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Abstract

How can we efficiently determine meta-parameter values for deep learning-based time-series
forecasting given a time-series dataset? This paper introduces Xtune, an efficient and novel
meta-parameter tuning method for deep learning-based time-series forecasting, leveraging
explainable Al techniques. In particular, this study focuses on optimizing the window size
for time-series forecasting. Xtune determines the optimal meta-parameter value for these
methods and can also be applied to tune the window size for anomaly detection methods that
utilize deep learning-based time-series forecasting. Extensive experiments on real-world
datasets and forecasting methods demonstrate that Xrune efficiently identifies the optimal
meta-parameter value and consistently outperforms the existing methods in terms of execution
speed.

Keywords Parameter optimization - XAl - Deep learning - Time-series forecasting -
Anomaly detection

Mathematics Subject Classification (2010) 68T20

1 Introduction

How can we efficiently and effectively determine the optimal meta-parameter value for a
time-series forecasting method that utilizes deep learning models like LSTM and GRU,
without the need to run the method with a large number of meta-parameters? This study
focuses on meta-parameter tuning for deep learning-based time-series forecasting. Existing
methods for meta-parameter tuning include grid search and random search. However, these
methods explore a predefined set of values for each meta-parameter. They systematically
evaluate the model’s performance considering all possible combinations of these values to
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find the best meta-parameter configuration and can be computationally expensive owing to
the exhaustive search over the entire parameter grid.

The goal of this study is to determine the optimal meta-parameter effectively and effi-
ciently. In particular, we focus on tuning the window size of time-series forecasting that uses
deep learning techniques. We present Xrune, an efficient and novel meta-parameter tuning
method for time-series forecasting using deep learning. Xtune utilizes explainable Al (XAI),
which renders black-box Al models more transparent and interpretable to humans, to grasp
the internal state of the deep-learning based forecasting model. We perform our experiments
on real time-series datasets and demonstrate the effectiveness, efficiency, and applicability
of our method. Our method is an improvement over that reported in [1].

The contributions of this paper are as follows:

e We propose an effective meta-parameter tuning method, named Xtune, which leverages
explainable Al (XAI) techniques to determine the meta-parameter value for time-series
forecasting using deep learning techniques.

e We implemented the proposed method, Xrune, as a meta-parameter tuning tool and
released it as open-source software.

e We provide empirical evidence demonstrating that Xrune efficiently identifies the optimal
window size for time-series forecasting utilizing deep learning techniques.

This paper is a revised and extended version of our previous conference paper [1]. The revi-
sions include algorithm acceleration, tool implementation, an enhanced problem definition,
evaluation with additional experiments, and an expanded discussion.

The remainder of this paper is organized as follows: Section 2 explains the theoretical
background of this study including deep learning-based time-series forecasting and explain-
able AI (XAI). Section 3 explains the goal of our study. Section 4 explains our effective and
novel meta-parameter tuning method. Section 5 explains experiments conducted in this study
and results, and Section 6 discuss the performance and applicability of Xtune based on the
experimental results. Finally, Section 7 concludes this paper and outlines our method.

2 Background
2.1 Deep learning-based time-series forecasting

Deep learning-based time series forecasting involves utilizing neural network architectures
to predict future values or patterns in a time-dependent dataset. Several state-of-the-art meth-
ods have been developed in this field. Long Short-Term Memory (LSTM) networks [2]
belong to the recurrent neural network (RNN) framework that excel in capturing long-term
dependencies in sequential data. They have been widely used for time series forecasting.
LSTMs incorporate memory cells and gates that allow them to selectively remember or forget
information over time. This capability makes them effective at capturing complex temporal
patterns and handling sequences of varying lengths. Gated Recurrent Units (GRU) [3] also
belong to the recurrent neural network framework similar to LSTM networks. They have a
simplified architecture with fewer gates, making them computationally more efficient than
LSTMs. GRUs can effectively capture temporal dependencies and have been successfully
applied to time series forecasting tasks. Transformer models [4], initially introduced for nat-
ural language processing tasks, have also yielded promising results in time series forecasting.
These models leverage self-attention mechanisms to capture dependencies between different
time steps in the input sequence. By considering relevant time steps, transformer models can
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effectively model long-range dependencies and capture complex patterns in time series data.
Temporal Convolutional Networks (TCN) [5] are convolutional neural networks designed
for sequential data processing. TCNs use dilated convolutions, which allow the receptive
field to grow exponentially with depth, enabling them to capture long-term dependencies.
TCNs have demonstrated strong performance in time series forecasting tasks, especially when
dealing with high-resolution or irregularly sampled data. WaveNet [6] is a deep generative
model for time series data developed by DeepMind. It uses dilated causal convolution and
autoregressive modeling to generate new samples from the time series distribution. Although
primarily designed for audio generation, WaveNet has also been adapted for time series fore-
casting tasks. Variational Autoencoders (VAE) [7] combine deep learning with probabilistic
modeling. They can capture latent representations of time series data and generate new sam-
ples from the learned distribution. VAEs have been employed for time series forecasting by
encoding the input sequence into a lower-dimensional latent space and then decoding it to
generate future predictions.

