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ABSTRACT This research addresses the challenge of automatically identifying complex tennis
techniques and tactics, dynamically predicting shot intentions, and assessing round outcomes early
from structured event sequences. By constructing a Transformer sequence model, the study provides
a data-driven intelligent solution for tactical decision-making. The model uses structured shot sequences
from Match Charting Project logs, integrating attributes like shot type, direction, and match status.
It employs a six-layer Transformer encoder with a multi-head self-attention mechanism for multi-task
learning, jointly optimizing technical/tactical classification, shot intention prediction, and early outcome
assessment. Experiments validate its robust performance, achieving a Macro-F1 of 0.935 for tactical
classification and a round outcome AUC@5 of 0.923. The model significantly outperforms BiLSTM and
CNN-LSTM baselines, with ablation studies confirming the critical contributions of its embedding and
multi-task design. The proposed framework enables end-to-end deep analysis and effective prediction of
tennis technical and tactical behaviors without visual input, providing a scalable, data-driven solution
for intelligent competitive analysis, principles that may also inform structured event-stream prediction in
other non-visual engineering datasets.

INDEX TERMS tennis analytics, transformer model, tactical behavior recognition, sequence prediction,

event-stream modeling

I. INTRODUCTION

ENNIS is a competitive sport that relies heavily on
Ta combination of techniques and tactics, where ath-
letes’ shot selection, landing point control, and rhythm
changes constitute a complex decision sequence. This need
for continuous, optimal sequencing mirrors the complexity
found in automated manufacturing, where realtime decisions
regarding material feed rates, tension control, and pattern
execution must be perfectly coordinated to ensure product
quality and production efficiency [1,2]. Traditional technical
and tactical analysis mainly relies on manual video ob-
servation and frequency statistics, which have limitations
such as strong subjectivity, low efficiency, and difficulty
in capturing long-term dependencies [3,4]. With the struc-
tured accumulation of professional tennis tournament data,
intelligent analysis based on event sequences has become
possible [5]. However, existing methods mostly focus on
isolated shot statistics or short-term pattern recognition,
lacking the ability to dynamically model the entire chain
of “technique-tactics-results”. How to achieve automatic
recognition of complex technical and tactical behaviors,
dynamic prediction of shot intentions, and early judgment
of round results from discrete shot event sequences [6,7],
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these three progressive problems together constitute the core
challenges of current data-driven competitive analysis. A
sequence modeling framework that can comprehensively
model long-term dependencies, integrate multi-dimensional
context, and support multi-task joint learning is urgently
needed to systematically solve them.

In the field of sports technical and tactical analysis, early
studies mostly used Markov models or decision trees to
model shot sequences, analyzing serve and receive strate-
gies by using transition probabilities. However, their strong
Markov assumptions make it difficult to characterize the
long-range dependencies of multishot layouts [8,9]. With the
rise of deep learning, recurrent neural networks and their
variants (such as LSTM (Long Short-Term Memory) and
GRU (Gated Recurrent Unit)) [10,11] have been used for
tactical recognition in sports such as football and basketball.
In the field of tennis, Anderson et al. [12] analyzed round
win rates based on MCP (Match Charting Project) data, but
did not model sequence dynamics; related studies attempted
to use neural networks to identify shot types, focusing
only on the technical level of a single shot and ignoring
tactical context [13]. Recently, graph neural networks have
been applied to two-player confrontation modeling, such as

5274



JOURNAL
¢ ORG

AE

J.Puetal

constructing player positions as dynamic graphs to predict
movement trajectories, but such methods rely on visual or
tracking data and cannot be applied to pure event logs
[14,15]. In general, existing sports intelligence research is
either limited by the model’s expressive capabilities or relies
on highdimensional sensory input, and has not yet achieved
end-to-end sequential understanding of tennis technical and
tactical behaviors under non-visual conditions. In terms of
sequence modeling, Transformer has made breakthroughs
in natural language processing with its self-attention mech-
anism and has gradually penetrated into the field of time
series analysis. Temporal Fusion Transformer [16,17] ef-
fectively processes multivariate time series by separating
static and dynamic variables, and performs well in energy
and financial forecasting, but its applicability to discrete
event sequences has not yet been verified. Some studies
have attempted to use Transformer [18,19] for motion
analysis. Transformer is used to process badminton video
action recognition, but it relies heavily on visual features;
Transformer is used for e-sports player behavior prediction,
although it is based on event logs, but it does not distinguish
between technical and tactical dimensions. In tennis-specific
research, only a few works have explored sequence models:
using a single-layer Transformer to predict the landing
point of a serve [20], the task granularity is relatively
coarse; combining LSTM with attention mechanism for
action classification [21,22], but the attention mechanism
is local and cannot be learned. It is worth noting that
current research generally separates technical and tactical
recognition, intention prediction and result judgment, lacks
a unified multi-task learning framework, and does not fully
integrate key contexts such as game status and player style.
In summary, existing work has obvious deficiencies in the
sequential modeling capabilities of the model architecture,
the technical and tactical coupling of task design, and the
depth of integration of contextual information.

