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Abstract
Coaching is critical for learning table tennis skills. However, ama-
teur table tennis players often lack access to professional coaches
due to high costs and a limited number of coaches.While recentmul-
timodal large language models show promise as virtual coaches,
most of the existing approaches merely rely on video analysis,
which is not comprehensive enough. In table tennis, many im-
portant kinematic details (e.g., strength, acceleration) cannot be
captured by videos. They can only be tracked using sensors. To
address this gap, we present T3Set (Table Tennis Training Set), a
multimodal dataset that synchronizes inertial measurement unit
(IMU) data from sensors mounted on 32 players’ rackets with video
recordings. The sensor data has 16 dimensions and a sample rate
of 100Hz. This dataset covers 7 fundamental techniques across 380
training rounds, totaling 8655 annotated strokes, with 8395 targeted
suggestions from coaches. The key features of T3Set include (1)
temporal alignment between sensor data, video data, and text data.
(2) high-quality targeted suggestions which are consistent with pre-
defined suggestion taxonomy. Based on T3Set, we propose a novel
two-stage framework that effectively integrates motion perception
with generative reasoning as a virtual coach. Our method quan-
titatively outperforms baseline methods. The dataset, code, and
documentation are available at https://github.com/jima-cs/T3Set.
∗Jiachen Wang is the corresponding author.
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1 Introduction
Coaches are vital for learning table tennis skills. They can effec-
tively identify the shortcomings during the training process and
provide targeted suggestions for improvement. However, due to
the high costs and the limited number of coaches, general amateurs
can hardly hire experienced coaches for training. A virtual coach
provides an opportunity for amateurs to obtain high-quality sug-
gestions with ease. With the development of large language models
(LLMs), various virtual coaches have been established by leveraging
the excellent dialogue and reasoning capabilities of LLMs. For exam-
ple, Zhang et al. [56] have explored generating training suggestions
for fitness, and Zhang et al. [57] developed an agent to conduct
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intelligent assessments of racket sports videos through video com-
prehension. While these virtual coaches can provide suggestions,
they are not comprehensive when applied to table tennis.

Table tennis training emphasizes precise body control andminute
movement changes, which can be reflected by important kinematic
information such as grip posture, racket angle, and stroke strength.
Such kinematic information should be comprehensively captured
by both cameras and sensors. However, existing virtual coaches
give suggestions only based on videos and conversations or even
conversations alone, missing the focus on sensor data. Intricate
and kinematic details, such as strength and racket angle [5, 22]
are not captured and analyzed, leading to inaccurate or off-target
suggestions[16, 27]. A virtual coach that can fuse video data and sen-
sor data for accurate and targeted suggestion generation is needed
for table tennis training.

Constructing such a virtual coach demands a high-quality dataset
including video data, sensor data, and well-annotated suggestion
data in table tennis for model training. However, to our knowl-
edge, no existing dataset can satisfy this requirement. To fill this
blank and facilitate the research on virtual coaches, we propose
T3Set, the first multimodal dataset for virtual coach construction
in Table Tennis Training. We mainly solved two challenges when
constructing T3Set. The first is accurate data alignment. Sensor
data, which tracks player movements, must align with the video
view, and coach feedback must be linked to specific moments in the
training session. However, these three types of data are recorded at
various frequencies (e.g., sensor: 100HZ, camera: 60fps, suggestion:
6-7/minute). In addition, the sensor and the camera use different
time systems. They may not share the same clock or time reference,
and the differences between the two clocks or time references may
change each time when recording data. All these issues make it
difficult to match data from all sources accurately.

The second is quantifiable evaluation. Existing evaluationmet-
rics for virtual coaches[56, 57] focus on subjective scoring. They
hire coaches/players to score each suggestion generated by the
virtual coach to evaluate the performance of suggestion genera-
tion. While this method can provide an approximate assessment
of a virtual coach’s ability, it is not scalable enough. Ma et al. [27]
define several error types existing in the training process and let
the virtual coach judge whether specific errors exist in a particu-
lar training process. This method is scalable and can evaluate the
virtual coach’s performance quantitatively by computing the error
detection accuracy. However, it cannot directly evaluate the quality
of the suggestions generated by the virtual coach. A quantifiable
evaluation method should be proposed.

To address the first challenge, we developed a three-phase align-
ment process. First, we segmented the videos and sensor signals
into clips, each of which contained a complete training round. Sec-
ond, we detected stroke (each hit in table tennis is called a stroke)
sequences from both kinds of clips, respectively. We designed an
alignment algorithm based on linear regression to align the video
clips and corresponding sensor clips. We manually align dirty align-
ment cases by checking the videos. Third, given that suggestions
were recorded in audio during video checking, we converted the
audio into text, and based on the timestamps of the audio, we man-
ually aligned the textual suggestions with the other two modalities.

To address the second challenge, we analyzed all suggestions and
summarized a suggestion taxonomy. Based on the taxonomy, we
converted each suggestion into a structured format to support the
quantitative assessment of the suggestion quality.
We further designed a two-stage framework, SenseCoach, to vali-
date the usability of T3Set. At Stage 1, we proposed a fusion model
incorporating cross-key attention mechanisms to integrate video
data and sensor data and generate suggestion keys. At stage 2, we
input suggestion keys into LLM for reasoning and suggestion gener-
ation. To our knowledge, We are the first to establish a high-quality
dataset involving aligned video data, sensor data, and suggestion
data in table tennis training scenarios. Based on the dataset, we
explored LLM’s ability to generate targeted suggestions. We hope
that our dataset and SenseCoach can inspire research on virtual
coach systems. We summarize our contributions as follows:

• We establish a multimodal dataset with aligned video-sensor-
text data in table tennis training.

• We propose a suggestion taxonomy to evaluate the quality
of suggestions quantitatively.

• Using this dataset, we proposed a two-stage framework,
SenseCoach, to generate targeted suggestions.

• We conducted experiments to evaluate the performance of
our framework.