These state-of-the-art methods demonstrate the effectiveness of deep learning approaches
in time series forecasting. They leverage the functionalities of neural networks to learn
complex temporal dependencies and capture patterns in the data. The choice of the specific
method depends on various factors, such as the nature of the time series data, length of the
sequence, presence of irregularities, and computational resources available. Researchers are
continuously exploring and refining these methods to achieve even better performance and
address specific challenges in time series forecasting.

2.2 Sliding time window approach

A fixed-length sliding window approach is a common technique used in time-series analysis
and forecasting to process sequential data. It involves dividing the time-series data into fixed-
size windows or segments and analyzing each window individually. The window slides or
moves across the time series with a predefined step size, allowing for sequential forecasting
and capturing temporal patterns.

The fixed-length sliding window approach works as follows (Figure 1): First, the window
size is determined, specifying the number of consecutive time steps included in each window.
For example, if the window size is set to 10, each window will contain 10 consecutive
data points. Next, the step size or stride is defined, indicating the number of time steps
the window moves forward after each analysis, determining the overlap or gap between
successive windows. For instance, with a step size of 1, the window moves by one time
step at a time. The initial window is then placed at the beginning of the time series, and
the data points within the window are extracted for analysis or forecasting. The desired
analysis or forecasting task is performed on the data within the current window, which can
involve applying statistical methods, machine learning models, or other relevant techniques.
After conducting the analysis or forecasting within the current window, the window is moved
forward by the defined step size. The next window starts at the next time step, and the process
repeats. This sliding window movement continues until the end of the time series is reached,
covering either the entire time series data or only a portion of it, depending on the step and
window sizes.

Using a fixed-length sliding window approach, we can effectively capture local patterns,
trends, and seasonality within the time series data. This method enables localized analysis and
modeling while accounting for the temporal nature of the data. It is widely applied in tasks
such as feature extraction, anomaly detection, trend analysis, and short-term forecasting.
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Fig.1 Supervised learning for time-series forecasting using sliding window approach

Determining the optimal window size, however, is not a straightforward task. Larger
window sizes provide more historical data as input, increasing the likelihood of generating
accurate forecasts by capturing temporal trends. However, as the window size increases, the
amount of input data grows, leading to a higher number of parameters in the model. This,
in turn, results in longer training times. Consequently, selecting an optimal window size
becomes a critical consideration.

