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Figure 1: Athletes throwing a javelin and, on black background, counterfactuals generated using our system. Interpretations
of these counterfactuals include having a more extended arm during the throw, executing a stronger follow-through, or
performing a tighter cross-step.

Abstract
Providing athletes with feedback to refine their technique is key in
sports coaching and is critical for improving performance and pre-
venting injuries. However, access to expert coaching is often limited.
In this paper, we explore a novel counterfactual-based feedback
system as a complementary tool to expert coaching and conduct
a small-scale user study to explore its perceived usability. Our ap-
proach uses an augmented GANterfactual framework, a modified
CycleGAN architecture with a classifier-guided counterfactual loss,
to synthesize plausible, actionable feedback. As a test bed for our ap-
proach, we use the complex motor task of javelin throwing, a sport
that is characterized by high biomechanical demands and injury
risk. As we are interested in the perceived usability of our approach,
we conduct a user studywith 21 sports students. The subjective feed-
back provided by participants of our user study shows that, while
pose-based counterfactual feedback visualizations are appreciated
by athletes, for some users they require too much domain-specific
knowledge and are not “coach-like” enough. We find that athletes
are looking for accompanying textual feedback, supporting recent
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1 Introduction
Providing athletes with meaningful feedback to refine their tech-
nique is one of the core responsibilities of sports coaching. High-
quality feedback does not only improve performance but also re-
duces the risk of injury, particularly in sports involving repetetive,
high-intensitymovements [18, 24]. However, access to expert coach-
ing is often limited by geographic, financial, or logistical constraints.
While there has been a lot of work done in recent years on methods
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for sports analysis based on video [9, 13], wearable sensors [22], and
other methods, there is a lack of actionable feedback and explain-
ability of that feedback. This can limit their usefulness in guiding
athletes and coaches [3].

In this paper, we contribute to the existing literature on sports
feedback systems by leveraging the GANterfactual [16] approach to
generate actionable visual feedback in the form of pose-based coun-
terfactuals, and explore the perceived usability of our approach in
a small scale, exploratory user study. Instead of merely identifying
important regions in a video as feature attribution methods like
LIME [21] and others would, counterfactual generation approaches
illustrate how small changes in the input would lead to a different
outcome. This offers a direct and interpretable pathway for athletes
to understand how to refine their technique.

To this end, our approach extracts structured pose data from
video and transforms it into video-based counterfactual feedback.
These counterfactuals are then visualized as synchronized pose
videos. This allows athletes to directly compare their recorded
movement to generated feedback. To ensure accessibility, the sys-
tem is deployed as a web-based application that enables users to
upload videos and receive feedback without the need for domain-
specific expertise.

As our test-bed, we chose the track and field event of the javelin
throw. It is a technically demanding sport with a high incidence
of shoulder and elbow injuries due to its dynamic and repetitive
throwing motion [15]. Especially during training, where the same
complex throwing motion is executed over and over again, athletes
can benefit from having their form corrected. To train our models,
we collect a dataset of 547 videos of single javelin throw attempts
at the Institute of Sports Science at the University of Augsburg.

Aswe are interested in the perceived usability of our approach, in
addition to presenting the modifications we had to make to generate
counterfactuals based on skeletal pose data using the GANterfactual
approach, we conduct a small-scale exploratory user study with 21
sports students to assess the practical implications of real world
use of our system and gather feedback from real users. This user
study provided valuable insights into how athletes interact with
generated feedback based on skeletal pose data, and helped surface
concrete areas for future refinement.

To summarize, the contributions of this paper are:

• We present a novel application of classifier-guided coun-
terfactual explanations for athletic movement based on the
GANterfactual approach [16], extending prior work on static
or feature-level counterfactuals to structured, temporal pose
data.

• We curate a dataset of 547 annotated javelin throw videos
used to train and evaluate our models.

• We conduct a small-scale exploratory user study with 21
sports student, offering real-world insight into how athletes
engage with our approach. While preliminary in scope, this
evaluation provides an important early step toward ground-
ing XAI systems in real user contexts – a dimension often
missing in current explainability research.

