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Abstract: In the fields of machine learning and artificial intelligence, the processing of time-series
data has been a continuous concern and a significant algorithm for intelligent applications. Traditional
deep-learning-based methods seem to have reached performance ceilings in certain specific areas,
such as online character recognition. This paper proposes an algorithmic framework to break this
deadlock by classifying time-series data by evaluating the similarities among handwriting samples
using multidimensional Dynamic Time Warping (mDTW) distances. A simplified hierarchical
clustering algorithm is employed as a classifier for character recognition. Moreover, this work
achieves joint modeling with current mainstream temporal models, enabling the mDTW model to
integrate modeling results from methods like RNN or Transformer, therefore further enhancing
the accuracy of related algorithms. A series of experiments were conducted on a public database,
and the results indicate that our method overcomes the bottleneck of current deep-learning-based
methods in the field of online handwriting character recognition. More importantly, compared to deep
-learning-based methods, the proposed method has a simpler structure and higher interpretability.
Experimental results demonstrate that our proposed method outperforms existing state-of-the-art
models in handwriting character recognition, achieving a top-1 accuracy of 98.5% and a top-3 accuracy
of 99.3%, thus confirming its effectiveness in overcoming the limitations of traditional deep-learning
models in temporal sequence processing.

Keywords: computational intelligence; multidimensional dynamic time warping (mDTW); online
character recognition; deep-learning model integration

1. Introduction

Measuring the similarities of different samples is fundamental to many fields of com-
putational intelligence. Many algorithms take distances to value similarities of samples for
classification, detection, and other pattern-recognition tasks. In most of the research, sam-
ples are represented by a set of vectors through encoding processes. Then, the Minkowski
distances of those vectors could be computed as similarities. Minkowski distances are
defined as dist(x, y) = ∑d

k=1 (xk − yk)
p, which is one of the most popular metrics to value

samples distances. When p = 1, Minkowski distance is named Manhattan distance; when
p = 2 it is called Euclidean distance. Another popular measure is Mahalanobis distance,
which could be viewed as distorted Euclidean distance. Overall, these studies highlight the
need for most of the current research.

In the past decade, significant progress has been made in sequence-information pro-
cessing. Sequence-information processing refers to the analysis and manipulation of data
sequences, such as text, speech, or biological sequences. This field involves techniques
like natural language processing (NLP) and sequence alignment, which enable machines
to understand, generate, and transform sequential data efficiently. However, there is still
room for improvement in related methods, especially in terms of interpretability, model
integration, and other aspects. Existing methods do not perform well in explaining the
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complex temporal structure inherent in the data [1,2]. As a remedy, Dynamic Time Warping
(DTW) [3] has emerged as a compelling alternative [4–6]. DTW’s most notable advantage
lies in its resilience against signal warping, encompassing shifts and scaling along the
time axis or even the Doppler effect. Consequently, DTW has evolved into one of the
most favored metrics for tasks involving pattern matching. For example, when dealing
with signals from different sampling frequencies, the conventional point-wise Euclidean
distance may yield different results, especially when one signal is merely a compressed
version of another. Without using mDTW for sequence point registration, it is not possi-
ble to determine which two points are directly used to calculate the Euclidean distance.
Therefore, for two time series, the use of DTW is necessary. In this case, DTW performs
well by expertly capturing the scale variation and the minimum distance between the
generated signals. What sets DTW apart is not only its ability to produce distance values
but also its ability to reveal the exact alignment of two sequences. DTW is unique in that
it not only computes distance values but also aligns two sequences precisely, which is
particularly critical in intelligent computing applications. Moreover, DTW is not just a
similarity measure. As a robust feature-extraction tool, it enhances its versatility and value
in the context of intelligent computing.

The processing of online character data is a typical and formidable challenge in the
field of time-series processing. Accurate and efficient recognition of handwritten characters
is of great significance, especially in an environment where smart devices are constantly
evolving. Over recent decades, the domain of sequence-information processing, including
non-rigid sparse point matching, Handwritten Chinese Character Recognition (HCCR),
and Human Action Recognition (HAR), has become a research hotspot and has made
remarkable achievements and progress. Furthermore, the intricacies embedded in the
Chinese written language, characterized by a vast number of character classes, introduce an
additional layer of complexity to the recognition task. The sheer volume of characters, each
with its unique features, poses a formidable challenge for researchers and practitioners alike.
The intricate structure inherent in most Chinese characters further amplifies the difficulty
of the HCCR task, contributing to its status as a persistent and demanding challenge within
the research community.

The proposed model presented in this paper offers high interpretability, integrating
traditional sequence modeling methods with deep-learning techniques to achieve superior
performance. Its transparent framework ensures a clear understanding of each compo-
nent and parameter, exemplified by the straightforward calculation process of mDTW.
Furthermore, the model’s seamless integration with deep learning enables powerful feature
extraction while maintaining interpretability. With low computational complexity and mini-
mal parameterization, the model remains efficient and reliable, even for large-scale datasets.
Overall, this approach combines interpretability, deep-learning integration, and computational
efficiency, making it well-suited for a wide range of intelligent computing tasks.

Our Contribution

Development of the mDTW Algorithm: We developed a multidimensional Dynamic
Time Warping (mDTW) algorithm specifically designed for handling sequence information,
significantly enhancing accuracy in tasks such as online handwriting recognition.

Integration with Deep-Learning Models: We proposed the integration of mDTW with
modern deep-learning models such as Recurrent Neural Networks (RNNs) and Transform-
ers, which improved sequence-data classification across multiple domains, including text
recognition, action classification, and point matching.

Hierarchical Clustering Model: We introduced a simplified hierarchical clustering
model that groups characters and reduces the computational time for DTW distance
calculations, making it feasible to efficiently process large handwriting datasets.
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2. Related Works
2.1. Related Works of DTW

DTW (Dynamic Time Warping) [3] distance is a method employed to calculate the
similarity between two time series. It was initially proposed and utilized in the field of
speech recognition and has subsequently found wide application in various domains,
including time-series classification, pattern recognition, anomaly detection, clustering
analysis, and more. DTW excels at finding the best match between two sequences by
elastically stretching or compressing the time series, enabling effective comparison and
matching even when the sequences exhibit offsets or rate changes on the time axis. This
is achieved by identifying the best alignment (i.e., the optimal path) between the two
sequences, which minimizes the sum of the pairwise distances along this path, therefore
accurately reflecting the similarity between the two sequences. This alignment allows for
nonlinear stretching of the sequences on the time axis, making DTW particularly suitable
for handling time series of different lengths or with varying rates.