2.3 SALAD

Self-adaptive lightweight anomaly detection (SALAD) [8] is an efficient method for real-time
anomaly detection in time-series data with periodic patterns. Many real-world time-series
datasets, including transit ridership, network traffic, energy usage, and human gait, are gen-
erated in real time and exhibit periodic patterns. Various anomaly detection methods based
on statistics and machine learning have been proposed and extensively studied across differ-
ent domains. However, machine learning-based methods typically require labeled datasets,
offline training, and substantial computational resources. On the other hand, statistical meth-
ods rely on having prior knowledge of the target time-series for building statistical models.
Consequently, neither of these approaches is well-suited for real-time anomaly detection. In
contrast, SALAD addresses these limitations and serves as a real-time time-series anomaly
detection method. It outperforms five state-of-the-art anomaly detection methods, namely
AnomalyDetectionTs (ADT), AnomalyDetectionVec (ADV) [9], GrammerViz3.0 [10], ReRe
[11], and RePAD [12], demonstrating superior performance in various scenarios. SALAD
utilizes LSTM to construct a predictive model for anomaly detection. Generally, LSTM net-
works possess complex structures, and incorporating them into systems can result in high
computational costs. To mitigate this issue, SALAD adopts a simplified LSTM architec-
ture consisting of a single hidden layer with 10 nodes, aiming to minimize computational
effort. However, this straightforward LSTM structure may not effectively capture the intri-
cate patterns present in time-series datasets that exhibit complex behaviors. As an alternative
to training a basic LSTM directly on the time-series data to predict future data points and
detect anomalies, SALAD converts the time-series data in real-time into a sequence of aver-
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age absolute relative error (AARE) values. AARE is a metric used to assess the prediction
accuracy of prediction methods. In this approach, a sliding window technique is utilized to
train a simplified LSTM using past data. The resulting AARE series data tends to exhibit
smoother patterns compared to the original time series, making it conducive for both learning
and prediction tasks. The AARE value is calculated using Equation 1, where v, represents
the measured value, v, denotes the predicted value, and b corresponds to the number of past
data points utilized in the training process. A lower AARE value indicates a closer alignment
between the prediction and measured value.

1 t o A
AARE = —- Y Py =0l 0y (1
b vy
y=t—b—1

After SALAD has obtained an adequate number of AARE values, it proceeds with training
abasic LSTM model using recent AARE values to predict future AARE values. Subsequently,
this trained LSTM model is utilized for anomaly detection. Meanwhile, SALAD continuously
updates the detection threshold based on all previously derived AARE values, employing the
3-sigma rule. The calculation of the detection threshold involves Equations 2, 3, and 4. In
the SALAD approach, if the discrepancy between the predicted and actual AARE values
surpasses the dynamically updated detection threshold, it indicates an abnormal data point.
Conversely, if the difference is below the detection threshold, the data point is classified as
normal. The detection threshold is continuously adjusted to adapt to changing environmental
conditions.
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The features of SALAD are summarized as follows :

e Unsupervised: SALAD does not rely on offline learning, and it does not require experts
to build forecasting models in advance or define detection thresholds.

e Flexible: SALAD automatically re-trains the LSTM model and updates the detection
threshold in real-time as the pattern of the time-series data changes.

e Lightweight and cost-effective: By transforming the intricate original time-series data
into a simplified series of AARE values, SALAD avoids the need for LSTM models with
complex structures, thereby reducing computational complexity.

2.4 XAl

XAl or explainable artificial intelligence [13], focuses on developing methods and tech-
niques to make Al models more interpretable and understandable to humans. State-of-the-art
methods in XAI aim to provide insights into how Al models arrive at their decisions and
explanations that can be comprehended and trusted by users. Shapley Additive Explanations
(SHAP) [14] is a unified framework for explaining the output of any machine learning model.
It is based on cooperative game theory and assigns each feature in a given instance a Shap-
ley value, which represents the contribution of that feature towards the model’s prediction.
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SHAP values provide a global view of feature importance and can be used to generate intu-
itive explanations for individual predictions. Gradient-weighted Class Activation Mapping
(Grad-CAM) [15] is an XAI technique primarily used in computer vision tasks. It generates
visual explanations by highlighting the regions in an input image that contribute the most
to the model’s prediction. By examining these heatmaps, users can understand which image
regions the model focused on when making a decision. Layer-wise Relevance Propagation
(LRP) [16] is an XAI method that assigns relevance scores to the input features of a deep
neural network. It aims to distribute the prediction’s relevance over the input space, providing
an explanation for each feature’s contribution. LRP can be used to understand how different
input features influence the model’s decision-making process. Anchor-based methods [17]
aim to find simple and interpretable “anchors” or rules that sufficiently explain the model
behavior. These anchors are defined as human-understandable conditions on the input data
that consistently lead to a particular prediction. By identifying such anchors, users can gain
insights into the decision boundaries of the model and understand the model behavior in
specific contexts. Counterfactual explanations [18] provide hypothetical scenarios or inputs
that, if changed, would lead to a different model prediction. These explanations highlight the
features or attributes that have the most significant impact on the model’s decision. Coun-
terfactual explanations can help understand why a model made a particular prediction and
provide insights into the decision-making process of the model.