2 Related Work
2.1 LLM-Based Virtual Coach
Before the LLM era, early works like swimming coaches [40], run-
ning assistants [44], and fitness trainers [54] were constructed based
on rule-based adaptation mechanisms and predefined content tem-
plates. These systems established foundational motion analysis
capabilities yet lacked contextual understanding and dynamic rea-
soning. LLM has had a huge impact on domains like sports[7, 26]
and sparked a lot of research on text[34, 45], interaction[49, 53],
and multimodality[15, 55], etc. LLM With the advent of LLMs, text-
centric systems emerged that leveraged conversational interfaces
[47] and RAG-enhanced knowledge injection [10], though their
inability to process physical motion data. This limitation motivated
the integration of visual understanding, where multimodal LLMs
reveal progress in fitness coaching [56], racket sports analysis [57],
and badminton analysis [8]. Recent work by Ma et al.[27] defined
several error types and utilized the LLM to detect specific errors
and give error analysis. While capable of visual understanding,
these works ignore sensor data as many kinematic details can only
be captured by sensors and other equipment. Moreover, they rely
on expert scoring and cannot directly conduct a quantitative eval-
uation of the quality and feasibility of the suggestions. Though
Ashutosh et al. [2] addresses actionability with pose and video data,
it still misses sensor data. Therefore, we propose a method that
combines video data and sensor data, establishing a new method
for generating targeted suggestions as an LLM-based virtual coach.

2.2 Multimodal Sports Datasets
The development of sports analytics facilitates the construction
of various multimodal sports datasets. The survey by Xia et al.
[52] summarized existing multimodal datasets for sports. However,
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Figure 1: T3Set comprises data from 32 amateur players, encompassing 7 stroke techniques, 380 rounds, and includes a total
of 8395 strokes and 8655 suggestions. According to the statistics, the 7 techniques collectively account for 8773 strokes. On
average, each round contains 23.5 suggestion sentences and involves 8.18 keys.

according to the survey, many existing datasets [43, 51] predomi-
nantly serve conventional analytical tasks such as tactic analysis
[41, 48], match simulation [50], and event prediction [42], which
cannot support the construction of virtual coaching due to the lack
of well-annotated suggestion data.
Some multimodal datasets have rich annotations for game sum-
marization, such as MSMO[35], and so on [23, 30, 35, 39]. And
some datasets hasve video-question-answer triplets for video un-
derstanding such as Sports-QA[24], EIGD [4], and X-VARS[21].
However, they rarely involve sensor data, which is important for
kinematic details. As noted in a survey[16], aligning sensor streams
(accelerometers, gyroscopes) with coaching knowledge remains
unresolved.
Ego4D [18] and Ego-Exo4D [19] provide egocentric action data
from Meta Aria glasses. The characteristics of the collection de-
vices allow them to directly include aligned video data and sensor
data, and their annotations can somewhat support virtual coach
construction, but the data collected by this type of equipment is not
suitable for racket sports dynamics. For table tennis datasets, there
are only traditional video data [3, 58]or sensor data[9] available.
So, we proposed a multimodal dataset with synchronized multi-
modal streams (video+sensor+suggestion text) for virtual coach
construction in table tennis.

3 T3Set: Table Tennis Training Dataset
In this chapter, we will introduce the structures, categories, and
features of T3Set, as well as the processing steps and alignment
algorithm.

3.1 Background about table tennis training
In table tennis, hitting the ball once is referred to as a stroke. Each
stroke features various techniques that lead to various directions
and speeds of spin. Mastery of these techniques is crucial to per-
formance in matches. Therefore, technique training is one of the
most important components of table tennis training. Multi-ball
training[20] is a popular method for technique training, where

a coach/ball machine continuously feeds balls to the player, and
the player practices consistent techniques to develop a stable tech-
nique performance. T3Set was constructed based on the multi-ball
training scenario.

3.2 Dataset Overview
As shown in Figure 1, T3Set includes video data, sensor data, and
text data of coaches’ suggestions. The detailed structure and de-
scription of T3Set are shown in Figure 1. It covers seven commonly
used techniques in table tennis (i.e., attack, block, flick, pendulum,
push, short, topspin). The whole dataset consists of 32 amateur play-
ers, 380 multi-ball training rounds, 8,655 strokes, and a total of 8,395
pieces of professional suggestions from coaches.

The data structure is as follows:

• Video Data All videos were recorded using two UGREEN
2K webcams with OBS in MKV format, with a frame rate
of 60hz and 1080p. According to the coach’s observation
habits, cameras are placed on the player’s right-hand side and
diagonally opposite. In the database, we label these positions
as ’right’ and ’remote’ respectively.

• Sensor Data Sensor data are collected using Wit-Motion
BWT901BLE5.0 with 100hz sampling rate. Sensor data di-
mensions include acceleration(x,y,z), angular(x,y,z), angular
speed(x,y,z), magnetic(x,y,z) and quaternion(1,2,3,4).

• Text DataWe used GPT-4o to convert transcribed audio text
into structured text. Each coach’s suggestions for each round
are stored separately in a JSON file with an index. Each sug-
gestion is parsed into a structured object including these
keys: suggestion_key, suggestion_type, suggestion_content,
start_time, end_time, while the stroke_index associates
with a specific stroke if it is live comments.

3.3 Data Collection
Raw data of T3Set were collected from table tennis training scenar-
ios at the university.
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Figure 2: The stroke detection of sensor data and pose data. A:
lack of detection; B: extraneous movements. The alignment
task is special for our scene and data features. We could find
the equal-distance, and the extraneous movements often
occur at the start and the end.

Participants:We recruited 32 table tennis amateurs (18 male,
14 female) from university student populations. Participant ages
ranged from 19 to 33 years (M=24.3, SD=3.2), with gaming experi-
ence spanning 4-18 years (M=10.4, SD=4.2). Professional training
duration varied between 0-8 years (M=2.0, SD=2.0). This diverse
range of age, experience, and training underscores the diverse back-
grounds of the participants and their suitability to represent ama-
teur players. All participants signed informed consent forms and
authorized open-source usage. The experimental procedure was
approved by the laboratory’s ethics review.