In time-series classification tasks, DTW serves as a valuable similarity measure, aiding
in the determination of what category a sequence belongs to. By calculating the DTW
distance between the sequence to be classified and sequences of known categories, the
category with the smallest distance can be confidently selected as the classification result.
Furthermore, DTW can be utilized to identify specific patterns in time series or detect
anomalies. By comparing a time series with a known pattern or a sequence within the
normal range and calculating the DTW distance between them, it becomes possible to
determine whether the time-series matches the expected pattern or deviates from the
normal range.

In time-series clustering tasks, DTW distance proves to be an effective distance mea-
sure in clustering algorithms. By calculating the DTW distance between different sequences,
similar time series can be clustered together, enabling the discovery of sequence groups
with similar morphologies but possible offsets on the time axis.

DTW stands out as a potent and versatile tool within the realm of temporal data
mining, finding applications across various domains due to its unique capabilities. One
illustrative domain where DTW demonstrates its prowess is in acoustic data analysis, where
it exhibits invariance to Doppler effects. This particular attribute makes DTW invaluable
for tasks involving the precise alignment and comparison of acoustic signals, regardless of
potential frequency shifts induced by motion or other factors.

Expanding the scope of DTW’s applications, it plays a crucial role in the analysis of
biological signals such as Electrocardiogram (ECG) [7] or Electroencephalogram (EEG) [8,9].
Researchers leverage DTW to effectively characterize and discern patterns within these
signals, aiding in the identification and understanding of potential diseases. The flexibility
of DTW in handling diverse types of temporal data makes it an indispensable tool for
extracting meaningful insights from complex biological signals.

Moreover, in the context of time-series classification problems, DTW serves as a
feature extractor when combined with predefined patterns or features, as highlighted in
the work by Kate et al. [10]. This approach allows DTW to contribute significantly to
the classification of time-series data, where the alignment of sequences is essential for
accurate pattern recognition. The use of Hamming distance [1,11] in conjunction with DTW
alignment in this setting is referred to as Edit distance, a well-studied variant that enhances
our understanding of the relationships between different temporal sequences [12].

In essence, the versatility of DTW spans diverse applications, from mitigating Doppler
effects in acoustic data to aiding in the diagnosis of diseases through the analysis of biologi-
cal signals. Its role as a feature extractor in time-series classification further underscores its
adaptability and utility in extracting meaningful information from temporal datasets. The
continued exploration and application of DTW in various domains highlight its enduring
significance in the field of temporal data mining and analysis.

The proposed framework presented in this paper is combined with two parts: a
multi-dimension DTW (mDTW) [13] algorithm and a hierarchical cluster model. The core
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idea of our work is very simple: compute similarities among online handwriting samples
and use them to classify characters. However, a major problem with the experimental
method is that the training time cost is too long. In particular, when we are dealing with a
handwriting database that has Nc characters and each character written by Nw writers, the
DTW process should be repeated (Nc × Nw)2/2 times to establish a cluster model. Since a
Chinese handwriting database often has thousands of characters and hundreds of writers,
computing the DTW so many times would take almost a decade on most computing
devices, which is not acceptable for researchers. Therefore, we put forward the above
two methods to decrease time costs.

2.2. Related Works of Sequence Data

Time-series classification and regression are important techniques for analyzing and
modeling data that changes over time. These methods have wide-ranging applications,
including Human Activity Recognition, Handwritten Chinese Character Recognition, Earth
Observation, Medical Diagnosis, and more. In this study, we will focus on the application of
time-series classification and regression in Human Activity Recognition and Handwritten
Chinese Character Recognition and provide an overview of the latest developments and
challenges in these fields.

Human activity recognition (HAR) is the identification or monitoring of human activity
through the analysis of data collected by sensors or other instruments [14]. The recent
growth of wearable technologies and the Internet of Things has resulted not only in
the collection of large volumes of activity data [15] but also in the easy deployment of
applications utilizing these data to improve the safety and quality of human life. HAR
is, therefore, an important field of research with applications including healthcare, fitness
monitoring, smart homes [16], and assisted living [17].

Handwritten Chinese Character Recognition (HCCR) is a field of study focused on the
automatic recognition of handwritten Chinese characters. This technology plays a crucial
role in various applications, such as document digitization, optical character recognition
(OCR) systems for forms, checks, and IDs, and handwriting input devices. Since the 1980s,
HCCR has been a significant research area in pattern recognition due to the complexity
and wide variety of Chinese characters. For instance, in Liu et al.’s paper [18], discrim-
inative feature-extraction methods and discriminative learning quadratic discriminant
function classifiers were employed, achieving outstanding recognition rates on challeng-
ing online and offline HCCR datasets CASIA-OLHWDB and CASIA-HWDB. The best
online recognition rates for single characters were 95.28% (DB1.0, 4037 characters), 94.85%
(DB1.1, 3926 characters), and 95.31% (ICDAR 2013 Competition DB, 3755 characters). The
best offline recognition rates were 94.20% (DB1.0), 92.08% (DB1.1), and 92.72% (ICDAR
2013 Competition DB). More recently, Ren et al. [19]. utilized an RNN, combining Bidi-
rectional Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU), which
processes raw sequential data directly without converting online handwriting trajectories
into image-like representations, achieving an end-to-end recognition rate of 98.15% on the
ICDAR-2013 dataset.

Compared to other related works, it has been challenging to achieve better perfor-
mance through deep-learning training. Collectively, there seems to be some evidence to
indicate that existing Deep-learning-based HCCR methods have reached the performance
bottleneck. Zhang et al. [20] achieved groundbreaking results in the field of HCCR by
integrating traditional direction-decomposed feature maps with deep convolutional neural
networks; however, it is important to note that these achievements, while groundbreaking,
are now seven years old. Additionally, Li et al. [21] introduced a novel approach in the
HCCR domain leveraging a Siamese neural network to predict the similarity between
handwritten Chinese characters and template images, showing promising generalization to
new classes not seen in training, but the method may struggle with limited data scenarios
and the complexity of optimizing Siamese networks. However, by integrating mDTW and
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Transformer, a significant performance breakthrough was successfully achieved with this
framework, demonstrating its potential in other specific sequence-data-related domains.

3. Methodology

As mentioned earlier, the mDTW method presented in this paper serves as a prelimi-
nary processing step for classifying data and selecting the top-N results (the top N most
likely classifications) to form a rough classification probability distribution. Subsequently,
this rough distribution undergoes further refinement through techniques such as cGRU to
achieve a more accurate classification. As shown in Figure 1.

Sequence 
Input

mDTW

Coarse 
Classification

cGRU
Transformer 

LSTM 
RNN

...

