Our framework is able
to process multiple tasks without aligning their length, while for a
variable-length dataset, we pad all the series to the same length.

4.2 Settings
The dimension of output representation vector is set as 320 inMTCS
and all baseline models. In baseline methods (TS2Vec, T-Loss, TNC,
TS-TCC, TST and DTW), time-series from different datasets are not
learned together. They train onemodel for each dataset and evaluate
it on the corresponding test set. MTL performs multi-task training
using TS2Vec as the shared encoder, and MTCS further introduces
a classifier sharing strategy among multiple classifiers. For MTCS,
MTL and TS2Vec, we set the number of dilated convolution layer
as 𝐿 = 10 and hidden dimension as 𝐷 = 64. The hyper-parameter
𝛼 in MTCS is set as 0.1. First, we shuffle all the time-series data in
UCR archive for all datasets and sample a mini-batch from one of
the dataset in each iteration. Then, the model is updated with an
AdamW [14] optimizer with an initial learning rate of 0.001. The
models are implemented with PyTorch and run on one NVIDIA
V100 Tensor Core GPU with batch size 32 for 5 epochs.

4.3 Comparison with State-of-the-art Methods
We compare our approach with several state-of-the-art works of
time-series representation learning. T-Loss [10] adopts a triplet loss
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Table 1: Accuracy comparison on 15 largest datasets in UCR

Dataset MTCS MTL TS2Vec T-Loss TNC TS-TCC TST DTW
Crop 0.766 0.765 0.756 0.722 0.738 0.742 0.710 0.665

ElectricDevices 0.707 0.702 0.721 0.707 0.700 0.686 0.676 0.602
StarLightCurves 0.978 0.969 0.969 0.964 0.968 0.967 0.949 0.907

Wafer 0.997 0.996 0.998 0.992 0.994 0.994 0.991 0.980
TwoPatterns 1.0 0.999 1.0 0.999 0.993 0.976 0.871 0.905
ECG5000 0.941 0.938 0.935 0.933 0.937 0.941 0.928 0.924
FordA 0.945 0.944 0.936 0.928 0.894 0.930 0.568 0.555

UWaveGestureLibraryAll 0.968 0.968 0.930 0.896 0.903 0.692 0.475 0.892
UWaveGestureLibraryX 0.828 0.828 0.795 0.785 0.781 0.733 0.569 0.728
UWaveGestureLibraryY 0.764 0.762 0.719 0.71 0.697 0.641 0.348 0.634
UWaveGestureLibraryZ 0.782 0.778 0.770 0.757 0.721 0.692 0.475 0.892

FordB 0.815 0.812 0.794 0.793 0.733 0.815 0.507 0.620
ChlorineConcentration 0.827 0.768 0.832 0.750 0.760 0.753 0.562 0.648

NonInvasiveFetalECGThorax1 0.961 0.950 0.930 0.878 0.898 0.898 0.471 0.790
NonInvasiveFetalECGThorax2 0.951 0.954 0.938 0.919 0.912 0.913 0.832 0.865

15 datasets Avg. 0.882 0.876 0.868 0.849 0.842 0.825 0.662 0.774

Table 2: Accuracy comparison on
10 selected datasets in UCR

Dataset MTCS MTL TS2Vec
Lightning2 0.934 0.918 0.869
Lightning7 0.849 0.849 0.863

EOGHorizontalSignal 0.616 0.588 0.539
EOGVerticalSignal 0.530 0.475 0.503

Chinatown 0.977 0.980 0.965
MelbournePedestrian 0.957 0.944 0.959

SmallKitchenAppliances 0.731 0.741 0.731
LargeKitchenAppliances 0.885 0.885 0.861

