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Abstract

As tennis continues to gain global popularity, there is a
growing need for precise, scalable, and standardized train-
ing solutions. However, the evaluation and instruction of
tennis techniques remain largely dependent on subjective
assessments by experienced coaches, limiting consistency
and automation. In this paper, we present TAGS (Tennis
Action Guidance System), a unified framework that lever-
ages large language models to generate expert-level eval-
uations and actionable feedback for tennis performance.
Given a tennis video and a user-defined query, TAGS first
extracts 3D skeletal keypoints, encodes the motion into a
structured representation, and employs prompt-based LLMs
to assess performance across five critical dimensions: sta-
bility, coordination, power generation, technical execution,
and rhythm. To support this process, we introduce (1) a
pose—language unified representation that aligns 3D motion
data with natural language understanding, (2) structured
prompt templates grounded in professional coaching exper-
tise, and (3) a multi-dimensional evaluation protocol incor-
porating both human and automated assessments. In ad-
dition, we contribute the first large-scale dataset for tennis
action evaluation, comprising 3,000 video—query—feedback
triplets authored by certified coaches. Extensive experi-
ments demonstrate that TAGS consistently outperforms ex-
isting baselines in delivering accurate, domain-specific,
and actionable feedback. This work marks a step forward in
developing interpretable, human-aligned systems for real-
world sports action assessment and intelligent coaching.

1. Introduction

In the domain of intelligent sports, tennis serves as a repre-
sentative task due to its strong dependence on precise body
coordination and technical execution. Traditional meth-
ods for evaluating tennis actions predominantly rely on the
subjective observation and verbal feedback of experienced
coaches. However, such approaches suffer from inconsis-
tent evaluation criteria, high inter-observer variability, and
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How is the hitting coordination of this tennis player?

Upper body: The shoulders were opened too early, causing

the right arm to detach from the torso when swinging,

resulting in an uncoordinated swing trajectory; The left hand |
(not clapping hands) failed to effectively assist in body
turning and was relatively passive throughout the entire
process.

®

What impact will this issue have?
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power and can easily lead to a loss of control over the hitting

The fragmentation of the hitting action weakens the hitting
angle, increasing the probability of going out of bounds.

[What are the suggestions for improvement?
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Non hand clapping guidance: It is required to keep the left
hand pointing towards the direction of the incoming ball
until the shoulder turning stage of the racket is reached,
then naturally retract and force the torso to rotate in
coordination.
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Figure 1. An example TAGS system response for tennis action
evaluation, given a video and user query. This sample highlights
hitting coordination analysis—issues, impacts, and improvement
suggestions—while the full output also addresses stability, power,
technique, and rhythm.

limited scalability, thereby making it particularly difficult to
deliver high-quality, personalized guidance to amateur play-
ers.

While some prior studies have attempted to apply deep
learning techniques to the recognition and classification of
tennis actions [2, 21, 28, 44], most of these efforts are con-
strained to identifying what the action is, rather than eval-



uating how well it is performed or how it could be im-
proved. More recently, certain approaches [11, 13] have ex-
plored converting single-frame 3D poses or short motion se-
quences into textual descriptions for the purpose of coarse-
grained behavioral understanding or classification. Never-
theless, these methods typically demonstrate limited mul-
timodal modeling capacity, lack fine-grained analysis, and
fail to provide actionable, instructional feedback. Crucially,
they do not establish a closed-loop system that connects per-
ception with expert-level guidance.

With the rapid advancement of Artificial Intelligence,
particularly Large Language Models (LLMs) [6, 9, 12,
17, 19, 37, 41], significant progress has been made in the
understanding and generation of multimodal information.
These models have shown great promise in handling vi-
sual, temporal, and structural data such as images [3, 26],
videos [4, 25, 45], and motion sequences [8, 20, 46]. In
complex and highly dynamic sports like tennis, this techno-
logical trend offers new opportunities for automated evalu-
ation and personalized instruction.