These are just a few examples of state-of-the-art XAl methods. The field is continu-
ously evolving, with researchers developing new techniques and approaches to improve
interpretability and explainability of Al models. The ultimate goal is to provide users with
transparent and trustworthy Al systems that can be easily understood and elaborated on.

3 Problem definition

In this study, we tackle a problem, namely meta-parameter tuning for deep learning-based
time-series forecasting. We begin by defining a few key concepts.

Definition 1 (One-dimentional time-series dataset X) Let X = {x1,...,x, } be a one-dimentional
time-series dataset, where x; is a value at time-tick t.

Definition 2 (Deep learning-based time-series forecasting method) Let TF denote a deep
learning-based time-series forecasting method. TF trains a forecasting model using the fixed-
length sliding window approach.

We formurate forecasting as a supervised deep learning task. Given a one-dimentional
time-series containing N data points x;_y41, ..., X;—1, X, for 1-step ahead prediction, the
input X of the supervised deep learning model is x;_ 41, ..., X;—1, and output Y is x;.

Our goal is to determine an optimal meta-parameter value both effectively and efficiently.
Forecasting methods tuned with the optimal meta-parameter value exhibit high prediction
performance without overfitting, while also reducing model training time. We can use hyper-
parameter optimization (or tuning) methods [19, 20] for this purpose. Grid search and random
search explore a range of parameter values, selecting the one that yields the highest prediction
accuracy. Bayesian optimization algorithms, particularly effective for black-box optimization
problems, offer an alternative approach. For example, Bayesian Optimization with Gaussian
Processes (BO-GP) [21] constructs a probabilistic surrogate of the objective function from
accumulated observations and identifies the next evaluation point by optimizing the surrogate
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function. Similarly, the Tree-structured Parzen Estimator (TPE) [19] uses a tree-structured
estimator to enhance search efficiency. However, these approaches can be computationally
intensive. Furthermore, while RMSE is a common metric for evaluating forecast performance,
identifying truly effective meta-parameter values remains challenging due to overfitting.
Forecasting models with poor generalization performance may still achieve high forecasting
accuracy, making it difficult to assess the genuine quality of meta-parameter choices.

In this study, we focus on optimizing the window size of the sliding window approach
as a meta-parameter. We propose a novel meta-parameter tuning method that addresses the
limitations of conventional approaches. Specifically, the problem that we want to solve is as
stated follows:

Definition 3 (Meta-parameter tuning for deep learning-based time-series forecasting) Given
a one-dimentional time-series dataset X and deep learning-based time-series forecasting
method TF, find the optimal window size Wep;.

How is the window size related to the performance of the forecasting method as a meta-
parameter? Larger window sizes provide more historical data as input and are more likely
to lead to good forecasts capturing temporal trends. However, the number of input data
increases with the number of parameters in the model, which in turn increases the training
time. Therefore, selecting the optimal window size is an important issue.

4 Xtune

This section describes our proposed method and its implementation, named Xrune'. First,
consider how to reduce the extensive computational time required by conventional meta-
parameter tuning methods. The conventional approach involves running the prediction
method with various meta-parameter values and selecting the one that yields the highest
accuracy as the optimal meta-parameter value based on the results. This process has a time
complexity of O(mn), where m is the time required for one run and n is the number of
meta-parameters to be explored.

To significantly reduce the computation time, one approach is to find an evaluation metric
that can estimate prediction performance to some extent before executing the prediction
method. One effective way to achieve this is by considering the internal state of the deep
learning prediction model that serves as the foundation of the forecasting method. The internal
state of the forecasting model refers to the specific components or elements that are considered
crucial when calculating the forecasted value given a particular input. As the input time-series
data includes more past data, deep learning models are believed to have a diminishing impact
on the forecasting process. Identifying these significant components can potentially reduce
the number of meta-parameters that need to be explored. In this context, XAl proves to be
effective in understanding the internal dynamics of the forecasting model. XAl techniques
enable a better understanding of the model’s internal workings, allowing us to identify the
important parts and gain insights into how the model generates forecasts. To determine the
contribution of each input value to the prediction, XAl techniques can be applied to a deep
learning-based prediction model constructed using a subset of the full dataset. In this study,
we utilized SHAP, which offers specialized calculation methods for deep learning models.