Fine

Classification

fc

SEQ

MDloss

Softmax

Embedding

CNN

𝐶1 𝐶2 𝐶𝑛

GRU

ℎ1 ℎ2 ℎ𝑛

cGRU

Figure 1. Schematic diagram of the core framework process.

3.1. Multidimensional DTW

Similar to the conventional one-dimensional Dynamic Time Warping (DTW) approach,
the method presented here encompasses two primary processes: the forward process and
the backward process. In the fundamental stage, the algorithm computes the point-to-point
distance matrix, a critical step in establishing the foundational structure for subsequent
analyses. This matrix serves as the basis for understanding the dissimilarity between
corresponding points in the sequences. Following this, the warping process comes into
play, where the optimized point-matching relationships are computed.

In the forward process, the algorithm systematically evaluates the distances between
each point in the sequences, creating a comprehensive matrix that encapsulates the pairwise
dissimilarities. This matrix lays the groundwork for subsequent alignment, forming the
foundation upon which the algorithm can identify the optimal alignment path. The back-
ward process is an equally crucial component, focusing on the derivation of the optimal
warping path based on the accumulated point-to-point distances. By iteratively backtrack-
ing through the matrix, the algorithm refines the matching relationship between points,
ultimately arriving at an alignment that minimizes the overall dissimilarity. Together,
these dual processes, the forward and backward stages, synergistically contribute to the
effectiveness of the proposed method in capturing the nuanced relationships and achieving
optimal alignment between two sequences using the Dynamic Time Warping technique.

Given a couple of sequences {SEQ1 ∈ Rn×d, SEQ2 ∈ Rm×d}, mDTW first computes
a Dm matrix by Equation (1)

Dmij = dsum(α, Seq1i, Seq2j) (1)

The variables in formulas are as follows: α is a weight vector of different values in Seq,
and dsum is a user-defined formula. Data format of online Chinese handwriting sample
is configured as seq ∈ Rn×7, each temporal slice seqi = {xi, yi, ∆xi, ∆yi, si}. Where n is
the number of points in a handwriting sequence, xi, yi ∈ R are the location of a point,
∆xi, ∆yi ∈ R are pen tip displacement of the same point and si ∈ {0, 1} is pen tip state. Here
si = {1, 0, 0} indicates the pen tip will continue the writing process, si = {0, 1, 0} indicates
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stroke ends and the pen tip will be raised and moved to another location, si = {0, 0, 1}
indicates the end of the character. Then dsum is defined as Equations (2)–(5).

dsum = α1 · ld + α2 · dd + α3 · sd (2)

ld =
√(

x1i − x2j
)2

+
(
y1i − y2j

)2 (3)

dd =
√(

∆x1i − ∆x2j
)2

+
(
∆y1i − ∆y2j

)2 (4)

sd = β1
∣∣si1 − sj1

∣∣+ β2
∣∣si2 − sj2

∣∣+ β3
∣∣si3 − sj3

∣∣ (5)

ld, dd, sd are location distance, displacement distance, and state distance, respectively.
ld represents the Euclidean distance between two points from different sequences, which
directly reflects the spatial distance relationship between the relevant points. It is the
most important constraint for our mDTW point matching. dd represents the Euclidean
distance between the difference vectors of two points and their previous sampling time
steps, which can be understood as the similarity in direction. Its calculation formula is
∆X = Xt − Xt−1. For example, in a plane, if the difference vectors of two sequence points
both indicate that the movement direction of the curve/trajectory at this time is to the left,
then they should naturally obtain a certain degree of matching similarity. A higher value of
αi means we place more attention on the similarity of the corresponding factor to match
the points. Since the information on location is contained in displacement data, much of
the deep-learning-based handwriting research only relies on displacement. However, the
cluster model in this paper does not have a parameter optimizing process to learn the
information of location from displacement, so we added ld in Equation (3) to enhance the
matching performance. β is the weight of writing states. Considering one character has
almost 100 points and 5–10 strokes means that the rate of end stroke is about 10% and
character end is 1%, β is set as [1, 10, 100] to balance the infect of different writing states.

The dimension of a computed matrix Dm is n × m, and each element represents dsum
distance of two points. The second step of mDTW is computing a matrix G for final
point matching through an iterative process. This process is computed point-by-point by
Equation (6)

G(i, j) = min


G(i − 1, j) + Dm(i, j)

G(i − 1, j − 1) + λ · Dm(i, j)
G(i, j − 1) + Dm(i, j)

(6)

λ is the weight of temporal similarity, which is configured as a constant 2 in traditional
DTW algorithms. In this paper, we made it flexible to fit the multi-dim point matching task.
G is computed from bottom to the top, form left to right. As shown in Figure 2, DTW has
following steps in summery:

• Step 1: compute Dm Equations (2)–(5)
• Step 2: initialize G as a zero matrix
• Step 3: compute the first row (G1) of G by Equation (6) form G11 to G1n (green values

in Figure 2)
• Step 4: repeat Step 3 m times until all elements in G are updated
• Step 5: start from Gmn, jump to a temporal location via min{Gi,j−1, Gi−1,j−1, Gi−1,j}.
• Step 6: Repeat Step5 until terminal G11 (red arrows in Figure 2)

Completing the above steps will return the matrix G, where Gmn could be recognized
as the final distance of two sequences DTWdist(seqi, seqj). Meanwhile, the computing
process has a very high time cost in most of the corresponding tasks especially when
dealing with complex sequence problems. Therefore, the algorithm is accelerated by
parallel computing for practical application. The method of acceleration uses GPU to do
high-dimension matrix multiplications. In the case of ensuring that the GPU memory limit
is not exceeded, we could set a batch of sequences to do DTW computation parallel. This
method further reduces the calculation time cost of the system.
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Figure 2. Process of dynamic warping, including forward and backward steps.

3.2. Sequence Clustering

The clustering process outlined in this paper can be interpreted as a form of supervised
modeling. Specifically, the method introduced here does not involve the computation of
distances between distinct characters; rather, it focuses solely on samples within the same
character classes. As elucidated earlier, the computation of complete inner Dynamic Time
Warping (DTW) distances for an extensive Chinese handwriting database demands a con-
siderable amount of time, rendering it impractical for experimental purposes. Consequently,
we propose the adoption of a simplified hierarchical clustering model designed to compute
distances exclusively within the confines of the same character classes. Configuring the
model in this manner not only addresses a specific challenge but also confers a distinct
advantage, particularly in circumventing the potential computational overhead associated
with unnecessary DTW calculations. This streamlined approach serves as a pivotal strategy
in mitigating the time cost incurred during the training of the model. The careful restriction
of computations to inner class distances within our proposed hierarchical clustering model
is a deliberate choice that significantly optimizes the efficiency of the training process.