However, technical movements in tennis—such as
swinging, jumping, and torso rotation—often occur within
very short time windows and involve subtle temporal dy-
namics. If a model fails to accurately capture these fine-
grained, time-sensitive features, the resulting interpretation
is likely to be incomplete or misleading, leading to un-
reliable and impractical feedback. This challenge high-
lights the inadequacy of current LLMs in capturing com-
plex temporal dynamics inherent in human motion, and ex-
poses their limited temporal sensitivity and reasoning capa-
bility in high-speed action modeling. Therefore, enhancing
the temporal perception of LLMs for fast-paced motion se-
quences and effectively translating this understanding into
structured, professional, and instructive feedback is a criti-
cal challenge in building real-world action assessment and
coaching systems.

To address these issues, we propose a unified LLM-
based framework for tennis action assessment and guid-
ance. Given a tennis video and a user-defined query, our
system first extracts 3D skeletal keypoints and encodes the
motion into a structured representation. The encoded data is
then fed into a large language model, which generates com-
prehensive feedback covering five core dimensions: sta-
bility, coordination, power generation, technical execution,
and rhythm/continuity. The output highlights key weak-
nesses, their potential impacts, and corresponding improve-
ment suggestions (see Figure 1).

To support this framework, we introduce three key mech-
anisms. First, we propose a pose—language unified repre-
sentation, in which multi-frame 3D skeletal sequences are
encoded into a structured format that aligns with natural
language input, allowing LLMs to interpret tennis actions
within a unified semantic space. Second, we employ struc-
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tured prompt engineering using expert-informed templates
to guide the generation process, ensuring that the model out-
puts are coherent, professional, and actionable. Third, we
establish a multi-dimensional evaluation protocol that in-
corporates both expert human ratings and automatic metrics
to assess the generated feedback across four critical dimen-
sions: accuracy, expertise, readability, and usability.

Additionally, we construct the first expert-level ten-
nis action assessment dataset, containing over 3,000
video—question—feedback triplets written by professional
coaches. This fills a critical gap in multimodal datasets
that combine fine-grained actions with corresponding ex-
pert commentary.

Our main contributions are summarized as follows:
(1) We propose TAGS, a unified framework for tennis ac-
tion understanding and instructional feedback, which es-
tablishes a closed-loop system that maps multimodal input
to expert-level guidance. (2) We construct the first large-
scale and structured dataset for tennis action assessment,
featuring high-quality textual annotations and well-aligned
question-answer pairs. (3) We develop a comprehensive
evaluation methodology, including prompt design analysis,
benchmarking against existing multimodal LLMs, and a hu-
man study comparing the performance of the TAGS system
with that of professional coaches.

2. Related work

Multimodal Large Language Models. The rapid ad-
vancement of large language models (LLMs), such as GPT,
Qwen [43], and LLaMA, has catalyzed progress in uni-
fied modeling across modalities including vision, text, au-
dio, and video. In the domain of motion understand-
ing, researchers have explored the use of LLMs to process
3D poses, image frames, and video sequences by encod-
ing them into representations compatible with language in-
puts. Representative works such as UniPose [1, 24], Mo-
tionGPT [20], and ChatPose [13] adopt token-level dis-
cretization of skeletal keypoints, enabling LLMs to be ap-
plied to pose generation, understanding, and editing tasks.
While these multimodal LLMs demonstrate strong cross-
modal reasoning abilities in general contexts, two limita-
tions persist in the context of sports: (1) a lack of modeling
capacity for fast, fine-grained motion sequences, and (2) an
inability to produce domain-specific and actionable guid-
ance, often resulting in abstract or generic descriptions.
Video-Based Action Understanding. Video-based ac-
tion understanding remains a central topic in computer vi-
sion, encompassing tasks such as action recognition, tem-
poral localization, and behavior segmentation. Earlier ap-
proaches relied on spatiotemporal convolutional networks
(e.g., C3D) or optical flow-based methods [38, 40]. More
recently, transformer-based architectures such as TimeS-
former [5], VideoMAE [36], and STCFormer [34] have



emerged, offering improved temporal dependency model-
ing for long-range sequences. In sports contexts, several
studies have applied 3D convolution or skeleton-based net-
works to recognize and score specific movements [2, 21].
However, these works primarily address the question of
“what the action is,” rather than “whether the action is cor-
rect” or “how it can be improved.” Some efforts have ex-
plored action quality assessment via regression-based scor-
ing [15, 31, 42], but often lack interpretable, language-
based feedback, limiting their applicability to real coaching
or instructional scenarios.