To address these limitations, this paper proposes a
Transformer-based multi-task sequence modeling frame-
work specifically for the recognition and prediction of
technical and tactical behaviors in tennis. First, unlike
existing methods that focus solely on single-shot techniques
or isolated statistics, this paper considers each point as a
"behavior sequence” consisting of hitting events. It explicitly
defines composite technical and tactical behavior categories
encompassing technique type, hitting direction, and tactical
effect, enabling finegrained recognition of coupled technical
and tactical patterns. Second, for the task of intention
prediction, it abandons static assumptions and leverages
the autoregressive capabilities of the Transformer to dy-
namically predict the next shot’s attributes (type, direction,
and finishing risk), effectively capturing long-range tactical
planning. Furthermore, the model further enables early
prediction of round outcomes, serving as a comprehensive
validation of the aforementioned recognition and prediction
capabilities. Third, to enhance the model’s contextual aware-
ness, score status, break point indicators, and player IDs
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are embedded into the sequence input, enabling the model
to learn decision-making differences in high-pressure situa-
tions. Finally, through a shared encoder, it achieves joint
learning of technical and tactical recognition and hitting
intention prediction. Based on the learned representations,
it naturally derives the ability to predict round outcomes,
avoiding information loss caused by task fragmentation.
This study not only verifies the feasibility of deep technical
and tactical analysis of pure event sequences without visual
conditions but also constructs the first end-to-end Trans-
former benchmark for understanding tennis technical and
tactical behavior. This scalable methodological framework
for intelligent competitive analysis finds a direct parallel in
its potential to process non-visual, high-speed sensor data
for autonomous defect identification and predictive quality
control within complex manufacturing processes.

In order to systematically solve the core challenges in
tennis technical and tactical behavior modeling, this paper
focuses on three clearly defined and progressive multi task
objectives:

(1) technical and tactical classification - identify the
macro technical and tactical patterns of the whole round, and
output six types of coupling technical and tactical behavior
labels (such as "serve online", "baseline stalemate", etc.);

(2) Hitting intention prediction: Based on the historical
hitting sequence, dynamically predict the technology type,
hitting direction and ending risk of the next shot, so as to
achieve fine-grained and forward-looking behavior deduc-
tion;

(3) Early round outcome assessment - when the round is
up to the k-th shot (K > 1), predict the final winner of the
round based on the existing information as a comprehensive
verification of the above recognition and prediction ability.

The three correspond to the logical chain of "behavior
understanding intention deduction result prediction" respec-
tively, and together form an end-to-end intelligent analysis
framework of technology and tactics.

Il. TECHNICAL AND TACTICAL ANALYSIS MODEL
BASED ON TRANSFORMER

A. DATA SOURCE AND SEQUENCE CONSTRUCTION
This study uses the Match Charting Project (MCP) public
dataset (https://github.com/JeffSackmann/tennis_M
atchChartingProject), which contains shot-by-shot event
logs. MCP has the advantages of high temporal resolution,
strong structure, and good annotation consistency, and has
been widely adopted in many tennis analysis studies.

In MCP raw data, each point is recorded as an indepen-
dent event sequence, and each beat contains multiple fields.
This study extracts core fields from it to construct a technical
and tactical behavior sequence: server: server player ID;
returner: receiver player ID; pl_score, p2_score: current
score; game, set: current game and set number; serve_width:
serve direction ("B"=Body, "C"=Center, "W"=Wide);
serve_depth: serve depth ("D"=Deep, "N"=Normal);
serve_type: serve type ("F"=Flat, "S"=Slice, "T"=Topspin);
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shot#_type (shotl_type, shot2_type, ...): shot type of
the nth shot ("F"=Forehand, "B"=Backhand, "V"=Volley,
"O"=0verhead, "S"=Serve, "X"=Unforced Error, "Z"=Forced
Error, "W"=Winner); shot#_dir: shot direction ("D"=Down-

the-line (DTL), "C"=Cross-court, "M"=Middle); point_victor:

winner of the point (l=server wins, 2=receiver wins);
rally_count: total number of reps in the point.

This study preprocesses the raw data and constructs
sequences. Round extraction: Only complete rounds with
rally_count > 1 and point_victor € {1,2} are retained,
eliminating interrupted or invalid points. Shot event normal-
ization: Each shot is represented as a uniformly structured
tuple (shot_type, direction, outcome, depth). Here, shot_type
merges the original fields and maps them to 12 technical
labels; direction is discretized into three categories; outcome
is inferred from shot#_type; depth is set to "Unknown"
only for nonserving rackets; serving rackets are classified
according to serve_depth.

Sequence alignment: Starting with the serving racket, the
sequence is arranged according to shot order, forming an
event sequence of length rally_count. Context extraction:
Calculates tactical context variables such as whether the
current score is a break point (is_break_point) or game point
(is_game_point). Ultimately, each round is represented as a
structured sequence, and all discrete attributes are one-hot
encoded or embedded. The specific encoding methods are
shown in Table 1.

TABLE 1. Encoding methods

Attribute category Encoding method

shot_type Custom category mapping+One hot
direction Rule mapping+One hot

outcome Based on type inference+One hot
depth Mapping+One hot

player_roles Embedding

game_status Logical rule calculation+One hot

Although the match charting project dataset has the ad-
vantages of high structure and good annotation consistency,
it should be pointed out that its batting event records
rely on manual observation and annotation, which may
have subjective judgment bias or inconsistent annotation
granularity. For example, the distinction between "forced
error" and "unforced error" may vary according to the
annotator’s experience. In addition, the types of events,
player styles and site conditions covered by MCP data
have historical bias, which may not fully represent the
distribution of current or future high-frequency and highly
automated event data. Therefore, although this model shows
excellent performance on MCP, its generalization ability on
machine collected data completely generated by sensors or
computer vision systems still needs to be further verified
by cross data source migration experiments. Future work
will explore fine-tuning strategies on automatic annotation
datasets to enhance the adaptability of the model to non
manual annotation sequences.
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B. SEQUENCE REPRESENTATION AND CONTEXTUAL
EMBEDDING

To model tennis matches [23,24] as learnable sequences,
the original event logs need to be converted into structured
embedding tensors and fused with tactical context infor-
mation to support the Transformer’s deep understanding of
technical and tactical behavior. The textual representation
and contextual embedding of a one-point sequence are
shown in Figure 1.