Procedure: At the beginning of data collection, all participants
signed informed consent. We used a ball machine instead of a
coach to feed balls to the participants during the multi-ball stroke
training to control the consistent quality and frequency of the fed
balls. Participants were required to use specially designed rackets
equipped with Inertial Measurement Units (IMU) in the handles.
We also placed two cameras according to the recommendations
from coaches to capture participants’ motions. One on the par-
ticipants’ right-hand side and the other on the diagonal side. All
strokes followed standardized parameters of each technique, in-
cluding serving machine settings, participants’ hitting positions,
and target landing points. Each participant needed to perform 7
techniques, and for each technique, he/she needed to conduct 3
rounds, which contained about 30 strokes (20 for some cases). Each
participant was asked to take a short break after completing each
technique (3 rounds). During the collection, data exceptions oc-
curred due to: (1) time/space constraints that prevented three full
rounds, (2) occasional video recording gaps during expert labeling,
and (3) sensor data loss caused by connectivity issues. Therefore,
we totally obtained 8655 valid strokes.

3.4 Data Processing
We developed a three-phase alignment approach to processing the
raw data, which includes: (1) Clip Segmentation and Pose Extrac-
tion, (2)Stroke detection and Cross-modality Alignment. (3) Coach
Annotation and Manual Checking. We hope our process can serve
as a reference for constructing similar sports datasets.

3.4.1 Clip Segmentation and Pose Extraction. We segment and or-
ganize the video clip and sensor clip for each round, create an index,
and use Mediapipe to extract poses from the videos. We use Medi-
aPipe Pose [17] to extract the strokes from videos. The selection
of MediaPipe Pose over higher-precision alternatives was moti-
vated by its optimal balance between computational efficiency and
accuracy, which is particularly crucial for real-world deployment
scenarios. This design choice does not compromise the core tech-
nical contributions focusing on cross-modal alignment. We chose
MediaPipe Pose’s pose_world_landmarks. x,y,z are Real-world 3D
coordinates in meters with the origin at the center between hips.
Pose data is an intermediate product but not our featured modal-
ity in T3Set. By using stroke sequences in pose data, we align the
sensor data with the video more precisely at the timestamp level.

3.4.2 Stroke Detection and Cross-modality alignment. We use sen-
sor and pose data to perform stroke detection on the sensor and
video data. Although there are some efficient ball trajectory de-
tection algorithms available now[38], there are too many balls in
multi-ball training scenarios, so we rely on expert observation for
ball tracking.

Stroke Detection. Video-based action recognition has matured
significantly in sports analytics. However, our experimental setup
creates uniquely favorable conditions for signal processing ap-
proaches due to three inherent simplifications: (1) Fixed-interval
stroke execution enforced by ball machine pacing, (2) Highly repet-
itive movement patterns. These controlled conditions allow reliable
detection through waveform analysis of sensor and pose trajecto-
ries, as shown in Figure 2. We utilized scipy.signal.find_peaks in
Python to detect stroke peak in signals of: Pose: Right wrist trajec-
tory (most regular kinematic marker) Sensors: Technique-specific
threshold on

√︃
𝑎2𝑥 + 𝑎2𝑦 + 𝑎2𝑧 . Finally, we manually checked the re-

sults to ensure accuracy.
There are two types of errors in stroke detection. (1)Under-detection:
Sensor occasionally missed strokes per sequence (Fig. 2A) (2)Over-
detection: Pose data sometimes registered extraneous movements
(Fig. 2B). What’s more, the timestamp of the sensor and video is
not aligned. Therefore, it is necessary to align and further match
the number of strokes recognized by both modalities.

Cross-ModalityAlignment. This paragraph presents themethod-
ology for aligning video and sensor data. The alignment challenge
stems from two temporal discrepancies: (1) IMU timestamps exhibit
sub-second deviations (<1s), and (2) video recordings only provide
second-level precision for start/end timestamps. This causes issues
when trying to match peak times after completing stroke detection.
Additionally, there may be missed strokes (Figure 2(A)) or false
peaks (Figure 2(B)) during stroke detection. This creates significant
alignment challenges between modalities. We first use a regression
algorithm to match the data, then plot the matching results, and
manually correct any low-quality matches.

The second step is to match the sensor sequence and pose se-
quence. Since the two sequences, the pose sequence extracted from
video P and the sensor sequence S, describe the same series of stroke
motion sequences, we can assume a fixed time offset between these
two sequences, denoted as 𝑑 .
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Our objective is, given a tolerance 𝛿 , to adjust P by the offset 𝑑
and check if the points in P fall within the bin [𝑠 𝑗 − 𝛿, 𝑠 𝑗 + 𝛿] for
some 𝑠𝑖 in S. If this condition holds, match 𝑝𝑖 with 𝑠 𝑗 . If multiple
points match the same 𝑠 𝑗 , we select the smallest one since the points
are close enough that it does not matter which one is chosen. The
algorithm could be described as Algorithm 1. We assume that the

Algorithm 1:Matching Peaks from Video and Sensor Data
Input: Pose sequence P extracted from video, sensor

sequence S, tolerance 𝛿 , offset 𝑑
Output: A sequence of matched stroke pairs (𝑝𝑖 , 𝑠 𝑗 )

1 # 𝑃 and 𝑆 are in ascending order.