Action Assessment and Instructional Feedback. Ac-
tion assessment tasks go beyond recognition, requiring
models to evaluate the quality of a given movement across
multiple dimensions and provide constructive feedback.
This problem combines knowledge of biomechanics, mo-
tion semantics, and natural language generation, making
it significantly more complex than classification or gener-
ation alone. Some recent studies [10, 11, 14, 22] attempt to
construct pose-pair-to-text systems that describe differences
between two actions, but these typically focus on generic
or daily behaviors rather than domain-specific athletic per-
formance. In practice, motion evaluation in sports still re-
lies heavily on expert coaches, and automated systems re-
main underdeveloped. Existing models often fail to cap-
ture important aspects such as temporal continuity, rhythm,
and inter-limb coordination. Moreover, generated text tends
to lack the precision, professionalism, and practicality re-
quired in real-world settings. Therefore, building systems
that integrate high-quality motion representation with struc-
tured, context-aware language feedback, especially in do-
mains such as power mechanics, timing, and stability, re-
mains a critical and underexplored challenge in intelligent
sports training.

3. Dataset

The performance of supervised models is fundamentally de-
pendent on the quality and quantity of the available anno-
tated datasets. Multimodal datasets, in particular, present
greater challenges in terms of management and annotation
due to the complexity of aligning diverse modalities. As a
result, they are often smaller in scale compared to unimodal
datasets. Table | presents a comparative summary of ex-
isting multimodal datasets in the literature, with a focus on
those comprising text-image and text-video pairs.

To facilitate fine-grained, interpretable, and structured
evaluation of tennis techniques, we introduce a novel
expert-annotated dataset for tennis action assessment. Each
sample in the dataset consists of a short video clip, a cor-
responding question about a specific tennis movement, and
a detailed answer that provides both assessment and guid-
ance. The answers are systematically organized into five
evaluation dimensions—stability, coordination, Kinetic
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chain, technical compliance, and rhythm—and are further
decomposed into three analytical components: weaknesses,
impacts, and recommendations. This hierarchical anno-
tation structure enables the dataset to support multimodal
models that integrate both language and action understand-
ing tasks.

3.1. Dataset Composition

To support fine-grained analysis and generation of tennis
action assessments, we construct a novel dataset consisting
of 3,000 tennis action videos, each paired with a detailed
natural language evaluation. To the best of our knowledge,
this is the first large-scale dataset specifically designed for
tennis action assessment, bridging the gap between raw mo-
tion data and professional coaching-level feedback. No-
tably, each evaluation exceeds 800 words, providing com-
prehensive and in-depth feedback that enables athletes to
better understand their technical shortcomings and clear di-
rections for improvement.

Each data sample includes:

Tennis action video: A single clip showcasing a specific
type of tennis action (e.g., backhand, volley, serve).

3D skeleton sequence: A frame-wise sequence of 17
keypoints extracted from the video, representing essential
human joints (e.g., hips, spine, shoulders, knees).
Natural language evaluation: A paragraph-level struc-
tured assessment written in fluent, instructional language,
simulating how a human coach would comment on the
motion.

The action evaluation is organized around five core per-
formance dimensions that align with coaching practice:
Stability: e.g., body balance, center of mass control.
Coordination: e.g., interaction between limbs and torso.
Power Generation Mechanism: e.g., kinetic chain, tim-
ing.

Technical Specification: e.g., preparation, swing path,
follow-through.
Rhythm and Continuity: e.g., flow, timing disruptions.

For each dimension, the evaluation typically includes:
Observed Issues: A clear description of the technical or
biomechanical problem.

Potential Impact: The effect of the issue on performance
consistency, power, or accuracy.