Figure 1 illustrates the complete conversion process from
raw MCP data to model input tensors. A CSV (Comma-
Separated Values) record containing a score, player ID, and
shot-by-shot information is parsed into structured rounds.
Each shot is discretized into four-tuple tokens according to
the rules in Table 1, with the special symbols [CLS]/[SEP]
added. Subsequently, an embedding layer maps the token
attributes, player ID, and match status to dense vectors.
Finally, all embeddings are summed with the learnable
positional encoding to form the final input tensor. This
representation explicitly integrates technical and tactical
behavior with situational context, providing a semantically
complete sequence input for Transformer modeling. The
input eigenvector of this model is fused by six kinds of at-
tributes, and finally projected into a 256 dimensional unified
embedded vector. Among them, the hitting type (12 types),
direction (3 types), result (3 types) and depth (3 types)
are all spliced into 55 dimensional sparse vectors by one
hot coding, and then mapped to 256 dimensions by linear
projection layer; The player role (server/receiver) can obtain
two 64 dimensional vectors respectively by looking up the
table through the learned player ID embedding table, and
the projection is 256 dimensional after splicing; The game
status (such as break point, bureau point, and even point)
generates a three-dimensional binary flag through logical
rules, which is also upgraded to 256 dimensions through
the embedded layer; Finally, all attributes are embedded
and added to the 256 dimensional sine position coding of
the standard transformer to form the final input tensor. This
process ensures that each batting event has a unified vector
representation while preserving semantic integrity, providing
a high reproducibility basis for sequence modeling.

C. MULTI-TASK TRANSFORMER ARCHITECTURE

1) Model Architecture

The multi task design of this model strictly corresponds
to the above three goals: Head-1 is responsible for tech-
nical/tactical classification, and uses [CLS] representation
as input to judge six types of technical and tactical modes
for the whole round; Head-2 performs hitting intention
prediction, and uses autoregressive method to predict the
ternary attribute of the ¢ + 1 beat at each step t; Head-
3 realizes the early result evaluation and predicts the round
winner (two categories) after any k-shot. The three share the
underlying transformer encoder to ensure the consistency
of representation, while maintaining the target specificity
through the task specific header.
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Embedding representation
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Positional encoding injection

Output: Sequence tensor

FIGURE 1. Textual representation and contextual embedding of a sequence

To achieve a comprehensive understanding of tennis skills
and tactics, this paper designs a multi-task Transformer
architecture [25,26]. By using a shared encoder, it jointly
learns three tasks: skill and tactic recognition, shot inten-
tion prediction, and round outcome analysis. This method
enhances representation generalization while maintaining
model efficiency. The multi-task Transformer model struc-
ture is shown in Figure 2.

Figure 2 illustrates the overall architecture of the multi-
task Transformer model proposed in this paper. The model
takes a structured sequence of shot events as input. First, an
embedding layer fuses attributes such as shot type, direction,
effect, and depth for each shot with player ID, match
status, and absolute position encoding to generate a context-
enhanced input tensor. This tensor is fed into a six-layer
shared Transformer Encoder, which outputs a sequence of
contextual representations containing global dependencies.
Given an input sequence X = [z¢, 1,...,zy] € REFD*d,
where x( is the [CLS] token, the shared encoder generates
a context-aware representation H = [hg,hy,...,hy] =
Encoder(X) via L. = 6 stacked Transformer blocks. Based
on this representation, three task-specific heads operate in
parallel: Head-1 utilizes the [CLS] token to classify six fine-
grained technical and tactical behaviors across the entire
round; Head-2 dynamically predicts the next shot’s shot
type, direction, and finishing risk based on an autoregressive
mechanism and a teacher forcing strategy; and Head-3
predicts the final winner of the round at any K shots
using the [CLS] representation. The three major tasks use
cross entropy, multi-attribute cross entropy and binary cross
entropy as loss functions respectively, and through weighted
joint optimization, achieve in-depth analysis and forward-
looking deduction of technical and tactical behaviors.

2) Shared Transformer Encoder

The core of this model is a 6-layer stacked standard Trans-
former Encoder. Each layer consists of a multi-head self-
attention mechanism and a position feed-forward network,
supplemented by residual connections and layer normaliza-
tion. In each encoder layer, the multi-head self-attention
sublayer linearly projects the input into a query, key, and
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value matrix:

Q=Xwe K=xwEK, v=xwV (1)

In formula (1), W, WK, WV e Réxdr ¢, = d/h =32
and h = 8 are the number of attention heads. Single-head
attention is calculated as:

T

K
Attention(Q, K, V) = softmax (Q
Vi,

The multi-head mechanism [27,28] concatenates the out-
puts of h heads and linearly transforms them:

) v 2)

MHSA (X) = Concat(head;, ..