In the following, we will first give a short overview of other
approaches used for similar sports analysis and feedback generation
tasks in Section 2. Additionally, we give a very short introduction

into the event of the javelin throw in Section 3. We then describe
our data collection in Section 4, and our system in Section 5. We
then describe our user study in Section 6 and discuss our results
in Section 7.

2 Related Work
2.1 3D (Body) Pose Understanding
Understanding 3D body poses is often a crucial task in human
activity understanding as it can be used as a low dimensional in-
termediary representation of stance and motion. Datasets like Hu-
mans3.6M [7] and NTU RGB-D [10, 23] have recently been used
to greatly improve the understanding of human pose through hu-
man pose estimation, action classification and markerless motion
capture. [1]

There are a great number of pose understanding methods re-
cently published. Ludwig et al. [12, 13] developed a CNN-based
framework for ski jumping that estimates critical flight parameters
by detecting athlete ski poses as well as arbitrary keypoints on the
human body. Wenninger et al. [28] evaluated the effectiveness of
different machine learning approaches in classifying tactical behav-
iors from a dataset of 1,356 beach volleyball matches. [9] developed
a new approach to infer 3D ball spin and trajectory from 2D video.
This knowledge is required to be able to accurately analyze a players
technique during training.

While all the methods described above provide valueable infor-
mation into an athletes/team performance, they all lack actionable
insights. Thus, we turn to counterfactual explanations to provide
these actionable insights. We want to understand whether pose-
based counterfactual explanations provide useable feedback to ath-
letes.

2.2 Counterfactual Explanations
The use of counterfactual explanations in XAI has gained significant
attention in recent years, as they pose an alternative to traditional
feature importance or saliency-based methods for interpreting ma-
chine learning models. Rather than asking why a certain outcome
occurred, counterfactual explanations focus on understanding what
would have been needed to change for a different outcome to hap-
pen [17]. By highlighting differences between the original input and
a generated counterfactual one can generate feedback in the same
domain as the input data, telling a user what he would need to have
done differently to improve. Existing literature provides evidence
that such explanations may provide users with a more intuitive
understanding of the model’s decision-making process [27].

Awide range of research has explored the use of generative mod-
els to automatically generate counterfactual explanations for vision
tasks. In particular, Generative Adversarial Networks (GANs) have
shown great potential [8, 20, 26]. Nemirovsky et al. [20] proposed
CounterGAN, a framework that produces residuals that, when
added to the input image, result in a counterfactual. Their work
however is tailored toward providing insight into how to improve
a given algorithm, not provide feedback to the user. Khorram and
Fuxin [8] proposed another framework that can generate counter-
factuals by learning latent space transformations of a generative
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model. However, they also do not provide any insights into user sat-
isfaction or perceived usability with the resulting counterfactuals
when used as explanations.

Another approach to generate counterfactual explanations –
originally developed for the image domain – is the GANterfactual
framework [16]. It works by integrating a classifier’s decision into
the loss function of a GAN to generate realistic input modifications
that lead to different classification outcomes. However, all of those
approaches focus on static images, i.e., they are not able to cope
with video data. Originally applied to medical imaging, GANterfac-
tual proved to have advantages regarding explanation satisfaction
over conventional feature attribution methods like LIME and LRP,
particularly with non-expert users in a variety of use-cases. For
instance, [5] applied a slightly modified version of the framework
to behavioral feature data in the context of job interview coaching.
Their system generated feature-based counterfactual explanation
from video instead of static images. These improved the perceived
interviewee engagement by offering textual feedback derived from
high-level behavioral metrics. In contrast, our work emphasizes
direct visual feedback in the form of video-based counterfactuals
to guide movement adjustments.

3 Javelin Throwing
Although our approach is applicable to a large range of different
sports, we focused on the javelin throw event as an exemplary use-
case. Javelin throw is an ideal testbed for counterfactual feedback,
as the required biomechanical optimizations allow variations in
movement to be meaningfully analyzed. Javelin throw is a track and
field event where athletes aim to throw a long, spear-like implement
as far as possible. According to Olympic regulations, the javelin
must be thrown overhand and land tip-first within a marked sector.
The athlete must remain within a designated runway and avoid
crossing the foul line; otherwise, the attempt is invalid [19, 24].