By narrowing the scope of calculation to inner class distances, we strategically elimi-
nate the need for superfluous DTW calculations, leading to a more efficient and resource-
friendly model training procedure. This deliberate simplification ensures that the model
focuses its efforts on the most relevant aspects, contributing to a streamlined training phase.
As a result, the proposed hierarchical clustering model not only expedites the training
process but also alleviates the computational burden associated with analyzing the entire
database. In essence, the methodology we propose is designed to strategically minimize
the intricacies typically involved in DTW computations. The model, by concentrating
exclusively on inner class distances, enhances both the expediency and effectiveness of
the clustering process. This approach signifies a purposeful optimization, prioritizing
efficiency without compromising the model’s ability to discern meaningful patterns within
the data. By adopting this strategic simplification, the proposed model emerges as a more
efficient and scalable solution, making it well-suited for applications where computational
resources are a critical consideration. In summary, the deliberate narrowing of focus within
our hierarchical clustering model is a strategic choice that pays dividends in terms of both
time efficiency and computational effectiveness, ultimately contributing to an enhanced
clustering performance.

Here, we introduce an exclusive concept of this paper: useless DTW calculation. The
definition of this is the computation of DTW distance between two Chinese characters
with obvious differences in stroke structures. For instance, when we distinguish Chinese
characters from dissimilar handwriting samples, the cluster centers could hardly effect
testing results since the results (value of DTW) of these samples are too big to be recognized
as the same class. Therefore, the computation of those DTW distances is useless. On
the contrary, choices of cluster centers are very important for similar Chinese characters;
appropriate cluster centers could remarkably increase recognizing accuracy, as shown in
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Figure 3. Digits are DTW values between the testing center and samples. For characters
with high dissimilarities (gray samples), the value of DTW is much higher than similar
ones (blue samples). The value destabilization coursed by center changing could not affect
the final results for gray samples but have a significant impact on similar samples.

天 地 南 北 东 西

日

月 日 曰 田

20.3 32.1 33.7 19.9 18.5 21.4

9.2 8.3 7.9 13.5

天 地 南 北 东 西

日

月 日 曰 田

21.4 34.1 32.7 20.9 19.3 22.2

8.2 6.3 7.7 15.5

incorrect correct

Inappropriate center appropriate center

Useless DTW

Useful DTW

Figure 3. The definition of useless DTWs.

Therefore, the proposed method ignores computing useless DTWs on dissimilar
characters and only considers similar samples instead. In order to further reduce the
training time cost, the clustering process is set to compute DTWs between samples with the
same characters. As discussed above, a database with Nc × Nw samples urges repeating
DTW (Nc × Nw)2/2 times at the origin. The simplified method needs to repeat the DTW
process Nc × N2

w/2 times only. For a handwriting database with thousands of characters
(Nc > 1000), this step could reduce more than 99.9% of total origin training time cost.

Unlike the cluster methods based on Minkowski distances, a major problem within the
sequence cluster domain is that it is very hard to generate a virtual sequence as a “center”
in the corresponding space. Therefore, the proposed method should take some of the real
samples as cluster centers by a hierarchical model. Then, the concrete steps for clustering a
Nc × Nw database of this work are arranged as follows:

• Step 1 Separate the whole database into Nc groups by their characters. Thus, each
group has Nw handwriting samples with the same character.

• Step 2 Choose a cluster number n > 0 ∈ R and then divide each group to cln clusters
by minimizing Equation (7)

arg min[∑n
i=1 ∑cli

k=1 DTWdist(Ceni, Seqk)] (7)

where Centeri is the center of ith cluster, cli is the number of sequence samples in ith
cluster, Seqk is the kth sequence sample of ith cluster. The significance of this step
is finding a set of centers that could minimize the sum of DTW distances between
training samples and the nearest appropriate centers. In other words, this step finds n
real samples as the representation of a whole sample group.

• step3 Repeat step2 Nc times to obtain all characters clustered. After that, we obtain a
center set with Nc × n sequence samples.

Step 2 is the core content of the proposed cluster framework. To realize this, the
following calculation steps were adopted, as listed in Algorithm 1. Where D is the storage
of DTW distance for every two samples in the group, Equation (8) shows the computation
of this process.

Dij = DTWdist(seqi, seqj) (8)

where seqi represents the ith time-series vector. It should be noted that for temporal
information, its vector may be discontinuous. For example, in handwriting, a word may be
composed of multiple strokes. Therefore, when performing mDTW calculation on two time
series of text, we need to consider the matching relationships between different strokes.
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Noticing that D here is a symmetric matrix, and all the diagonal elements are 0. Then a
temporal matrix D′ is generated from D by Equation (9).

Di
′ = Di ×

iter
iter + 1

+ Dj (9)

After the iteration process in line2–line6 of Algorithm 1, C ∈ Rn×Nw is calculated.
Each line of C shows the sequence index of a cluster. Then, we calculate the centers of every
cluster. For instance, the non-zero elements in ith row of C are ci1, . . . , cim. Finally, find the
center of this cluster by Equation (10).

Cen(k) = arg min(∑m
l=1 DTWdist(Seqk, Seqcil )) (10)

Algorithm 1: Hierarchical cluster for a Chinese handwriting sample group

Input: A group of training sequences SEQ{seq1, . . . seqNc}
0: Initialize a cluster index matrix C ∈ RNc×Nc , set Ci1 = i and others as 0
1: Compute a DTW distance matrix D ∈ RNc×Nc via Equation (8).
2: for iter in Nc − n
3: find the location i, j = argmin(D), (i < j)
4: compute a temporal matrix D′ by Equation (9) and replace D by D′

5: merge the jth cluster to the ith
6: end for
7: for iter in n
8: find the sequence sample in iter row of C by Equation (10) and mark it as seqctiter
9: end for
Output: n sequences as centers Cen{seqct1 , . . . , seqctn}

3.3. Joint Modeling with Sequence Processing Networks

In the framework proposed herein, sequence data are initially processed using mul-
tivariate Dynamic Time Warping (mDTW), followed by clustering of the processed data
to achieve a coarse categorization. Subsequently, the results of this coarse categorization
are utilized as conditional inputs along with the sequence data (SEQ) for processing by the
Conditional Gated Recurrent Unit (cGRU). The role of the cGRU is to enable the model to
consider additional conditional or contextual information, therefore enhancing adaptability
and performance for specific tasks. In this model, the additional condition provided is the
coarse categorization result obtained from the initial clustering, while the sequence data
itself offers contextual information. The processed data are then fed into a fully connected
neural network, where fine categorization is performed using the SoftMax function, result-
ing in the final categorization outcomes after balancing the loss. As shown in Figure 4, the
formulas for cGRU are as follows:

dt = tanh(Wddt + bd) (11)

st = tanh(Wsst + bs) (12)

rt = σ(Wrht−1 + Urdt + Vrst + Mr f c + br) (13)

zt = σ(Wzht−1 + Uzdt + Vzst + Mz f c + bz) (14)

h̃t = tanh(W(rt ⊙ ht−1) + Udt + Vst + M f c + b) (15)

ht = zt ⊙ ht−1 + (1 − zt)⊙ h̃t (16)

ot = tanh(Woht + Uodt + Vost + Mo f c + bo) (17)
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Figure 4. Detailed presentation of the core parts of the framework.