In formula (3), W© ¢ Rx4,
Residual connection and layer normalization:

. head, )W  (3)

7 = LayerNorm(X + MHSA(X)) 4)

Feedforward network sublayer: It consists of two linear
transformations and GELU (Gaussian Error Linear Unit)
activation:

FEN(Z) = ZW; + b =% A (5)
Output = AWy + by 6)

In formulas (5)-(6), Wy € R4¥drr TV, € Rérr*d drs =
1024.
Second residual connection:

Xous = LayerNorm(Z + FFN(Z)) @)

D. TASK-SPECIFIC HEAD DESIGN

Head-1 (Technical and Tactical Behavior Classification) is
designed to identify macro-technical and tactical patterns
across a complete round. The input is the representation hg
corresponding to [CLS], which is mapped to 6-dimensional
logits via two MLP (Multi-Layer Perceptron) layers (includ-
ing GELU and Dropout):
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FIGURE 2. Multi-task Transformer model structure

z1 = Dropout(GELU (hoWe1 + b.1)) (3)

01 = 21 Wea + be2 9

In formulas (8)-(9), W,; € R2?56%x64 ¥, € R64x6,

Six types of technical and tactical behaviors are defined
(manually annotated based on MCP event logic rules):

Serve Direct Point: A serve directly results in a winner;

Serve-and-Volley Pattern: A volley or high pressure is the
second shot after the serve;

Forehand Dominance: A series of forehand diagonals
followed by a sudden change to a straight line winner;

Backhand Slice Transition: Using a backhand slice to
force a shallow return, followed by a net or attack to score;

Baseline Rally: A rally lasting 5 shots or more with no
obvious offensive ending;

Return Aggression: A serve directly results in a winner
or forces a forced error.

The output probability distribution is:

p1 = softmax(o;) € R® (10)

Head-2 (Hit Intention Prediction) is an autoregressive
sequence generation task. The goal is to predict three
key attributes of the t+1 shot given the previous t shots
(t>1): shot type (12 categories); shot direction (3 categories:
Cross, DTL, Middle); and finish risk (3 categories: Winner,
Unforced Error, In-play).
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For each time step ¢t € {1,2,...,L — 1}, h; is input and
output through three independent MLP heads:

O\tpe = MLPype(hy) € R'? (11)
o) = MLPg;,(hy) € R? (12)
o) = MLPqc () € R? (13)

A teacher forcing strategy is used during training: the
input at step t is always the real historical sequence, rather
than a model-generated result, ensuring training stability
and effective gradient propagation. This design enables the
model to dynamically capture tactical evolution, such as the
intention chain of "serve — receive shallow serve — high
pressure at net."

Head-3 (Round Outcome Prediction) supports early pre-
diction: at any K-th shot (1 < K < L), the final winner
of the point is predicted based on the sequence up to shot
K (server wins = 1, receiver wins = 0). Specifically, the
input sequence is truncated to X %) = [z, ..., 2], passed
through an encoder to obtain h(()K), and then passed through
a single-layer MLP and Sigmoid to output the win rate:

49 = o (W wy + byr) € [0,1] (14)
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E. CONTEXT FUSION MECHANISM BASED ON
EMBEDDING AND SUMMATION STRATEGY

To incorporate non-sequential context into the model, it
fuses four embeddings using element-by-element vector
summation. The word embeddings (s, d, o, p) (type, di-
rection, effect, depth) are one-hot encoded and then con-
catenated into eyorq € R1ZT313T3 = R21 which is then
linearly projected to R2%6.

The player embeddings for server ID ¢; and receiver
ID i, are obtained by looking up the tables separately,
es e € R4 which are then concatenated and projected
onto R?5%, denoted as €payer- The match status embeddings
(break point, game point, deuce) are one-hot encoded to
estate € R3. The absolute position encoding [29,30] uses
the original Transformer sinusoidal encoding:

. . t
PE(t,2i) = sin (W) (15)

. t
PE(t, 271 + 1) — COS (1000021/(1) (16)

In formulas (15)-(16), t € {0,1,..
index and i € {0,--- ,d/2 —1}.
The final input is:

., L} is the position

2 = Woel) |+ Wr(es @ e,) + Wiestate + PE() (17)

word

In formula (17), W € R?6%21 1y, € R256x128 1y, ¢
R256%3 are learnable projection matrices, and @ represents
concatenation. This summation mechanism ensures that all
contextual information is aligned in the sequence dimension
and processed uniformly by the Transformer.

F. MULTI-TASK LOSS FUNCTION
The total loss is the weighted sum of the three task losses:

L=ML1+ XoLo+ A3L3 (18)

After ablation experiment and verification set perfor-
mance optimization, the final weight is set as (A\; = 1.0,
Ao = 1.2, A3 = 1.0). Because intention prediction tasks
involve multi-attribute generation and have higher require-
ments for sequence modeling ability, and the gradient am-
plitude is relatively small, its weight is slightly increased to
promote the learning balance between tasks and avoid the
dominant task suppressing auxiliary signals.

Technical and tactical classification loss (cross entropy):

6
Li==> yiclogi. (19)
c=1

In formula (19), c is the specific technical and tactical
category. y1 is the one-hot label.
Intent prediction loss (multi-attribute cross entropy sum):

5279

L—1
_ 1 ) A1) () ~(t)
E E(y). .
EQ N t:zl [C (ytypevytype) +C (yd1r7yd1r) (20)

+ CE(yr(its)k7 gr(fs)k)}
In formula (20), N = L — 1 is the number of valid

prediction steps.
Round result loss (binary cross entropy):

L3 =~ |yslog g + (1 - yo) log(1 - 35"))] @1y

The model hyperparameters and training configuration are
shown in Table 2.