The javelin throw consists of four key phases: approach run, with-
drawal and cross steps, final steps and throw, and follow-through
[24, 25]. In the approach run, the athlete builds speed and control
while carrying the javelin above the shoulder. This phase is crucial
for generating momentum that can be transferred into the throw.
During the withdrawal and cross steps, the javelin is drawn back
while the athlete maintains alignment with the throwing direc-
tion. These movements are essential for preserving balance and
preparing the body for release. During the final steps and throw,
the braced front leg plants firmly, producing a braking impulse on
the body that enables the effective energy transfer from the lower
extremities onto the javelin. A series of rotations lead to a delayed
arm strike and maximum-force release of the javelin. The throwing
arm extends fully and snaps forward to release the javelin. The
follow-through allows the athlete to safely decelerate and remain
balanced after the throw. It reduces the risk of injury by dissipating
excess kinetic energy [25]. The different phases of the throw de-
scribed above put high stresses on joints and ligaments, increasing
risk of injury if improperly performed. Developing and maintaining
proper technique is essential in preventing injury in javelin throw
and other throwing events [2, 15].

Figure 2: Two frames taken from a raw video in the dataset,
depicting the withdrawal and throw phase of a javelin throw.

4 Data Collection
We recorded a dataset at the Institute of Sports Science at the
University of Augsburg consisting of a total of 547 videos of single
javelin throw attempts. These attempts were performed by 70 sports
students with prior training in the javelin throw. We additionally
collected additional metadata on the recorded subjects like age,
height, weight, handedness and gender. Attempts were performed
by a total of 37 male and 33 female participants. The number of
throws per person varied. Each video varies in length ranging from
5 to 30 seconds. For every attempt we recorded the achieved throw
distance. Distances ranged from 8 meters to 41 meters with a mean
distance of 22.46 meters and standard deviation of 6.60 meters.

The camera was positioned laterally to the runway, capturing
the thrower as they ran from left to right through the cameras field
of view. The recorded dataset is diverse in terms of background
scenery and distance and angle of the camera relative to the thrower.
Figure 2 shows exemplary video frames of the approach, withdrawal
and throwing phase of an attempt. All videos were downsampled
to 50 frames per second.

5 System Description and Model Training
In the following section we explain our data pre-processing pro-
cedure, counterfactual synthesis, and how feedback is presented
to users in our study. It has to be noted that while we use javelin
throwing as a practical example in some parts of our explanation,
our approach – apart from our method to recognize the relevant
video sections – can be extended to any task where: (i) There is a
quantifiable measure of performance, which can be used for binary
classification into "good" and "poor" performances. (ii) Feedback
can be entirely based on temporal sequences of 3D pose data.

A general overview of our approach is as follows: First, 3D poses
are extracted from all frames of a given input video using Medi-
aPipe [14]. The pose data is preprocessed and normalized, ensuring
uniform feature contributions. The normalized input features are
fed into a classifier trained to distinguish good from poor per-
formance. A modified CycleGAN-based generative model then
synthesizes counterfactual pose sequences that transform poor
performance pose sequences into improved ones, guided by the
classifier. Finally, the synthesized counterfactuals are visualized and
presented to users through a web application. This system enables
users to compare original and improved movements in a clear and
interpretable format. In the following, we describe the single steps
in more detail.
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Figure 3: System Overview: For each video frame poses are estimated and normalized. Then, data is clipped to the relevant
movement phases. Counterfactuals are generated, and the output is denormalized to the original input dimensions and
overlayed with the pose sequences and shown to the user.

5.1 Pose Estimation and Data Pre-processing
Given the limited size of our dataset described in Section 4, maxi-
mizing the retention of relevant information is essential. However,
raw video data presents high complexity, requiring any generative
model working directly in the video domain to be presented with
large amounts of training data. This is why it is crucial to extract
structured and comparable data from the available video material.
To this end, we employed the Mediapipe1 [14] framework for full
body 3D pose landmark detection, reducing the complexity of our
data. The pose estimation model we used provides a total of 33 key
landmarks per video frame. These include joints such as shoulders,
elbows, and knees, as well as a number of facial landmarks. See
Figure 4 for a visualization of the detected landmarks. Each video
was processed frame-by-frame, and the extracted pose data was
stored in tabular format containing the video and frame identifiers.