SHAP [14], which stands for SHapley Additive exPlanations, is a method in explainable
artificial intelligence (XAI) domain that aims to provide interpretability and understanding

1 https://github.com/h-nak/Xtune/
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of the predictions made by complex machine learning models. It is based on game theory
and the concept of Shapley values, which were introduced by Lloyd Shapley in the 1950s. In
machine learning, SHAP provides a way to explain the contribution of each feature or input
variable to the output or prediction of a model. This approach quantifies the importance of
each feature based on a Shapley value, which represents the average marginal contribution
of that feature across all possible combinations of features, as shown in Figure 2.

The high-level overview of SHAP is as follows: SHAP utilizes the concept of Shapley
values from cooperative game theory, where players form coalitions and receive payoffs
based on their contributions. Shapley values quantify the contribution of each player by con-
sidering all possible coalitions and their marginal contributions. SHAP focuses on providing
explanations at the individual prediction level, aiming to explain why a specific prediction
was made by the model for a particular instance. It assigns an importance value to each
feature of the prediction by considering different combinations of features and calculating
their contributions to the prediction. By averaging these contributions across all possible
feature combinations, SHAP determines the importance of each feature. To efficiently com-
pute Shapley values, SHAP introduces the Shapley kernel, which approximates the Shapley
values by taking samples from the joint distribution of the input features. The kernel assigns
weights to the samples based on their similarity to the instance being explained. Finally,
SHAP provides an additive feature attribution property, meaning that the sum of the feature
importances explains the difference between the model’s output for a specific instance and
a baseline prediction, such as an average prediction or background data. SHAP provides
insights into how individual features influence the model’s predictions. It helps us identify
the influential factors, detect biases, understand model behavior, and build trust in Al systems.

Figure 3 illustrates the outcomes obtained by applying SHAP to an actual prediction
model. Specifically, Figure 3 displays the contribution of each input value to the forecast
with different window sizes, namely, 10, 50, 100, and 150. As the window size increases, it
becomes apparent that certain data points on the left side have no contribution to the forecast.
Around 30 data points before the forecast point, it can be observed that data points have a
significant influence, while those beyond that do not affect the model’s forecast. This suggests
that there is no need to search for window sizes where non-contributing data points appear.
Moreover, the fact that even some past data contributes to the forecast indicates that the
model effectively captures the major trends in the data. Therefore, if we can determine the
optimal window size where the model no longer contributes to the forecast, the model can
be constructed to exhibit good forecasting performance without overfitting. Building upon
these assumptions, we propose a novel meta-parameter tuning method, namely, Xtune, that
utilizes the contribution of input values to the prediction calculated by SHAP.

probability of death = 0.6 probability of death = 0.6
* *
Age=70 m) SHAP w05
Sex =Female m) Model -0.6
Weight=65 m) +0.3

Fig.2 Using SHAP to make a black-box Al model interpretable to humans
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Fig.3 SHAP values for window sizes of 10, 50, 100, and 150

Algorithm 1 presents the overall procedure of Xtune (Figure 4). Given a one-dimentional
time-series dataset X, a deep learning-based time-series forecasting method TF, and training
window size wyyq4i,, Xtune firstly extracts n samples from X. It then trains a forecasting model

Dataset

W ANV
o

Training & forecasting 1

Sampling

SHAP value 1 SHAP value 2 SHAP value N

] m determination
\ /

Fig.4 Xmune uses SHAP to determine the optimal window size (wopr)

Wopt
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Algorithm 1 Xtune

Input: X: one-dimentional time-series dataset, TF: deep learning-based time-series forecasting method,
Wiyrqin: training window size;

Output: wp,: optimal window size;

1: L < ¢; /*L: candidate list */

2: Extract sample S; from X fori=1,...,n;