Targeted Suggestions: Actionable improvement strate-
gies rooted in professional training techniques.

Additionally, each evaluation concludes with a core
improvement strategy section, summarizing key training
recommendations that span multiple performance aspects.
These strategies are designed to be practical and im-
plementable, such as “balance-board shadow swings” or
“multi-ball interception drills,” making the dataset highly
valuable for real-world coaching scenarios and Al learning
alike.



Dataset Type Instances SK Context VQA Captioning AE
Conceptual 12M [7] Images 12M - Various - v -
LAION-5B [33] Images 3B - Various - v -
LLaVA dataset [27] Images 158k - Various - v -
MovieQA [35] Videos 408 - Movies v v -
TVQA [23] Videos 21k - TV shows v v -
Video Instruction Dataset [29]  Videos 100k - Various v v -
HowTo100M [30] Videos 136M - Youtube - v -
TennisPose [39] Videos 2k 2D Tennis - v -
THETIS [16] Videos 8374 3D Tennis - v -
Tennis Action-GE (Ours) Videos 3k 3D Tennis Action Evaluation v v v

Table 1. Comparative overview of relevant datasets. Tennis Action-GE contains high-quality tennis action evaluations annotated by 20
experienced coaches. It is the only dataset focused on expert-level evaluation of tennis technique. SK denotes types of skeletal keypoints,
AE refers to action evaluation, and VQA stands for visual question answering.

3.2. Dataset Novelty and Strengths

This dataset has several distinctive features:
First-of-its-kind: No existing public datasets provide
structured, multi-aspect assessments of tennis actions in
natural language form.

Expert-aligned instruction: Each evaluation mirrors the
analysis logic of real tennis coaches, making it highly in-
terpretable and pedagogically relevant.

Action-level granularity: Assessments are not generic;
they are tailored to specific stroke types (e.g., volley, fore-
hand, slice), with contextual feedback.

Rich semantic structure: Evaluations include multi-
paragraph analysis with subheadings and logical progres-
sion (problem — impact — advice), facilitating both su-
pervised learning and NLG tasks.

Application-ready: The dataset is well-suited for train-
ing and evaluating LLMs on tasks such as motion cap-
tioning, action diagnosis, performance coaching, and in-
structional feedback generation.

3.3. Dataset Construction

To construct a high-quality dataset for tennis action assess-
ment, we propose a hybrid pipeline that combines LLM-
based analysis with expert refinement. The entire process
includes three main stages: automatic generation, expert re-
vision, and final validation.

Automatic Evaluation Generation.In the first stage, we
utilize a large language model (DeepSeek [18]) to generate
preliminary action assessments. For each sample, we pro-
vide two sequences of 3D human keypoints extracted from
tennis action videos: one representing a standard demon-
stration (labeled as coach), and the other a non-standard per-
formance (labeled as student). Each sequence consists of a
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series of frames, and each frame contains 17 keypoints rep-
resenting key body parts, including the hips, spine, shoul-
ders, elbows, knees, wrists, and ankles.

To elicit meaningful analysis from the language model,
we design a domain-specific prompt that asks the model to
evaluate the student’s tennis movement—such as a back-
hand stroke—from five core perspectives: stability, coor-
dination, power generation mechanism, technical specifica-
tion, and rhythm & continuity. The prompt instructs the
model to avoid numerical or coordinate-based descriptions
and to provide natural language explanations, as if observ-
ing a real tennis action video.

The resulting output from the model is a structured,
professional-level assessment written in natural language.
Each output identifies key weaknesses, potential impacts,
and specific suggestions for improvement, thereby forming
the initial version of our action evaluation data.

Expert Revision and Enrichment. To ensure the qual-
ity and authenticity of the dataset, we invite 20 experienced
tennis coaches to manually revise the automatically gener-
ated assessments. Each coach is asked to watch the actual
tennis action videos associated with each sample and refine
the evaluation text accordingly. Coaches are encouraged to
freely pause, replay, or skip frames to avoid fatigue and en-
sure accuracy. They are given full flexibility to rewrite or
restructure any part of the assessment to better match real-
world coaching logic and expression.