The variables utilized in Equations (11)–(17) are defined as follows:W, U, V, and
M represent weight matrices, which are crucial parameters that govern the influence of
various inputs on the neurons within a neural network layer. b denotes the biases, which
are added to the weighted sum of inputs to adjust the output of the activation function. ht
signifies the hidden state at time t, encapsulating the internal representation of the network
based on the inputs received up until that point. ot represents the output vector at time
t, which is generated by the network after processing the input and hidden state. The
input vectordt corresponds to the t-th state of the writing motion path signature, denoted
as {d1,i, d2,i}. Here, i varies from 1 to n, indicating that the signature is comprised of a
sequence of n points. st represents the pen’s up–down state at time t, indicating whether
the pen is touching the writing surface or not. The variable f c stands for the conditional
input, which provides supplementary information to the network to influence its output.

The output of the conditional Gated Recurrent Unit (cGRU), ot, is subsequently fed
into two fully connected layers. These layers further process the output, ultimately yielding
the system’s output, which is a M × 5 + 3 vector denoted as gt+1, st+1. Here, gt+1 is a
vector of size M × 5, which serves as the input data for a Gaussian Mixture Model (GMM).
The GMM is employed to predict pen movements, considering the probability distribution
of potential movements. st+1 is a 3 × 1 vector that is used for predicting the pen tip state,
indicating its orientation or other pertinent properties. To enhance the performance of
our networks, we utilize a Mixture Density Loss function (MDLoss). This loss function is
specifically tailored to handle the output of mixture models, such as the GMM used in this
context. By minimizing the MDLoss, we aim to refine the accuracy of the predicted pen
movements and pen tip states, ultimately bolstering the overall performance of the system
in generating realistic and precise handwriting simulations.

Unlike CGRU, other neural networks we utilize, such as LSTM or Transformer, do
not possess a designated conditional input c. To address these discrepancies, we employ
a method where we concatenate the output probability distribution of mDTW with the
normalized original sequence information before inputting it into the LSTM or Transformer
model, as listed in Equation (18)

it = concat(seqt, c) (18)

Among the many methods of time-series analysis and pattern recognition, dynamic
time warping (DTW) and its multivariate version (mDTW) have proven to be effective tools,
especially when dealing with time series of unequal lengths and varying speeds. However,
traditional mDTW methods may be limited in handling large-scale, high-dimensional,
and complex pattern data. In recent years, deep-learning models, such as Long Short-
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Term Memory Networks (LSTM) and Transformer, have achieved remarkable success in
processing sequence data. These models can automatically extract useful features from
raw data, allowing them to handle complex patterns and long-term dependencies. To
combine the flexibility of mDTW with the powerful representation capabilities of deep-
learning models, we propose a joint modeling method. The core idea of this method is to
embed mDTW as a differentiable module into the deep-learning framework so that the
parameters of mDTW and the parameters of the deep-learning model can be optimized
during the end-to-end training process. In the process of joint modeling, model selection
is a crucial step because it will directly affect the model’s ability to handle specific tasks.
For the problem we face, namely the analysis of time-series data, we need to choose
among multiple deep-learning models. Long short-term memory networks (LSTM) have
proven to be very effective in processing time-series data and are able to capture long-
term dependencies in the data, which is crucial for many time-series tasks. However, the
Transformer model’s advantages in handling parallelization and self-attention mechanisms
make it more efficient when processing large-scale data sets and capable of capturing
complex interactions between different parts of the input sequence. After selecting a
suitable deep-learning model, the next step is to embed the mDTW algorithm into this
model. The key to this step is to ensure that mDTW can be combined with the deep-learning
model in a differentiable way so that we can use the backpropagation algorithm to train the
entire model. To achieve this, we need to make appropriate modifications to the mDTW
algorithm so that the gradients generated during the calculation process can be effectively
passed to the deep-learning model. In this way, the deep-learning model can update its
parameters based on the gradient information provided by mDTW, therefore achieving
more efficient processing of time-series data.

In the model training phase, we need to design a joint loss function that will consider
both the distance metric of mDTW and the classification or regression loss of the deep-
learning model. In this way, we can ensure that the parameters of the mDTW algorithm
and the deep-learning model are optimized simultaneously during the training process.
This joint optimization method will enable the entire model to take into account the local
shape characteristics of the data and capture the global structural information of the data
when processing time-series data.

L = −
N

∑
i=1

yi log(pi) + (1 − yi) log(1 − pi) (19)

In the equation, L is the value of the loss function, N is the number of samples, yi is
the actual label of the ith sample, pi is the predicted probability that the ith sample belongs
to the positive class (with label 1), and log denotes the natural logarithm.

Finally, in terms of model optimization, we will use appropriate optimization algo-
rithms to update the model parameters. The gradient descent method or its variants are
commonly used optimization algorithms that can adjust the parameters of the model based
on the gradient information of the loss function, therefore gradually reducing the training
error. In this process, we need to choose appropriate learning rates and other hyperparame-
ters to ensure the stability and efficiency of the optimization process. Through continuous
iteration and optimization, we will eventually obtain a joint model that cannot only uti-
lize the flexibility of mDTW to process time-series data but also leverage the powerful
representation capabilities of deep-learning models.

4. Experiments

Three experiments’ results are shown in this paper. The first is a system of point match-
ing for temporal sequences; the second is a system of online character recognition; The third
one is human activity recognition. These experiments correspond to the three major compo-
nents in our algorithm: mDTW, hierarchical cluster, and sequence processing performance.
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4.1. Non-Rigid Sparse Point Matching

It is important to introduce the data we utilized. CASIA-HWDB, with its high-
resolution color images and well-defined binary representation, stands as a valuable
resource for offline handwritten character recognition research.