3: for each sample S; do

4 TF trains a forecasting model with wy;q;,

5 Compute SHAP values Vpqp

6:  Compute the candidate window size w; /* Equation 5 */

7

8

9

Add wj; into L
. end for
: Wopt <= determine(L)
10: return wop;

with wy 4, using each sample S; and computes SHAP values V), of the prediction. Using
the SHAP values, it determines the point, after which the model does not contribute to the
prediction. The candidate window size w; is computed as follows:

wi
Z |Vshap (Werain — ./]|

j=1

> Otha 5)

Wirain

> Vanaplil
j=1

The left side of Equation 5 represents what percentage of the total contribution is provided
from wy,4in to w;. The smallest integer value by which it exceeds a certain threshold 6,4
is the candidate window size. w; is addded into the candidates list L. The optimal window
size is determined from the candidates in the list L. If the values of all elements fall within a
narrow range, the mean of these values may be selected as the window size. If the candidates
are more dispersed, the value with the highest frequency should be adopted.

5 Experimental evaluation

In this section, we demonstrate the effectiveness of Xtune on real datasets. To ensure the
repeatability of our results, we used publicly available datasets. Our experiments were con-
ducted on a PC equipped with an Intel Core i9-14900K CPU and 64.0 GB of memory, running
Windows 11 Pro. We performed our experiments on the following real-world datasets. We
normalized the values contained in each dataset.

e Case 1 (New York City Taxi Demand)?: This dataset was obtained from the Numenta
Anomaly Benchmark, a novel benchmark for evaluating algorithms for anomaly detec-
tion in streaming. It consists of 10,320 data points, which represent the number of cab
passengers in New York City from July 2014 to January 2015, aggregated every 30 min-
utes. It has been used in several studies to evaluate anomaly detection accuracy [23]. This
dataset includes 22 anomalies (Figure 5). These anomalies are defined in the following
literature [8]. Most of the anomaly days are holidays, anniversaries, and Sundays with
special events. Table 1 lists the dates and contents that are defined as anomalies.

2 Numerical data is available from https://www.nyc.gov/site/tlc/about/tlc- trip-record-data.page.

@ Springer


https://www.nyc.gov/site/tlc/about/tlc-trip-record-data.page

An XAl-based meta-parameter ... 1

New York City Taxi demand
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25000
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5000+

2014-07 2014-08 2014-09 2014-10 2014-11 2014-12 2015-01 2015-02
timestamp

Fig.5 New York City Taxi Demand dataset with anomalies highlighted in red

e Case 2 (Wikipedia Page View)>: This dataset consists of the volume of searches for
peyton mannning from December 2007 to January 2016, aggregated every day. It consists
of 2,905 data points.

5.1 Experiment 1: Performance

We evaluated and compared the following five meta-parameter tuning methods in Experi-
ment 1:

e Xtune: This is the proposed meta-parameter tuning algorithm introduced in this paper. The
parameters in Algorithm 1 were set as follows: n (number of samples)=3, w;,qin = 120,
and 6;,4 = 0.98.

e XtuneBASE: In this paper, we refer to the previous tuning method proposed in [1] as
XtuneBASE. The primary difference between Xtune and XtuneBASE lies in their approach
to determining the optimal window size. XruneBASE starts from the smallest window
size and identifies the point where the input portion no longer contributes to forecasting
as the optimal window size.

e Grid search: Grid search is a hyperparameter tuning method that systematically evalu-
ates a predefined set of values for each parameter. It exhaustively evaluates the model’s
performance across all possible combinations of these values to find the best param-
eter configuration. Although effective, it can be computationally expensive due to its
exhaustive search over the entire parameter grid. In this study, grid search was applied
to determine the window size as a meta-parameter tuning method.

e Random search: Random search generates a grid of potential perparameter values and
randomly selects combinations to train and evaluate the model. In this experiment, we
used optuna [24], a hyperparameter optimization framework, to perform random search.
The number of traials was set to 30.

e TPE (Tree-structured Parzen Estimator): TPE [19] is a Bayesian optimization algorithm
commonly used for hyperparameter tuning in machine learning. It is particularly suitable