This expert-in-the-loop revision process guarantees that
the evaluations not only reflect professional judgment, but
also retain high readability and instructional value for both
humans and models.

Final Quality Check. After expert revision, a final val-
idation is conducted by an additional group of 10 senior
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Figure 2. Architecture of TAGS. TAGS is a tennis action guidance system designed to evaluate athletic performance based on skeleton-
based motion features. The system first extracts spatio-temporal skeleton sequences from input tennis videos using a pretrained STCFormer
model. These features are first input to a large language model (Qwen2.5-7b), after which a linear projection aligns them to the text
embedding space required by the model. The language model has been fine-tuned using LoRA to generate structured motion assessments.
The prompt includes five evaluation dimensions—balance, coordination, power, technique, and rhythm—and the model outputs natural
language feedback detailing weaknesses, impacts and suggestions for improvement. Frozen parameters in both the vision encoder and
language model ensure stable representation learning, while LoRA updates only a small set of learnable parameters.

coaches, who cross-check all samples to eliminate factual
errors, misjudged assessments, or redundant phrasing. This
step ensures a consistent, reliable, and error-free dataset
suitable for downstream applications in tennis action under-
standing, generation, and coaching feedback systems.

4. Methodology

Figure 2 illustrates the overall architecture of our proposed
Tennis Action Guidance System (TAGS). The system pri-
marily consists of two key components: STC-Former [34],
a model specialized in extracting 3D human skeletal key-
points from video sequences, and Qwen2.5-7B [32], a
large-scale language model with 7 billion parameters de-
signed for reasoning and evaluation.

4.1. Architecture

Given an input tennis action video v € RITXHXWXC
where T, H, W, and C represent the number of frames,
height, width, and channel size respectively, the video is
first passed through a temporal slow-down module. This
module addresses the challenge of high-speed motion typi-
cally present in athletic movements, producing a temporally
expanded video vy € ROXTXHXWXC where S is the slow-
motion scaling factor.
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The slowed-down video v; is then processed by the
STC-Former to extract 3D skeletal joint coordinates. For
each frame, we obtain 17 anatomical keypoints represented
by:

Wi = {(xivyhzi)}iel (1)
where ¢ indexes the anatomical keypoints including pelvis
center, spine, chest, neck, head, right hip, right knee, right
foot, left hip, left knee, left foot, right shoulder, right elbow,
right wrist, left shoulder, left elbow, and left wrist.

Over a sequence of 1" frames, we denote the full skeletal
sequence as:

W = {wi,wa,... w; € RTXP )

where W denotes the sequence of skeletal poses over T'
frames, w; is the pose at time ¢, Z is the number of anatom-
ical keypoints, and D is the spatial dimension (e.g., D = 3
for 3D coordinates).

Before feeding the skeletal sequence into the language
model, a skeleton preprocessing module is applied to com-
press the data and reduce token length, while preserving
essential motion characteristics. Since transformer-based
models like Qwen2.5-7B have a limited context window,
even a short (e.g., 3-second) video may generate a sequence
exceeding the model’s input capacity.

aWT}v



To address this, we propose a two-step preprocessing

pipeline:

1. Temporal subsampling: Retain only one out of every
five frames.

2. Floating-point truncation:
(z,y, z) to 4 decimal places.
The resulting compact representation is denoted as:

Round each coordinate

W = SPM(W, K, L) (3)

where W denotes the input initial skeleton sequence, and
K, L are hyperparameters controlling the SPM process, set
respectively to 4 and 5.

The preprocessed skeleton sequence W is embedded
into a natural language prompt tailored to the tennis ac-
tion evaluation task and fed into the Qwen2.5-7B model.
This architecture allows TAGS to bridge the gap between
low-level motion features and high-level semantic evalua-
tion and guidance, delivering expert-level diagnostic feed-
back in natural language.