Point matching constitutes a classical and intricate challenge within the expansive
domain of image registration research. When juxtaposed with the task of matching feature
points in images, the endeavor of aligning points within handwritten characters introduces
three distinctive characteristics that significantly shape the complexity of the problem. There
is the imposition of a nonlinear spatial transformation when attempting to match points
in handwriting characters. This nonlinear transformation induces a notable disturbance
in the distribution of the two sets of matching points, introducing intricacies that are not
present in linear transformations. This spatial nonlinearity poses a formidable obstacle,
demanding sophisticated techniques to navigate and effectively align the points within the
given framework. Especially as depicted in Figure 5, the significance of the point-matching
process becomes strikingly evident when confronted with the notably distinct writing
styles of various authors for the same character. This figure illustrates a scenario where
two different individuals have written the same character, yet their unique writing styles
result in significantly different representations. The red and blue line segments in the figure
represent two online handwritten datasets, which are handwritten text samples that include
time information. These datasets capture the intricate details of each author’s writing style,
encompassing the speed, pressure, and direction of the pen strokes. The green line segments
indicate the point alignment relationships calculated using the modified Dynamic Time
Warping (mDTW) algorithm. This algorithm allows us to match corresponding points
between the two datasets, even when they exhibit different lengths and writing styles.
Upon examining the point alignment process, it is evident that our results are highly
accurate, as the green line segments closely adhere to the contours of the red and blue
line segments, indicating a remarkable degree of similarity between the matched points.
This underscores the effectiveness of our approach in addressing the challenges posed by
diverse writing styles and emphasizes the crucial role of accurate point matching in online
handwritten text recognition.

The nature of handwriting introduces an idiosyncratic challenge: individuals often
connect different strokes for the sake of convenience during the writing process. This
tendency results in a considerable number of errors in the sets of matching points. The
interconnection of strokes complicates the matching task, requiring an intelligent and
adaptable approach to correctly align points despite these inherent irregularities.

The feature points of Chinese characters exhibit a geometric dispersion that adds an
additional layer of difficulty to the matching process. Unlike more regularly structured
shapes, the geometric dispersion of feature points in Chinese characters makes it challeng-
ing to rely on local spatial distribution similarity for effective point matching. Consequently,
conventional methods that hinge on local spatial characteristics may fall short when con-
fronted with the intricacies of matching points within these dispersed geometric patterns.
Point matching in handwriting characters is distinguished by the introduction of nonlinear
spatial transformations, the prevalence of stroke connections leading to errors, and the
geometric dispersion of feature points in Chinese characters. Addressing these challenges
requires the development and application of advanced methodologies that can adeptly
handle the intricacies inherent in the matching process within this unique context.

While point-matching is not the central focus of our investigation, its significance lies
in its capacity to serve as a reflective indicator of the performance of mDTW. An extensive
exploration of point-matching experiments has been conducted to comprehensively assess
the prowess of mDTW. The findings reveal that mDTW takes into account various aspects
such as handwriting trajectory, direction distribution, moving displacement, and stroke
connection in tandem to determine the outcomes of the matching process. A detailed
analysis of the experimental results, as depicted in the figures, allows for an intuitive
description of the prevailing scenario wherein correctly matched points dominate the
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major portions of the matching results. The proposed mDTW algorithm has effectively
met our stipulated requirements, demonstrating a reliable point-matching performance
essential for subsequent clustering endeavors. The amalgamation of trajectory, distribution,
displacement, and stroke considerations in the mDTW framework contributes to its efficacy
in delivering accurate and meaningful matching outcomes, therefore substantiating its
suitability for the specified clustering objectives. To give a further analysis and evaluation
on mDTW, we compare our method with two traditional Chinese handwriting points
matching methods [22,23]. These two algorithms are image-based. In other words, they
do not consider temporal information while matching. Similar to some other Chinese
handwriting research, in addition, we also compared two of the latest point-matching
methods, LVMs [24] and PMT [25]. LVMs, or Large Vision Models, leverage semantic
features derived from large-scale vision models to enhance geometry-based shape feature
learning, making them highly effective for non-rigid point cloud matching. PMT, or
Proxy Match Transform, introduces a high-order feature transform layer to efficiently
match geometric shapes in 3D point clouds, particularly excelling in assembling geometric
shapes by establishing reliable local correspondences between part surfaces. We divide the
sequence samples into three groups by their complexities, which are simple (0–10 points),
normal (20–50 points) and complex (more than 50) points. The summary statistics for
comparison are illustrated in Table 1. APM refers to Asymmetric Point Matching, while
CGE stands for Constrained Global Energy function.

Figure 5. Point-matching results, black line indicates wrong, green indicates right. Red and blue lines
are two handwriting characters.

We randomly selected 200 pairs of Chinese handwriting samples from the OLH-
WDB1.1 dataset. In this dataset, the shortest sample contains 3 points, while the longest
one has 216 points. OLHWDB (Online Handwritten Chinese Character Database) is the
online handwritten version of HWDB (Handwritten Chinese Character Database), captur-
ing handwritten point sequences with both spatial and temporal information. In contrast,
HWDB represents characters in image format and lacks sequential data. The OLHWDB1.1
dataset comprises 3755 distinct Chinese characters, each represented by numerous hand-
writing samples. For our point registration experiment, we randomly selected 200 of these
characters to ensure a diverse and representative subset for analysis. Since the purpose
of this experiment is to demonstrate the accuracy of point registration, it is not necessary
to select all Chinese characters. The experiment data are labeled and checked manually.
Results reported in Table 2 indicate that the proposed mDTW has an advantage against
state-of-the-art methods in all complexity conditions. A possible explanation for this is
that mDTW takes temporal information as a significant factor. Since online handwriting
trajectories may have severe spatial noises in different samples, the writing order for every
stroke should be the same. Thus, sequence-based mDTW performs much better than
image-based methods in such kinds of tasks.
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Table 1. Comparison of point matching results.

Method Simple Normal Complex

APM [22] 34.2% 73.4% 82.7%
CGE [23] 87.1% 91.2% 85.3%
LVMs [24] 90.5% 92.0% 88.7%
PMT [25] 89.8% 93.5% 87.4%
mDTW 93.1% 94.2% 95.7%

4.2. Handwriting Character Recognition Systems

We present the settings of the model hyperparameters to facilitate reproducibility.
For the mDTW+Transformer model, we employ a 6-layer Transformer architecture to
efficiently process temporal sequence data, leveraging the modified Dynamic Time Warping
(mDTW) algorithm to enhance its capability to handle sequences with varying lengths and
temporal distortions. Each layer of the Transformer is designed with a hidden state space
dimension of 512. This configuration is crucial for balancing computational efficiency with
the model’s ability to capture complex temporal relationships. The choice of six layers is
informed by preliminary experiments that indicate this depth provides a suitable trade-
off between model complexity and performance on our targeted tasks without leading
to significant overfitting or computational inefficiency. The hidden state dimension of
512 for each layer was selected based on its performance in capturing the intricacies of
the data while maintaining a manageable model size and computational demand. These
hyperparameters—specifically, the depth of the Transformer and the dimensionality of
the hidden states—are essential components of our model’s architecture that significantly
influence its performance and efficiency in processing time-series data.

