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Abstract

This paper proposes a novel approach for forecasting stroke outcomes in table tennis matches using a transform-
er-based deep neural network architecture. Table tennis rallies’ highly dynamic and fast-paced nature makes tra-
jectory and stroke prediction a particularly challenging. Our model employs dual encoder-decoder structures to 
extract contextual features from rally sequences and individual players separately, addressing this issue. The mod-
el uses attention mechanisms to evaluate the relative importance of stroke techniques and landing positions. 
Key game-specific attributes, including the ball speed and spin, are incorporated to enhance strategic insight 
and prediction accuracy. We further introduce a stroke-level event stream representation to convert raw match 
records into a structured and consistent format, significantly improving interpretability and enabling more effi-
cient analysis. A feature fusion network is employed to integrate rally dynamics and player-specific traits, allowing 
the model to accurately forecast the type and landing zone of the next stroke. The “Intellectual Tactical System 
in Competitive Table Tennis” system database provided the table tennis match data collected in this study. This 
database collects the data of Lin Yun-Ju's matches against male opponents (23 matches, 121 games, 2,225 rallies, 
totaling 10,517 hits, an average of 4.7 hits per rally). Experimental results show that the proposed architecture 
significantly improves prediction performance. On the dataset, it achieved top-1 accuracies of 57.2% for stroke 
type and 42.8% for landing zone (spot), with top-5 accuracies of 98.2% and 91.8%, respectively. Furthermore, we 
visualize prediction outcomes alongside known stroke data, providing a novel perspective for tactical analysis. 
This visualization facilitates intuitive understanding for coaches and players, offering a valuable tool for perfor-
mance evaluation and strategic development in professional table tennis.

Keywords: Table Tennis, Deep learning, Attention Mechanism, Stroke forecasting, Technical and tactical analysis

Cite this article: Hsu, M.-H., Kondrič, M., Fan-Chiang, I.-Y., & Wu, J.-L. (2025). A new table tennis match stroke 
forecasting method using transformer-based deep neural networks. Montenegrin Journal of Sports Science and 
Medicine, 14(1), 45–55. doi: 10.26773/mjssm.260306

ORIGINAL SCIENTIFIC PAPER

@MJSSMontenegro
TRANSFORMER-BASED DEEP NEURAL NETWORKS IN TABLE TENNIS
http://mjssm.me/?sekcija=article&artid=311



46�  DOI 10.26773/mjssm.260306

EXTERNAL AND INTERNAL TRANSFORMER-BASED DEEP NEURAL NETWORKS IN TABLE TENNIS | M.HSU ET AL.

Introduction
With the rapid development of innovative sports technol-

ogies, data collection has become an integral aspect of ball 
games. Through comprehensive analysis of match data, game 
strategies are no longer solely reliant on intuitive experience; 
instead, they are grounded in concrete data evidence, enhanc-
ing the accuracy and effectiveness of tactical decision-mak-
ing. In the highly competitive sport of table tennis, analyz-
ing an opponent's match data enables players to understand 
their opponent's behavioral patterns better, allowing them to 
target weaknesses during matches. Players can gain a deep-
er understanding of their opponents’ stroke patterns, tactical 
approaches, and technical characteristics by systematically 
collecting and analyzing various types of match data. This 
facilitates a more comprehensive understanding of the game 
situation, improving the precision and flexibility of tactical 
decision-making.

In table tennis, the variability of stroke patterns pre-
sents a significant challenge in predicting stroke trajecto-
ries. The factors influencing stroke trajectories in table ten-
nis are highly complex, including variables such as stroke 
speed and spin angle, which can affect the ball’s trajectory. 
Traditional methods for predicting stroke trajectories pre-
dominantly rely on observation and subjective judgment. 
Players and coaches often spend extensive time analyzing 
match footage frame by frame to anticipate the opponent's 
next move. These methods are not only time-consuming 
and labor-intensive, but they are also prone to errors and 
inconsistencies. However, implementing a stroke trajectory 
prediction system enables effective extraction and integra-
tion of key information from the complex features of players 
for analysis. This significantly enhances the speed of predic-
tions, providing players with timely data support during the 
early stages of matches and actual gameplay. Such systems 
enable players to adjust their tactics quickly in response to 
their opponent’s changes.

Recent research in table tennis has primarily focused on 
identifying stroke-related information from video footage or 
quantifying stroke performance through match records. In 
previous image analysis studies (Kulkarni & Shenoy, 2021), 
human pose estimation techniques have been utilized to rec-
ognize strokes and predict ball landing points by analyzing the 
positions of various human joint points in images. However, 
due to the high similarity in stroke actions among players, it is 
often difficult for computers to distinguish between them accu-
rately. Furthermore, image recognition is susceptible to factors 
such as image quality and environmental conditions, resulting 
in poor recognition results, particularly when scene changes 
occur. Therefore, using human pose estimation methods for 
stroke prediction in table tennis videos may not be the ideal 
approach.

To enhance the accuracy of match predictions, many stud-
ies have employed the analysis of match records (Chiang & 
Denes, 2023; Liu et al., 2024,2025; Tsai et al., 2023), often uti-
lizing machine learning or neural network techniques. How-
ever, current comprehensive table tennis datasets primarily 
focus on recording landing points, scores, and events. As a 
result, much of the existing research has concentrated on us-
ing statistical data to predict winning probabilities (Huang 
et al., 2021), overlooking the significance of other critical 
information, such as stroke types, in technical and tactical 
analysis. Thus, to accurately predict future stroke types and 

landing points, it is essential to consider the four fundamen-
tal elements of table tennis tactics: landing point, technique, 
speed, and spin (Liu et al., 2024). Given the high variability 
of the sport, variations in these elements - beyond the ball’s 
landing point - must be considered. By effectively leveraging 
these features, we can gain a more objective understanding 
of different stroke characteristics, which, in turn, will aid in 
predicting stroke types and devising strategic approaches for 
competitive table tennis.

