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ABSTRACT

Neural networks are known for their predictive capability, leading
to vast applications in various domains. However, the explainability
of a neural network model remains enigmatic, especially when the
model comes short in learning a particular pattern or features. This
work introduces a visual explainable LSTM network framework
focusing on temporal prediction. The hindrance to the training
process is highlighted by the irregular instances throughout the
entire architecture, from input to intermediate layers and output.
The framework provides interactive features to support users in
customizing and rearranging the structure to obtain different net-
work representations and perform what-if analysis. To evaluate
the usefulness of our approach, we demonstrate the application of
VixLSTM on the various datasets generated from different domains.
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1 INTRODUCTION

Time-series data comprises the values from observed variables
collected at different points in time. Multivariate time series data is
a subclass of this category regarding various data record attributes,
leading to complexity in the analytics tasks. Regarding the machine
learning model for time series data, the long short-term memory
(LSTM) network is a popular architecture with the ability to learn
temporal sequences.

At large, the neural network remains enigmatic as the details
of the components may be found difficult for users to interpret.
Furthermore, the interpretation becomes more complicated when
there exist features that the network is unable to learn or predict
correctly. An explainable model that can trace backward from the
irregular output to the corresponding points in inputs would help
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alleviate such issues and pave the way for successive steps. To en-
able the ability to neural network explainability, this paper proposes
a scalable visual prototype for representing the long short-term
memory (LSTM) networks so that the expert users can understand
the rationales behind the learned models. The main contributions
of this work can be summarized as:

e We present a visual prototype, called VixLSTM, for the pre-
sentation of LSTMs on multivariate time series data. We
present the visual arrangements to establish an intuition on
the relationship between input and output, especially the
irregularities among the instances using the SHAP (SHapley
Additive exPlanations).

e We propose an interactive approach to exploring the under-
lying mechanism of LSTMs, with flexible customization for
users to structure the visual components. This supports users
in understanding the important variables/data instances for
the LSTM outcomes.

e We demonstrate our framework on the High-Performance
Computing Center health monitoring and US monthly em-
ployment datasets to evaluate the visual presentation’s use-
fulness and effectiveness.

2 RELATED WORK

This section will discuss previous related literature regarding LSTMs
models for time series data and explainable neural networks.

2.1 Long Short-Term Memory Networks for
Time Series Data

Along with the development of machine learning models, the family
of artificial neural networks marked its growth by various network
architectures. The topology of the LSTM network is similar to stan-
dard Recurrent neural network (RNN) models [14], demonstrating
its remarkable ability with sequential data [4], where time series
is a typical instance. The LSTM network’s ability helps to learn
long and short patterns within the input dataset [6], also with long
correlations [10]. LSTM structure eliminates the issue of vanishing
gradient [15] in training RNN.

Regarding time series data, LSTM models present vast appli-
cations [10]. A typical structure of an ANN model with LSTM is
depicted in Figure 1. Here, among hidden layers, we distinguish
LSTM layers and dense — fully connected layers [7].

2.2 Explainable Neural Network

Machine learning models are seen as non-intuitive [16], especially
neural networks are often considered “black boxes”, hence the limi-
tation of understanding such models. The field of explainable neural
networks is getting more and more attention as the increasing at-
tempts to open these black boxes [2, 5]. If we can present such
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Figure 1: Typical structure of an ANN model with LSTM. We
distinguish between LSTM layers and dense layers among
hidden layers.

a complex machine learning model’s internal structure, we can
trace the reasoning process and inject human knowledge where
necessary. DeepVix [3] propose a framework for explaining the
neural network for the multivariate time-series predictions. Each
node in the network is represented by a heatmap showing the in-
put data’s time series and the intermediate layers in the network.
However, DeepVix relies on the viewer’s visual capability to detect
the patterns in the heatmap and how they evolve over time and
through different layers in the network. In this paper, we adapt
the game theoretically optimal Shapley Values [11] to support the
explainability of our framework.

Furthermore, it is also crucial to explain and investigate the con-
tributions of individual features or feature values to the predictions
of the built models. In this research direction, SHAP (SHapley Ad-
ditive exPlanations) is gaining favors. SHAP [9] is an approach
to explain the output of any machine learning model or python
function. SHAP provides a high level of interpretability for a model.
The SHAP values offer two significant advantages: Global inter-
pretability vs. Local interpretability. SHAP libraries also generate
visualizations to support these interpretability advantages. In par-
ticular, the negative vs. positive contributions (for each feature or
individual instance) are calculated by the mean absolute value of
the SHAP values. In our work, we present each node as a time series
visualization and highlight the relationship between the irregular
outputs and their corresponding instances in the input and the
intermediate layers.

