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Abstract
Multivariate time series (mts) analysis have extensive applications
in various areas such as human activity recognition, healthcare,
and economics, among others. Recently, Transformer approaches
have been specifically designed for MTS and have consistently
reported superior performance. In this paper, we demonstrate a
software system for a recent efficient shape-aware Transformer
(SDD), where time-series subsequences (a.k.a shapes) are made
available to users for investigation. First, a time-series Transformer,
called SVP-T, takes shapes, together with their variable position
information (VP information) as input to the training of a Trans-
former model. These shapes are computed from different variables
and time intervals, enabling the Transformer model to learn de-
pendencies simultaneously across both time and variables. Second,
a data-driven kernel-based attention mechanism, called DARKER,
reduces the time complexity of training Transformer models from
𝑂 (𝑁 2) to 𝑂 (𝑁 ), where 𝑁 is the number of inputs. As a result, the
training process by using DARKER offers about 3x-4x speedup over
vanilla Transformers’. In this demo, we present the first system
(SDD) that integrates SVP-T and DARKER. In particular, SDD visu-
alizes the SVP-T’s attention matrix and allows users to explore key
shapes that have high attention weights. Furthermore, users can
use SDD to decide the shape input to train a new model, to further
balance between efficiency and accuracy.

CCS Concepts
• Human-centered computing→ Visualization toolkits.
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1 Introduction
Multivariate time series (mts) analysis has extensive applications
in various areas such as human activity recognition, healthcare,
and economics, among others [2, 8, 9]. With the popularity of
Transformers in various domains, such as NLP and CV, they have
also been applied to mts. Recently, the time-series Transformer
approaches to MTS (e.g., [3, 7, 10, 11]) have exhibited superior
performance.

Most Transformer models face two challenges when dealing with
mts. First, they should learn not only the temporal dependencies but
also the dependencies between variables. Second, the computational
complexity of the Transformer models is high, specifically 𝑂 (𝑁 2),
where 𝑁 is the length of the input sequences. In particular, directly
inputting long time series to the Transformer leads to low efficiency.

Our recent works, named SVP-T [11] and DARKER [10], have
been proposed to solve the above challenges. First, SVP-T is pro-
posed to take shapes (such as representative time series subse-
quences) [3, 10, 11], together with their variable position informa-
tion (VP information) as input to the Transformer model. These
shapes (as opposed to the raw long time series) are derived from
different variables and time intervals, enabling the Transformer
model to simultaneously learn dependencies across both time and
variables. Second, DARKER further reduces the time complexity
of Transformer models from 𝑂 (𝑁 2) to 𝑂 (𝑁 ) by proposing a data-
driven kernel-based attention mechanism. As a result, the training
process of DARKER is about 3x-4x faster than vanilla Transformers.

This demo is the first tool for the aforementioned work. It uses
the important downstream task, namely the multivariate time se-
ries classification (mtsc), to facilitate a concrete presentation. In
particular, the aforementioned works use shapes as inputs; it is
natural to visualize the shapes, together with their VP information
in a UI, which may shed some insights on the classification results.
Furthermore, the demo visualizes the attention weights of the in-
put shapes, with zooming and panning functions, when training a
Transformer. Users can further explore and decide to use only the
important shapes for training to improve efficiency.

More specifically, we present a software called Shape-aware
Data-Driven attention mechanism for time series analysis (SDD),
as shown in Figure 1. In Section 2, we give a system overview of
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Figure 1: SDD system overview

SDD. Section 3 presents the details and scenarios of demonstration.
Finally, Section 4 shows the experiment of choosing top-k shapes
to balance the efficiency and accuracy based on SDD.