This study formulates stroke prediction as a sequence pre-
diction task to address the challenges and limitations present in 
existing table tennis analysis applications. This constitutes the 
core research objective, wherein we employ sequence-to-se-
quence models to extract match features from input sequenc-
es and use an encoder to generate predictive outcomes. Since 
table tennis rallies consist of alternating strokes between two 
players, the prediction task is inherently turn-based rather than 
a conventional single-target sequence prediction problem. Fur-
thermore, a player's overall playing style and rally dynamics 
may vary depending on the opponent, necessitating a model 
architecture that can account for such variability. To this end, 
the sequence-to-sequence model is divided into two distinct 
components, enabling the learning of player-specific and ral-
ly-specific features.

This study builds upon ShuttleNet (Wang et al., 2022a), a 
stroke prediction method designed to learn stroke techniques 
and landing points. ShuttleNet employs dual encoders and 
decoders to model rally progression and player style, effec-
tively capturing stylistic differences between players. It then 
integrates these features via a fusion network to predict the 
technique and landing point of the next stroke. To improve 
the accuracy and comprehensiveness of technical and tacti-
cal predictions in table tennis, we convert match records into 
an event-stream representation focused on stroke sequences. 
This representation facilitates more efficient and precise anal-
ysis. Moreover, we incorporate critical attributes, including 
the spin and speed, into the rally and player extractors, allow-
ing for more nuanced judgments of stroke techniques and ball 
landing points.

Related Works
Despite the growing interest in landing point prediction for 

technical and tactical analysis in table tennis, comprehensive 
literature remains on full-scale stroke prediction in the sport. 
This session explores prior studies on landing point prediction 
in table tennis, discusses the application of sequence prediction 
methods in sports trajectory forecasting, and further examines 
stroke forecasting within turn-based sports.

Zhang et al. (2010) proposed a high-speed stereo vision 
system for table tennis. This system utilizes two smart cam-
eras with a distributed parallel processing architecture based 
on local networks to track the ball. It computes the ball's tra-
jectory and landing point by analyzing the coordinates ob-
tained from the cameras using mathematical methods. The 
study primarily employs traditional image processing tech-
niques, such as adjacent frame difference, to detect moving 
objects and contour analysis to identify the ball's position. 
The center of the ball is then accurately calculated using the 
growth of sampled points method. The system derives the 
ball's 3D position through stereo vision and integrates these 
equations to predict the ball's flight path, hitting point, and 
landing point.
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While this method effectively predicts landing and hit-
ting points, providing a comprehensive system for practical 
application, its image processing technique requires a stable 
environment. Variations in lighting, background, or play-
er movements can reduce accuracy. The system relies on 
pre-designed mathematical models and requires extensive 
manual parameter adjustments to adapt to different scenar-
ios, making it time-consuming and less adaptable to envi-
ronmental changes. The system's complex hardware and 
software architecture also require high equipment stand-
ards, which increases implementation difficulty and cost.

The researchers (Wu & Koike, 2020) proposed a landing 
point prediction system for table tennis based on deep learn-
ing techniques. This system employs a single camera to capture 
the player’s serving motion, and the video data is processed 
using the lightweight residual convolutional neural network 
ResNet50, which performs well in real-time human pose es-
timation. The network accurately estimates the player's 2D 
joint positions, extracting motion features before the stroke. 
These pose data are then input into a long short-term memo-
ry (LSTM) network, effectively capturing dependencies in the 
sequence of stroke actions, leading to accurate landing point 
predictions. Finally, the results are projected onto the table to 
provide real-time feedback during training.

Although this system enables real-time prediction of 
landing points without requiring model parameter adjust-
ments, it mainly relies on the player's current hitting pos-
ture for prediction, which overlooks essential factors such 
as hitting techniques and spin. Consequently, the prediction 
is less effective in complex situations involving spin strokes. 
Additionally, like the previously mentioned image process-
ing methods, the system is susceptible to environmental 
factors that affect image recognition accuracy. Precise cam-
era calibration is necessary to ensure correct image angles, 
which is a cumbersome process susceptible to interference, 
presenting operational challenges and increasing mainte-
nance costs.

In recent years, the application of transformers in deep 
learning has become increasingly widespread, particularly 
excelling in natural language processing and other sequence 
modeling tasks. Giuliari et al. (2021) introduced a transformer 
network based on an attention mechanism to predict future pe-
destrian trajectories. The model's input consists of an individ-
ual’s current and past positions; its output is the predicted fu-
ture positions. The input positions are initially combined with 
time encoding to assign a unique marker to each time point. 
The encoder then captures feature relationships within the ob-
served sequences, primarily utilizing the attention mechanism 
to determine which parts of the sequence to focus on to learn 
features more effectively. The decoder then autoregressively 
predicts future positions.

Unlike traditional LSTM networks, transformers can 
process input data in parallel, resulting in faster training 
speeds and improved performance, particularly in capturing 
global relationships for long-term predictions. Their flexibil-
ity and scalability enable them to be applied to tasks beyond 
natural language processing, including image processing and 
time-series data analysis. This versatility makes transformers 
well-suited for sequence prediction and feature extraction 
tasks. However, conventional sequence prediction methods 
typically only consider the sequential relationship of data to 
generate subsequent predictions. In turn-based sports like 

table tennis, it is crucial to consider the sequence of strokes 
and the stylistic differences between players. Predicting 
based solely on stroke sequences may reduce accuracy. Thus, 
transformers require further refinement to effectively apply 
to table tennis stroke prediction, thereby achieving the de-
sired results.

The researchers (Wang et al., 2022a) proposed a sequence 
prediction model, ShuttleNet, for predicting badminton 
strokes, marking the first research effort to address stroke pre-
diction in this context. This model emphasizes rally progres-
sion and player style as key features, effectively integrating 
them to understand match dynamics and player characteristics 
comprehensively. The model utilizes a transformer-based rally 
extractor to capture overall rally features from sequential data 
and incorporates a multi-head attention mechanism (Vaswani 
et al., 2017) to capture global relationships better. Additionally, 
a transformer-based player extractor splits the sequential data 
into two subsequences, using encoder-decoder structures to 
extract feature information for each player. A position-aware 
fusion network integrates player and rally information from 
different transformers to predict future stroke techniques and 
landing points.