All 33 landmarks are normalized by image dimensions. As camera
placement, angle, and athlete placement are not consistent between
all videos, additional normalization was required to ensure data
consistency across and within different videos. To achieve this, all
coordinates were re-centered relative to the midway point between
the left and right shoulders. This shifts the coordinate origin to
the center of the torso, enabling the analysis of movements based
on relative joint positions. After re-centering, the coordinates are
scaled to [−1, 1], which helps stabilize neural network training by
ensuring uniform feature contributions.

To ensure that the system only focuses on information relevant
to the execution of the given task, pose landmarks that are irrel-
evant to it were removed. In our test-bed of javelin throwing, we
removed the facial landmarks (i.e., eyes, nose, and mouth) as they
do not contribute to the analysis of throwing technique. We kept
landmarks that describe head location and rotation. All in all, we
kept a total of 22 landmarks per frame.

To clean the input data, an automated algorithm was imple-
mented to detect the athlete’s entry and the release of the javelin
to isolate the relevant motion phases (approach, withdrawal, and
throw). Initially, all frames without any detections at the begin-
ning or end of the video were removed. The start of the run was
identified by detecting sustained forward movement, measured by
decreases in the 𝑥-coordinate of the right hip across at least 20
frames. To identify the frame corresponding to javelin release, the

1ai.google.dev/edge/mediapipe/solutions/

Figure 4: An example frame displaying the successfully de-
tected pose markers inpainted onto a video.

vertical position of the throwing hand was used the indicator, as
the highest point (i.e., the maximum y value) typically marks the
end of the throwing motion. It has to be noted that, while both
heuristics do have an impact on the length of the pose sequence,
since they only impact the sequence length, they do not limit the
applicability of the approach to other tasks. To achieve more reli-
able throw detections, a small window of averaged y-coordinates is
used, as it was observed that persons in the background sometimes
were detected as the person of interest.

5.2 Classifier
To generate counterfactuals, a binary classification of good and
bad performance is required. To this end, we train a classifier that
distinguishes good from poor performance, in our case javelin
throwing attempts, using throw distance as a proxy good and bad
technique. The median throwing distance (21.0 meters) is chosen to
divide the dataset into good and poor performances as the threshold.
We chose the median throwing distance as the cutoff threshold
to ensure a balanced dataset, avoiding class imbalances during
classifier training. It provides a easy to understand stand-in for more
complex performance measures one could use in our approach.
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Classifier CGenerator GY

Discriminator DY Domain Y

Generator GX

Discriminator DXDomain X

Figure 5: The GANterfactual framework [16] extends the
CycleGAN framework [29] by introducing an additional op-
timization goal via a classifier 𝐶 (highlighted in red). An
additional loss component L𝑐𝑜𝑢𝑛𝑡𝑒𝑟 enforces generated data
to flip the prediction of the classifier to the opposite class.
Figure adapted from [16].

Given the small scale of our dataset, it is not a viable option to
implement our classifier as a transformer model. Thus, the classifier
is implemented as a LSTM [6] model. Unlike fully connected net-
works, the input data retains its temporal structure and is provided
as a sequence of 22 3D pose landmarks flattened into a single vector
with a total of 100 time steps for a total input size of 100 × 66.

The sequence is first processed by an LSTM layer with 50 units,
outputting a full sequence of hidden states of size 100 × 50. This
allows the model to capture temporal dependencies throughout
the entire input. Then, dropout is used to drop 20% of the input
units, reducing the risk of overfitting during training. The output
sequence is passed through a second LSTM layer with 20 units.
We use the last hidden state of the second layer as a fixed-size
summary vector. This summary vector is fed into a single neuron
and a sigmoid activation function, yielding a score between 0 and
1 indicating whether the input sequence corresponds to a good
throw.

For training the classifier we perform 5-fold cross validation
with 30 epochs using the Adam [11] optimizer. This results in a set
of classifiers with an average validation accuracy of 77.88% with a
standard deviation of ±6.05%.

