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Abstract— The growing demands of stroke rehabilitation
have increased the need for solutions to support autonomous
exercising. Virtual coaches can provide real-time exercise
feedback from video data, helping patients improve motor
function and keep engagement. However, training real-time
motion analysis systems demands frame-level annotations,
which are time-consuming and costly to obtain. In this work,
we present a framework that learns to classify individual
frames from video-level annotations for real-time assessment
of compensatory motions in rehabilitation exercises. We use a
gradient-based technique and a pseudo-label selection method
to create frame-level pseudo-labels for training a frame-level
classifier. We leverage pre-trained task-specific models -
Action Transformer, SkateFormer - and a foundation model -
MOMENT - for pseudo-label generation, aiming to improve
generalization to new patients. To validate the approach, we
use the SERE dataset with 18 post-stroke patients performing
five rehabilitation exercises annotated on compensatory
motions. MOMENT achieves better video-level assessment
results (AUC = 73%), outperforming the baseline LSTM
(AUC = 58%). The Action Transformer, with the Integrated
Gradient technique, leads to better outcomes (AUC = 72%)
for frame-level assessment, outperforming the baseline trained
with ground truth frame-level labeling (AUC = 69%). We show
that our proposed approach with pre-trained models enhances
model generalization ability and facilitates the customization
to new patients, reducing the demands of data labeling.

Index Terms— Compensatory Motion Patterns, Stroke Re-
habilitation, Real-time Motion Assessment, Saliency Maps,
Weakly Supervised Learning, Transfer Learning, Transformers,
Tasks-Specific Models, Foundation Model.

I. INTRODUCTION

After a stroke, prompt rehabilitation therapy with task-
oriented exercises is crucial for motor function recovery [1],
[2], [3]. Therapists evaluate motor function, guide exercises,
and provide proper feedback [4]. With the increasing patient
load, high rehabilitation costs, and therapist shortages [5],
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[6], recommendations for autonomous exercise at home or
between therapy sessions have grown [7]. Exercising alone
is notably challenging as the lack of guidance and feed-
back highly impacts motivation and engagement, hampering
recovery [5], [8]. This has drawn interest in rehabilitation
support solutions research, such as Virtual Coaches (VCs).
VCs must assess exercise performance and provide real-time
feedback helping to improve motor function [9], [10].

Advances in computer vision and machine learning have
made it possible to automatically and objectively assess
movement ability from videos [11], [12], [13]. While review-
ing performance after exercises needs video-level labels [13],
giving feedback during exercises requires detailed labels at
the clip or frame level. However, collecting fully labeled
datasets is expensive, time-consuming, and often impractical
in many real-world situations [14], [15].

Past research mainly used fully supervised models to
provide real-time (frame-level) feedback on stroke rehabil-
itation exercises [16], [17], [18]. Lee et al. [19] used a
gradient-based technique to generate frame-level pseudo-
labels from salient features and frames, identifying compen-
satory patterns (e.g., shoulder elevation) in video frames from
a full motion trial assessment. However, further evaluation on
pseudo-labels usability for real-time assessment was missing.
Later, Céias et al. [20] introduced a framework using saliency
maps and a threshold method to create pseudo-labels from
salient kinematic measures and frames. These labels trained
a model to detect incorrect movements at the frame level,
aiming to work even on weakly labeled datasets. In semantic
segmentation, Class Activation Mapping (CAM) for pixel-
level label assignment has been used for training semantic
segmentation modes, enhancing their performance [21]. In
action recognition, video clip-level pseudo-labels have been
generated by leveraging attention scores to facilitate action
localization [22], [23].

To effectively support rehabilitation exercises or clini-
cal decision-making, solutions should ensure robust model
generalization to new patients as a single solution must
accommodate a diverse population. However, it is impractical
to train models from scratch for each new patient [24]. Using
transfer learning, such as leveraging pre-trained models on
large datasets, enhances generalization when the source and
target domains or tasks are identical or somehow related [24].
These techniques have proven successful in human action
recognition tasks [25], [26], [27] with small datasets.