While this method is based on past match records for 
predictions, providing relatively reliable results by capturing 
players' stroke characteristics, it was initially designed for bad-
minton, considering only landing points and techniques as key 
features. However, table tennis must also consider additional 
critical factors such as speed and spin. These elements are vi-
tal for accurate stroke prediction in table tennis, and relying 
solely on landing points and technique features may not ful-
ly capture the complexity of table tennis dynamics. Therefore, 
when applying ShuttleNet to table tennis stroke forecasting, 
adjustments are necessary to integrate more table tennis-spe-
cific features, including speed and spin, to enhance the model's 
predictive capability.

A review of the literature on table tennis stroke prediction 
reveals that while Wu and Koinke (2020) have explored land-
ing point prediction using deep learning methods, primarily 
through LSTM networks for temporal prediction in human 
pose estimation, and Wang et al. (2022a) used transformers for 
badminton stroke forecasting, predicting stroke techniques in 
table tennis remains largely underexplored. Previous studies 
on table tennis prediction have primarily focused on landing 
points and trajectories, with image analysis methods requiring 
high environmental and equipment standards, which present 
challenges for practical implementation.

This study aims to accurately predict table tennis tech-
niques and stroke placements. To achieve this, we convert 
match records into an event-stream representation based 
on individual strokes, enhancing data consistency and read-
ability, facilitating more efficient and accurate analysis and 
prediction. We propose a deep learning approach based on 
ShuttleNet for the stroke prediction framework. The main 
contributions of this study include incorporating key fac-
tors specific to table tennis - namely ball speed and spin, 
and modifying the model’s loss function better to suit the 
analysis of table tennis tactics and strategies. Additionally, 
to provide more diverse perspectives in tactical analysis, we 
employ a moving window approach to capture short-term 
rally patterns within matches, enabling in-depth analysis of 
localized tactical scenarios and yielding more precise predic-
tive outcomes.
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Methodology
This study proposes a deep learning-based method for 

predicting table tennis strokes to analyze players' stroke 
strategies during matches. By forecasting players’ potential 
stroke techniques and placements throughout a match and 
presenting these predictions graphically, we investigate the 
relationship between different players' techniques and tacti-
cal approaches. In the following, we first outline the preproc-
essing steps used to convert raw match data into sequential 
formats suitable for deep learning. The proposed stroke pre-
diction model architecture is then described, which employs 
two transformer modules to extract features from rally dy-
namics and player styles, integrating them through a gated 
multimodal network. Finally, we present the methods used 
for predicting stroke techniques and placements, along with 
the associated loss functions.

Data Preprocessing
In sports data analysis, data is typically annotated man-

ually by experts. Experts review match footage and con-
vert the content into a standardized format. For example, 
in football match analysis, SPADL (Soccer Player Action 
Description Language) (Decroos et al., 2018) consolidates 
existing football match data and represents continuous 
movements in an event stream format, thereby enhancing 
data analysis and interpretation. In this study, we utilize ta-
ble tennis match records as our dataset (Liu et al., 2024), 
which detail the players, stroke techniques, placements, and 
other information for each rally, providing rich material for 
analysis.

Due to manual annotation, data inconsistencies and 
missing values can occur. Additionally, existing representa-
tions are based on rallies, which involve recording multiple 
consecutive strokes, making it difficult to discern individual 
stroke information quickly. To address these issues, we refer 
to the BLSR (Badminton Language for Shot Rally) (Wang 
et al., 2022b) used in badminton, designing a preprocessing 
method to convert match records into an event stream rep-
resentation based on individual strokes, thereby improving 
data consistency and readability, and enhancing the efficien-

cy and accuracy of subsequent analysis and prediction tasks. 
The representation methods are shown in Table 1, which ref-
erences the BLSR format and combines the match record's 
description of table tennis with a stroke-based representa-
tion unit.

In a match, there are multiple games, each subdivided into 
rallies, and each rally consists of various strokes. Each stroke 
involves interactions between two players. This structure is 
similar to a corpus in natural language, so we treat each stroke 
as a word and each rally as a sentence based on the relation-
ships in natural language corpora, sentences, and words. Each 
rally R(i) can be seen as a stroke sequence {s1

(i),s2
(i),…,sN(i)

(i) }, 
where each stroke sn

(i) contains the following six types of in-
formation:

(a) Player: The player who performed the stroke.
(b) Technique: The technique used for the stroke.
(c) Forehand/Backhand: Hit the ball with forehand or 

backhand technique.
(d) Spin: The type of spin is applied to the ball.
(e) Speed: The speed of the stroke.
(f) Spot: The location where the ball lands on the table.

Information for each rally R(i) can be described as follows:
(a) Player A Score: The score of the player who strikes 

first in the rally.
(b) Player B Score: The score of the player who strikes 

second in the rally.
(c) Get-point Player: The player who won the rally.
(d) End Reason: The reason the rally ended, such as out 

of bounds or net.

Deep Neural Network for Stroke Forecasting in Table Tennis
Each rally in table tennis matches consists of multiple 

strokes, with two players alternating hits. Thus, stroke pre-
diction in table tennis is defined as a turn-based prediction 
problem (Wang et al., 2023). We first simulate future play-
er behavior based on known rally information and player 
styles. Thus, we utilize two feature extractors to separately 
extract rally information and player styles and then predict 
the technique and landing point of the next stroke, as shown 
in Figure 1.

Figure 1. Diagram of a turn-based table tennis stroke forecasting prediction method
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We designed a deep learning-based table tennis stroke pre-
diction model, primarily utilizing the ShuttleNet (Wang et al., 
2022a) architecture. The aim is to objectively forecast stroke tech-
niques and landing points in table tennis matches. This frame-
work includes two extractors for extracting rally progress and 
player styles, consisting mainly of transformers’ encoders and 
decoders. The model replaces the self-attention mechanism with 
a type-area attention mechanism to better integrate the stroke 
technique and the landing point. A transformer-based rally ex-
tractor generates the rally context, while a transformer-based 
player extractor obtains the contexts of the two players. A posi-
tion-aware gated fusion network further fuses these contexts to 
predict the technique and landing point of the next stroke. 