5.3 Counterfactual Skeleton Synthesis
We use a GAN-based architecture to transform sequences of pose
data from bad to good task performances. To guide the transforma-
tion process, we use the classifier described in the previous section.
Specifically, we modify a specific GANterfactual [16] generation
architecture described by [4].

GANterfactual is a GAN-based framework designed to create
counterfactual explanations, i.e., modified versions of the input
data that change the output of a classifier while remaining realistic
and interpretable. It extends the CycleGAN [29] architecture with
a so-called counterfactual loss.

The original CycleGAN objective combines adversarial and cycle-
consistency losses to enable translation between unpaired domains
(e.g., bad and good throws):

L(𝐺, 𝐹, 𝐷𝑋 , 𝐷𝑌 ) = LGAN (𝐺, 𝐷𝑌 , 𝑋,𝑌 )
+ LGAN (𝐹, 𝐷𝑋 , 𝑌 , 𝑋 )
+ 𝜆Lcycle (𝐺, 𝐹 )
+ 𝜇Lidentity (𝐺, 𝐹 )

(1)

Here, 𝐺 and 𝐹 are generators translating between domains 𝑋
and 𝑌 ; 𝐷𝑋 , 𝐷𝑌 are the corresponding discriminators. LGAN is the
standard GAN loss used to encourage the generation of viable
data from a given target domain. The cycle-consistency loss Lcycle
ensures that translating a sample to the target domain and back
reconstructs the original, encouraging transformations that are
structure-preserving. Structure-preservering transformations are
important, as we do not want to generate pose sequences, that
are examples of good javelin throwing technique, but are too far
from the original input sequence to be meaningfully actionable.
Additionally, we follow a recommendation by [29] and include
an identity loss Lidentity which penalizes changing inputs that are
already within the target domain.

To create meaningful counterfactuals, the GANterfactual frame-
work extends this objective with a classifier-guided counterfactual
loss, ensuring that generated samples not only resemble the target
domain visually but are also semantically valid with respect to a
trained classifier (see [16]). This is done by integrating the outputs
of the frozen classifier 𝐶 directly into the training process:

Lcounter (𝐺, 𝐹,𝐶) = E𝑥∼𝑝 (𝑥 )

[



𝐶 (𝐺 (𝑥)) −
(
0
1

)



2
2

]
+ E𝑦∼𝑝 (𝑦)

[



𝐶 (𝐹 (𝑦)) − (
1
0

)



2
2

] (2)

Lcounter penalizes generators 𝐺 and 𝐹 if the output does not
shift the classifier’s prediction toward the opposite class – for ex-
ample, if a sample from the “bad” domain remains classified as
“bad” after transformation. This encourages the generator to make
semantically relevant changes to the input that are recognized by
the classifier as the opposite of the input class. By doing so, it is
enforced that the generated samples not only resemble the target
domain, but are also classified as such. In our case, the classifier
𝐶 is the distance-based javelin throw classifier introduced in Sec-
tion 5.2. By this mean, we can generate pose sequences that are a
minimal-change example of the input sequence, transforming bad
to good throws.

The final objective then is:

Ltotal = LGAN + 𝜆Lcycle + 𝜇Lidentity + 𝛾Lcounter (3)
where 𝜆, 𝜇, and 𝛾 control the weight of cycle consistency, identity
preservation, and classifier guidance losses, respectively.

As in [5], we implemented our generators as fully connected
networks rather than using convolutional or recurrent layers. We
adapted the generator architecture to process the 6, 600-dimensional
feature vectors (100×66 = 6, 600), using fully connected layers with
ReLU and tanh activation functions. As such, similar to the classifier,
the counterfactual generation network processes all frames at once.

For our specific testbed of javelin throwing, we trained a set of
networks on the recorded dataset (see section 4). We perform a
grid search on the relevant hyperparameters of the training. We
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Figure 6: A frame of an analyzed sample with the original
landmarks inpainted on the original (left) and the counter-
factual pose (right). The counterfactual recommends the user
to lean forward and extend their arm more to have stronger
follow-through. We adjust the color brightness of the joint
connections linearly to the deviation of counterfactual and
original. As such, the user gets pinpointed to important parts
of the skeleton.

keep the best two models, both of which were trained using an
Adam [11] optimizer with a learning rate of 2 × 10−4 and weight
decay of 𝛽1 = 0.5. We used the weighting parameters of 𝜆 = 15,
𝜇 = 0.25, and 𝛾 = 0.5.