In this work, we introduce a framework that classifies
individual frames using video-level annotations for real-



time assessment of compensatory motions in rehabilitation
exercises. Our approach leverages pre-trained task-specific
models — Action Transformer (AcT) [28] and SkateFormer
[29] — trained on large action recognition datasets, and
the time-series foundation model MOMENT [30], which
performance we compare against a Long Short-Term Mem-
ory (LSTM) network baseline for video-level assessment.
We employ a gradient-based technique and a pseudo-label
selection method to generate frame-level pseudo-labels from
video-level predictions, which we use to train a frame-level
classifier. We explore Vanilla Gradient and Integrated Gradi-
ent techniques and compare different strategies for pseudo-
label selection. By using pre-trained models, we aim to en-
hance video-level generalization outcomes for new patients,
improving quality in pseudo-labeling and subsequent frame-
level classification. We evaluate our approach using the SERE
dataset, which includes 18 post-stroke patients performing
five functional exercises annotated on compensatory motions.
MOMENT achieves superior video-level assessment (AUC
= 73%), surpassing the baseline LSTM (AUC = 58%). For
frame-level assessment, AcT delivers the best results using
Integrated Gradients for pseudo-label generation (AUC =
72%) outperforming the baseline trained with ground-truth
frame-level labels (AUC = 69%). Frame-level ground-truth
labels are only used for training the baseline frame-level clas-
sifier and for validation purposes. Our approach, leveraging
pre-trained models, enhances generalization and simplifies
customization to new patients, reducing data labeling efforts.

This work provides the following contributions:

o« We explore the advantage of using pre-trained task-
specific models, trained on action recognition datasets,
and a foundation model for time-series on generalization
outcomes to new patients on video-level compensatory
motion assessment in stroke rehabilitation exercises;

o We investigate the impact of improved video-level
assessment on frame-level pseudo-label generation by
evaluating subsequent frame-level classification results
across models used in the pipeline;

o We explore Vanilla and Integrated gradient techniques
jointly with a single or dual threshold pseudo-label
selection for frame-level pseudo-label selection.

II. METHODS
A. Problem Definition

We consider a set of N
untrimmed videos of post-
stroke patients performing
a functional exercise mo-
tion trial, V = {o'}N,
1 denotes the video num-
ber. Each video has a la-
bel, y* = {0,1}, denoting
the existence of compensa-
tion in the described mo-
tion (0: normal, 1: compen-
satory motion). Post-stroke patients may describe compen-
satory motions — new movement patterns adopted to enable

Fig. 1: Example of a shoulder
elevation motion.

task completion (e.g., reaching an object) [31]. Excessive
trunk flexion, shoulder elevatio, and head flexion are com-
mon compensatory motions. Figure 1 illustrates shoulder
elevation compensatory motion.

Using a gradient-based technique, we generate a saliency
map to highlight video frames where compensatory motions
occur. The gradients are used for pseudo-label creation. In
this paper, we denote as f* the video features, z; the pseudo-
label for the frame ¢ of the video 7, and 7" is the maximum
number of frames.

B. Approach Pipeline Overview

Figure 2 illustrates our approach pipeline for real-time
video assessment. We consider as features of analysis body
pose keypoints extracted by state-of-the-art human body pose
detectors (box a) in Figure 2). We preprocess the extracted
data to reduce noise artifacts (box a) in Figure 2). From the
preprocessed features and video-level labels we fine-tune a
video classifier (Model A) - AcT [28], SkateFormer [29],
MOMENT [30], or LSTM - for video-level compensatory
motion assessment (box b) in Figure 2). From Model A
predictions, we apply a gradient-based technique to generate
saliency maps [32], [33]. These maps are subsequently used
to produce frame-level pseudo-labels by selecting the most
salient features and frames using a pseudo-label selection
method (box c) in Figure 2). Finally, with the same training
data and generated pseudo-labels, we train a Multilayer Per-
ceptron (MLP) for frame-level compensation classification
(box d) in Figure 2).
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Fig. 2: Approach Pipeline: a) body pose extraction and
preprocessing; b) video-level assessment with Model A; c)
if a compensatory motion is detected, through the gradient-
based technique we generate a saliency map to which we
apply a pseudo-labels selection method to generate frame-
level pseudo-labels; d) training of Model B, a Multilayer
Perceptron (MLP), for frame-level assessment comparing the
ground truth with the created frame-level pseudo-labels.