Firstly, a rally in a table tennis match is represented as 
R={S1,S2,…,Sn }, composed of multiple strokes, which represent 
the known information for that rally. The i-th stroke is per-
formed by a player and is denoted as Si=〈pi,ti,a1,ri,si 〉, where it 
includes five key pieces of information: pi represents the player 
who performed the stroke, ti represents the stroke technique, ai 

represents the ball's landing points, ri represents the type of spin 
applied to the stroke, and si represents the speed of the stroke. 
The stroke prediction problem is defined as forecasting stroke 
techniques and landing points, given the known information 
for the previous τ strokes {〈ti,a1 〉}(i=1)

τ combined with player, 
speed, and spin information, to predict the technique and land-
ing point for the next n strokes {〈ti,a1 〉}(i=τ+1)

(τ+n). 
The model can effectively capture complex strategy patterns 

in table tennis matches and accurately predict future stroke 
techniques and landing points with this structure. This enhanc-
es stroke prediction accuracy and provides robust support for 
subsequent tactical analysis and match strategy. 

Embeddings Layer
In table tennis matches, each stroke includes technique, 

landing point, spin, speed, and player information. Before in-
putting this data into the model, it needs to be converted into 
vector representations so that the model can understand and 
process the input information. Therefore, we utilize word em-
bedding techniques to effectively capture the relationships be-
tween input data, generating dense, low-dimensional vector 
representations that improve model processing efficiency and 
prediction accuracy.

Word embedding aims to convert a given input sequence 
into a representation that is model-readable. A standard meth-
od uses One-Hot Encoding, which converts input words into 
sequence vectors. The length of the vector corresponds to the 
number of input categories, with only one position being 1 and 
the rest being 0, where the 1 position corresponds to the index 
of the word in the vocabulary. However, this method produces 
large, sparse vectors, which leads to the curse of dimensional-
ity and negatively impacts model performance. Additionally, 
one-hot Encoding does not capture the semantic relationships 
between words. Therefore, we utilize word embedding as a rep-
resentation method, treating it as a lookup table where the input 
vectors are multiplied by a weight matrix to map into a low-
er-dimensional vector space, thereby capturing dependencies 
between words and providing contextual information.

To effectively utilize player information in technique and 
placement, we add speed, spin, and player information to the 
technique and landing point vectors, thereby better reflecting 
the importance of speed and spin in table tennis tactics. For the 
i-th stroke, the embedding layer ei is calculated as follows: 

ei = ⟨ ei
t, ei

a ⟩ = ⟨ ti′ + ri′ + si′ + pi′, ai′ + ri′ + si′ + pi′ ⟩	 (1)

where ti' is the technique vector obtained by projecting ti' us-
ing Mt∈R(Nt×d), Nt being the number of stroke technique cat-
egories; ri' is the spinvector obtained by projecting ri using 
Mr∈R(Nr×d), Nr being the number of spin categories; si' is the 
speed vector obtained by projecting si using Ms∈R(Ns×d), Ns be-
ing the number of speed categories; pi' is the player vector ob-
tained by projecting ai using Mp∈R(Np×d), Np being the number 
of player categories; and ai' is the placement vector obtained by 
projecting ai using Ma∈R(Na×d), Na being the number of place-
ment categories.

Although word embeddings provide rich semantic infor-
mation for input sequences, transformers process all strokes in 
parallel and cannot capture the positional information of each 
stroke in the sequence. Therefore, position encoding is intro-
duced to provide the relative position of each stroke within the 
sequence. According to the original paper (Wang et al., 2022), 
strokes that are closer together have more similar position en-
coding vectors. We can effectively learn the relative positions 
between strokes by adding the position encoding vectors to 
each stroke's word embedding vectors. The position encoding 
vectors are determined based on the order of strokes in the 
input sequence. This allows the model to retain the sequence 
order and learn the sequential relationships between strokes. 
The calculations for position encoding are shown in Equations 
(2) and (3):

where pos represents the position of the stroke in the sequence, 
d is the dimensionality of the word vectors, 2i represents the 
even dimensions, and 2i + 1 represents the odd dimensions. 
This encoding method ensures that different positions are not 
encoded as identical values across all dimensions, thereby giv-
ing each position a unique encoding.

Rally Progress Extractor
During a rally, players develop strategies to counter their 

opponents based on the current state of the game. We simulate 
this process using a rally extractor, as shown in Figure 2(a). The 
known match records are converted into sequence information, 
and the input to the rally encoder is represented as:

ER=(⟨e1
t + pe1, e1

a + pe1 〉, 〈e2
t + pe2, e2

a + pe2 〉,…) 	 (4)

where pei is the stroke embedding vector with added position 
encoding. The encoder in the transformer extracts features from 
each stroke, enabling the model to effectively learn the relation-
ships between strokes and reflect the dynamic state of the game. 
The rally extractor primarily reflects the current state of the 
rally, identifying whether a player is currently in an offensive 
or defensive position. The decoder then uses the extracted rally 
information to generate contextual information for the rally, as 
shown in Equation (5):

	 HR = (h(τ+1)
R, h(τ+2)R,…)  	 (5)

where hi
R∈Rd represents the contextual information generated 

by the encoder for the i-th stroke. The generated information is 
then input into the feature fusion network to infer the possible 
strategy for the next stroke.

pe(pos,2i) = sin

(
pos

10000
2i
d

)

1

pe(pos,2i+1) = cos

(
pos

10000
2i
d

)

1

(2)

(3)
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Figure 2. Diagram of the network architecture. (a) rally progress extractor; (b) player style extractor (c) position-aware gated 
fusion network.