Computers 0.676 0.672 0.660
HouseTwenty 0.933 0.916 0.916
10 datasets Avg. 0.809 0.797 0.787

to distinguish different time-series. TNC [19] retrieves positive sam-
ples from time-series signals within a neighborhood. TS-TCC [8]
transforms raw time-series data by using weak and strong augmen-
tations before they are fed into encoders. TST [24] learns time-series
representations based on the transformer encoder architecture. We
also compare to DTW, a one-nearest-neighbor classifier with DTW
distance measurement. The classification accuracy scores on the
15 largest dataset in UCR are summarized in Table 1. All existing
SOTAs train each dataset separately, while TS2Vec achieves the best
performance among them by proposing a hierarchical contrasting
loss. MTL trains all 15 datasets jointly by a shared encoder and sep-
arate classifiers, which improves the average accuracy of TS2Vec
by relatively 0.92%. Moreover, MTCS further improves the average
accuracy by 0.68% by the proposed classifier sharing method. As
we can see in Table 1, MTCS is globally the best among all state-of-
the-arts models on 15 datasets, demonstrating the effectiveness of
both cross-dataset training and classifier sharing.

4.4 Analysis
4.4.1 Self-supervised pre-training v.s. Multi-task training. Accord-
ing to TS2Vec [23], the encoding layer can be optimized through
a self-supervised hierarchical contrastive loss. For a comparison,
we pre-train the time-series representation on 15 datasets together
using the self-supervised loss, and then fine-tune the classifier for
each task based on the learned representations. All settings follow
the open source version of TS2Vec except that the representation
model is learned jointly on all 15 datasets. As a result, we only
get an 81.2% average accuracy, which shows a huge performance
degradation compared to original TS2Vec that learns the represen-
tation of each task separately. Instead, we can boost the average
accuracy to 88.2% by leveraging the MTCS framwork. This indicates
the superiority of multi-task training mechanism for time-series
classification tasks, perhaps owing to its ability to intelligently in-
corporate the semantics of different downstream tasks and suppress
negative transfer from irrelevant or conflicting tasks.

4.4.2 Attempt on MMoE. We replace the encoder in MTCS by a
network composed of multiple experts like MMoE [15], but do not
see any improvement on the 15 largest UCR datasets (0.882 v.s.
0.881). We guess that the capacity of encoder network is already
sufficient and multiple experts are unnecessary for this setting.

Figure 2: Cross-dataset covariance similarity score on the 10
selected datasets in UCR. The left is from self-supervised
pre-training, while the right is from MTCS.

4.4.3 Visualization of task relations. Intuitively, semantically rele-
vant tasks would get more similar time-series representations, and
the proposed MTCS model should learn effective task correlations
to ensure an effective classifier sharing. To verify this, we follow
the covariance similarity proposed by [20] to visualize the learned
correlations of each pair of tasks. We select 10 datasets in UCR
Archive for analytic purpose, for which we know exact semantics
of the original tasks. Results are visualized in Figure 2, where the
left one is for self-supervised pre-training and the right one is for
MTCS. The darker the cell is, the more relevant the task pair is. It is
quite evident that MTCS does capture explainable relevance among
these tasks. For instance, Lightning2 and Lightning7 are both asso-
ciated with lightning, and they have higher relevance as predicted
by the model. EOGHorizontalSignal and EOGVerticalSignal are two
separate channels of the electrooculography signal, and they are
the most relevant to each other as expected. SmallKitchenAppliances
and LargeKitchenAppliances are electricity consumption data from
the same households by small and large appliances, respectively,
which also share high relevance score. Besides, there are other
highly-relevant pairs, like MelbournePedestrian and HouseTwenty,
maybe because they have implicitly similar data distributions. On
the contrary, when we perform self-supervised training without
supervised signals, the corresponding heatmap (left figure) does
not capture reasonable task correlations. This verifies our motiva-
tion that task-oriented semantics in supervised labels are crucial
for cross-dataset time-series understanding. Moreover, with the
effective task relationship, MTCS achieves better performance than
MTL by sharing parameters among relevant classifiers (Table 2).
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5 CONCLUSION
In this paper, we propose a novel multi-task learning method with
intelligent classifier sharing (MTCS) for cross-dataset time-series
classification. Experimental results on the 15 largest datasets in
UCR repository prove the effectiveness of MTCS, and extensive
analyses also demonstrate the explainability of the proposed classi-
fier sharing strategy. In the future work, we plan to explore better
ways to capture label correlations, for example, leveraging the co-
variance similarity proposed in [20]. Moreover, we aim to introduce
a constraint of task relationship to avoid exhaustive combination
of a large number of tasks.
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