C. Pose Estimation and Preprocessing

The pose estimation and pre- 85 128
processing steps extract key 1o0meg
motion features, reduce noise,
and enhance model general-
ization. MediaPipe! is used
to track post-stroke patients’
movements, providing 33 joint
keypoints per frame in real-
world 3D coordinates. Figure 3
shows the extracted keypoints.
Its efficiency, robustness to oc-
clusions, and real-time capabili-
ties make it well-suited for stroke rehabilitation [34].

Joint positions in each frame were offset by their initial
trial positions, highlighting movement changes over absolute
positions. This approach reduces starting position variability
and improves the detection of subtle compensatory motions
by representing motion trajectories as displacement vectors.
We applied a moving average filter with a window of five
frames to smooth small variations in the extracted signal.

Fig. 3: MediaPipe Pose
Keypoints.

D. Video-Level Compensation Assessment - Task Specific vs.
Foundation Models

This study compares task-specific models, trained on ac-
tion recognition datasets, Action Transformer (AcT) [28]
and SkateFormer [29], with the MOMENT [30] time-series
foundation model, pre-trained models on large and diverse
datasets to tackle multiple tasks. We fine-tuned these models
with a rehabilitation exercises dataset. We aim to identify
which model yields better video-level assessment outcomes
and subsequently improves frame-level assessment results
regarding the generalization to new patients by enhancing
the quality of pseudo-labels.

The AcT, a fully self-attention based architecture in-
spired by the Vision Transformer [35], is tailored for
short-time, pose-based human action recognition. Its self-
attention mechanisms capture temporal dependencies, fo-
cusing on key frames where compensatory movements are
most pronounced. AcT was pre-trained and evaluated on
the MPOSE2021 dataset [28], a large-scale comprehensive
collection of human pose data derived from OpenPose and
PoseNet across multiple human action recognition datasets.

Likewise, SkateFormer [29] is a skeletal-temporal trans-
former model designed for skeleton-based action recognition.
It uses a partition-specific attention mechanism, classifying
skeletal-temporal relationships into four categories based
on joint proximity and temporal adjacency. This strategy
enables SkateFormer to prioritize key joints and frames for
action recognition, effectively capturing complex compen-
satory movements that can differ across tasks. SkateFormer
was pre-trained on the NTU RGB+D 120 dataset [36], which
offers a comprehensive collection of skeleton sequences for
diverse human actions. Its effectiveness in capturing skeletal-
temporal relationships has been demonstrated through eval-

Thttps://ai.google.dev/edge/mediapipe/solutions/vision/pose _landmarker

uations on datasets such as NTU RGB+D 60 [37], NTU
RGB+D 120 [36], and NW-UCLA [38].

Unlike task-specific models, MOMENT [30] is pre-trained
on diverse time-series tasks such as classification, forecast-
ing, anomaly detection, and imputation, using large-scale
datasets from various time-series domains. This extensive
pre-training equips MOMENT with a general understand-
ing of time-series dynamics, enabling rapid adaptation to
new scenarios, including the classification of compensatory
movements in stroke rehabilitation.

The hypothesis is that pre-trained models enhance gener-
alization, reducing the need for extensive data collection and
retraining. Fine-tuning foundation models for rehabilitation
tasks can provide reliable patient-specific predictions, even
with limited data or varying patient characteristics.