Player Style Extractor
In table tennis matches, players must devise strategies based 

on the information from previous strokes and aim to minimize 
their opponents' advantages while maximizing their own. There-
fore, we utilize a player style extractor, as shown in Figure 2(b), 
to capture each player's playing style and consider their stroke 
preferences, which enables us to predict the next stroke more ac-
curately for different players. The input sequence data is divided 
into two sub-sequences according to the players, as represented 
by Equations (6) and (7):

	 EA=(e1,e3,…) 	 (6)
	 EB=(e2,e4,…) 	 (7)

where EA is the sequence for Player A and EB is the sequence for 
Player B. The two sequences are first added with position encod-
ing. Two separate encoders extract the stroke style for each play-
er, and two decoders generate contextual information for both 
players, as shown in Equations (8) and (9):

HA=(h(τ+1)
A, h(τ+1)

A, h(τ+2)
A, h(τ+2)

A,…) 	 (8)
HB=(0, h(τ+1)

B, h(τ+1)
B, h(τ+2)

B, hτ+2)
B,…) 	 (9)

where hi
A∈Rd represents the context generated by the encoder 

for the i-th stroke of the serving player, while hi
B∈Rd represents 

the context for the receiving player. Since the serving player per-
forms the first stroke and odd-numbered strokes, the receiving 
player's sequence has the first stroke filled with zeros and the 
odd-numbered strokes filled with the contexts of the previous 
stroke.

The rally progress and player style extractor used in this 
study employs a transformer as the backbone network to extract 
features, primarily consisting of an encoder and a decoder. Ini-
tially, the encoder transforms the input vectors of each stroke 
into a set of high-dimensional feature vectors. Subsequently, the 
decoder generates feature vectors predicting outcomes based 
on these vectors and uses the prediction results of the previous 
stroke as input into the decoder. 

The encoder is the main component within the transform-
er, primarily converting input sequences into high-dimensional 
vector representations. It achieves this by learning the seman-
tic and structural information of the input data, providing rich 
contextual information for the subsequent operations of the de-

coder. The encoder comprises six identical sub-layer stacks, each 
consisting of two main modules: the multi-head self-attention 
mechanism and a feed-forward network.

The input sequence first undergoes the multi-head self-at-
tention mechanism, which captures global relationships by 
calculating attention weights between each position in the se-
quence and every other. This information is then subjected to 
a nonlinear transformation through a feed-forward network to 
extract features further, allowing for better learning of complex 
features and semantic information. Each sub-layer includes re-
sidual connections and layer normalization, which help alleviate 
the vanishing gradient problem and enhance model training ef-
ficiency. After processing through multiple encoder layers, the 
enriched information extracted from the input sequence is rep-
resented as high-dimensional vectors, which are then passed to 
the decoder to generate the final output sequence.

Attention modules (Vaswani et al., 2017) have achieved sig-
nificant success in deep learning, particularly within the Trans-
former, which is widely used due to the powerful performance 
of its self-attention mechanism. The main goal is to calculate the 
similarity between each element in the input sequence and re-
weight the results of other elements based on these similarities. 
The multi-head self-attention, as the technological core of the 
Transformer, can dynamically learn the semantic features. Typi-
cally, it computes attention weights through query, key, and value 
vectors to determine which features the model should focus on. 
Attention scores are normalized using activation functions and 
ultimately used to generate the output of the attention module.

However, in the stroke strategies in table tennis matches, the 
technique of each stroke mainly depends on the player's previ-
ous stroke, while the landing point is determined based on the 
opponent's past playing habits. Since traditional self-attention 
mechanisms can only focus on the same position, the model 
tends to focus on a single position when predicting stroke types 
and landing points, which is insufficient for fully capturing com-
plex contextual information. To address this issue, Wang et al. 
(2022a) proposed the Type-Area Attention Layer (TAA), which 
separately calculates the importance of stroke technique and 
landing point, then combines them to generate the final atten-
tion scores.

Feedforward neural networks play a critical role in enhanc-
ing the feature vector representation capabilities and task perfor-
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mance of query indices. Each encoder layer follows the multi-
head self-attention mechanism. It consists of two fully connect-
ed layers that enable independent feature transformations at 
each position. This network can be combined with the global 
context captured by the self-attention mechanism, allowing the 
encoder to possess stronger learning capabilities when process-
ing sequential data. Additionally, nonlinear activation functions 
are employed between layers to capture more complex features 
and patterns. By processing input data from different positions 
independently in a consistent manner, the network ensures uni-
formity in feature extraction from the input sequence, as shown 
in Equation (10):

	 FFN(x)=max(0,xW1+b1)W2+b2 	 (10)

where x represents the output from the self-attention mecha-
nism, W1 and W2 are the trainable weight matrices of the first 
and second layers, respectively, and b1 and b2 are bias vectors. 
The first fully connected layer maps the input dimension from 
dmodel = 512 to a higher dimension dff = 2048. After applying the 
ReLU activation function, the second fully connected layer proj-
ects the dimension back to dmodel. Feedforward neural networks 
effectively enhance the model's feature representation capabil-
ities through local nonlinear transformations. Combined with 
the self-attention mechanism, this significantly improves the 
performance of the transformer model in handling stroke se-
quence processing tasks.

The decoder’s primary function is to generate new output se-
quences step-by-step based on the previously generated output 
sequences. Similar to the encoder, the input sequence is first add-
ed with positional encoding to retain the order information of 
each position in the sequence. The input vectors are then passed 
through multiple decoder layers, primarily including three mod-
ules: the Masked Multi-Head Attention Layer, the Multi-Head 
Attention Layer, and the feedforward neural network.

The masked multi-head attention Layer (Vaswani et al., 
2017) introduces a masked mechanism to prevent the model 
from attending to future positions in the sequence during the 
generation process, ensuring that each step's prediction is based 
solely on the parts that have already been generated. The Multi-
Head Attention Layer facilitates interactive learning between the 
decoder’s current known output information and the encoder’s 
output. It calculates the similarity between the input sequence 
and the current sequence context by using the output from the 
previous layer as the query matrix, and the encoder's output as 
the key and value matrices, thereby improving the accuracy of 
predictions. The feedforward neural network consists of two ful-
ly connected layers and utilizes nonlinear activation functions 
for transformation, further extracting features and generating 
the final predicted vector representations. Additionally, each 
sub-layer is followed by residual connections and layer normal-
ization, which help mitigate the vanishing gradient problem and 
enhance training efficiency. Through these modules, the decod-
er can fully leverage the contextual information provided by 
the encoder while generating the output sequence step-by-step, 
thereby improving understanding and prediction accuracy of 
the input sequence and significantly enhancing the performance 
and flexibility in stroke sequence prediction tasks.