4.2. Fine-tuning Strategy and Prompt Design

During the fine-tuning phase of our large language model
(Qwen2.5-7B), we do not directly use raw video frames
paired with their corresponding action assessments as train-
ing data. Instead, we utilize the extracted 3D skeletal key-
point sequences as input, paired with expert-written ten-
nis action evaluations as supervision. Importantly, the
weights of STC-Former remain frozen throughout this pro-
cess, ensuring that the model continues to produce con-
sistent and domain-invariant representations of human mo-
tion. Only the Qwen2.5-7B model is fine-tuned, en-
abling it to acquire domain-specific knowledge related
to tennis action understanding and evaluation. To per-
form parameter-efficient adaptation, we employ Low-Rank
Adaptation (LoRA) during fine-tuning. This approach sig-
nificantly reduces GPU memory consumption by injecting
trainable rank-decomposed matrices into each layer of the
language model, while keeping the original weights frozen.
As aresult, the model can be effectively adapted to the ten-
nis domain with minimal computational overhead.

To enhance both the response relevance and generation
efficiency of the model, we designed a task-specific prompt
template tailored to the tennis action evaluation task. The
prompt is constructed to guide the LLM to emulate the per-
spective of a professional tennis coach, and is structured as
follows:

USER : <Question> <EvaluationFocus> <W>
Assistant :

where < Question > represents a user-posed query re-
garding tennis action assessment, < EvaluationFocus >
outlines five key evaluation dimensions: stability, coordi-
nation, power generation mechanics, technical correctness,
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and rhythm and fluency. The variable < W > denotes
the 3D coordinates of human skeletal keypoints extracted
from tennis action videos.Notably, the prompt design was
developed in close collaboration with experienced tennis
coaches, whose domain expertise ensured that the instruc-
tions accurately reflect real-world coaching language and
focus areas. This collaboration contributed to the clarity,
specificity, and practical utility of the generated feedback.
TAGS is trained to generate responses in an autoregressive
manner, conditioned on these prompts.

This carefully crafted prompt enhances the model’s abil-
ity to produce accurate, instructive, and human-readable
evaluations without relying on low-level numerical artifacts.
By bridging structured motion representation and high-level
coaching insight, our fine-tuning methodology effectively
aligns LLM capabilities with the needs of automated sports
performance analysis. In particular, our fine-tuning is com-
plemented by carefully crafted prompt designs that explic-
itly guide the model to focus on key evaluation dimensions
such as stability, coordination, power generation, technical
execution, and rhythm. These structured prompts help con-
strain the model’s output space and enhance the relevance,
clarity, and actionability of the generated feedback.

5. Experiments

In this section, we design three experiments to comprehen-
sively and rigorously evaluate the performance of TAGS on
the task of tennis action assessment and guidance.

5.1. Evaluation Study

Evaluating generative tasks such as text, image, or video
generation remains a substantial challenge due to their in-
herent subjectivity and the lack of universally accepted eval-
uation metrics. Conventional linguistic metrics are not well-
suited for our purpose, as two textual responses can differ
significantly in language yet convey essentially the same
meaning.

To obtain quantitative results, we conducted a human
evaluation study involving 10 professional tennis coaches,
each with over 10 years of coaching experience and more
than 1,000 students coached. Each coach was asked to as-
sess 20 randomly selected short tennis action clips (3—5 sec-
onds in length). The coaches were blind to the source of
each response (i.e., whether it was generated by a human ex-
pert or by TAGS). To mitigate potential biases due to emo-
tional or environmental factors, the coaches were allowed
to complete the evaluations at their convenience.

The evaluation was conducted across four principal di-
mensions: Accuracy, Professionalism, Readability, and
Practicality, each reflecting a critical aspect of assessment
quality. Each dimension was rated on a 5-point Likert
scale (5 = strongly agree, 1 = strongly disagree). Ta-
ble 2 summarizes the evaluation results. Overall, the per-



Eval. Dim. Acc.t Prof.t Read.f Pract.T| Avg.
Score
Referees 4.70 4.85 4.65 4.60 4.70
TAGS 4.62 4.75 4.80 4.58 4.69
Diff. -0.08 -0.10 0.15 -0.02 | -0.01
Table 2.  Comparison of Scores between Coaches and