For video-level compensatory motion assessment, an
LSTM exclusively trained on the rehabilitation dataset serves
as the baseline, configured as a Many-to-One model with a
single layer and a hidden size of 192. The AcT, SkateFormer,
and MOMENT models retain their original architectures.

E. Frame-Level Pseudo-Labels Generation

Following [20], we generate frame-level pseudo-labels
from saliency maps highlighting significant features and
frames from the video-level predictions. To create the
saliency maps, we explore two gradient-based techniques:
the Vanilla Gradient and the Integrated Gradient.

The Vanilla Gradient [39] method computes the gradient
of the model’s output with respect to input features, identi-
fying areas where small input changes significantly impact
predictions. The saliency map is derived from the absolute
gradient values, highlighting influential features.

The Integrated Gradients [40] method extends Vanilla Gra-
dient by integrating gradients along a path from a baseline
input to the actual input, providing a more comprehensive
feature attribution. Both methods generate saliency maps
that emphasize key frames relevant to compensatory motion
detection, even for unseen patients.

1) Pseudo-label Selection Method: From the saliency
maps, we aggregate gradients frame by frame and apply min-
max normalization to scale the results to a range of [0,1],
yielding a pseudo-score s: for each frame ¢t. We distinguish
the frames of a normal motion from the frames of a com-
pensatory motion by thresholding frames pseudo-scores. We
explore single threshold and dual threshold approaches.
Single threshold: This approach requires only one threshold
7. Using a threshold, 7, each frame is assigned with a
pseudo-label, zg,

i 0,ify =0

2 {11(5;' >7), if gt =1 0

where §° represents the predicted class for video 4, and I is
the indicator function. For normal motion video trial (§° =
0), all frames are assigned with a pseudo-label 2! = 0. For
videos with compensatory motions (§° = 1), each frame’s
pseudo-score st is compared against the threshold 7. If s¢ >



7, the indicator function assigns a frame pseudo-label 2! = 1
and z! = 0, otherwise.

Dual threshold: This approach uses two thresholds 7; and
To, With 71 < 79. Therefore each frame is assigned with a
pseudo-label, 27,

0, ifgi=0Vv(si<mAg =1)
ifsi>nAp =1 ®)
Not Used, if 11 <si<mAj =1.

where, frames with scores below 7, are confidently consid-
ered normal (labeled 0), while those above 75 are confidently
considered compensatory (labeled 1). The region 7 < si <
To may be treated as uncertain, therefore those labels are
excluded and not used. This two-threshold strategy can
reduce noisy frame-level assignments by clearly separating
highly likely normal or compensatory frames from uncertain
ones, however also has less data to feed Model B.

F. Frame-Level Compensation Assessment

Using the training set and the generated pseudo-labels,
we train a fully supervised classifier for compensatory
motion detection at the frame level, reducing reliance on
costly data labeling. In Model B, we train a Multilayer
Perceptron (MLP) and explore different model architec-
tures, testing one to two layers with varying hidden units
(32,48,64,96,128,192,256) for a binary classification task.

III. EXPERIMENTS
A. StrokE Rehab Exercises (SERE) dataset

SERE [20] is a newly collected dataset of 18 post-stroke
patients performing five rehabilitation exercises. Table I
details the exercises. In exercise 1 (E1), a patient raises their
arm toward the head, simulating the action of combing their
hair. In exercise 2 (E2), a patient has to move affected or
unaffected arms towards the mouth and move it like brushing
the teeth. In exercise 3 (E3), a patient must move both arms,
simulating washing the face. In exercise 4 (E4), a patient has
to tilt the trunk and move their arms towards the foot as if
putting on socks for both feet. In exercise 5 (E5), a subject
must lift their knee, flexing the hip with each leg.

Post-stroke patients performed ten repetitions of each
exercise, with affected or unaffected arm? (E1 and E2), both
arms simultaneously (E3 and E4), and both legs (ES). The
dataset has 1260 videos in which 538 compensatory motions
are displayed (E1: 170, E2: 118, E3: 100, E4: 30, E5: 120).