The Masked Multi-Head Attention Mechanism (Vaswani et 
al., 2017) is primarily used within the self-attention mechanism 
of the decoder to prevent the model from focusing on positions 
in the output sequence that have not yet been generated during 
the inference process. When calculating attention scores, the 

masked multi-head attention mechanism adds a mask to ob-
scure the attention values between the current and subsequent 
non-generated positions. This ensures that each step's output 
can only be predicted based on the sequence generated up to 
that point, thus avoiding interference from future information. 

The attention mechanism first computes the dot product of 
the query, key, and value matrices. Then, it applies the masking 
matrix to the output, setting the attention weights of the future 
sequence (upper right part of the matrix) to zero. This ensures 
that the model can only attend to the input of the current and 
previous steps at each generation step.

The cross-attention mechanism in the decoder is based on 
the masked multi-head self-attention module. Its primary func-
tion is to attend to both the encoder's output and the output from 
the previous multi-head self-attention module of the decoder 
when generating each output. This approach effectively leverag-
es the feature information learned by the encoder to better cap-
ture the relationship between the input sequence and the output 
being generated at the current step of the decoder. The decoder 
first computes a query matrix based on its input, then utilizes 
the encoder's output to create the key and value matrices. Using 
the cross-attention mechanism, the decoder acquires contextual 
information enriched with features learned from the encoder. 
This enables the model to consider the relationship between the 
input and the generated sequence at each step, resulting in more 
accurate predictions.

Position-aware gated fusion network
In the transformer model, the decoder maps the generated 

high-dimensional feature matrix to a vector of the same length 
as the number of prediction classes through a linear layer, used 
for the final prediction. However, players predict the next stroke 
strategy in a table tennis match based on their opponent's stroke 
strategy and the current state of the rally. Therefore, it is neces-
sary to process the player and rally information individually and 
consider the importance of this information comprehensively. 
A traditional linear layer alone may transform this information 
into a high-dimensional feature matrix. Still, it does not suffi-
ciently account for the varying importance of this information 
across different rallies.

To address this issue, we employed a position-aware gated 
fusion network (Wang et al. 2022a), which aims to more effec-
tively fuse information from different sources while considering 
their importance in each rally. The Position-Aware Gated Fusion 
Network utilizes Gated Multimodal Units (Arevalo et al., 2017), 
enabling the model to dynamically adjust the weight of each in-
formation source during the fusion process, accurately reflecting 
the relative importance of each piece of information in the cur-
rent context, as shown in Figure 2(c). Firstly, the rally context 
hi

R output from the rally progress extractor and the context of 
both players hi

A and hi
B output from the player style extractor 

are mapped to the hidden vector space, as shown in Equations 
(11)-(13):

	
Here, δt(∙) represents the tanh activation function, and WA, 

WB and WR are learnable matrices. Next, the weight of each con-
text is calculated to convey its importance in the current rally, as 
shown in Equations (14)–(16):
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Here, δs(∙) the sigmoid activation function is denoted, and 
W ̃ A ,W ̃ B and W ̃ R are learnable weight matrices. Finally, the 
projected vectors, information weights, and position weights 
are multiplied elementwise and summed up to obtain the final 
fused output, as shown in Equation (17):

zi=δs (βi
A⨂αA⨂h ̃i A+βi

B⨂αB⨂h ̃ i
B+βi

R⨂αR⨂h ̃iR) 	 (17)

In this equation, ⨂denotes element−wise multiplication, 
and βi

A,βi
B and βi

R represent the learned position information 
weights. This method dynamically adjusts the strategy for fusing 
information between rallies and players. It introduces complex 
nonlinear transformations to enhance the prediction accuracy 
of the following stroke type and landing point. It offers signifi-
cant advantages in multi-source information fusion. improving 
prediction accuracy.

Technique and Spot Prediction
In transformer models, the final layer is usually a fully con-

nected layer for classification or generation tasks. The activation 
function of its output is softmax, which mainly converts the 
model output into a probability distribution for classification. In 
the table tennis stroke prediction model, the embedded vector 
pi of the player hitting the i-th ball is combined with the result 
zi from the fusion network. The softmax function then converts 
each vector element into a probability value between [0,1]. The 
class with the highest probability is the model's prediction for 
the technique and landing point of the following stroke in the 
sequence, as shown in Equations (18)-(19):

	 tˆi+1=softmax((zi+pi+1 )Wt 	 (18)
	 aˆi+1=softmax((zi+pi+1 )Wa  	 (19)

Here, tˆi+1 represents the predicted probability distribution 
of the stroke technique for the next hit, and aˆi+1 denotes the pre-
dicted probability distribution of the landing point for the next 
hit. Wt and Wa are learnable matrices.

In deep learning models, an appropriate loss function is se-
lected according to the task requirements to evaluate the model’s 
learning effectiveness and establish measurement standards to 
quantify the difference between the ground truth and the pre-
dicted results. In the task of stroke forecasting in table tennis, 
the model mainly has two outputs: technique and spot, both of 
which are multi-class outputs. Cross-entropy loss, commonly 
used in deep learning for classification tasks, enables the com-
parison of the predicted probability distribution with the actual 
labels, accurately reflecting the prediction results, especially in 
multi-class classification problems.