2 System Overview
Figure 1 presents the system overview of the demonstration soft-
ware. Foremost, we briefly introduce data preprocessing, in which
we apply sliding windows on a time series dataset to extract ample
time series subsequences of various lengths, as shown in the LHS
of Figure 1. Any shape discovery method can be readily adopted
to generate many time series subsequences. Then SDD takes the
generated shapes as input to train a shape-based Transformer (Sec-
tion 2.1) and to learn projections used to approximate softmax
(Section 2.2). A series of visualizations are generated, as shown in
the RHS of Figure 1. As a result, users can explore the visualiza-
tions to examine the shapes that have the highest attention values
and the heatmap of the attention matrix. The top shapes, together
with the learned projections in DARKER, can be used in the SVP-T
model, having higher efficiency and similar accuracies. The perfor-
mance reports are then provided. Some essential details of SVP-T
and DARKER are highlighted in Section 2.1 and 2.2, respectively.

2.1 Highlights of SVP-T
The overview of SVP-T are shown in Figure 2. We follow the same
shape discovery in SVP-T to extract shapes from time series. The
vanilla Transformer [6] applies sinusoidal position encoding or
fully learnable encoding to capture the order of the input sequence.
In SVP-T, the shapes’ corresponding variable and time interval of
the shape (i.e., VP information) are also inputs. Thus, a VP layer
is designed to utilize the VP information of time series. The VP
information of a specific shape is defined as follows:

𝑃𝑖 =

(︂ 𝑣𝑖
𝑉
,
𝑡𝑖, start
𝑇

,
𝑡𝑖, end
𝑇

)︂
(1)

where 𝑣𝑖 , 𝑡𝑖,start and 𝑡𝑖,end are the variable, the first timestamp, and
the last timestamp of 𝑆𝑖 , respectively. 𝑉 is the total number of
variables and 𝑇 is the length of the time series. Then, SVP-T uses a
linear layer to learn the VP information when training (shown in
Figure 2: Variable-position encoding). Finally, for two shapes from
different variables and overlapping in time, they may be important
for mtsc and their attention weights should be higher. Thus, SVP-T

Transformer encoder with
VP-based self-attention mechanism

Variable-position encoding 
+

Linear projection of shapes

softmax

Clustering
(e.g. the classical
kmeans) to find
cluster centers

: Number of shapes/tokens
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: Number of instances
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from each
instance 

(SVP-T)

Figure 2: The overview of SVP-T [11]

also allows user to tune the importance of this overlapping behavior
in training a model. The overlapping of two shapes 𝑆𝑖 and 𝑆 𝑗 is
defined as:

𝑂lap (𝑆𝑖 , 𝑆 𝑗 ) =
⎧⎪⎪⎪⎨⎪⎪⎪⎩
max(min(𝑡𝑖,end, 𝑡 𝑗,end)−
max(𝑡𝑖,start, 𝑡 𝑗,start), 0) 𝑣𝑖 ≠ 𝑣 𝑗

0 𝑣𝑖 = 𝑣 𝑗

(2)

The overlapping of shapes 𝑂lap (𝑆𝑖 , 𝑆 𝑗 ) is then used to design a
VP-based self-attention mechanism which enhances the attention
weight between 𝑆𝑖 and 𝑆 𝑗 . Finally, the experiment shows that SVP-T
has the best accuracy rank compared other SOTAs for mtsc on all
UEA time series datasets.

2.2 Highlights of DARKER
A major challenge of the Transformer model is 𝑂 (𝑁 2) time com-
plexity, which means that when processing long sequences, the
computational cost will increase significantly. Random feature at-
tention (RFA) has been a popular approach proposed to improve
the efficiency of Transformers [1, 5]. However, RFA methods fail
when applied to time series because they rely on a single fixed pro-
jection, which does not consider the distribution of input data and
leads to large approximation errors. Recently, Zuo et al. proposed a
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data-driven kernel attention mechanism named DARKER to solve
the problem. As shown in Figure 3, DARKER consists of two stages:
learning projection and data-driven attention.