TAGS.The performance of TAGS was comparable to that of hu-
man experts, with only minor differences in scores. Acc. = Ac-
curacy, Prof. = Professionalism, Read. = Readability, Pract.
Practicality, Diff. = Score Difference, Eval. Dim. = Evaluation
Dimension.

formance of TAGS was comparable to that of human ex-
perts, with only minor differences in scores. In particular,
TAGS achieved higher scores in readability, likely bene-
fiting from the strong language generation capabilities of
Qwen2.5. However, slight deficiencies were observed in
accuracy and professionalism, attributed to occasional hal-
lucinations where TAGS introduced errors or referenced ac-
tions not actually present in the video. Regarding practical-
ity, the lower scores were mainly due to TAGS providing
less specific and actionable guidance compared to human
coaches, who tended to provide more personalized training
recommendations and clearly articulated drills.

Evaluator Similarity Clarity Practicality
ChatGPT-40 4.80 4.75 4.70
DeepSeek 4.75 4.78 4.68
Average 4.78 4.77 4.69

Table 3. Automatic Evaluation of TAGS by LLMs. ChatGPT-
40 and DeepSeek were provided with two evaluation texts—one
written by a professional coach and the other generated by TAGS.
They were prompted to assess the similarity, clarity, and practi-
cality of the TAGS-generated text relative to the coach’s version.
Scores range from 1 to 5.

We further conducted automatic evaluation using two
advanced LLMs, ChatGPT-40 and DeepSeek, which com-
pared human-written and TAGS-generated tennis action as-
sessments across content relevance, clarity, and practical
usefulness. As shown in Table 3, TAGS responses closely
matched expert-level assessments, with scores nearing the
maximum of 5.

In conclusion, TAGS demonstrates a strong capacity to
understand tennis action videos and produce expert-aligned
evaluations and suggestions, confirming its value for action
analysis and personalized feedback.
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5.2. Comparative Study

To validate TAGS’s effectiveness in generating tennis ac-
tion assessments and guidance, we conducted a compara-
tive study with two leading multimodal LLMs, ChatGPT-40
and Qwen2.5-VL, recognized for strong visual understand-
ing and language generation.

Experimental Setup: We selected 20 tennis video clips,
each ranging from 3 to 5 seconds in length, covering a di-
verse set of tennis techniques, including forehands, back-
hands, volleys, and serves. Each video clip was associated
with a predefined question, formatted similarly to those em-
ployed during the training phase. These input pairs were fed
into the TAGS system, ChatGPT-40, and Qwen2.5-VL, re-
spectively, and their generated responses—comprising both
action assessment and instructional suggestions—were col-
lected for evaluation.To assess the perceived quality of these
responses, we invited ten experienced tennis coaches and
the corresponding students featured in the videos to jointly
evaluate the outputs. For each video, the coaches indepen-
dently selected the response they deemed most appropriate.
Meanwhile, each student chose the response they consid-
ered best among the three evaluations generated specifically
for their own tennis action video.

System ChatGPT- Qwen2.5- TAGS
40 VL

Coaches (%) 26.5% 17.5% 56.0%

Students (%) 25.0% 15.0% 60.0%

Table 4. Human Preference for System Outputs. Ten experi-
enced coaches and the corresponding students were asked to select
the most helpful response from three systems (TAGS, ChatGPT-
40, and Qwen2.5-VL) for each video. The table reports the per-
centage of times each system was preferred by coaches and stu-
dents, respectively.