5.4 Visual Counterfactual Feedback
Tomake feedback accessible without requiring technical knowledge
or additional hardware, the system is deployed as a web application.
Users provide a video of them performing a javelin throw via a sim-
ple web-based interface. Upon uploading poses are estimated and
preprocessed, irrelevant video sections are clipped, counterfactual
feedback is generated and visualizations shown to the user.

To visualize input and counterfactual pose sequences we use
standard MediaPipe functionalities. The original and counterfactual
sequences are clipped to the same duration and synchronized frame-
by-frame. The counterfactual is displayed on a black background
for clear comparison, and both videos are slowed to 0.25× speed to
highlight subtle movements.

Differences between the original and counterfactual poses are
quantified using 3D vector differences between landmark connec-
tions. These are mapped to color intensities: Red for the original
input and green for the counterfactual feedback, with brightness of
the connecting edge indicating the degree of change between them
(Figure 6). This highlights which body segments were modified and
to what extent.

6 User Study
To explore the usefulness of our approach, we conducted a user
study to ascertain the quality of generated counterfactuals, and the
comprehensibility of the corresponding feedback for real athletes.

The study was conducted at the Institute for Sport Science at the
University of Augsburg. A total of 21 pre-service physical education
teachers (11 female and 10 male, volunteer sampling) aged 20 years
to 25 years old (𝜇 = 22.9 years, 𝜎 = 1.42 years) were recruited. They

had all completed a track and field course which lasted one semes-
ter which introduced them to the javelin throw. Consequently, all
participants had some proficiency in the fundamental principles
of javelin throw technique. None of the participants engaged in
regular training or competed at a professional level. We deliberately
chose to not include a control group as we were mostly interested
in the perceived usability of our approach. Utilising a control group
study design would facilitate the investigation into whether our
system outperforms other forms of feedback generation and pre-
sentation in terms of performance improvement. However, this was
not the primary objective of this work.

Our study setup was as follows:

(1) Warm-up: The participant performed a thorough warm-up.
(2) Introduction to the System: The participant was intro-

duced to the system using an exemplary input video. They
were given a brief explanation regarding the color coding of
the counterfactual and a potential interpretation of the coun-
terfactual. All participants received the same explanation.

(3) Demographics: Age, gender, and weight, as well as a self-
assessment of javelin throw performance of the participant
was recorded.

(4) Training Simulation (repeated 5×):
4a) Participants performed a javelin throw attempt. The at-

tempt was captured using a camera.
4b) The attempt was measured.
4c) Counterfactual feedback was synthesized using our sys-

tem using the recorded throwing attempt.
4d) Participants watched the feedback, rewatching it as often

as they wished before proceeding. This simulated how
participants would use the system during actual training.

(5) Quantitative Evaluation: Participants were asked to rate
the following questions on a scale of 1 (agree) to 5 (disagree).

Q1: “The system helped me become better at the javelin throw.”
Q2: “By using the system, I was able to further developmy javelin-

throwing technique in a targeted way.”
Q3: “The system helped me better understand my strengths and

weaknesses in the javelin throw.”
Q4: “Thanks to the system, I made faster progress in the javelin

throw than I had expected.”
Q5: “I would continue to use the system to further improve my

performance in the javelin throw.”
(6) Semi-structured Interview: Participants were asked to

answer the following set of questions:
Q1: “What did you like about the system?”
Q2: “Is the feedback in this form understandable and applicable

for you?”
Q3: “What did you not like about the system?”
Q4: “Do you have any other comments or suggestions for im-

provement?”

Answers were recorded and transcribed. In the following sec-
tion participants are referred to as ‘P” followed by an anonymised,
numerical identifier. To be able to cite participants, transcriptions
were translated from German to English.
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Figure 7: Distribution of the answers given by all participants
given to quantitative questions Q1-Q5. The mean answer is
marked as a black square.