When predicting the type of the next stroke, multi-class 
cross-entropy loss is used to measure the difference between the 
predicted stroke probability and the actual stroke type, which 
effectively handles classification problems with multiple catego-
ries, as shown in Equations (20)–(21):

Ltype=-∑r=1
|R| ∑i=r+1

|Sr| ti log(t ̂ i) 	 (20)
Larea=-∑r=1

|R| ∑i=r+1
|Sr| ai log(a ̂ i)  	 (21)

The total loss function consists of two parts: Ltype, which is 
the loss for stroke technique prediction, and Larea, which is the 
loss for landing point prediction. Here, Sr represents the input 
stroke sequence, and R represents all the rally sequences. The to-
tal loss value is obtained by summing these two losses, as shown 
in Equation (22):

	 L=Ltype+Larea 	 (22)

Using this loss function, the model can simultaneously opti-
mize the prediction for stroke type and landing point, improving 
its performance and accuracy in table tennis stroke prediction 
tasks. This approach effectively handles the complex dynamics 
in table tennis matches and helps us better understand and sim-
ulate player behavior patterns.

Experimental Results and Discussion
Experimental Environment

Due to the high computational demand of training and in-
ference for deep learning networks, the experiment used a GPU 
to accelerate processing. The hardware setup consisted of an 
Intel(R) Core(TM) i9-11900K CPU @ at 3.50GHz, an NVIDIA 
GeForce RTX 4060 GPU, 64GB of memory, and the Windows 
10 operating system. The development was mainly performed 
using Python and the PyTorch framework.

Datasets
The table tennis match data collected in this study were pro-

vided by the “Intellectual Tactical System in Competitive Table 
Tennis” system database (Liu et al., 2024). We selected match-
es between world-ranked table tennis player Lin Yun-Ju and 
his opponents as a case analysis, using a dataset comprising 23 
matches, totaling 121 games, 2,225 rallies, and 10,517 shots, with 
an average of 4.7 shots per rally. In the shot prediction task, 80% 
of the rallies in each match were used as training data, while the 
remaining 20% were used for inference.

In table tennis, there are 18 stroke techniques. Fourteen 
of them are categorized as rally strokes: drive, counter-drive, 
smash, twist, fast drive, fast push, flick, pimple’s long push, pim-
ple’s fast push, long push, drop shot, chop, block, and lob. The 
remaining four—traditional serve, hook serve, reverse pendu-
lum serve, and squat serve—are classified as serve techniques. 
The table tennis table is divided into two halves by a net, with 
each side further segmented into nine landing zones: forehand 
short (1), middle short (2), backhand short (3), forehand mid-
long (4), middle mid-long (5), backhand mid-long (6), forehand 
long (7), middle long (8), and backhand long (9). Stroke speed 
is categorized as slow, medium and fast, and spin types include 
topspin, backspin, no spin, sidespin-top, and sidespin-back. Hit-
ting type is classified into forehand and backhand.

Evaluation Metrics
Accuracy typically refers to the ratio of correctly predicted 

samples to the total number of samples. However, in trajectory 
prediction, where multiple valid tactical options exist, simple ac-
curacy may be too stringent a criterion for evaluation. Thus, we 
adopted Top-k Accuracy as the evaluation metric, as shown in 
Equation (23).

	
	 (23)

Top-k Accuracy is commonly used in multi-class classi-
fication tasks, measuring whether the actual class appears in 
the model's top k predictions. This metric accommodates the 
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tactical variability of table tennis and provides a more com-
prehensive assessment of model performance under various 
scenarios. 

Comparisons
We applied the proposed prediction method to table tennis 

trajectories, enhancing ShuttleNet (Wang et al., 2022a) by incor-
porating speed and spin—two critical elements in the game of 
table tennis. These features significantly influence ball trajecto-
ries. We evaluated our model on datasets from one world-ranked 
Taiwanese player, Lin Yun-Ju.

Table 1 shows the results of Lin Yun-Ju's dataset compar-
ing models with and without speed and spin. 'Spot' refers to 

landing prediction, and 'Technique' to stroke type prediction. 
Acc@1, Acc@3, and Acc@5 represent Top-1, Top-3, and Top-5 
accuracy, respectively. ShuttleNet (Ori) refers to our baseline 
without speed/spin; ShuttleNet (Adv) includes them. Results 
show improved accuracy with speed/spin included. For land-
ing prediction, improvements were minimal due to aggressive 
strategies favoring long strokes. Stroke prediction accuracy im-
proved by about 5.4%.

We conducted experiments with observed sequence lengths τ 
= 2, 3, and 4 to investigate how the known stroke sequence length 
affects performance. Table 2 shows that with Lin Yun-Ju's dataset, 
Acc@1 was highest for τ = 2. Accuracy dropped for τ = 4, likely 
due to fewer long rallies in the dataset.

Table 1. Evaluation Comparison of the Lin Yun-Ju Dataset

Landing Area (Spot) Stroke Type (Technique)

Methods Acc@1 Acc@3 Acc@5 Acc@1 Acc@3 Acc@5

ShuttleNet (Ori) 41.3% 94.4% 98.1% 51.4% 77.2% 91.8%

ShuttleNet (Adv) 41.4% 94.5% 98.2% 56.8% 77.3% 94.9%

Table 2. Sequence Length Evaluation Comparison of the Lin Yun-Ju Dataset

Model Observed
Strokes(τ)

Landing Area Stroke Type

Acc@1 Acc@3 Acc@5 Acc@1 Acc@3 Acc@5

ShuttleNet
(adv)

2 42.8% 93.4% 97.6% 57.2% 76.6% 88.9%

3 41.4% 94.5% 98.2% 56.8% 77.3% 91.8%

4 40.9% 94.8% 98.1% 35.7% 77.9% 90.9%

According to a study by Hung et al. (2020), the adoption 
of the 40+ABS plastic ball in table tennis since 2017 has once 
again impacted the development ecosystem of the sport. The ad-
vantage of determining the outcome through serve and attack 
within the first three strokes has gradually diminished, while 
rally exchanges have increased. Therefore, enhancing the abil-
ity to predict tactical and technical performance in prolonged 
rallies would better align with the actual competitive scenarios 
of modern table tennis matches. From the data results of this 
elite player mentioned above, it can be observed that the optimal 
prediction stroke count for Lin is 2 strokes; his accuracy begins 
to decline from the fourth stroke onward. Upon review, this may 

be due to the relatively fewer data points for rallies extending 
beyond 4 strokes. This suggests that, although the study collect-
ed data from 23 matches for the player, it is still insufficient. To 
more accurately predict the patterns of prolonged rallies, future 
research should continue to track and expand the match data 
of players, thereby bringing greater value to the tactical applica-
tions of players.