2 for each point 𝑠 𝑗 ∈ S do
3 for each point 𝑝𝑖 ∈ P do
4 if 𝑝𝑖 + 𝑑 ∈ [𝑠 𝑗 − 𝛿, 𝑠 𝑗 + 𝛿] then
5 Match 𝑝𝑖 with 𝑠 𝑗 ;
6 break;
7 end
8 end
9 end

10 return All matched stroke pairs

strokes in the middle portion of the timeline are less likely to be
missing or incorrect. Therefore, we select 𝑛 consecutive strokes
around the center of the pose sequence extracted from the video
and also select 𝑛 consecutive strokes from the sensor data. Let p
represent the chosen pose data and s represent the chosen sensor
data, with the assumption s = p + 𝑑 . We aim to find:

𝑑∗ = argmin
𝑑

𝑛∑︁
𝑖=1

(𝑠𝑖 − (𝑝𝑖 + 𝑑))2, 𝑠𝑖 ∈ s, 𝑝𝑖 ∈ p

Here, s can be any continuous segment of the complete sensor
data sequence S, and we traverse the entire sequence S to identify
the optimal 𝑑∗ using Algorithm 1, thereby maximizing the number
of matched points.

3.4.3 Coach Annotation and Manual Check. Our annotation pro-
cess involved four domain experts:CoachA: International-certified
referee and Grade-One athlete with 15+ years coaching experience.
Coach B: University-level table tennis instructor who has rich
teaching experience. Coaches C & D: Grade-One athletes with
demonstrated coaching competency (>50 amateurs).

When coaches give suggestions, they should follow their usual
approach to training suggestions: provide live comments while
the video plays and give summary suggestions after watching.
In summary suggestions, the focus should not be on explanations
but on highlighting the main shortcomings in a round. All sug-
gestions are recorded as audio and transferred into text. Experts’
suggestions are synchronized to video timestamps during the anno-
tation process. In the end, we manually checked all stroke detection,
alignment, and suggestion annotation information.

3.5 Suggestion Taxonomy
3.5.1 Suggestion Keys and Suggestion Types. In discussions with
Coach A and Coach B, we summarized the suggestions found in all

annotation results and developed a hierarchical suggestion taxon-
omy. We categorized all suggestion keys from multi-ball training
into 25 types and suggestion types into five subtypes. The sugges-
tion keys are shown in the Appendix. We used GPT-4o to convert
the semi-structured text annotated by the coaches into a structured
format (Key-Type-Content), following our taxonomy. This enables
us to support the quantitative evaluation of suggestions, including
qualitative assessments of suggestions. We define a Suggestion Pair
as suggestion_pair=(suggestion_key,suggestion_type). When
calculating precision and other metrics later, we remove duplicates
based on the predefined key, type, and suggestion_pair before com-
puting the matches.

Figure 3: SenseCoach Architecture. Stage 1: Our fusionmodel
is used to select the suggestion key. Stage 2: Combined with
extracted data, LLM is utilized to generate suggestions ac-
cording to each key.

4 Application: SenseCoach
Based on T3Set, we present SenseCoach (Figure 3), a two-stage
framework that bridges multimodal sensing with LLM reasoning for
sports training, which helps LLM generate more targeted training
suggestions and validates the usability of our dataset.

4.1 Stage 1: Fusion Model for Key Selection
4.1.1 Problem Definition. Consider a table tennis training session
(called a round) containing 𝑁 consecutive strokes. Let each stroke
𝑠𝑖 (𝑖 = 1, ..., 𝑁 ) be represented as: 𝑠𝑖 = (P𝑖 ,M𝑖 ) Where:

• P𝑖 ∈ R33×10×3 denotes pose features (33 body joints × 10
timesteps × 3D coordinates)

• M𝑖 ∈ R16 contains sensor measurements from the IMU
mounted to the rackets.

Given a sequence of strokes S = {𝑠1, ..., 𝑠𝑁 }, we formulate a
multi-label ranking task that predicts relevant suggestion keys from
a predefined set K = {𝑘1, ..., 𝑘25}. The ground truth is a subset
K∗ ⊂ K that contains expert-annotated keys.

Our multi-modal fusion model processes table tennis stroke
data through three core components, as illustrated in Figure 4. In
this content, let 𝐵 denote batch size, 𝐾𝑝 represent the number of
pose joints (with 𝐾𝑝 = 33), 𝐾𝑠 represent the number of sensor
measurements (with 𝐾𝑠 = 16), and 𝐻 represent the hidden size
(with 𝐻 = 64).
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Figure 4: Multimodal Fusion Model Architecture. The model processes structured input from T3Set through three core
components:(1) Modality-Specific Encoders: Pose Encoder and Sensor Encoder. (2) Temporal Aggregation: Mean pooling or
LSTM. (3) Cross-Key Attention: Inter-modal feature alignment, (4)Learnable Key Mapping: Mapping layer from data keys to
suggestion keys. Final predictions output top-K suggestion keys based on probability distribution ranking.

4.1.2 Modality-Specific Encoding. The pose and sensor data un-
dergo separate feature extraction:
Pose Encoder handles 3D joint coordinates across 10 timesteps:

F𝑝 = 𝑓pose (P) ∈ R𝐵×𝑆×𝐾𝑝×𝐻 (1)

Sensor Encoder processes 16 sensor measurements per stroke:

F𝑠 = 𝑓sensor (M) ∈ R𝐵×𝑆×𝐾𝑠×𝐻 (2)

where 𝑓sensor contains two linear layers with GELU activation and
layer normalization. Then we concatenate the pose feature (F𝑝 ) and
sensor feature (F𝑠 ).

4.1.3 Temporal Aggregation. Weused average pooling for temporal
aggregation, and we will compare their differences in the ablation
study. Concatenated features F = [F𝑠 ; F𝑝 ] ∈ R𝐵×𝑆×(𝐾𝑠+𝐾𝑝 )×𝐻 are
aggregated through Average Pooling (average of different strokes
in a round).