The ultimate proposal of this paper is the HCCR experiment. We compare our method
with state-of-the-art methods, including Benchmark, ICDAR-2011 Winner: VO-3, UWar-
wick, DropSample and DropSample-Ensemble-9 [26], NET4-subseq30 and NET123456 [27]
and RNN-attention [19]. The illustrated results of those methods are recorded from the
corresponding reference. In Table 2, “top-1”, “top-3”, and “top-10” refer to metrics for
model prediction accuracy. “Top-1” accuracy means the proportion of times the model’s
first choice is the correct answer; “top-3” accuracy indicates the chance the correct answer
is within the model’s top three predictions; similarly, “top-10” accuracy refers to the correct
answer being among the model’s top ten predictions.

As can be seen from Table 2, the result of mDTW+Transformer architecture is the
current best performance among state-of-the-art methods. It should be mentioned that the
results we utilize to compare are from all deep-learning-based end-to-end methods. Our
method fails in the top-1 test against other state-of-the-art since we used the mDTW-cluster
model to do the class task, which means that a test sample only refers to the nearest centers.
Nevertheless, the top-3 result shows the achievements our method has made, indicating
that the test samples find the correct centers as top-3 in 3755 classes. All these experiment
outcomes indicate that our method has a huge potential in sequence processing tasks. We
then combined it with the optimized Transformer to form the mDTW+Transformer archi-
tecture. As can be seen, this new architecture integrates the strengths of both components,
surpassing the accuracy of all other compared SOTA methods.

In recent times, there have been notable strides in the realm of sequence modeling,
particularly with the advancements achieved by RNN-attention-based algorithms. These
methodologies, leveraging attention mechanisms, have demonstrated significant progress
across various domains. A noteworthy example is the RNN:Ensemble [19], which effec-
tively reduced model scale while maintaining competitive performance. However, upon
scrutinizing the data presented in Table 2, it becomes apparent that deep-learning-based
models appear to have reached a performance plateau. The observed trend indicates that
new methodologies have only marginally improved accuracy, with gains typically falling
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below the threshold of 0.3%. Despite the collective efforts to enhance these models, the
incremental improvements have been relatively modest.

Table 2. Comparison of HCCR methods.

Methods Top-1 Top-3 Top-10

Benchmark 2013 [18] 95.3% 97.3% 98.8%
VO-3 2013 [28] 95.8% 97.8% 99.0%

UWarwick 2013 [28] 97.4% 98.4% 99.3%
Runner-up 2013 [28] 96.9% 98.2% 99.2%

DropSample 2016 [26] 97.2% 98.4% 99.4%
Ensemble-9 2016 [26] 97.5% 98.5% 99.5%

NET4-subseq30 2017 [27] 97.9% 98.9% 99.5%
NET123456 2017 [27] 98.1% 99.0% 99.5%
RNN:Single 2019 [19] 97.2% 98.4% 99.4%

RNN:Ensemble 2019 [19] 97.6% 98.6% 99.5%
MSCS+ASA+SCL 2022 [29] 96.7% 97.6% 98.9%

SqueezeNext+CCBAM10 2023 [29] 97.4% 98.6% 99.2%
DLHCR 2024 [29] 97.8% 98.7% 99.4%
mDTW-Cluster 68.7% 88.8% 94.6%
mDTW+cGRU 97.4% 99.1% 99.6%

mDTW+Transformer 98.5% 99.3% 99.8%

Breaking away from this performance bottleneck, our proposed method has signifi-
cantly altered the landscape. Our approach introduces a paradigm shift, outperforming
existing models and achieving a notable breakthrough in accuracy. This transformative out-
come underscores the potential for further advancements in sequence modeling, challeng-
ing the limitations imposed by the perceived performance ceiling in deep-learning-based
methodologies. Except for higher HCCR accuracy, the proposed one has an advantage in
the real meanings of model parameters when compared to these state-of-the-art methods.
For instance, in this paper, the proposed model is a sequence group, where each sequence
stands at the center of the character. On the contrary, parameters in deep-learning-based
models are weights and biases. It is very hard to figure out the relationships between these
parameters and real samples in a black box model.

4.3. Human Activity Recognition Experiments

We present the experimental evaluation of our proposed method, mDTW+Transformer,
on three human activity datasets: UCI-HAR, PAMAP2, and OPPORTUNITY. The datasets
were chosen due to their popularity and representative nature in the field of human activity
recognition. The experiments aim to demonstrate the effectiveness of our approach in
comparison to the state-of-the-art (SOTA) methods. For the experimental evaluation, we
followed a standard protocol for data preprocessing, which is borrowed from [30]. We
compared our proposed method, mDTW+Transformer, with several SOTA methods on each
dataset. The results of our experiments are summarized in Tables 1–3 for point matching
and HCCR, respectively. In Table 3, the hyphens indicate that the given algorithm was not
tested on the specific dataset.

From the tables, it is evident that our proposed method, mDTW+Transformer, outper-
forms all the compared SOTA methods on all datasets in terms of accuracy. The results
demonstrate the effectiveness of our approach in recognizing human activities from various
datasets. The superior performance of our method can be attributed to several factors:
(i) the combination of mDTW and Transformer allows for a robust alignment between dif-
ferent activity instances, (ii) the Transformer architecture captures long-range dependencies
effectively, and (iii) the use of appropriate evaluation metrics ensures a fair comparison
with SOTA methods. Furthermore, our method is generic and can be applied to various
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human activity recognition tasks without any modifications, making it a versatile approach
for practical applications.

Table 3. Comparison of HAR methods.

Methods UCI-HAR WISDM PAMAP2 UniMib OPPOR

DCNN 2015 [31] 95.1% - - - -
tFFT+Convnet 2016 [32] 95.7% - - - -

b-LSTM-S 2016 [33] - - - - 92.7%
DeepConvLSTM 2016 [34] - - - - 93.0%

CondConv 2018 [35] - 98.7% 94.0% 77.31% 81.1%
CIRF 2018 [36] - - - - 89.1%

LSTM+CT+CSA 2018 [37] - - 89.96% - -
AttnSense 2019 [38] - - 89.3% - -

The Layer-wise CNN 2020 [39] 96.9% 98.8% 92.9% 78.0% 81.0%
Lego CNN 2021 [40] 91.4% 97.5% 93.5% 74.4% 88.1%

Real+Virtual 2023 [41] - - 69.9% - -
TinyTNAS 2024 [42] 96.7% 96.5% 93.7% 77.9% 93.2%
mDTW+Transformer 88.7% 98.5% 94.2% 78.5% 93.5%

Our experimental results with the mDTW+Transformer method outperform the state-
of-the-art (SOTA) due to a key characteristic of our proposed approach: the coarse-to-fine
classification method applied to sequences. The results are listed in Table 3. This method
involves a two-step classification process that enhances both the accuracy and efficiency
of classification.