3 METHODOLOGY

We use line graphs for representing time series because they are
simple, standard, and familiar to different classes of users (from
novice to expert). However, line graphs induce visual cluttering
issues when visualizing many time series in a single plot. Heatmaps
mitigate this issue by organizing individual series vertically and
encoding cell colors by their values [2]. Consequently, heatmaps
allow users to convey the overall temporal pattern of a neural [5].
We provide two options (line-graph and heatmap) for one node in
the LSTM layer, as depicted in Figure 2.

Figure 3 shows a closeup view of the output node in the LSTM
model. Notably, we highlight the top 5 percent of the highest abso-
lute predicted values from MSE in orange, i.e., the ones that produce
large errors among all instances, versus their actual values in green.
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Figure 2: Two visual representations of the same node in the
LSTM layer: Line chart (left) and Heatmap (right).

These top 5 percent of MSE errors are consistently highlighted in
the LSTM node in the left panel of Figure 2. This effect is performed
without interfering with the training process (highlighting orange
data instances after the training is done).

Training output

X actual

Figure 3: The example scatterplot of training output: grey
circles are predicted values, orange circles are irregular val-
ues, and green points are actual values.

4 USE CASE

4.1 Predicting computer behaviors though the
past usages

This multivariate time series data contains computer readings, in-
cluding CPU temperature, Memory Usage, Fan Speed, and Power
Consumption. In this use case, these computer health metrics are
reported every 5 minutes for the entire interval of 2 hours [8]. After
preprocessing, we have a dataset with 467 instances (associating
to 467 computers in the HPC center), and each data instance has
roughly 20 timesteps [1]. The input data is divided into two sets:
the training set contains 300 computers, and the testing set contains
167 computers. The target variable is the CPU Temperature.

We set up a configuration with one input layer (includes ten
nodes representing ten health readings of 467 computing nodes in
the HPC center), two eight-node LSTM layers, two dense layers.
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Figure 4 shows the LSTM neural network of a trained model using
this architecture (we stopped the training after 30 epochs). VixLSTM
orders the neural nodes in the same layers by their similarity (using
cross-correlations) so that viewers can keep track of their pattern
changes. In other words, neural nodes with similar trends should
be listed closely in the vertical order.
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Figure 4: The overview of our VixXLSTM on HPC data with
the following configuration from left to right: input layer (of
ten health metrics), two LSTM layer (each has eight nodes),
two dense layers.

In this use case, we highlight outlying samples in the training
data, colored in orange. We can quickly notice that the top 5 percent
MSE errors exhibit very different temporal patterns than the other
data instances.
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Figure 5: The line chart of samples in a hidden node from the
LSTM layer. Orange lines are computing exhibiting thermal
throttling issues.

Figure 5 shows closeup views of two sample neural nodes at
the arrows in Figure 4: One from the input layer and one from the
first LSTM layer. As depicted in these line graphs, the abnormal
instances (in orange) represent sudden pumps in their time series
at the time step 7 to the time step 13. This unusual behavior in the
computer health metrics time series might indicate a new job is
allocated on these computing nodes [12] or unusual events that
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cause the CPU thermal throttling [13]. This explainable view al-
lows system administrators to filter and focus on a subset of health
readings/computing hosts/timestamps of interest for system debug-
ging. This example also suggests that the temporal profiles with
high MSE errors in the output exhibit abnormal behaviors on the
input time series and potentially can be highlighted as time series
outliers [17].

4.2 US Employment data

This use case demonstrates the monthly unemployment rate in
the US from 1999 to 2018. Each temporal profile is a state. Input
variables include Goods producing, Service providing, Manufacturing,
Transportation, and so on. In the Output layout, we wanted to
predict the unemployment rate in December 2018. In this use case,
we want to focus on the explainability of the SHAP [9] values.
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Figure 6: Example of a neural node in our VixLSTM network:
time series are presented in the box with the positive (blue)
vs. negative (red) SHAP streams.