Fagg =
1
𝑆

𝑆∑︁
𝑖=1

F:,𝑖,:,: (3)

4.1.4 Cross-Key Attention. A 4-head self-attention mechanism dis-
covers interactions between (𝐾𝑝+𝐾𝑠 ) data keys:

A = MultiHeadAtt(Fagg, Fagg, Fagg) ∈ R𝐵×(𝐾𝑠+𝐾𝑝 )×𝐻 (4)

4.1.5 Learnable Key Mapping. We previously introduced the sug-
gestion keys (subsubsection 3.5.1). In the pose data and sensor data,
each has its own data dimensions. Pose data has 33 dimensions cor-
responding to the 33 skeletal joints in MediaPipe. Sensor data has
16 dimensions. We created a predefined mapping dictionary from
suggestion keys to data keys based on expert advice and physical
quantity correspondence. For example, for angle of racket, we map
it to the sensor’s angle_y at the peak of the strike, as the angle_y re-
lates directly to the racket’s tilt given the IMU installation direction.
We also designed an additional layer of dimension processing for
sensor dimensions, aggregating sensor dimensions such as acc_x,
acc_y, and acc_z by taking the square root of their sum of squares.
In this case, the sensor data dimensions become 3 instead of 16. We

will discuss the differences of this design in the later ablation study.
The number of suggestion keys is 𝐾𝑠𝑔=25. A sparse projection ma-
trix W𝑚 ∈ {0, 1} (𝐾𝑠+𝐾𝑝 )×𝐾𝑠𝑔 (initialized from expert knowledge)
converts data key scores to suggestion keys:

z = (AW𝑜 )W𝑚 ∈ R𝐵×𝐾𝑠𝑔 (5)

where W𝑜 ∈ R𝐻×1 produces initial data key scores. The matrix
W𝑚 remains either fixed or trainable based on configuration.

4.1.6 Training & Inference. Using BCEWithLogitsLoss for multi-
label classification:

L = −
𝐾𝑠𝑔∑︁
𝑗=1

𝑤 𝑗 [𝑦 𝑗 log𝜎 (𝑧 𝑗 ) + (1 − 𝑦 𝑗 ) log(1 − 𝜎 (𝑧 𝑗 ))] (6)

Top-𝑘 suggestions are generated by selecting the highest scoring
keys from z without sigmoid transformation. The learning rate is
set as 0.00001.

4.2 Stage 2: Suggestions Generation with LLM
In this part, we introduce stage 2, generating suggestions using
the inference capabilities of LLMs. In stage 1, our fusion model
selects the top-k suggestion keys. Based on these top-k keys, we
map these keys to their corresponding multimodal dimensions and
corresponding data evidence. This key-evidence bundle serves as
the LLM’s input context, with detailed prompt provided in the Ap-
pendix. In stage 2, the LLM performs two core tasks: selecting the
predefined type according to the input key and generating sug-
gestions grounded in sensor-video evidence. The output is a list
of suggestions. Each suggestion generated by the virtual coach
includes: (1) a suggestion key in the predefined list and (2) a sugges-
tion type allowed in the predefined list. (3) improvement suggestion
content(round-level rather than stroke-specific comments). We use
precision to evaluate the ability to select the suggestion type and
ROUGE-L[25] to assess the text similarity.
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TopK=6 TopK=7 TopK=8 TopK=9

Model Name P(%) R(%) F1(%) P(%) R(%) F1(%) P(%) R(%) F1(%) P(%) R(%) F1(%)

Full Model 76.32 50.22 60.57 73.50 56.42 63.84 70.89 62.19 66.26 68.71 67.82 68.26

w/o lr_mp layer 56.58 37.23 44.91 56.39 43.29 48.98 57.07 50.07 53.34 57.46 56.71 57.08

w/o sensor preprocess 76.10 50.07 60.40 73.68 56.57 64.00 70.89 62.19 66.26 69.30 68.40 68.85
w/o stroke-avg 74.78 49.21 59.36 72.56 55.70 63.02 70.89 62.19 66.26 69.30 68.40 68.85

Table 1: Ablation Study of Stage 1 Fusion Model. Evaluates key components: (1) Learnable mapping (lr_mp) vs fixed projection,
(2) Sensor preprocessing with key-based aggregation, (3) Temporal aggregation using stroke-mean pooling vs LSTM. Metrics:
Precision (P) and Recall (R) for suggestion key prediction.

5 Experiments
We conducted three core experiments to compare the ability of
Suggestion Key Selection, Suggestion Type Selection, and Sug-
gestion Key-Type Pair Selection. The fusion model is used to
select suggestion keys. We designed an ablation study to compare
the model structure design, as shown in Table 1; we tested various
LLMs in Stage 2 on Suggestion Type Selection, as shown in Ta-
ble 2. We validate our framework’s effectiveness against baseline
methods Table 3. The following subsections detail our experimental
protocol, metric selection, and quantitative analysis.

5.1 Stage 1 Evaluation: Ablation Study
Building on the architecture described in subsection 4.1, we sys-
tematically evaluate three critical design choices:

(1) Temporal Aggregation: LSTM vs. Stroke Average.
(2) Key Mapping: Learned vs. predefined coach mappings
(3) Sensor Encoding: With/without kinematic preprocessing

(dimension aggregation)

The dataset was partitioned into 60% training, 20% validation, and
20% test sets, ensuring temporal continuity within sessions. Table 1
presents the quantitative comparisons. We use the precision, recall,
and F1 to measure the ability to select suggestion keys.

5.1.1 Result analysis. We analyze the results in Table 1 as follows.
(1) learning Key Mapping: it learns the more accurate sugges-
tion keys-data keys relationships than the predefined mapping we
propose with coaches. (2) Temporal Aggregation Strategy Using
the averaging of strokes is generally better than using LSTM for
temporal aggregation, but we think the difference is not significant.
Due to the nature of multi-ball training, the strokes in a round are
basically detailed repetitive movements, which means repeating
similar mistakes. So, the averaging method is more advantageous.
(3) Sensor Preprocessing: Given the test set size (76 rounds), we
think the performance difference is not significant, but the aggre-
gated sensor dimensions are easier for the LLM to understand.