6.1 Quantitative Evaluation
Figure 7 shows the distribution of all answers given to quantitative
questions Q1 - Q5. Mean answers are marked as a black square.
The scale was from 1 (agree) to 5 (disagree). All responses had
a standard deviation between 0.96 and 1.04. All responses had a
mean value of between 3.00 and 3.71 (more specifically 3.38 for
Q1, 3.33 for Q2, 3.00 for Q3, 3.71 for Q4, 3.10 for Q5). Overall,
these results show a trend toward slight disagreement with the
given questions, i.e. a slight negative perception of our system
with respect to helping improve the users javelin throw technique.
However, this can be explained through the answers given during
our qualitative evaluation.

6.2 Qualitative Evaluation
Q1 “What did you like about the system?” : 20 out of 21 participants
appreciated the visualization of features of the system. They found
the ability to view their own throwing sequence alongside an ideal
version particularly useful, as it allowed for direct comparison and
immediate, actionable feedback, e.g.:

• P3: “I liked that you could see your own version and the optimal
version.”

• P6: “That I could see myself throwing and that the mistakes
were already visually represented so that I could see where they
were.”

These results underscore the necessity for systems like ours that
support self-assessment through visual counterfactuals that jux-
tapose both actual and hypothetical movements. Color-coded vi-
sualizations and the capacity to pause or replay the video in slow
motion further enhanced the users’ abilities to analyze and reflect
on their technique, e.g.:

• P8: “I liked the fact that it was essentially a direct representa-
tion of my throw and then also marked in color how good or
bad the different parts were.”

• P10: “I could see the technique in slow motion and analyze
individual movement sequences frame by frame.”

Q2 “Is the feedback in this form understandable and applicable
for you?” : 12 out of 21 participants described the counterfactual
feedback as understandable and applicable, e.g.:

• P21: “Yes, definitely, because you get immediate feedback
through the video and can immediately see an improved ver-
sion of how the athlete’s position should have been. You can
then implement this directly in your next attempt.”

• P11: “I can see exactly where my weaknesses lie and I can see
exactly what I need to change so that there is no longer a red
line.”

Three participants found the feedback to be partially understand-
able and applicable, e.g.:

• P4: “I would say partly yes, partly no. Because it is clearly
marked, you can focus more specifically on what you need to
work on. But there are also difficulties with the system. The
axes overlap, and it is not always clear what is possible and
what is necessary. It is particularly difficult to see this clearly
when it comes to the feet.”

Out of the group of participants that found the feedback partially
and not directly understandable, four participants reported difficul-
ties in interpreting the generated feedback, e.g.:

• P6: “It’s good that you can see it visually, but you would then
have to somehow show what exactly the error is.”

Also, four our of the 21 participants highlighted that the presented
feedback may require domain knowledge to correctly derive what
to change, e.g.:

• P9: “Because I have previous experience with the technique
and know what it should look like, I was able to interpret the
suggestions, but as an uninformed test subject, I would not
have known that.”

The remaining two participants did not comment on the compre-
hensibility of the feedback.

Q3 “What did you not like about the system?” : The main criti-
cisms participants reported when interacting with the system were
twofold: The identification of the actual mistake had to be per-
formed by the user (4 out of 21 participants). Furthermore, there
was no additional textual representation of what had been done
incorrectly (4 out of 21 participants), e.g.:

• P8: “It [the system], does not point out the mistakes directly,
but only the parts of the body that are not right.”

• P6: “That the error is not described in, say, text form, rather
than just being marked.”

Additional recurring concerns were related to tracking accuracy
(3 mentions), the limitation of available axes, i.e. only one camera
angle (2 mentions), and the size of visualizations (2 mentions).

Q4 “Do you have any other comments or suggestions for improve-
ment?” : participants repeatedly expressed a desire for additional
textual feedback to improve the system, including a description of
the mistakes they made and ideally, exercises or drills to improve
their movements (8 mentions), e.g.:

• P2: “So, with a keyword, catchphrase, or sentence, what should
be improved?”

• P17: “I would say that figurative language should be added,
such that one can understand exactly what the system wants
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you to improve. So, is it the bow tension, is it the stretched arm,
...”