1) Data Collection: The videos were recorded at a frame
rate of 30 fps with a ZED Mini Stereo Camera from Stereo-
Labs® and the ZED Explorer framework from the ZED SDK.
The camera was positioned 2.5 meters from the patients and
0.90 meters above the floor. To ensure their safety at all
times, patients performed the exercises while seated in a
chair. Data collection occurred at the NeuroSer Rehabilita-
tion Center and the Alcoitdo Rehabilitation Medicine Center.

2 After a stroke, patients often describe weakness or loss of movement in
one body side (hemiparesis).
3https://www.stereolabs.com/

TABLE I: Functional exercises for stroke rehabilitation and
corresponding joint motions.

Exercise Description Motions
El ‘Brushing Hair’ e Shoulder flexion and elbow flexion/extension
2 Brushine Teeth’ e Shoulder flexion and horizontal
rusiing feeth abduction/adduction and elbow flexion/extension
. s e Elbow flexion, shoulder flexion/extension
E3 Wash the Face and abduction/adduction, and arm coordination
. s e Trunk flexion and slight right/left rotation,
E4 Put on Socks shoulder flexion and elbow flexion/extension
E5 ‘Hip Flexion’ e Hip flexion

Data collection complies with the General Data Protection
Regulation (GDPR) and was approved by NeuroSer and
Alcoitdao Rehabilitation Center ethics committees.

2) PFarticipants: Data collection involved 18 post-stroke
patients (6 females and 12 males), with 61.22 4 15.06 years
old, 12.73 4 32.49 months after the stroke, whose profiles
are detailed in [20]. Due to ethical reasons and consents, P02
and P04 [20] where excluded from this study.

3) Annotation: Two physiotherapists and a occupational
therapist, with 9.33 + 1.25 yeas of experience in stroke
rehabilitation, assessed compensation during exercise perfor-
mance and annotated the dataset.

B. Evaluation

We evaluate our approach using Leave-One-Subject-Out
(LOSO) cross-validation, where for each run, we fine-tune
Model A (box b in Figure 2) using data from all post-stroke
patients except one, who is held out for testing. From this
training set, frame-level pseudo-labels are generated using
our pseudo-label selection method, which leverages either
Vanilla Gradient or Integrated Gradient saliency maps.

Figure 5 shows a saliency map generated by the AcT using
the Integrated Gradients (IG) method, trained on a video
motion trial of E1 from a post-stroke patient. The model
classifies the motion trial as a compensatory motion. On
the vertical axis, we see which joints (features) receive the
highest relevance scores throughout the trial.

Label: General C.

Joints

323028262422201816141210 8 6 4 2 0
Normalized Saliency

Fig. 5: Saliency map generated by the AcT model using the
Integrated Gradients (IG) method, for a video of a post-
stroke patient performing E1. The video trial is classified
as a compensatory movement.

Since El is performed with the left arm, the joints most
actively involved are 13, 15, 17, 19, and 21 (Figure 3). In the



(a) E1. ‘Brushing Hair’

(d) E4. ‘Put on Socks’

(e) ES. ‘Hip Flexion’

Fig. 4: SERE functional exercises for rehabilitation.

saliency map, these joints are highlighted more prominently
than in the case of a normal (non-compensatory) motion,
indicating a compensatory behavior.

Additionally, for the pseudo-label creation, we inspect
the benefit of using a single or dual threshold pseudo-label
selection based on specific tradeoffs for False Positives and
False Negatives ratios. Table II presents the threshold values.
These were determined for each model to balance the ratio
between False Positives and False Negatives, thereby obtain-
ing pseudo-labels more aligned with the actual distribution
of the data and improving the performance of Model B.

TABLE II: Threshold values applied to Vanilla Gradient
(VG) and Integrated Gradient (IG) for LSTM, AcT, Skate-
Former, and MOMENT.