5.2 Stage 2 Evaluation: LLM Ability Test
According to our suggestion taxonomy, if LLM wants to generate
suggestions, it should 1) select the suggestion key, 2) select the
suggestion type, and 3) generate suggestion content. Our evaluation
framework assesses LLMs’ capacity to classify suggestion types.
For the prediction precision loss in stage 1, corrections should be

model-name version P@6(%) P@6-S1L(%) R-L(%)

LLaMa 3.3 70B[29] - 38.82 51.64 18.96

Claude 3.5 Haiku[1] 241022 39.04 51.18 16.80

DeepSeek-R1[14] - 38.67 50.91 15.63

GPT-4o[31] 240806 36.40 48.49 20.02

o1-preview[32] 240912 36.62 48.07 18.89

LLaMa 3.1 70B[28] - 35.31 45.72 18.37

Qwen2.5-32B Instruct[36] - 34.65 45.37 22.09

Claude 3.5 Sonnet[1] 241022 33.11 44.21 19.68

LLaMa 3.1 405B[28] - 32.46 43.93 19.31

Gemini 2.0 Flash[12] 2502 33.55 43.51 19.55

Qwen2.5-72B Instruct[36] - 32.02 41.86 22.82

DeepSeek-V3[13] - 30.26 40.94 21.76

Qwen2.5-Max[37] 240919 28.95 37.35 23.34
Table 2: Type Selection Precision in Stage 2. This ability is
evaluated through P@6-S1L: Type classification accuracy
under perfect key assumption.

made in stage 2 to ensure the evaluation of the LLM’s ability on
the suggestion type.

5.2.1 Evaluation Protocol and Metric Design. P (Precision): Cor-
rect key-type pair selection. P-S1L: Type classification accuracy
under perfect key assumption. R-L(Rouge-L): Content similarity
between generated and expert suggestions. We evaluated using
precision rather than recall or F1 because the model or the LLM
has not learned about the number of expert suggestions (key-type
pairs), so using them for evaluation would not be meaningful. For
example, the model is asked to generate top-k=6 suggestions, which
include 6 (key, type) pairs. In the ground truth, after taking the
union of suggestions from the coach, there are 12 (key,type) pairs.
If 4 of the model’s 6 suggestions are in these 12 pairs, to calculate
precision, we have TP=4 and FP=2, so the precision is 66.67%. In
the FP, one is due to an incorrect key selection. After removing it,
when calculating P-S1L, we have TP=4 and FP=1, so P-S1L is 80.0%.

5.2.2 Result analysis. Here, we compared the various LLMs’ abil-
ity to select suggestion types (as shown in Table 2). For example,
Deepseek models outperformed others in type selection. ROUGE-L
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Select-Key Select (key,Type) Select-Type Content

Model Type P@6(%) R@6(%) F1@6(%) P@6(%) P@6-S1L(%) Rouge-L(%)

Claude-3.5-Haiku Our Method 75.66 47.69 57.71 39.04 51.18 16.80
text-only 56.58 35.95 43.39 30.48 53.79 16.56

LLaMa3.3 70B Our Method 73.68 46.43 56.19 38.82 51.64 18.96
text-only 32.46 20.13 24.46 14.47 44.63 16.31

DeepSeek-R1 Our Method 75.56 47.11 57.38 38.67 50.91 15.63
text-only 56.36 35.53 42.99 27.19 47.26 15.39

GPT-4o Our Method 73.68 46.43 56.19 36.40 48.49 20.02
text-only 60.09 38.18 46.05 31.36 49.85 17.89

GPT o1-preview Our Method 75.66 47.69 57.71 36.62 48.07 18.89
text-only 52.63 32.46 39.61 26.10 49.25 17.19

Gemini-1.5-Pro[11] video 67.54 42.58 51.55 18.20 26.21 18.89

VideoChat-Flash-qwen2-7B[33] video 9.87 6.38 7.64 5.92 33.99 11.27

- Random Selection 32.00 24.00 27.43 9.77 30.53 -
Table 3: Performance compared with baseline. Comparison with: (1) Text-Only LLM (structured data prompting), (2) Video LLM
(video input+structured sensor data). Evaluated on: (a) Key Selection (b) Full Suggestion (key+type accuracy) (c) Type Selection.

scores showedmarginal variance, which shows that content metrics
poorly reflect targeting specificity.

5.3 Baseline Comparison
We evaluate our two-stage framework against two baseline ap-
proaches:Text-Only LLM: Processes structured T3Set data through
standard prompting, Video LLM (vLLM): Give structured sensor
data and the raw video. (The prompts are given in the Appendix).

Due to time issues and difficulty deploying large open-source
vLLMs, we only tested this Gemini-1.5pro (SOTA on many bench-
marks) and VideoChat-7B (good in MVBench and Chardes-STA).

5.3.1 Result Analysis. We analyze the results in Table 3 as follows.
(1) Key Selection. Our fusion model achieved 75.66% precision
vs. 66.67% (VLLM) and 56.97% (Text-Only LLM). Random selec-
tion baseline: 32.0%. (2) In generating suggestions (selecting the
suggestion pair, meaning both key and type), our full pipeline
precision reached 39.03%, surpassing Text-Only LLM’s 31.36% and
VLLM’s 18.20%. Our method (stage 1 + stage 2) also outperforms the
based large language model used in stage 2. (3) ROUGE-L scores
showed minimal variation.

5.4 Case study
We introduce two suggestion generation cases along with corre-
sponding feedback from coaches.

Angle of Racket. We show experts the suggestions in the round
anonymous_0024-short-round_00. Coach C’s suggestion in anno-
tation is “You shouldn’t make the racket perpendicular to the table.”
The LLM’s suggestion is “Adjust the angle of the racket to achieve
better spin and control during strokes.” Both suggestions focus on
the angle of the racket.
Coach A thought while both suggestions had nuance differences,
both of them were valid. He pointed out that the angle of the

racket at the stroke moment is a variable that is difficult to ob-
serve. Coaches usually judge based on the ball trajectory combined
with their experience. Here, using sensor data key angle_y can
provide a reasonable suggestion key(it’s correlated with racket face
orientation).

