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ABSTRACT

Class-incremental learning (CIL) on multivariate time series (MTS)
is an important yet understudied problem. Based on practical
privacy-sensitive circumstances, we propose a novel distillation-
based strategy using a single-headed classifier without saving his-
torical samples. We propose to exploit Soft-Dynamic Time Warping
(Soft-DTW) for knowledge distillation, which aligns the feature
maps along the temporal dimension before calculating the discrep-
ancy. Compared with Euclidean distance, Soft-DTW shows its
advantages in overcoming catastrophic forgetting and balancing
the stability-plasticity dilemma. We construct two novel MTS-CIL
benchmarks for comprehensive experiments. Combined with a
prototype augmentation strategy, our framework demonstrates sig-
nificant superiority over other prominent exemplar-free algorithms.

Index Terms— Continual Learning, Multivariate time series
classification, Knowledge Distillation, Dynamic Time Warping

1. INTRODUCTION

Multivariate Time Series (MTS) are temporal sequences with or-
dered, discrete, and multi-dimensional attributes [1]. Deep learning
methods have witnessed great success in MTS classification prob-
lems under the assumption that samples are drawn from an indepen-
dent and identical distribution (i.i.d.). However, this ideal assump-
tion is often violated in real-world MTS data, e.g. due to changes
in sensors or the occurrence of new classes. In this case, it is more
desirable to continuously update the model to accommodate these
changes, while alleviating catastrophic forgetting (CF) of previously
learned knowledge [2].

Incremental learning (IL), also known as continual learning
(CL), aims at alleviating CF in neural networks. Existing methods
are mainly based on memory replay, adaptation of network archi-
tecture or regularization of parameters/representations, or a com-
bination of these strategies [3]. It must be noted that replay-based
methods require a subset of samples to be saved in a memory buffer.
This may violate data privacy, especially in applications involv-
ing MTS data such as healthcare or manufacturing. Furthermore,
most architecture-based methods require the task id of samples dur-
ing inference and hence are not task-agnostic. These methods are
inapplicable for privacy-sensitive circumstances or task-agnostic
scenarios, e.g. class-incremental learning (CIL) scenario.

A representative solution is to adopt Knowledge Distillation
(KD) [4] for regularization. Concretely, by imitating the pseudo
targets (e.g. feature map) generated by a saved teacher, i.e. the

last state of the model, historical knowledge can be distilled and
preserved in the current student model. The imitation is conducted
by minimizing a discrepancy metric, which mostly is Euclidean
distance in methods for image data [5, 6]. However, it is not suitable
for MTS-CIL where the feature maps are temporal sequences. Eu-
clidean distance assumes the ith timestep in one sequence is aligned
with the ith timestep in the other and penalizes any discrepancy
along the temporal axis (e.g. shift or dilation). That may impose a
large loss for similar feature maps with minor temporal shifts (see
the right part of Figure 1) and lead to the over-rigidity problem or
stability-plasticity dilemma.

To alleviate the dilemma, we propose to exploit a shape-aligned
discrepancy metric, namely Soft-DTW [7], for knowledge distil-
lation. It leads to a differentiable loss function that computes the
discrepancy of two sequences after matching their shapes along the
temporal dimension. By distilling the feature maps with Soft-DTW,
the knowledge of the feature extractor can be preserved in a more
flexible manner, leading to a better balance between stability and
plasticity. Together with a global KD term [8] and a prototype
augment (protoAug) strategy [9], we construct a task-agnostic CIL
framework for MTS without saving any historical samples. We
name it as DT 2W, which represents Knowledge Ditllation along
Temporal dimension with soft-DTW.

Compared with image data, the problem of CIL for MTS is
quite under-explored. The proposed methods mainly focus on RNN
[10, 11, 12] or violate the exemplar-free setting [13]. Furthermore,
most benchmarks are either simulated from image data or get limited
to short sequence lengths [14], making them far from practical re-
quirements. In this work, we find two real-world MTS datasets with
balanced long-term sequences and construct two standard MTS-CIL
benchmarks. Comprehensive experiments are conducted with CNN.
To the best of our knowledge, our work is the first attempt to exploit
Soft-DTW for KD. Our framework demonstrates superiority over its
Euclidean-variant and other non-exemplar state-of-the-arts.