7 Discussion
In our quantitative responses, we discovered that our system was
slightly negatively perceived. However, we think that this can be
explained through the answers given to our qualitative questions.
While users generally appreciated the feedback offered by coun-
terfactual visualizations, we found that presenting counterfactuals
based on skeleton key points alone may not be sufficient for all
users. Several participants reported difficulties in interpreting what
exactly needed to be changed, even when there were clear visual
differences. These findings highlight a limitation of purely visual
counterfactuals based on skeleton key points: While they offer a
direct representation of what a better movement might look like,
they still require an additional interpretation step by the user.

This limitation was reflected in the recurring request for ad-
ditional textual feedback. Counterfactuals based on skeleton key
points seem to work well as the basis for feedback generation,
but without supporting explanations, they may place too much
interpretive responsibility on the user, particularly those with less
experience. We think that adding even short text elements or, as
one participant phrased it, “catchphrases” may help bridge this gap
and lower the barrier to actionability. This finding is supported by
work that was very recently published by Ashutosh et al. [1].

A key design challenge is related to how the system should
handle already competent or high-quality throws. When the input
movement is already near-optimal, the counterfactual generator
– trained to transform bad throws to good throws – will still at-
tempt to alter the input. In these cases, feedback might become
unnecessary, overly subtle, or, in theworst case, biomechanically im-
plausible, causing confusion to a user. A possible mitigation would
be to include a certainty or quality score that either suppresses
counterfactuals for high-quality inputs or flags them as optional
suggestions rather than corrections. Integrating such awareness
into the generation pipeline is an important direction for future
work.

A more fundamental challenge lies in how classifier errors affect
the training of the counterfactual generation model itself. Since
our generation model is guided by a classifier that defines what
constitutes a good versus bad throw, misclassifications during train-
ing can introduce noise into the training process of the generator.
For instance, if a poor-quality throw is mistakenly labeled as good
(a false positive), the generator may learn to emulate flawed tech-
niques, embedding suboptimal patterns into the target domain.
Conversely, false negatives - good throws mislabeled as bad - can
distort the generator’s understanding of what to correct, leading to
unnecessary or counterproductive modifications. Such issues not
only degrade feedback quality but may also undermine the model’s
ability to converge on physiologically sound transformations. More
reliable classification thresholds or even joint training strategies
that account for label uncertainty may help mitigate these risks.

One last limitation of our work lies in the selection of the user
group selected for our exploratory study. Our results are currently
limited to a group of users that is already familiar with the basics of

the javelin throw, while none of them are throwing on a professional
level.

8 Conclusion & Outlook
In this paper, we presented a system for generating counterfactual
visual feedback to support athletes in refining their technique using
the GANterfactual framework. We demonstrated our approach in
the context of javelin throwing. By combining pose estimation, a
classifier-guided GAN, and a web-based interface to present them,
our method provides intuitive, movement-based feedback.

The results of our study provide initial support for the feasibility
and perceived usefulness of the proposed counterfactual feedback
system. Participants largely responded positively to the visual feed-
back features, particularly the ability to compare their own move-
ments with a corrected version of their movement. The idea of
showing a plausible alternative improved version of the movement
was understood by most participants and helped them identify
areas in need of adjustment. We also identified the main area for
improvement in an additional layer of actionable feedback, namely
textual feedback.

For future work, an emphasis should be put on the generation
of multimodal counterfactual feedback, classifier safeguarding, and
a wider range of study participants (beginners, athletes, coaches,
etc.). In our study, participants repeatedly mentioned the wish for
a textual recommendations of what should have been changed
to increase the comprehensibility of the feedback. Generation of
corresponding textual counterfactual feedback could be realized by
employing an LLM.

Additionally, future work should investigate how AI-driven sys-
tems can effectively enhance human coaching practices. Under-
standing how coaches and athletes interpret and act on counterfac-
tual feedback could help integrate these tools more effectively into
real training environments. Although only tested on javelin throw-
ing, our approach might still be broadly applicable to other sports
that involve complex, technique-dependent actions such as long
jump, baseball pitching, or gymnastics. Applying our method across
a wider variety of sports will help evaluate its generalizability and
study domain-specific considerations for feedback design.
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