Center of Gravity. In anonymous_0026-pendulum-round_02,
most of the suggestions from coaches about the center of gravity
were related to position, such as “Center of gravity is too high”. LLM’s
suggestions also focused on the center of gravity. However, most
of these suggestions are about the stability of the center of gravity.
This difference reveals the limitation of our framework where the
suggestion type is selected by LLM and LLM lacks enough domain
knowledge.

6 Discussion
In this section, we discuss the limitations of this work and potential
research opportunities based on our dataset.

6.1 Limitation
The limitations of our work primarily stem from the constraints
in computational resources, which have impacted our ability to
fine-tune LLM directly using our dataset. As a result, while our
framework demonstrates the potential for enhancing reasoning abil-
ity and domain-specific coaching capabilities aligned with human
expertise, the lack of fine-tuning means that the model’s perfor-
mance may not be fully optimized for suggestion generation, as we
can find in Section 5.4. In the future, we will try to find more com-
putational resources and try more alternatives to the framework to
enhance the quality of generated suggestions. Due to limitations in
the scope of previous data collection, the diversity of this dataset
does not include children and elderly individuals. We will collect
more diverse samples in the future.
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6.2 Research opportunities
Better virtual coach: Our dataset, which integrates video, sen-

sor data, and suggestions, offers a promising foundation for design-
ing an enhanced virtual coach for table tennis training. We have
prepared and cleaned the text data, making it easy to transfer into
the QA format using Python scripts and be used in the supervised
fine-tuning(SFT) or retrieval augmentation(RAG). By leveraging
T3Set, we can create a coach that goes beyond basic motion analysis
to provide targeted and actionable suggestions tailored to specific
training scenarios. However, there is still significant room for im-
provement in the quality of these suggestions. Both the accuracy
and the intuitiveness of the suggestions can be further refined to
align with players’ needs and optimize their training experience.

Future long-term experiment: In this work, we specifically
aim at the training scene, not real match conditions. The robustness
and adaptability in the multi-ball scenario is valid and highly ac-
curate. Real-world adoption is feasible after solving the alignment
of different modalities. We will build an LLM-based coaching app
and conduct more experiments and assess how AI-generated sug-
gestions impact actual skill improvement and player experience,
validating real-world effectiveness. We hope other researchers can
utilize this dataset to conduct long-term studies to validate real-
world training efficacy beyond technical accuracy metrics, or tran-
sition from training scenarios to competition scenarios.

Expanding to other sports, domains, and modalities: Based
on our practice, there is significant potential for generating similar
datasets in other sports. Sports like basketball, football, or bad-
minton also involve complex kinematic information and require
targeted suggestions [6, 46]. By collecting multimodal data from
these sports, we can develop virtual coaches tailored to the specific
demands and techniques of each sport. We believe that T3Set fills
the gap of the lack of a multi-modal dataset for racket sports train-
ing. This aligned dataset will bring more possibilities for sports
visual analytics and provide more opportunities for developing ad-
vanced training tools and interfaces. Moreover, other modalities,
such as biomechanical data, would allow for richer datasets and a
deeper understanding of player performance. This would help cre-
ate more comprehensive and adaptable coaching systems that can
be applied across a wide range of sports, pushing the boundaries of
personalized, AI-driven sports training.

7 Conclusion
In this paper, we introduce T3Set, a multimodal dataset that com-
bines aligned video, sensor data, and suggestion data for table tennis
training. Based on this dataset, we propose a two-stage framework
to generate more targeted coaching suggestions. While the current
system shows promise, further improvements in the accuracy and
intuitiveness of the suggestions are needed. Our approach has the
potential to advance virtual coaching and provide players with a
more personalized, data-driven training experience.
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A Appendix
A.1 Suggestions Keys
The suggestion keys include center_of_gravity, right_wrist,
right_shoulder, right_forearm, time_of_striking_ball, angle_of_racket,
left_foot, right_foot,waist, right_upper_arm, left_shoulder, left_elbow,
right_elbow, left_wrist, backswing_of_racket, left_hand, right_hand,
left_leg, right_leg, left_knee, right_knee, right_finger, upper_body,
grip_of_racket, and others. The suggestion types include position,
strength, stability, racket, and others.

A.2 Prompts
A.2.1 prompt for stage 2 evaluation in table 2. Our prompt includes
two parts. One is the system prompt, which describes the task, and
the other is the data prompt, which contains the data we give to
LLMs. If the LLM interface supports the system prompt, our system
prompt will be used as system prompt input, and our data prompt
will does not support the system prompt, these two parts will be
concatenated in the following manner and used as input: "system:
content" + <system prompt> + "user_content" + <data prompt>.

Here is the system prompt:
You are a table tennis coach. I have recorded video data and sensor
data of a table tennis technique training session.

This session is called ’multi-ball’ training, meaning the player
strikes the ball using the same technique repeatedly for N times in
a round.

Your task is to analyze the suggestions I provide, each with a ’sug-
gestion_key’ and its related ’data_key’ as well as the corresponding
data of this ’data_key’. I will give you M suggestion_key, you MUST
response M suggestions according to the suggestion_key I gave
you.

<data-description> Here is the explanation of the sensor data:
- "acc_peak_exp_sqrt": The peak value of the acceleration in the
x, y, z directions. - "agl_y_peak" : The peak value of the angle in
the y direction. - "agl_spd_peak_exp_sqrt" : The peak value of the
angular speed in the x, y, z directions. Here is the explanation of
the pose data: The input data is a sequence of pose data, each with
3 attributes, describing the position of the joint </data-description>
<task> Based on this information, you need to:

1. Read the ’suggestion_key’ and related data. 2. Select a ’sug-
gestion_type’ from the predefined types. 3. Generate a ’sugges-
tion_content’ sentence for each ’suggestion_key’. So, your sugges-
tions number should equal to the number of input ’suggestion_key’.
4. Output the suggestion in JSON format. ATTENTION! you should
copy the ’suggestion_key’ value but not the ’data_key’.