2. APPROACH

2.1. Problem Definition

In CIL, a model f parameterized by θ is trained to learn a task se-
quence T = [T 1, ..., TM ] in a sequential manner, where each task
T t = (Dt, Ct) is represented by a class set Ct = {ct1, . . . , ctKt

}
and training data Dt = {(xt

i, y
t
i) |yt

i ∈ Ct}Nt
i . Each sample xi ∈

Rk×l is a MTS with k variables and a fixed sequence length l. Non-
overlapping classes in different tasks are assumed, i.e. Ci∩Cj = ∅



Fig. 1: Illustration of our DT 2W framework (left), where F is a 1D-CNN and V is a Global Average Pooling layer. Using Soft-DTW for
knowledge distillation (right) imposes less penalty for feature maps with temporal shifts but in a similar shape.

if i ̸= j.
In general, model f = h ◦ g is composed of a encoder g and a

classification head h. The encoder g can be further decomposed as
V ◦ F , where F is a feature extractor to produce a temporal feature
map and V is a vectorization operation (e.g. global average pooling
layer). The feature map is converted into a feature vector by V and
sent to h for classification. The head h, which is a fully-connected
layer, follows the single-head configuration, i.e. dynamically adding
a new node for each novel class.

We use a subscript t to denote the state of the model/parameter
during task t. After learning tasks {1, . . . , t − 1}, f t is contin-
uously trained on Dt to learn task t, without access to the previ-
ous/future datasets. Saving historical samples is not allowed to ful-
fill the exemplar-free setting. After training, f t with optimal θt gets
evaluated on the test sets from all the learned tasks {1, . . . , t}, with-
out providing the task id of the sample (task agnostic).

2.2. Overall framework

Our DT 2W framework is depicted in Figure 1. The objective is
three-fold: (a) Learn the temporal feature maps and classification de-
cision boundary for task t; (b) Preserve knowledge of task 1 to task
t − 1 through Knowledge Distillation, and (c) Calibrate the clas-
sification head. These objectives are achieved by minimizing the
following loss function:

L = LCE + λ1LDT2W + λ2LLwF + λprotoLproto (1)

where LCE is the cross-entropy for efficient classification,
LDT2W aims at retaining the knowledge of feature extractor F
through preserving the feature maps. LLwF distills the global

knowledge of the model f [8]. Lproto is for the calibration and
knowledge preservation of the head h [9]. λ1, λ2, λproto are the
hyperparameters to control the strength of each penalty.

2.3. Temporal distillation with Soft-DTW

A desirable similarity metric should consider shifts or dilation when
calculating the discrepancy. Dynamic Time Warping [15] is such
a time-series-specific metric that reflects the discrepancy of two se-
quences after temporal shape alignment. By solving a constrained
dynamic programming problem, it finds the optimal temporal align-
ment to produce the minimum discrepancy value. However, DTW is
non-differential, so we employ a differentiable variant named Soft-
DTW [7] in our framework. Soft-DTW considers the soft-minimum
of the cost spanned by all possible alignments and can therefore be
used as a loss function in the backpropagation pipeline. For the first
time, we utilize Soft-DTW as the information preserving penalty for
knowledge distillation in the field of incremental learning.

After task t − 1, a copy of model f t−1 that has learned tasks
{1, . . . , t−1} is saved as the teacher fo. When the model is adapted
to represent task t, the feature map output by the feature extractor F
is trained to imitate the distillation target generated by the teacher’s
extractor Fo. The knowledge of F is distilled by minimizing the
Soft-DTW-based loss as follows:

LDT2W = dtwγ(F (x), Fo(x)) (2)

where dtwγ(·, ·) is the Soft-DTW discrepancy and Fo is the feature
extractor of the teacher. We refer readers to [7] for further details.
After training task t, the teacher model fo is also upgraded to f t.

To achieve a global knowledge distillation of f t, we include



LwF-MC loss [16], which implements a temperature-scaled cross-
entropy to distill the output probabilities on the old classes. We de-
note yo = fo(x) as teacher’s output (target of KD), ŷo as the vector
of probabilities on old classes in the student’s output, ŷ, ŷ = f(x),
the loss is shown as

LLwF = LCE(y
′
o, ŷ

′
o) = −

|Co|∑
i

y′(i)
o log ŷ′(i)

o (3)

where |Co| is the number of classes in fo. y′(i)
o = (y

(i)
o )1/τ∑

j(y
(j)
o )1/τ

and

ŷ
′(i)
o = (ŷ

(i)
o )1/τ∑

j(ŷ
(j)
o )1/τ

are normalized recorded and current probabil-

ities y(i)
o , ŷ(i)

o , respectively. Temperature τ is set to 2 to emphasize
the information of smaller logits values.