3 https://www.nyc.gov/site/tlc/about/tlc- trip-record-data.page
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Ilaazls?f;edDaitzsninmdaﬁ\;?;slolidays Year/Month Day Holiday/Event
and events, such as the NYC 2014/9 1 Labor Day
Marathon, are marked as 21 Climate March
anomalies, consistent with [22]
28 Sunday event
2014/10 5 Sunday event
12 New York Comic Con
19,26 Sunday event
2014/11 2 NYC Marathon
9,16 Sunday event
23 Football match
27 Thanksgiving
30 Sunday event
2014/12 7 Sunday event
13-14 Millions March NYC
21 Sunday event
25 Christmas
2015/1 1 New Year’s Day
11,18 Sunday event
19 MLK day
26-27 Blizzard

for black-box optimization problems. In this experiment, we used the TPE functionality
provided by optuna, with the number of trials also set to 30.

We used the two dataset, referred to as Cases 1 and 2, and applied the five meta-parameter
tuning methods to the time-series forecasting tasks using an LSTM forecasting model. Since
Xtune produced similar window sizes across three trials in both cases, the average of the
results was used as the final window size. Figure 6 illustrates a contribution of each input
value to the forecast when the window Size wy,4;, is set to 120 for both Cases 1 and 2.

Table 2 compares Xrune with its competitors in terms of the estimated optimal window
size and the computation time required to determine the optimal parameter value in Cases 1
and 2. Additionally, Figure 7 plots the RMSE (root mean square error) values for forecasting
models with different window sizes.

Window size = 120 Window size = 120
0.4
0.010-
0.3
() ()
2 3 0.005-
© ©
> 0.2 >
o o
b b |
| b
I % 0.000 ““l
0.0 Il —0.005-
-0.1
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Time Point Time Point

Fig.6 SHAP values of a trained model with a window size of 120 (w;4i, = 120). (Left) Case 1 and (Right)
Case 2. The plots suggest optimal window sizes of approximately 8 and 26, respectively.=
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Table 2 Optimal window sizes and wall-clock times for various parameter tuning methods

Case New York City Taxi Demand Wikipedia Page View

Method Window size Time [s] Window size Time [s]
Xtune 8 19.46 26 20.03
XtuneBASE 18 75.38 16 104.87
Grid search 60 882.45 11 981.50
Random search 13 425.52 11 265.26
TPE 12 197.66 14 158.41

5.2 Experiment 2: Applicability

In order to validate the applicability of Xtune, we conducted experiments where we applied it
to the meta-parameter tuning of SALAD [8], an anomaly detection method that utilizes deep
learning-based time series forecasting. This experiment was performed using the dataset from
Case 1. Table 3 lists the results, which indicate that both XruneBASE and Xtune determine the
optimal window size to be nearly 30. Additionally, the findings reveal that Xrune achieves a
computation speed that is approximately five times faster than that of XruneBASE.

Next, we performed an experiment where SALAD was executed with a specific window
size and four metrics, recall, precision, F-measure, and run time, were measured. Subse-
quently, SALAD was executed with various window sizes to assess whether the window size
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Fig.7 RMSE values for different window sizes in Experiment 1. (Left: Case 1, Right: Case 2)
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Table3 Op tima} wil?dow size Method Optimal window size Wall-clock time[s]

and wall-clock time in

Experiment 2 (SALAD) Xtune 29 63.382
XtuneBASE 30 368.195

calculated by the proposed method was indeed optimal. For this experiment, SALAD was
run with window sizes of 6, 24, 36, 48, 72, and 96. The corresponding SHAP values, anomaly
detection accuracy, and execution times for each window size are presented in Figure 8 and
Table 4. Figure 8 displays the SHAP values for the model’s prediction when trained with
different window sizes. These SHAP values indicate the contribution of each input value to
the prediction at time ¢ = 601, using data from ¢ = (600 — window size + 1) to t = 600
as input values. With a window size of 6, both the most recent data point ( = 595) and that
closest to the forecast (f = 600) exhibit similar contributions. However, as the window size
increases, the historical data ceases to contribute to the forecast from a window size of 30
onwards.