TABLE 2. Model hyperparameters and training configuration

Component Value Instructions

Maximum length of input 30 Covering 98.7% of rounds
sequence L

Embedding dimension 256 —

Encoder layers 6 —

Attention head count h 8 —

Dimension of hidden layers 1024 —

in feedforward networks

Dropout 0.1 All sub layers
Activation function GELU —

Optimizer AdamW B1 =0.9, B2 = 0.999
Learning rate 3x107% Cosine decay after 1000

steps of linear preheating

Batch size 256 (by tennis —
round)

Training rounds 50 Early Stop Patience=8

Loss weight A1 = 1.0, Intention prediction task has
A2 = 1.2, slightly higher weight
Az = 1.0

lll. EXPERIMENTAL DESIGN

A. EXPERIMENTAL SETUP

1) Dataset and Preprocessing

To ensure the rigor and generalizability of the experiment,
this study systematically preprocesses and partitions the
original Match Charting Project dataset [31]. Complete
rounds (rallies) are screened and the following invalid
samples are removed:

(1) rounds with a rally_count of 0 or missing;

(2) abnormal records with a point_victor field other than
1 or 2;

(3) sequences containing undefined shot types (such as
null values or "?").

This process ensured that all retained rounds had clear
start (serve) and end (score) events, and that the attributes
of each shot are complete and parseable.

A match-level partitioning strategy is used: the data is
divided into a training set (70%), a validation set (15%),
and a test set (15%) based on the unique match ID, totaling
5,050/1,082/1,082 matches. This strategy strictly ensured
that the same player did not appear in multiple subsets,
effectively preventing the model from overfitting by memo-
rizing player IDs, thereby truly reflecting its generalization
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ability to unknown opponents. Dataset statistics are shown
in Table 3.

TABLE 3. Dataset statistics

Statistical Validation set

dimension

Training set Testing set Total

Match 5,050 1,082 1,082 7,214
sessions
Complete
number of
rounds
Average turn 6.42 6.38 6.41 6.4
length (in

beats)

Number of 1,842 398 396 2,126
players

(unique ID)

377,238 80,837 80,837 538,912

2) Evaluation Metrics and Baseline Models
To comprehensively evaluate the model’s performance in
understanding tennis technical and tactical behaviors, this
study designed differentiated evaluation metrics for three
key tasks and selected six representative sequence modeling
methods as baselines to validate the superiority of our
Transformer architecture.
Task 1 (Technical and Tactical Behavior Classification):
Due to the imbalance of the six categories of technical and
tactical behaviors, Macro-F1 takes the arithmetic average of
the F1 values of each category to avoid the majority class
dominating the evaluation results:

2 - Precision,, - Recall,

c
1
M -F1 = — C=6
acto C ; Precision, + Recall, ’

(22)
Task 2 (Hit Intention Prediction) evaluates the prediction
performance of three sub-attributes: Type Accuracy (Top-
1 accuracy across 12 technical labels); Direction Accuracy
(Top-1 accuracy across three direction labels); and Risk F1
(Macro-F1) (Measures the overall performance of three risk
categories: Winner, Unforced Error, and In-play).
Task 3 (Round Outcome Prediction): Predict the winner
(server/receiver) at the K-th shot of the round. Accuracy @K
and AUC (Area Under the Curve) are reported.

N
1 +(F)
ccuracy@ N ; (9; Yi) (23)
1
AUC = / TPR(FPR ™ (z)) dz (24)
0

In formulas (23)-(24), I is the indicator function, TPR and
FPR are the true positive rate and false positive rate, respec-
tively. AUC measures the model’s discriminative ability at
different thresholds and is robust to class imbalance.

In the round result prediction task, the symbol *@k’
indicates that the model predicts the final outcome (server
wins or receiver wins) based on the current hit sequence
when the round is up to the k-th hit. For example, AUC@5
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Represents the area under the curve of the model to predict
the outcome of the whole round after the fifth stroke. This
indicator is used to evaluate the discrimination ability of the
model in the early stage of the round.

To ensure fair comparison and academic rigor, all
baselines use the same input representation and train-
ing/validation/testing split as the model in this paper. Specif-
ically:

LSTM: 2-layer stacked LSTM, hidden dimension 256,
used to model short-term temporal dependencies;

BiLSTM (Bidirectional Long Short-Term Memory)
[32,33]: bidirectional LSTM, forward and backward hidden
state splicing, enhanced context perception; GRU [34]: gated
recurrent unit, simplified structure but retaining long-term
memory capacity; TCN (Temporal Convolutional Network)
[35]: 4-layer causal convolution, expansion factor exponen-
tial growth (1, 2, 4, 8), receptive field covering 30 beats;
QRNN (Quasi-Recurrent Neural

Network): convolution + pooling simulated cycle, sup-
port parallel training, hidden dimension 256; CNN (Con-
volutional Neural Network)-LSTM [36,37]: 2-layer CNN
(kernel=3) extracts local batting patterns, followed by 2-
layer LSTM to model temporal sequences.