2.4. Knowledge retention and calibration for classifier

Another challenge in CIL is that the single-headed classifier is biased
toward new classes, that is, the magnitudes of weights of new classes
are larger than those of old classes [17, 18]. Eq 3 alone is not suffi-
cient to solve the bias problem or to retain the head’s knowledge. To
address the issues, we adopt a prototype argumentation strategy pro-
posed by [9], which saves a single prototype for each learned class.
Concretely, after finishing each task, the prototype of new class c is
computed as µc = 1

Nc

∑
i g(xi|yi = c), which equals the mean of

feature vectors of that class. Then the prototypes are saved into a
set P . When a new task is trained, pseudo features of the encoun-
tered classes are generated by augmenting the prototypes in P with
Gaussian noise:

fc = µc + r ∗ z, µc ∈ P (4)

where fc is the pseudo feature for class c, z ∼ N (0, 1) is the
Gaussian noise. r is the radius for augmentation and is calculated as
the average variance of the class features in the first task [9]. Pseudo
features are sent into classifier, updating the model with an additional
mini-batch. The loss for protoAug is:

Lproto = LCE(h(fc),yc) (5)

where yc is the one-hot vector of class c. For hyperparameter
λproto, we set its value adaptively [17] in a saturated form: λproto =
(1 − π

et
)λmax

proto, where π is data specific to control the changing
speed. λmax

proto > 1 is the saturated value after training a number of
tasks.

3. EXPERIMENTS SETUP

We develop two new benchmarks for MTS-CIL problems with pub-
lic domain real-world datasets. HAR [19] is a representative hu-
man activity recognition dataset, which contains 9-dimensional in-
ertial signals of smartphones when 6 different daily activities are
performed. Uwave [20] collects the 3-axis coordinates data from ac-
celerometers while generating 8 simple gestures. For each individual
dataset, the sequence length of the sample is fixed, with 128 and 315
timesteps, respectively. To form CIL benchmarks, HAR and Uwave
are divided into 3 and 4 tasks, respectively, with 2 different classes
for each task. Like [16], classes in the dataset are arranged in a fixed
random order for each run.

We experiment with a 1D-CNN-based architecture. Feature ex-
tractor F is a stack of three CNN blocks, each of which consists of

(a) HAR (b) UWave

Fig. 2: Evolution of average accuracy.

2 convolution layers with filter size of 3 and stride of 1. Each con-
volution layer is followed by a BatchNorm layer. A max-pooling
layer (stride=2, kernel size=2) is added after the second BatchNorm
layer in the block. The channels of convolutional layers are 64, 64,
128, 128, 256, and 128, respectively. A Global Average Pooling
(GAP) layer [21] is used as the vectorization function, which pools
the feature map along the temporal dimension and generates a fea-
ture vector of dimensionality 128.

Following the recommendations from [22], we use an SGD op-
timizer (learning rate of 1e-4, momentum of 0.8) with a small batch
size of 16. All experiments are run 5 times with different random
seeds. Each task is trained with 50 epochs with early stopping. The
agent-specific hyperparameters are selected with grid search [17].

We compare our method with two baselines and multiple
exemplar-free IL algorithms [23]. The baselines are (1). Naive:
the lower bound without using any IL method and (2). Offline: the
upper bound training with all the samples in the entire data stream.
Compared methods include EWC [24], SI [25], MAS [26], LwF [8]
and two variants of PODNet [5], namely POD-temporal and POD-
variate.1 We also make a comparison with a variant of our method
by replacing Soft-DTW with Euclidean distance.