</task> <task-requirements> The ’content’ part should be a sen-
tence describing the suggestion. The predefined suggestion keys
are: [Predefined suggestions keys] you should just copy the ’sug-
gestion_key’ from input but not change or create a new one. The
predefined types for ’suggestion_type’ are: - position: Indicates that
the position of this key is incorrect. - strength: Indicates that the
force exertion or explosiveness of this key is incorrect or insuffi-
cient. - stability: Indicates that the stability of this key is incorrect.
- racket: Indicates that the relationship between this key and the
racket is incorrect. - others: Represents other types of suggestions
related to this key.

Please ensure that the output is in the JSON format as shown in
the example: <output format> ```json "suggestions_list": [ "con-
tent": "suggestion content", "suggestion_type": "suggestion_type",
"suggestion_key": "suggestion_key" ] ``` </output format> </task-
requirements>

Here is our data prompt:
You are expected to generate [input length] suggestions accord-

ing to the the [input length] suggestion_keys: [input suggestion
keys].

We retrievaled the following data of this round for each data_key.
Here is the sequence of the pose data.We provide only the data of
stroke moment, and the average value + Standard deviation around
the peak.[key:key relevant data]

A.2.2 prompt for LLM text-only baseline ability test. In our text-
only pipeline precision evaluation("text-only" part in table 3), We
use the system prompt + data prompt policy similar to stage2 eval-
uation in table 2 and "Our Method" part in table 3.

Here is our system prompt:
You are a table tennis coach. I have recorded video data and

sensor data of a table tennis technique training session.
This session is called ’multi-ball’ training, meaning the player

strikes the ball using the same technique repeatedly for N times in
a round.

Your task is to analyze the data I provide, each with a sequence
of pose data and the corresponding sensor data, describing the
behavior of the player around the stroke moments. You will also
know the technique of the stroke as well.

<data-description>
Here is the explanation of the sensor data: - acc_x: Acceleration

along the x-axis of the imu - agl_speed_x: Angular speed along the
x-axis of the imu - agl_x: Angle along the x-axis of the imu - mgt_x:
Magnetic field along the x-axis of the imu - quat_1: Quaternion
component 1 </data-description>

<task> Based on the data, you need to provide the most impor-
tant [topk] suggestions for the player to improve his technique.
Each suggestion must describe only one aspect of the player’s be-
havior and how to improve it. The suggestions must contain 3
parts: ’content’, ’suggestion_key’ and ’suggestion_type’. The ’sug-
gestion_key’ part in each suggestion must be unique and should
be one of the predefined types. </task> <task-requirements> The
’content’ part should be a sentence describing the suggestion.

The ’suggestion_key’ part should be the key of the data that the
suggestion is based on. The predefined types for’suggestion_key’
are: [Predefined suggestion keys], you must not create a new one.

The ’suggestion_type’ part should be the type of the suggestion.
The predefined types for ’suggestion_type’ are: Based on this in-
formation, you need to: - position: Indicates that the position of
this key is incorrect. - strength: Indicates that the force exertion
or explosiveness of this key is incorrect or insufficient. - stability:
Indicates that the stability of this key is incorrect. - racket: Indicates
that the relationship between this key and the racket is incorrect. -
others: Represents other types of suggestions related to this key.

Please ensure that the output is in the JSON format as shown in
the example:

<output format>
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```json "suggestions_list": [ "content": "suggestion content",
"suggestion_type": "suggestion_type", "suggestion_key": "sugges-
tion_key" # you should copy the ’suggestion_key’ but not the
’data_key’. ] ``` </output format> </task-requirements>

Here is our data prompt:
Here is the sequence of the sensor data. We provide only the

data of stroke moment, and the average value + Standard deviation
around the peak.

The input data is a sequence of sensor data, each with 16 at-
tributes: [16 sensor attributes]

round_meta_info:[meta_info], stroke_number:[stroke number]
[sensor data of the stroke moment + static information around

the stroke] Here is the sequence of the pose data. We provide only
the data of stroke moment, and the average value + Standard devia-
tion around the peak. The input data is a sequence of pose data, each
with 3 attributes, describing the position of the joint: [3 position
attributes] round_meta_info:[meta_info], stroke_number:[stroke
number] [pose data of the stroke moment + static information
around the stroke]

A.2.3 prompt for data cleaning. We cleaned the data with the as-
sistance of LLMs. We leveraged LLMs to translate the original com-
ments from coaches into English and summarize the comments into
predefined keys and suggestion types. We use the system prompt
to explain the task, describe the input format, and input coach
comments record in JSON format as a user prompt.

Here is our system prompt:
"<task>You are a table tennis coach using English, now here is a

JSON file containing some advice commenting a video,
which consists of a sequence of "start", "end", "text", "index",

"comment_zh" and "comment_en", summarize the comments in
the form ’joint:suggestion’, the ’joint’ here means the part of body
the line of json comment on, and you should aggregate and clean
the occurring keys, mapping them to the predefined categories in:
NewAllowedSuggestionKey = [Predefined key list] that is, add a
new field ’suggestion_type’, which allows five values: position: In-
dicates that the position of this key is incorrect. Strength: Indicates
that the force exertion or explosiveness of this key is incorrect
or insufficient. Stability: Indicates that the stability of this key is
incorrect. Racket: Indicates that the relationship between this key
and the racket is incorrect. others: Represents other types of sug-
gestions related to this key.Don’t classify them as ‘others‘ unless
you really need to. Each record must only comment on one sugges-
tion key, which means if the previous comments contain multiple
’joint:suggestion’ pairs, you should split them separately. </task>
<addition></addition> <example1>Here is an example, input: [in-
put example] output:[output example] </example1>

<notation>every record in the output need to follow the struc-
ture : [output format] Other irrelevant variables should remain
unchanged. Focus on processing "comment_en"</notation>"
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