Considering the potential demand of tactical decision
support for real-time, this paper measured the reasoning
performance of each model on NVIDIA A10 GPU. Taking
the typical round sequence with a length of 10 as the
input (batch size=1), the average delay of single forward
reasoning in this transformer model is 4.2 MS (£ 0.3 ms),
and the peak memory consumption is 186 MB. In contrast,
the delay of bilstm is 2.1 MS (98 MB), the TCN is 1.9 MS
(76 MB), and the cnn-Istm is 2.8 MS (112 MB). Although
the computational overhead of transformer is slightly high,
its delay is still far lower than the video frame interval or the
tactical decision window, so it fully meets the application
requirements of sideline coaches or post game analysts in
real-time or near real-time scenarios. It is worth noting
that the model has not been quantified or optimized by
distillation; If it needs to be deployed on mobile or edge
devices with limited resources, knowledge distillation can be
used to compress the transformer into a lightweight LSTM
teacher student architecture, which can retain more than
90% of the performance while reducing the delay to less
than 1.5 Ms. The current implementation is more suitable
for tactical analysis workstation or cloud reasoning service
with GPU support.

IV. RESULTS AND ANALYSIS

A. OVERALL PERFORMANCE COMPARISON

To systematically verify the comprehensive advantages of
this Transformer model in understanding technical and tac-
tical behavior, it compares its performance on three tasks on
the test set with that of six baselines. This comprehensively
reflects the model’s leading position in behavior recognition,
intention prediction, and outcome assessment. The overall
performance comparison is shown in Table 4.
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TABLE 4. Overall performance comparison

Model Techniques Type Direction Risk F1 AUC@S
and Tactics Accuracy Accuracy
(Macro-F1)
LSTM 0.821 0.835 0.827 0.802 0.842
TCN 0.834 0.842 0.836 0.811 0.848
BiLSTM 0.841 0.848 0.84 0.818 0.853
QRNN 0.837 0.845 0.838 0.815 0.850
CNN-LSTM 0.846 0.852 0.845 0.823 0.857
GRU 0.828 0.839 0.831 0.807 0.845
Transformer 0.935 0.944 0.941 0912 0.923

The Transformer model in this paper achieves a robust
lead across all metrics. Its Macro-F1 for technical and
tactical behavior classification reaches a high of 0.935, a
0.089 improvement over the best baseline (CNN- LSTM,
0.846). This demonstrates that the model can accurately
identify fine-grained, complex behaviors such as "forehand
dominance" and "backhand slice transition." In the intention
prediction task, the accuracy of shot type and direction
reaches 0.944 and 0.941, respectively, and the F1 for end
risk is 0.912, far exceeding the baseline (which reached
a maximum of 0.823). This demonstrates that the model
is highly reliable in predicting the technical choices and
tactical risks of the next shot. In terms of early prediction
of the outcome of a round, the AUC@S5 reaches 0.923,
surpassing the BiLSTM (0.853), demonstrating that it can
confidently predict the direction of the round within five
shots. The performance advantage comes from the fact
that the Transformer’s global self-attention mechanism can
effectively model non-adjacent but tactically closely related
hitting events, while RNN/CNN models are limited by
local receptive fields or sequential dependency assumptions
and find it difficult to capture such long-range, nonlinear
tactical coupling patterns. In addition to the significant
improvement of performance indicators, the advantage of
transformer model fundamentally stems from its strong
ability to capture the long-range dependence in tennis hitting
sequence through its self attention mechanism. Unlike the
rnn/cnn model, which is limited by local receptive fields or
order dependent assumptions, the self attention mechanism
allows the model to directly focus on and integrate the
information of any historical shot in the sequence, regardless
of its distance, when calculating the representation of the
current shot. In tennis tactics, the final result of a round
is often determined by multiple non adjacent strokes (for
example, the opening serve creates an opportunity for the
winning point of the fifth racket). This "technology tactics
result" causal chain usually spans multiple shots, and the
self attention mechanism can dynamically learn the tactical
correlation weights between these non adjacent shots, so
as to more completely model the evolution process of the
whole tactical layout. Therefore, the mechanism is assumed
to be able to more effectively identify and utilize these
long-range dependencies that are essential for understanding
tactical logic.
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B. TECHNICAL AND TACTICAL PATTERN
RECOGNITION ANALYSIS

Boxplots are used to display the distribution of bout lengths
for different skill and tactic categories. This aims to verify
the rationality of the category definitions and reveal the
temporal dynamics of various tactics, providing a statistical
basis for behavior recognition. The average bout lengths for
different skill and tactic categories are shown in Figure 3.

Figure 3 reveals significant differences in round lengths
across various skill and tactical behaviors, strongly vali-
dating the rationality and discriminability of our proposed
skill and tactical category definitions. The median length
of Serve Direct Point is only 1 beat, with a very narrow
interquartile range, consistent with its "one-beat" nature.
Meanwhile, the median length of Baseline Rally is a whop-
ping 9 beats, longer than other categories, fully reflecting
its seesaw nature. This distribution not only provides a
learnable temporal prior for the model but also demonstrates
the feasibility of using round length to aid skill and tactical
classification, supporting the effectiveness of our proposed
multi-dimensional feature fusion modeling.

A comparison of BiLSTM, QRNN, CNN-LSTM, and
Transformer models is shown in Figure 4, along with
a heatmap of the confusion matrix for skill and tactical
behavior classification.