In the first step, coarse-grained classification, sequences are initially grouped into
broad categories based on their overall features and patterns. This initial stage focuses on
capturing the overall characteristics of the sequences, reducing the complexity of subse-
quent processing. In the second step, fine-grained classification, sequences within each
broad category are further classified with greater precision. This stage emphasizes the sub-
tle features and patterns within sequences, aiming to improve the accuracy of classification.
By employing this coarse-to-fine classification strategy, our mDTW+CGRU method com-
prehensively considers the features of sequences and effectively captures complex patterns.
Additionally, the CGRU architecture, with its powerful expression capabilities, effectively
learns long-term dependencies within sequences, further enhancing the performance of clas-
sification. Therefore, we attribute the superior experimental results of our mDTW+CGRU
method compared to SOTA to the coarse-to-fine classification approach. This strategy not
only improves classification accuracy but also better adapts to the complexity of various
sequence data.

4.4. Ablation Study

The target of Experiment 2 was to investigate the effect of model hyperparameters on
different complexity of characters. We manually selected 100 handwriting sample couples,
including 33 simple, 34 normal, and 33 complex. We investigated 7 groups of hyperparam-
eters, where we only change α, β is configured as a constant vector {1, 10, 100}. Table 4
compares the data we obtained from experiments. It could be concluded that the value
of α2 plays a significant role in our algorithm. On the contrary, the other two α variables
are not key factors. Meanwhile, appropriate gaining of α1 and α3 could increase matching
accuracy. Considering that the normal complexity is a major part of all characters, we set α
as {0.1, 0.8, 0.1} for clustering. The challenge of data significance arises from the inherent
properties of diverse variables. One particularly well-established feature in the realm of
handwriting analysis research is the pen’s moving displacement, denoted as ∆x. This vari-
able has gained widespread recognition for its efficacy in capturing important variations in
writing directions. Researchers have extensively employed it to unveil nuanced aspects of
handwriting intricacies.
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Table 4. Results of the effect of different model hyperparameters α on different complexity of characters.

α Simple Normal Complex

{0, 1, 0} 89.5% 92.2% 89.3%
{0.1, 0.8, 0.1} 93.1% 94.2% 95.7%
{0.45, 0.45, 0.1} 66.3% 42.2% 32.7%
{0.8, 0.1, 0.1} 50.3% 62.2% 48.6%
{0.1, 0.45, 0.45} 43.6% 38.1% 30.2%
{0.45, 0.1, 0.45} 56.7% 18.8% 21.9%
{0.1, 0.1, 0.8} 68.0% 18.2% 15.3%

However, it is essential to delve into the relationship between pen-moving displace-
ment and pen location. The latter can be conceptualized as the integral of displacement,
offering a holistic perspective on the trajectory of the writing instrument. Yet, a notable
drawback surfaces: the directional variation information tends to be subdued within the
integral representation. Consequently, while pen location provides an overall picture of the
writing path, it may lack the granularity required to discern subtle changes in direction. In
stark contrast, the utilization of pen-moving displacement emerges as a superior choice in
many instances. By focusing on the instantaneous changes in position, this approach excels
at capturing the finer nuances of writing directions. The importance of these variations
becomes particularly evident when seeking a comprehensive understanding of the intricate
dynamics involved in handwriting.

We conducted ablation experiments to validate the effectiveness of our method, exper-
imenting on both the HCCR dataset and the Human Action Recognition dataset. In these
experiments, we selected three sequence modeling models: cGRU, LSTM, and Transformer.
We first conducted experiments using these three models individually, and then we inte-
grated them into the mDTW framework. By comparing and observing the impact of the
mDTW framework on the accuracy of the experimental results, it can be seen from Table 5
that the experimental results with mDTW achieved an accuracy improvement of about 1%
on most datasets. This demonstrates the effectiveness of our proposed method.

Table 5. Ablation of mDTW Joint modeling methods.

Methods HCCR UCI-HAR WISDM PAMAP2 UniMib OPPOR

cGRU 95.6% 84.1% 94.8% 92.9% 75.3% 88.1%
LSTM 95.1% 86.3% 94.5% 93.7% 75.8% 89.6%

Transformer 96.6% 86.2% 95.5% 93.2% 76.4% 90.4%
mDTW+cGRU 97.4% 87.6% 97.1% 94.1% 77.1% 92.1%
mDTW+LSTM 97.2% 88.1% 97.9% 94.1% 77.7% 92.7%

mDTW+Transformer 98.5% 88.7% 98.5% 94.2% 78.5% 93.5%

In summary, the preference for pen-moving displacement over pen location stems from
its ability to accentuate crucial directional changes, therefore outperforming the integral
representation. This nuanced perspective enables a more detailed and insightful analysis
of the complexities inherent in the act of writing.

5. Conclusions

The purpose of the current study was to develop a sequence algorithm for temporal
data modeling applications. To achieve this, we proposed a simplified hierarchical cluster
model and designed a mDTW method to value the similarities between sequences. By tak-
ing HCCR as a specific research area, the proposed method has achieved a big improvement
in recognizing accuracy (Top-3 and Top-10). This work contributes great confidence that
reforming, improving, and appropriately using some simple methods could defeat deep
learning in large-scale data-sequence processing tasks. We can outperform deep-learning
approaches in the realm of intelligent computing for large-scale data-sequence processing
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tasks. Moreover, we envision significant potential for the expansion of our method into
other research domains focused on sequence analysis within the purview of intelligent
computation. Additionally, the methodology presented in this article seamlessly lends itself
to joint modeling with various deep neural network models, further enhancing its adapt-
ability and effectiveness in intelligent computing applications. Deep models include main
sequence-oriented methods, including RNN, Tf, and other models. Experimental results
show that our method can improve the modeling performance of the model to a certain
extent when combined with a deep model. It has achieved good performance in human
action recognition and handwriting recognition tasks, and some results exceed SOTA.

Through joint modeling, we can effectively combine the flexibility of mDTW with the
powerful representation capabilities of deep-learning models. This method has significant
advantages when dealing with complex time-series analysis tasks, especially when the
shape and global structure of the time series need to be considered simultaneously. Future
work will include validating the effectiveness of this joint modeling approach in a wider
range of application scenarios and exploring further optimization strategies to improve
model performance and efficiency.
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