We also examined sliding window sizes (k = 2, 3, 4) to pre-
dict the next stroke. Table 3 shows that for Lin Yun-Ju, stroke 
prediction was best at k = 2, while landing prediction peaked at 
k = 4. This may be due to his consistent rear-court play, where 
larger windows better capture player tendencies.

Table 3. Window Size Evaluation Comparison of the Lin Yun-Ju Dataset

Window (k)
Landing Area Stroke Type

Acc@1 Acc@3 Acc@5 Acc@1 Acc@3 Acc@5

ShuttleNet
(adv)

2 40.9% 90.8% 97.4% 59.1% 91.0% 97.9%

3 43.1% 92.5% 97.9% 58.4% 90.4% 96.4%

4 45.0% 92.7% 97.7% 51.0% 87.3% 95.0%

The results of this study are also quite in line with actual 
competition scenarios. Regarding match tactics, elite players 
typically focus on short or mid-long serves, intending first to 
control the receiver, making it difficult for them to employ ag-
gressive attack techniques. For the receiver, they might respond 
with drop shot, push, or back twist attacks. However, after the 
third stroke, both sides gradually reduce the use of control-fo-
cused techniques, leading to what is known as dynamic back-

and-forth offensive exchanges. The hitting points for this style 
of play often occur in the rear court. From this phenomenon, we 
can generally infer that dynamic offensive exchanges begin by 
the third stroke in matches between top players.

Prediction Results
Our trained model predicts both the stroke type and landing 

zone based on a sequence of preceding strokes and visualizes 
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the top three most probable outcomes. Figure 3 shows the pre-
diction result of the proposed method. Figure 3(a) is used as a 
representative example. It illustrates a rally in which Ovtcharov 
serves to the “forehand short” area (zone 1), followed by a “drop 
shot” to zone 4 from Lin Yun-Ju, a “drive loop” to zone 8 by 
Ovtcharov, and a “block” to zone 9 by Lin Yun-Ju. The model 

predicted the next stroke as a“fast push” (red line) to zone 7 by 
Ovtcharov, which corresponded with the actual outcome. Figure 
3 (b) shows the predictions for the fifth stroke, based on the data 
from the third and fourth strokes. In Figure 3 (b) (Lin Yun-Ju 
vs. Fan Zhendong), the predicted drive loop to zone 7 matched 
the real result

Figure 3. Prediction result of the proposed method. (a) the match between Ovtcharov and Lin Yun-Ju 
in the 5th stroke; (b) the match between Fan Zhendong and Lin Yun-Ju in the 5th stroke

From the above, we learned from the accuracy of predictions 
regarding the player Lin in the 5th stroke that our proposed 
method can almost accurately predict the techniques and land-
ing positions they are likely to execute in the next shot. To ensure 
the reasonableness of the prediction results  actual competition 
scenarios, after interpretation by two national-level table tennis 
coaches, it was noted that the predicted ball trajectory aligns 
well with the competition's offensive and defensive strategies, 
thereby proving the effectiveness of our proposed method. This 
outcome aligns with the findings of Wang et al. (2022), which 
suggest that players’ stroke selection strategies are influenced by 
both their overall playing style and the current rally situation. In 
real match scenarios, when two offensive players face each other, 
if one initiates an aggressive technique (e.g., a drive), the other 
may respond with a high-difficulty counterattack (e.g., a count-
er-drive) if they are confident. However, if the player's strategy 
leans more conservative, the likelihood of responding with a de-
fensive block increases significantly.

Moreover, previous studies have indicated that the first five 
strokes are a crucial factor in determining the outcome of a 
match (Tsai et al., 2023). In this study, we found that Lin Yun-
Ju's average number of strokes in the match was 4.7 strokes, cor-
responding to approximately five strokes per point. This result 
aligns closely with the rhythm of offensive players, making it 
significant to predict the trajectory of the fifth stroke. However, 
unlike previous prediction models, here we attempt to use only 
the player’s preceding two strokes (i.e., the 3rd and 4th strokes) as 
predictive information for the trajectory of the fifth stroke. The 
aim is to effectively predict the player’s subsequent tactical exe-
cution with minimal intelligence-gathering effort, thereby saving 
considerable data collection time to enhance intelligence-gath-
ering and analysis efficiency. The results revealed that our model 
achieved excellent predictive performance even with only the 
preceding two strokes as input. For example, the system’s top-
ranked prediction that Lin Yun-Ju would hit a “drive loop” to Fan 
Zhendong’s zone 7 on the fifth stroke was entirely accurate.

Conclusion
This paper employs a transformer-based architecture to 

propose a novel approach for predicting stroke techniques and 
landing points in table tennis. Converting match data into a 
stroke-level event stream improves input consistency and in-
terpretability, facilitating more effective learning. The proposed 
dual-encoder-decoder framework captures rich contextual fea-
tures from rallies and player profiles, while incorporating criti-
cal factors including the ball speed and spin, to model strategic 
behavior accurately. Landing point prediction is formulated as a 
classification task, and a sliding window mechanism is employed 
to capture short-term trajectory patterns, enabling fine-grained 
analysis of local tactical scenarios. Prediction results are visual-
ized to assist coaches and players in strategic decision-making.

Although the current model is trained on a specific dataset, 
future work will enhance its generalizability by integrating vi-
sion-based technologies, such as pose estimation and ball track-
ing, to automate the annotation of technical actions. This will 
support the collection of more diverse and representative data-
sets, improving the model's applicability across a broader range 
of players and match contexts. Ultimately, this research advanc-
es intelligent sports analytics in table tennis, providing practical 
tools for performance evaluation and tactical planning.
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