First, in learning projection, DARKER employs machine learning
models trained on time series data as projections Φ to approximate
softmax, instead of directly applying a fixed projection as previous
RFA methods. The learned projections are stored and indexed in
a projection index named pIndex. Then, in the second stage, a
Transformer model is trained based on a data-driven attention
mechanism, which is defined as follows:

𝐷𝐴𝑅𝐾𝐸𝑅𝐴𝑡𝑡𝑛(𝑄,𝐾,𝑉 ) = Φ(𝑄,𝐾)𝑉
= 𝜙1 (𝑆) (𝜙𝑤 (𝑊𝑄𝑊𝐾 ) (𝜙2 (𝑆⊤)𝑉 ))

(3)

where Φ = ⟨𝜙1, 𝜙𝑤, 𝜙2⟩ is the projection indexed in pIndex, and 𝑆 is
the input shapes of a time series. For a time series instance, DARKER
queries the projection in pIndex for the 𝑄 , 𝐾 , and 𝑉 matrices. As a
result, DARKER not only reduces the time complexity from 𝑂 (𝑁 2)
to 𝑂 (𝑁 ), but also achieves comparable accuracies [10].

3 Demonstration Outlines
In this section, we first give a description of our visualization tool
named SDD1 and then describe in detail how to use it in three sce-
narios. The software is implemented in Python, and its source code,
along with four example datasets, is available at the link2. SDD con-
sists of two tabs: 1○ time series and shapes visualization (shown in
Figure 4), and 2○ attention visualization (shown in Figure 5).

Figure 4: Time series and shapes visualization

1An online video of this demonstration software can be found at https://youtu.be/
c05TOFqU_xQ.
2https://github.com/CaoYanyun1225/VISA.

Time series and shapes visualization. The first part of our demo
is used to display the time series of one variable of a dataset and
a shape with its VP information. The user interface is presented
in Figure 4. We briefly introduce each of its parts as follows: (i) In
the “Data File Loading” panel, the “Load Data Files” button is used
to load a specific time series dataset and the shapes of this dataset
obtained by shape discovery in Figure 1. The prompt box at the
bottom of (iv) displays some statistics of the loaded dataset, e.g., , the
number of time series instances, and the length of time series. This
allows users to have a quick view of the dataset. (ii) In the “Time
Series Visualization Controls” panel, the user selects the number of
time series for comparison and exploration. It allows visualizing up
to four time series simultaneously. Then, the user specifies which
variable (“Variable”) of a particular time series instance (“Instance”)
to be viewed, and determines the time range (“Start”, “End”) of the
time series. (iii) In “Shape Position Comparison”, users first choose
the shape ID (“Shape”) and the corresponding time series instance
(“Instance”). (iv) In the ‘Plot Controls’ panel, there are 4 buttons
used to control plots, among which the ‘Zoom In’ button is used to
zoom in on plots. Then, the entire time series is displayed, and the
shape is highlighted in red, which is used for SVP-T and DARKER.
The VP information corresponding to the shape is also shown.
Attention visualization The second tab shows the attentionweights
and attention values of input shapes after the Transformer is trained.
The GUI is presented in Figure 5. (v) The “Heatmap Controls” canvas
shows the “Attention Weight Visualization” on the right. The “Load
Heatmap Data” button can be used to load any trained attention
weight file, and by selecting “Instance Number” and “Shape Number
Range”, users can drill into the heatmap of the attention weights
of shapes by selecting a range and visualize some selected shapes
that occur in a specific instance. In addition, users can view the VP
information of the two shapes at the the ‘Interactive Comparison’
message box by simply clicking on the highlighted point in the
heatmap of attention weights, and view the two shapes in the panel
of “Shape Comparison Analysis” in the Figure 4. These show some
details of the shapes in the Transformer model. (vi) In the “Atten-
tion Controls” panel, users can load the trained attention value file
through “Load Attention Data”. In addition, the user can select the
instance number they want to view through the “Instance Number”
button, and can select the number of shape attention values (sorted
in descending order) by clicking the “Number of Shapes” button. Fi-
nally, the shape ID file can be exported by clicking the “Export Top
Shapes Indices” button. Thus, we can use the top shapes and pass
them to train SVP-T and get a new model. By skipping some shapes
that have low attention, we efficiently train a Transformer and
still obtain good accuracies. Next, we present the demonstration
scenarios to highlight what ideas participants will experience.
Scenario 1: Visualization time series of BasicMotions. A par-
ticipant of the demonstration would like to view the time series
of different variables from the famous dataset BasicMotions. This
dataset records 3D accelerations and 3D gyroscopes when four
students wear smart watches and perform four activities (walking,
resting, running and badminton). He clicks on “Load Data File” to
load the time series and shapes of dataset BasicMotions. Next, he
selects the time series to be compared, such as comparing different
students in the same activity, or comparing different activities of
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Figure 5: Attention visualization