Table 4 summarizes the anomaly detection accuracy and execution times for various
window sizes. The results demonstrate an increase in execution time as the window size
increases. Additionally, the F-measure accuracy improves until a window size of 30, beyond
which it remains stable at approximately 0.75. Based on these results, it can be concluded
that the window size determined by Xtune is indeed the optimal window size for SALAD.
The optimal window size not only leads to high identification accuracy but also ensures
efficient execution without significant time delays. This experiment showed that Xtune is
also effective in anomaly detection methods that utilize deep learning-based time series
prediction.

6 Discussion

We now discuss the performance and applicability of Xtune.

Performance The results from Experiment 1 demonstrate that Xrune successfully identifies
the best or equivalent window size for time-series forecasting. Similarly, Experiment 2 shows
that the window size determined by Xtune is indeed optimal for SALAD. Tables 2 and 3
provide a comparative analysis of Xfune’s meta-parameter tuning performance. These results
show that Xtune is significantly outperforms conventional meta-parameter tuning methods,
including grid search and random search, and our previous approach, XruneBASE, in terms
of computation time required to determine the best parameter value. Experiment 2 further

Table 4 Results (SALAD)

Window size Recall Precision F-measure Run time(s)
6 0.381 0.800 0.515 4174

24 0.809 0.654 0.723 999.1

30 0.857 0.667 0.750 1037.4

36 0.952 0.606 0.740 1238.2

48 0.857 0.667 0.750 1709.7

72 0.905 0.678 0.775 2223.7

96 0.952 0.625 0.755 2446.8

@ Springer



An XAl-based meta-parameter ... 15
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Fig.8 SHAP values for window sizes of 6, 24, 36, 48, 72, and 96

highlights that the optimal window size identified by Xtune not only leads to high identifica-
tion accuracy but also ensures efficient execution without significant time delays. Figure 9
illustrates SHAP values for various window size in Case 1. These plots indicate that the
window size obtained by Xtune, 8, is small yet sufficient for accurate forecasting. In general,
smaller window size allow for faster model training and quicker forecasting.

Despite its demonstrated efficiency, Xtune’s current algorithm has room for improvement,
particularly in refining the process for determining the optimal window size (w,,) after
several trials. While experiments show that the window size can be determined quickly,
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Fig.9 SHAP values for window sizes of 10, 50, 100, and 150 in Case 1, supporting the claim that a window
size approximately 8 is sufficient
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increasing the number of trials could further enhance the reliability of the value determination
process.

Applicability Xtune can be seamlessly integrated with various deep learning-based time-
series forecasting models, as demonstrated with the LSTM forecasting model in Experiment 1
and SALAD in Experiment 2. Hyperparameter tuing tools such as KerasTuner [25] focus
on identifying optimal hyperparameter values for machine learning models. Most of these
search processes employ black-box optimization methods like GP-EI [26] and TPE [27],
which are Bayesian optimization algorithms, or CMA-ES [28], which generates solutions
from multivariate normal distributions. Other methods, such as HyperBand [29], use multi-
fidelity optimization by monitoring the intermediate progress of machine learning training.

While these tuners aim to find appropriate values for the hyperparameters that constitute
machine learning models for specific learning objectives, Xtune specifically targets the opti-
mal window size, making it highly complementary to existing tuners. This flexibility ensures
that Xtune can be applied to a wide range of forecasting and anomaly detection tasks.

7 Conclusions

In this study, we addressed the problem of meta-parameter tuning for time-series forecasting
using deep learning. Our proposed meta-parameter tuning method, Xtune, utilizes SHAP,
an explainable AI (XAI) technique, to determine the optimal or equivalent meta-parameter
values for deep learning-based time-series forecasting methods. Experimental results demon-
strate that Xrune effectively identifies the optimal window size significantly faster than
existing meta-parameter tuning methods. Additionally, the application of Xrune to SALAD
further highlights its effectiveness in tuning meta-parameters for anomaly detection methods
based on time series prediction.

Future work will primarily focus on the determination of the optimal window size (wgp;).
Currently, Xtune delegates the final decision regarding parameter values to users. We aim to
develop an automated decision-making mechanism through exhaustive experimentation and
refinement.
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