Model Threshold #1 Threshold #2

VG 1G VG 1G

LSTM 4.5 2.5 4; 6.5 2;3
AcT 5.8 2.7 53;63 22,32
SkateFormer 3 1.5 1.5;2.5 0.7; 2
MOMENT 2.5 3 2;3 2; 3.5

Finally, the training data and the pseudo-labels are used to
train Model B, a MLP (box d) in Figure 2), for frame-level
assessment. The MLP is tested on the held-out post-stroke
patient. This process is conducted 18 times until every post-
stroke patient data is used in the test step, assessing all indi-
vidual motion patterns. We compare the MLP’s predictions
to frame-level ground-truth labels to validate the approach.

We use the Area Under the Receiver Operating Character-
istic Curve (AUC) to evaluate our approach and experiments.
The AUC measures the model’s ability to distinguish classes
and is unaffected by the pseudo-label selection threshold.

IV. RESULTS AND DISCUSSION

Models A and B were trained using learning rates (0.001,
0.0001, 0.00001) and dropout probabilities (0.2, 0.3) to
optimize generalization and prevent overfitting. The training
used the Adam optimizer with a cosine scheduler, binary
cross-entropy loss, and ReLU activation, except for the final
sigmoid layer. Early stopping prevented overfitting, and batch
sizes of 16 and 32 were tested.

A. Video-Level Compensation Assessment - Task Specific vs.
Foundation Model

We evaluate AcT, SkateFormer, and MOMENT perfor-
mance on video-level compensation assessment against a
baseline LSTM. Table III summarizes our results. MOMENT
yields better results in the task, with an average AUC of 73+
20%, outperforming the opponent models with no significant
difference (p > 0.05 using paired t-tests) and the LSTM with
statistical significance (p < 0.05). All models outperformed
the baseline LSTM, trained exclusively in SERE dataset
(AUC = 58 + 24%), with the AcT and MOMENT revealing
statiscally significant difference (p < 0.05).

Although AcT and SkateFormer are pre-trained in large
action recognition datasets, the foundation model for time-
series MOMENT provides improved performance in video-
level assessment, demonstrating that the knowledge acquired
from massive collections of non-task-specific time-series,
results in an improved generalization capability to new post-
stroke patients with distinctive motion patterns. By lever-
aging pre-trained knowledge and fine-tuning with the small
target dataset, we enhance task accuracy and generalization
with less data and reduced training costs.

TABLE III: Video-level Classification results. Area Un-
der the ROC Curve (AUC) evaluated through Leave-One-
Subject-Out (LOSO) cross-validation strategy across four
models. Results are reported as mean =+ standard deviation.
All models outperformed the baseline LSTM with MO-
MENT revealing better performance (pairwise t-tests at 95%
significance level).

LSTM AcT SkateFormer MOMENT

[ AUC ][ 058 £0.24 || 0.68 £ 0.23 0.65 + 0.23 0.73 £+ 0.20

B. Frame-Level Compensation Assessment

We use the frame-level pseudo-labels to train a MLP for
frame-level compensatory motion assessment. We explore
whether a Vanilla Gradient (VG) or an Integrated Gradient
(IG) technique benefits frame-level classification. In addition,



TABLE 1IV: Frame-level Classification results. AUC results (mean =+ standard deviation) from LOSO cross-validation
for Vanilla Gradient (VG) and Integrated Gradient (IG) techniques and video-level assessment models — LSTM, AcT,
SkateFormer, and MOMENT. Superscripts indicate statistical comparisons based on paired t-tests at the 95% confidence

level.
4Thr. LSTM AcT SkateFormer MOMENT Ground
) VG 1G VG 1G VG 1G VG I1G Truth
1 Thr. 0.64 + 0.10 0.64 +0.11 0.53 £ 0.15 0.72 + 0.117 0.58 + 0.08 0.66 + 0.14 0.51 £0.10 0.69 + 0.09* 0.69
2 Thr. 0.64 + 0.10 0.66 = 0.13 0.55 £ 0.18 0.72 + 0.107 0.64 +0.10 0.72 + 0.12°F 0.52 £ 0.08 0.67 = 0.12 + 0.11