We adopt two standard metrics [18] for evaluation. Average Ac-
curacy after learning task i is defined as ACCi = 1

i

∑i
j=1 ai,j ,

where ai,j is the accuracy on the test set of task j after master-
ing task i. Average Forgetting reflects the task-level forgetting
on the learned tasks, defined as FGTi = 1

i−1

∑i−1
j=1 fi,j , where

fk,j = maxl∈{1,...,k−1}(al,j)− ak,j , ∀j < k represents how much
knowledge about task j is forgotten after learning task k. The end
values of the metrics with 0.95 confidence interval of the Student’s t
distribution are reported to summarize an overall performance after
learning the entire task sequence.

4. RESULTS AND DISCUSSION

4.1. Evaluation of compared methods

The evolution of average accuracy is depicted in Figure 2. Our
DTW-based algorithm beats all the competitors by a large margin
in every single step. In general, the algorithms using protoAug (our
methods and two PODNet variants) yield better results, showing the
broad effectiveness of this augment strategy in the CIL setting. EWC
is the worst one among all the compared methods, resulting in per-
formance even close to the lower bound in UWave, which has also

1Use a single-headed classifier with protoAug and revise the POD loss by
pooling along either the temporal dimension or the variate dimension.



Table 1: Overall performance of different methods

HAR UWave
Method ACC(%) FGT(%) ACC(%) FGT(%)
Naive 35.41(±3.87) 64.23(±3.92) 25.57(±0.53) 72.50(±2.11)
LwF 47.48(±1.08) 51.26(±1.04) 39.13(±3.25) 58.22(±4.22)
EWC 40.86(±8.18) 58.71(±8.13) 27.04(±11.72) 50.02(±13.06)
SI 48.28(±4.7) 50.46(±4.89) 33.29(±4.12) 48.41(±5.87)
MAS 49.52(±3.54) 48.84(±3.64) 39.21(±6.39) 31.06(± 8.24)
POD-temporal 54.2(±3.57) 44.44(±3.59) 44.21(±3.55) 51.25(±4.48)
POD-variate 52.83(±6.69) 46.21(±6.52) 50.92(±4.3) 37.35(±4.16)
Ours-Euclidean 52.62(±4.87) 46.16(±5.05) 56.87(±8.07) 17.59(±4.28)
Ours-DTW 56.94 (±4.96) 41.63(±4.69) 63.50(±5.34) 21.66(±1.67)

been found in [18, 14]. SI and MAS, show a better performance
than EWC, while MAS outperforms SI steadily. As a basic KD-
based method, LwF shows a similar performance to importance-
based baselines. For the two PODNet variants, POD-variate out-
performs the POD-temporal in UWave while POD-temporal works
better in HAR, reflecting that there is no universally better pooling
strategy for PODNet frameworks in MTS classification problems.

The end average accuracy and average forgetting after learn-
ing the final task are summarized in Table 1. Our DTW-based
method dominates the end average accuracy, surpassing the best
compared methods by 2.74 and 12.58 percent points (p.p.) on
HAR and UWave, respectively. The final average forgetting of our
DTW-based method is also competitive, respectively decreasing by
2.81 and 9.4 p.p compared to the best existing methods in the two
datasets. However, the Euclidean-based variant of our framework
shows the least forgetting on UWave, better than our Soft-DTW-
based version. To find out the causes, we look into more details of
Ours-DTW and Ours-Euclidean on UWave in the next subsection.

4.2. Soft-DTW vs Euclidean Distance

Figure 3 shows the final confusion matrices of Naive, Ours-Euclidean,
and Ours-DTW from one run on UWave. Clearly, Naive has a severe
bias towards new classes in the classification results. Although Ours-
Euclidean alleviates this imbalance, many classes (4 to 7) invoke
a high possibility of being misclassified to the previously learned
classes. This is consistent with our analysis that using Euclidean
distance for temporal knowledge distillation imposes an excessively
strong penalty for retaining the old knowledge and tends to overem-
phasize stability during learning new tasks. In contrast, distillation
with Soft-DTW reduces the bias problem without introducing new
bias toward old classes (no activations below the diagonal of the
confusion matrix). This implies that the shape alignment introduces
beneficial plasticity for classification calibration. It is worth noting
that the accuracy of Ours-Euclidean on the classes from new tasks

Fig. 3: Confusion matrices of Naive, Ours-Euclidean and Ours-
DTW on UWave. The value in each cell shows the classification
result, which is represented by the color level of the cell shown in
the bar.

Fig. 4: Accuracy matrices and End Forgetting of Ours-Euclidean
and Ours-DTW on UWave.