the same student. He can load the complete time series he wants to
view into the “Time Series Data Visualization” section. In addition,
he can freely select the plots at different start and end times he
wants to view through the two option bars “Start” and “End”.
Scenario 2: Visualization of shapes and other input to Trans-
former training. Next, a participant would like to view the shapes
obtained by shape discovery, their corresponding VP information
and overlapping. He can click the “Update” button to load the shape
he wants to view into the “Shape Position Comparison” and to ob-
serve the VP information of the shape above the plots. For example,
he wants to observe two different shapes within the first time series
instance, specifically the 237th shape and the 43th shape. He can
set the “Instance” at the bottom of Figure 4 to 1, and set the “Shape”
to 237 and 43 respectively. Subsequently, these two shapes will be
displayed on the right side (as shown in the lower right part of
Figure 1). At the same time, the VP information corresponding to
the shape will be displayed above the plotted shapes. With these,
the user understands clearly what are the input of the models.
Scenario 3: Exploration of the relations between different shapes
by attention visualization. In a scenario where a user wants to
find the relationships between different shapes, they can do so by
observing the attention weight matrix of the trained Transformer.
He can select the instance to be observed through the "Instance
Number" button after loading the data. Then, by viewing the atten-
tion weight heatmap in the RHS of Figure 5, it can be observed in
the heatmap that the point between the 237th shape and the 43rd
shape is relatively bright (shown in the red circle of Figure 5), indi-
cating a great importance between these two shapes. Meanwhile,
after clicking this point, the VP information of the two shapes is
shown in the red dashed box. Then, we utilize their VP information
to track them back to the original time series instance in the first tab
of our demo. As shown in Figure 4, we observe that the two shapes
are from different variables, but have an overlapping in time. This
indicates the effectiveness of VP-based self-attention mechanism
in SVP-T. The above-mentioned investigation of the internals of a
shape-based time-series Transformer is enabled by this demo. One
case study of this scenario is provided in SVP-T [11].
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Figure 6: Using learned projections in DARKER or not

4 Highlights of Experiments
In this section, we present an experiment to showwhether selecting
the top-k shapes through our demo, instead of using all shapes, can
improve efficiency while still maintaining accuracy. We apply the
data-driven attention mechanism in DARKER [10] and use top-k
shapes exported from Scenario 3 for training SVP-T, where the top-
k shapes are simply sorted by the attention values in descending
order. We choose the dataset BasicMotions for consistency of this
demo. The experiment is conducted on a NVIDIA V100S GPU. The
details of datasets and parameters can be found in the link3.

The experimental results are shown in Figure 6. We vary the
number of top-k shapes along the x-axis and report both training
time (y-axis) and accuracy (indicated by the number above each
bar). The results demonstrate that the training times using DARKER
learned projections are about twice as fast as those without using
them.We also found that a greater number of shapes generally leads
to higher accuracy but results in lower efficiency. This is because
more shapes increase the features learned by SVP-T, but they also
extend the input sequences, thereby increasing the training time.
Specifically, the results show that using top 300 shapes achieves an
accuracy of 0.95, which is only 0.05 less than the accuracy achieved
using all 900 shapes. However, using fewer shapes reduces training
time by 2.5 times. Users can use the saved time to explore more
combinations of hyperparameters. This demonstrates that by se-
lecting the top-k shapes through our demo, we can achieve high
efficiency while maintaining similar levels of accuracy. Finally, our
results suggest a research opportunity: future time series Trans-
former models could achieve high accuracy with less training time
by selecting high-quality shapes as input [4].
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