The confusion matrix for tactical behavior classification
shown in Figure 4 shows significant confusion between
categories among BiLSTM, QRNN, and CNN-LSTM. For
example, the BiLSTM (Figure 4a) misclassified 1,250 in-
stances of "Serve Direct Point" as "Serve-and-Volley Pat-
tern." Furthermore, 61 instances of "Baseline Rally" are
misclassified as "Return Aggression," demonstrating the
model’s difficulty distinguishing between passive stalemate
and active attack during long rounds. The QRNN (Figure
4b) exhibited confusion between "Backhand Slice Transi-
tion" and "Baseline Rally" (612 misclassifications), indicat-
ing that its convolutional structure is insufficiently sensitive
to changes in tactical rhythm. The CNN-LSTM (Figure
4c) improved performance somewhat through local feature
extraction, but still misclassified 241 instances of "Fore-
hand Dominance" as "Return Aggression," indicating its
inability to effectively model the continuity of tactical intent
across shots. These confusions essentially stem from the
local receptive field limitations and sequential dependency
assumptions of the RNN/CNN architecture, which make
it difficult to capture the tactical coupling between non-
adjacent shots, resulting in blurred boundary judgments on
complex technical and tactical behaviors.

In contrast, the Transformer model (Figure 4d) demon-
strates superior category discrimination capabilities, signif-
icantly reducing confusion. It misclassifies "Serve Direct
Point" only 1,232 times, correctly identifies "Baseline Rally"
5,359 times, and misclassifies "Return Aggression" only 54
times, demonstrating that the model can accurately distin-
guish between passive rallies and active finishes. Particularly
notable, confusion between "Backhand Slice Transition"
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FIGURE 4. Confusion Matrix Heatmap for Technical and Tactical Behavior Classification. (a) BiLSTM Heatmap; (b) QRNN Heatmap;
(c) CNN-LSTM Heatmap; (d) Transformer Heatmap

and "Baseline Rally" is reduced to 123 times, validating
the self-attention mechanism’s ability to sensitively cap-
ture turning points in tactical intent. This performance
advantage stems from the Transformer’s ability to model
global dependencies: the attention weights between any two
shots can dynamically learn tactical associations, thereby
constructing more robust technical and tactical represen-
tations. Furthermore, multi-task learning further enforces
behavioral semantic consistency, giving the model a stronger
discrimination boundary across fine-grained categories, fully
demonstrating its superiority in recognizing complex tennis
technical and tactical behaviors.

VOL. 15, NO. 3, AUGUST 2026

C. DYNAMIC CHARACTERISTICS OF HITTING
INTENTION PREDICTION

The goal of revealing the dynamic evolution of batting
intention prediction performance over the course of a round
is to identify key junctures in tactical decision-making and
verify the model’s predictive sensitivity to batting behavior
at different stages. The results are shown in Figure 5.

The accuracy of shot type and direction predictions
jumped significantly in the third and fifth shots, reaching
0.894/0.872 and 0.918/0.896, respectively, before gradually
declining. This phenomenon has a clear tactical explanation:
the third shot is the server’s first active attack after serving
(e.g., serve — receive — forehand pressure on the third
shot), or the receiver’s critical moment for attacking, where
tactical intent is highly clear. The fifth shot corresponds to
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the "turning shot" in a multi-shot rally, such as by repeatedly
landing shots to induce the opponent to return shallowly and
suddenly in a straight line. At this time, shot selection is
more constrained by the previous layout and the pattern is
more predictable. However, the first shot is more difficult to
predict because it relies solely on serve information. After
the fifth shot, the round enters a highly competitive, random
stalemate phase, where intent uncertainty increases, leading
to a decline in accuracy. The Transformer, with its global
attention mechanism, effectively captures these stage-by-
stage tactical patterns, achieving high-precision predictions
at key decision points, providing reliable support for re-
altime tactical assistance. Figure 6 shows the distribution
of attention weights when the model predicts the next
shot in five typical rounds, revealing how the Transformer
dynamically focuses on historical key shots based on tactical
logic, thereby verifying its ability to model the dependencies
between tennis techniques and tactics.

In Rounds 1 and 4, the model assigned high attention
weights of 0.78-0.82 to "Serve-Slice-Wide," indicating that
serve-receive decisions are highly dependent on the spin and
placement of the serve, consistent with the tactical com-
mon sense that "receive reactions are dominated by serve
quality.” In Round 2, attention is focused on both "Serve-
Slice-Wide" (0.35) and "Forehand-Cross" (0.51), indicating
that the choice of the third shot depends not only on the
player’s serve intention but also significantly on the quality
of the opponent’s return, highlighting the interactive nature
of two-player confrontation. In Round 3, the model assigned
the highest attention weight (0.52) to "Backhand-Down-the-
line," indicating that in mid-game rallies, the direction and
depth of the last one or two shots are the core factors in
determining the next shot’s strategy. Most notably, in Round
5, the model focused 0.53% of its attention on "Forehand-
Down-the-line-Winner" when predicting the winning point.
This is the key shot in the strategic setup—repeated place-
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ment of the ball induces the opponent to return shallowly,
thus creating a finishing opportunity. Overall, the attention
distribution is not uniform or random, but precisely aligned
with the causal chain and decision nodes in tennis tactics,
fully demonstrating that our model can not only predict
behavior with high accuracy but also has explainable tactical
reasoning capabilities.

D. EARLY PREDICTION OF ROUND RESULTS AND
GAME SITUATION ANALYSIS
The model’s ability to discriminate the final scorer in the
early stages of a round (3, 5, and 7 shots) is evaluated using
the Winner Prediction Accuracy @ K curve, verifying its
tactical situational awareness and forwardlooking analysis.
Figure 7 shows the early predictions for round outcomes.