Results: Table 4 shows the results. The results demon-
strate a clear preference for the TAGS system. These
findings suggest that both expert evaluators and end users
perceived the outputs from TAGS to be more informa-
tive, relevant, and actionable than those produced by the
baseline models.This consistent preference across both
groups highlights the effectiveness of TAGS in delivering
domain-specific, user-aligned feedback that better supports
tennis skill development.These findings suggest that al-
though general-purpose multimodal language models pos-
sess strong generative capabilities, they often fall short in
professional application scenarios such as sports coaching,
where precise motion interpretation and actionable guid-
ance are essential. In contrast, TAGS demonstrates clear
advantages in tennis-specific analysis and instruction, pro-
ducing feedback that is both contextually appropriate and
practically implementable.



model version prompt type fine-tuning Accuracy?t Professionalism{ Readability?  Practicality!
status

Qwen2.5-7b simple prompt non-fine- 4.65 4.10 4.30 4.05
tuned

Qwen2.5-7b templated prompt non-fine- 4.66 4.22 4.60 4.25
tuned

TAGS simple prompt fine-tuned 4.68 4.80 4.69 4.46

TAGS templated prompt fine-tuned 4.70 4.85 4.76 4.62

Table 5. Ablation results across model versions, prompt types, and fine-tuning status. This table shows average scores on accuracy,
professionalism, readability, and practicality for various setups. We compare two models (Qwen2.5-7B and our fine-tuned TAGS) with
simple and templated prompts, both fine-tuned and non-fine-tuned. Results indicate that prompt design and fine-tuning improve response
quality, with the TAGS model using templated prompts achieving the highest scores across all metrics.

5.3. Ablation Study

Effect of Prompt Design. To investigate the influence
of prompt engineering on the quality of action assessment
generation, we designed an ablation experiment in which
the model architecture and input 3D skeletal keypoint se-
quences were held constant, and only the prompt formula-
tion was varied. Specifically, we compared the performance
of our proposed structured prompt template with that of a
generic natural language prompt.

The structured prompt explicitly instructed the model to
act from the perspective of a professional tennis coach and
provided detailed evaluation dimensions, including: stabil-
ity (e.g., balance and control of the center of mass), coordi-
nation (e.g., interaction between upper and lower body),
power generation (e.g., continuity of kinetic chain and
timing of force application), technical correctness (e.g.,
preparation posture, swing path, and follow-through), and
rhythm and fluency (e.g., smoothness and avoidance of re-
dundant motions). It also required the model to describe the
motion as if observing a live-action video rather than ana-
lyzing numerical data, discouraging the use of coordinates,
angles, or frame counts in the output.

In contrast, the generic prompt simply instructed the
model to evaluate a tennis action based on a list of 3D key-
points, without further elaboration or guidance. To evaluate
the responses generated under each prompt condition, we
invited experienced human coaches to serve as evaluators.
The generated outputs were scored across four criteria: ac-
curacy, professionalism, readability, and practicality, using
a 5-point Likert scale (1 = poor, 5 = excellent).

As shown in Table 5, the structured prompt substantially
outperformed the generic prompt in all dimensions, with
particularly notable improvements in readability and practi-
cality. These results highlight the importance of clear, task-
specific prompt design in guiding large language models to
produce more coherent, relevant, and domain-appropriate
outputs in specialized applications.

Fine-tuned vs. Pre-trained Models. To further as-
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sess whether fine-tuning on domain-specific data improves
model performance in the tennis action assessment task, we
compared two model configurations: (1) the base Qwen2.5
model without fine-tuning, and (2) the fine-tuned version
used in our TAGS system. Both models were provided with
the same 3D skeletal sequences and the same structured
prompt template.

Table 5 shows that the fine-tuned model achieved higher
scores across all dimensions, with the most substantial
gains observed in professionalism and practicality. These
results demonstrate that fine-tuning on task-relevant mo-
tion data significantly enhances the model’s ability to un-
derstand tennis-specific biomechanics and generate more
expert-level, actionable instructional feedback.

6. Conclusion

This paper proposes a unified LLM-based framework for
the assessment and guidance of tennis action. Given a video
and a user query, the proposed method generates structured,
multidimensional feedback covering both key weaknesses
and improvement suggestions. Specifically, this paper de-
signs a pose language representation, expert-guided prompt
templates, and a systematic evaluation protocol. In addition,
this paper builds the first expert-annotated dataset for ten-
nis action feedback. The experimental results show that the
method provides accurate, readable, and actionable guid-
ance. This work offers a step toward real-world intelligent
sports instruction.
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