Before getting into this use case, we discuss some design ele-
ments in our framework. Figure 6 shows an example of a node (in
the input layer) in our network. As depicted, the time series (or
observations) are presented as line graphs in the box. In this exam-
ple, the time series is the monthly unemployment rate of a selected
state (each year) on a given economic sector. To avoid occlusion, we
use the space on the top and at the bottom to present the calculated
SHAP values. In particular, the SHAP streams are the aggregated
SHAP contributions of individual time series to the final prediction
in the output layers. The blue stream shows a positive contribution,
while the red stream shows a negative contribution. As we look at
the monthly data, the blue shape indicates that the last few months
(September, October, and November) have a significant positive
contribution in predicting the unemployment rate of the selected
state in December.

Figure 7 shows examples of the top three economy factor that
contribute to Hawaii monthly unemployment rates (from left to
right): Wholesale trade; Transportation and Utilities; and Service Pro-
viding. Hawaii has a large tourism industry relying on the season:
Winter (high season) in January through March; Spring (low season)
in April through June; Busy summer vacation in July and August;
Autumn (off-season) in September to Mid-December. As depicted,
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Figure 7: The top three contributors to Hawaii unemploy-
ment rates (from left to right): Wholesale trade; Transporta-
tion and Utilities; and Service Providing.

Wholesale trade has a high negative contribution in the Hawaii
unemployment rates during the summer months while Transporta-
tion and Utilities vs. Service Providing have a similar contribution
pattern in other months. Our SHAP value representation allows
users o quickly capture and compare the trends.

|

juin

Figure 8: Our VixLSTM visual network focusing on Texas
monthly employment over 20 years.

Figure 8 shows the resulting model when a state is selected (Texas
in this example). This LSTM model contains 3 LSTM layers (16-16-
8) and 2 dense layers (8-4). From the SHAP value contributions,
it is not surprising that farming-related sectors have substantial
contributions to Texas’s employment rate prediction. Notice that
the neural nodes in intermediate layers have been ranked by cor-
relations (similar nodes are put next to each other). By selecting
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different states, users can observe and compare various economic
sectors’ contributions to other states’ employment rates in the US.

4.3 Reconstructing learning process with
S&P500 stock data

For this data, we use stock attributes on the other days of the week
to learn and predict Friday. The stock data has a dynamic nature;
hence we focus on one-week data prior to making the predictions.
Figure 9 depicts the structure and explainability of VixLSTM for the
this data. Notice that we overlay the SHAP [9] values of different
variables and time steps on the top (blue area) and at the bottom
of each neural (red area). These streams become larger toward the
beginning. This pattern indicates that the stock values on Monday
are more important for predicting stock value on Friday.
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Figure 9: VixLSTM visual network for the stock values:
SHAP [9] values of different variables and time steps on the
top (blue for positive contributions) and at the bottom (red
for negative contributions) of each neural.

In this use case, we want to show the evolution of weights in
the model. During the learning process, the weights can change
from positive (blue link segment) to negative (red link segment)
or vice versa. We reconstruct the learning process by logging all
epoch information.

Figure 10 shows how to simulate the learning process with the
control buttons. These buttons allow users to go back and forth
between different epoch. For example, when users move the time
indicator (the vertical gray line) to the epoch with a significant
drop, such as epoch=10. The LSTM network in Figure 9 (including
the learned time series in each neural node and the weights of
connecting lines between neural nodes) will be reverted back to
show the current learning statuses at epoch=10. When users click on
the play buttons, our VixLSTM network will stimulate the learning
process in real-time. Notice that we plot the training loss vs. testing
loss on a log scale, which allows us to see the changes on the high-
end of the plot better.
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Training loss vs. testing loss.
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Figure 10: Play and skip button on training - testing losses
chart: click on the play button to simulate the learning pro-
cess, skip button to jump to the last epoch.

5 CONCLUSION AND FUTURE WORK

This paper proposed an improved visual explainable approach for
visualizing LSTM neural networks focusing on the multivariate
time series. The proposed system allows the flexibility to customize
the network architectures and settings and present how the new
configuration impacts learning outcomes. VixLSTM also supports
a full range of interactivities to rank, filter, and highlight various
outstanding patterns in the dense network. The first use case de-
picts highlighting abnormal time series, which affects the overall
accuracy of the learned model. The second use case presents how
user users can filter and focus on temporal profiles. The last use
case focuses on how SHAP values explain the temporal contribu-
tions vs. variable contributions in the final results. For future work,
we will focus on using the SHAP explainability for the individual
instance level. Moreover, we will investigate if the accuracy in the
final results can highlight time-series outliers as these temporal
profiles can significantly negatively impact the performance of the
learned models.
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