(4-8) is significantly lower than Ours-DTW. For further illustration
of the results, Figure 4 depicts the accuracy matrices [ai,j ] and end
forgetting f4,j of Ours-Euclidean and Ours-DTW. It can be clearly
noticed that the remarkably small forgetting of the Euclidean variant
is achieved with the sacrifice of learning new knowledge (tasks 3-4).

4.3. Ablation study

We evaluate the effectiveness of each component in Eq 1. From the
results in Table 2, we can observe that: (1). Distillation on temporal
feature maps retains more information from the encoder, increasing
by 13.76% than only using LwF and protoAug. (2) Introducing LwF
term further improves the performance of KD by 7.3% on UWave.
(3) Although protoAug only works on the classifier, it plays a vital
role in maintaining accuracy and reducing forgetting, with gaps of
19.97 and 30.33, respectively. (4) Combining all the components,
the performance reaches a significant higher level compared to using
them individually.

Table 2: Ablation study on Uwave. Comparison of the performance
of the model when disabling parts of the loss.

Components UWave
Lt

DTW Lt
lwf Lt

proto Acc(%) FGT(%)
✓ ✓ 49.74(±2.33) 44.91(±3.28)

✓ ✓ 56.2(±5.4) 32.46(±5.62)
✓ ✓ 43.53(±5.46) 51.99(± 7.27)
✓ ✓ ✓ 63.50(±5.34) 21.66(±1.67)

5. CONCLUSION

This paper proposes a novel privacy-preserving CIL algorithm for
MTS data. By distilling the temporal feature maps with Soft-DTW,
knowledge of the encoder is properly retained. Compared with Eu-
clidean distance, using Soft-DTW for KD better balances the ac-
commodation of new knowledge and the preservation of the old one.
Our future work will investigate this KD strategy on the architecture
with parameterized vectorization function (transformer) and MTS in
variable sequence length.
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Bravo, Ramón Hervás, and Marcela Rodrı́guez, Eds., Berlin,
Heidelberg, 2012, pp. 216–223, Springer Berlin Heidelberg.

[20] Jiayang Liu, Lin Zhong, Jehan Wickramasuriya, and Venu Va-
sudevan, “uwave: Accelerometer-based personalized gesture
recognition and its applications,” Pervasive and Mobile Com-
puting, vol. 5, no. 6, pp. 657–675, 2009, PerCom 2009.

[21] Zhiguang Wang, Weizhong Yan, and Tim Oates, “Time series
classification from scratch with deep neural networks: A strong
baseline,” in 2017 International joint conference on neural
networks (IJCNN). IEEE, 2017, pp. 1578–1585.

[22] S. Mirzadeh, Mehrdad Farajtabar, Razvan Pascanu, and Hassan
Ghasemzadeh, “Understanding the role of training regimes in
continual learning,” Advances in Neural Information Process-
ing Systems, vol. 33, pp. 7308–7320, 2020.

[23] Vincenzo Lomonaco, Lorenzo Pellegrini, Andrea Cossu, An-
tonio Carta, Gabriele Graffieti, Tyler L Hayes, Matthias
De Lange, Marc Masana, Jary Pomponi, Gido M Van de Ven,
et al., “Avalanche: an end-to-end library for continual learn-
ing,” in Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, 2021, pp. 3600–3610.

[24] James Kirkpatrick, Razvan Pascanu, Neil Rabinowitz, Joel Ve-
ness, Guillaume Desjardins, Andrei A Rusu, Kieran Milan,
John Quan, Tiago Ramalho, Agnieszka Grabska-Barwinska,
et al., “Overcoming catastrophic forgetting in neural net-
works,” Proceedings of the national academy of sciences, vol.
114, no. 13, pp. 3521–3526, 2017.

[25] Friedemann Zenke, Ben Poole, and Surya Ganguli, “Continual
learning through synaptic intelligence,” in International Con-
ference on Machine Learning. PMLR, 2017, pp. 3987–3995.

[26] Rahaf Aljundi, Francesca Babiloni, Mohamed Elhoseiny,
Marcus Rohrbach, and Tinne Tuytelaars, “Memory aware
synapses: Learning what (not) to forget,” in Proceedings of
the European Conference on Computer Vision (ECCV), 2018,
pp. 139–154.