The Transformer model in this paper outperforms the
baseline at all prediction time points. In particular, its
accuracy reaches 0.864 when only three shots are played, an
improvement of 0.057 over the best baseline (CNN-LSTM,
0.807). This demonstrates that the model can extract key
tactical signals (such as serve quality, return intention, and
third-shot aggression) from very early shot sequences. By
the fifth shot, the accuracy jumps to 0.923, indicating that
the outcome of most rounds is already determined within the
first five shots. The Transformer effectively integrates the
server’s style, score pressure, and shot patterns to achieve
highconfidence predictions. In contrast, RNN/CNN models
are limited in their local modeling capabilities and struggle
to capture long-range tactical dependencies (the three-shot
chain of "serve — shallow return — net") when early
information is limited, resulting in significantly lagging per-
formance. This result not only validates the Transformer’s
superiority in tennis tactical analysis but also provides a
reliable technical foundation for real-time decision-making
support.

Figure 8 shows a comparison of ROC (Receiver Operating
Characteristic)-AUC under different match scenarios.
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All models performed slightly better in non-break point
scenarios due to the more stable selection of conventional
tactical choices. However, in the high-pressure break point
scenario, decision uncertainty increases significantly, re-
sulting in a generally lower AUC. However, our Trans-
former model significantly outperformed the baseline in
both scenarios, particularly in the break point scenario,
achieving an AUC of 0.902, a 0.073 improvement over
the best baseline (CNN-LSTM, 0.829). This demonstrates
that the Transformer model not only effectively models
conventional tactical patterns but also, by integrating score
state embeddings with player style representations, accu-
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rately captures subtle behavioral deviations in high-pressure
matches, demonstrating superior contextual awareness and
robust predictive capabilities.

E. ABLATION EXPERIMENT

To verify the contribution of each model component to
technical and tactical understanding, Table 5 quantifies
the impact of word embedding, player embedding, game
status embedding, and multi-task learning on the overall
performance through ablation experiments.
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TABLE 5. Ablation experiments TABLE 6. Ablation study on the number of attention heads
Configuration Techniques and Tactics Risk F1 AUC@S5 Configuration Techniques  Type Direction Risk F1 AUC@5
(Macro F1) and Accuracy Accuracy
w/o word embeddings 0.762 0.731 0.784 Tactics
wlo player embeddings 0.891 0.867 0.882 (Macro-
w/o match state 0.873 0.845 0.861 Fl)
embeddings
w/o multi-task learning 0.884 0.859 0.875 N
Fall model 0935 0912 0923 Single- 0914 0.928 0.925 0.894 0911
Head
(h=1)
. Multi- 0.935 0.944 0.941 0912 0.923
Note: w/o (without). Hoad
Ablation experiments show that each component con- (h=8)

tributes significantly to model performance. Term embed-
dings (type, direction, effect, depth) are the cornerstone
of technical and tactical modeling. Their absence causes
Macro-F1 to plummet to 0.762, demonstrating the indis-
pensability of fine-grained behavioral representation. Re-
moving player embeddings reduces performance by 0.044,
validating that the model effectively captures individual
style differences by learning player IDs. Missing match state
embeddings reduces AUC@5 by 0.062, highlighting the
critical impact of high-pressure situations on shot decisions.
Removing multi-task learning also results in a significant
performance loss, demonstrating the strong semantic con-
nection between technical and tactical recognition, intent
prediction, and outcome assessment, and that joint training
promotes representation generalization. By integrating mul-
tidimensional context and collaboratively optimizing multi-
task objectives, the complete model achieves the most
comprehensive and accurate modeling of tennis technical
and tactical behavior.

In order to further explore the role of multi head attention
mechanism in the model architecture, we added an ablation
experiment to compare the model performance under the
configuration of standard 8 head attention (h=8) and single
head attention (h=1). The results are shown in Table 6.
Experiments show that reducing the number of attention
heads from 8 to 1 will lead to the performance degradation
of all evaluation indicators, especially in the technical and
tactical classification (Macro-F1 decreased by 0.021) and
the risk prediction of batting intention (risk F1 decreased
by 0.018). This verifies the necessity of multi head design,
which enables the model to capture the diversified tactical
relationships in the hitting sequence from different repre-
sentation subspaces in parallel (such as player style, hitting
type interaction, spatial position, etc.), while the expression
ability of single head attention mechanism is limited, so it
is difficult to fully model this complex dependency.
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V. CONCLUSION

This study proposes a Transformer-based multi-task se-
quence modeling method specifically for the recognition
and prediction of technical and tactical behaviors of tennis
players, where the need to process complex event sequences
for predictive analysis mirrors the high-precision sequence
modeling required for automated defect detection and con-
tinuous process control in modern manufacturing. First, by
constructing a structured sequence of hitting events and
incorporating multidimensional context such as player iden-
tity and match status, a fine-grained representation of the
coupled technical and tactical patterns is achieved. Second,
a shared encoder and task-specific heads are designed to
jointly optimize the three tasks of technical and tactical clas-
sification, hitting intention prediction, and round outcome
assessment, effectively avoiding information loss caused by
task fragmentation. Finally, a self-attention mechanism and
an embedding summation strategy are applied to enable
the model to model global dependencies and contextual
awareness. The results demonstrate that the proposed model
achieves performance advantages in technical and tactical
behavior recognition, dynamic intention prediction, and
early round outcome assessment, validating the powerful
expressive power of the Transformer in modeling discrete
event sequences. This paper achieves accurate recognition
of complex tactical patterns without visual constraints and
provides interpretable attention weights to reveal the logic
of tactical decision-making, offering a scalable, data-driven
methodology that parallels the need for interpretable pre-
dictive modeling and autonomous quality control decision-
making support in complex manufacturing processes.
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