Legend: T Not significantly different from Ground Truth (p > 0.05), MOMENT IG, or AcT 2 Thr. * MOMENT IG significantly higher than MOMENT
VG (p < 0.05) ¥ SkateFormer IG (2 Thr.) significantly higher than SkateFormer VG (1 Thr.) (p < 0.05)

we investigate if applying a single or dual threshold pseudo-
label selection approach leads to improved outcomes. Table
IV shows our results for each model, gradient-based tech-
nique, and pseudo-label selection approach.

Among all configurations, the AcT model combined with
IG techniques achieved the highest frame-level classification
performance (AUC = 0.72 £ 0.10), slightly surpassing the
performance of the classifier trained with ground-truth labels
(AUC =0.69 % 0.11). Interestingly, the choice between single
and dual thresholding had no impact on AcT’s performance.
These results highlight the potential of saliency maps to
generate pseudo-labels that are more robust than manual
annotations.

SkateFormer showed improvements with both IG and dual
thresholding. The AUC increased from 0.58 + 0.08 (VG, 1
Thr.) to 0.72 £ 0.12 (IG, 2 Thr.). In contrast, the LSTM
model presented limited sensitivity to both gradient type
and Selection Method, with results plateauing around 0.64
+ 0.10, and only minor gains observed using IG and dual
thresholding (0.66 + 0.13).

Although MOMENT led in video-level classification, its
frame-level performance was comparatively weaker. The
model benefited from the use of IG (improving from 0.51
+ 0.10 to 0.69 = 0.09 with single thresholding), but dual
thresholding did not provide further gains.

The AcT IG and the SkateFormer IG, with a dual thresh-
old, surpassed the MLP trained with ground truth labels.
Although MOMENT has achieved better performance on
the video-level assessment stage, the AcT provided higher
quality pseudo-labeling, enabling a performance on the
frame-level assessment even better than using frame-level
ground truth labels. Working on top of accurate video-level
predictions for frame-level pseudo-label automatic creation
by thresholding gradient-based saliency maps can result in
more precise labeling, leading to improved frame-level clas-
sification results compared with a model trained on ground
truth labeling. Ground truth data labeling can be noisy as
human annotators are prone to mistakes and, usually, their
labeling methodology is based on subjective data evaluation.
Labeling is based on therapists’ subjective evaluation of post-
stroke patients’ motions, in which the level of agreement
might be low [13], and depends on professionals’ experience.
Additionally, detecting compensatory motion boundaries is
highly challenging [16], leading to labeling inaccuracies.

V. CONCLUSIONS

In this work, we introduced a framework for real-time
assessment of compensatory motion in stroke rehabilitation
exercises using video-level annotations to train frame-level
classifiers. By exploiting gradient-based saliency maps and
a pseudo-label selection method, we addressed the challenge
of obtaining frame-level labels from video-level annotations,
significantly reducing manual labeling efforts. We leverage
pre-trained task-specific models and a foundation model to
enhance generalization to new patients.

Our experiments demonstrated that the foundation model
MOMENT achieves superior performance in video-level
classification (AUC = 73 + 20%), outperforming task-
specific models and the LSTM baseline (AUC = 58 + 24%).
For frame-level assessment, the Action Transformer (AcT)
model, combined with Integrated Gradients (IG), delivered
the best results (AUC = 72 + 10%), even surpassing a
model trained on ground-truth frame-level labels (AUC =
69+11%). These results suggest that pseudo-labels generated
from accurate video-level predictions and gradient-based
saliency maps can be more reliable than manual annotations,
which are susceptible to human bias. Our approach reduces
the efforts required for frame-level annotation, facilitating
the training of new models while enhancing generalization
to new patients, which is crucial in rehabilitation scenarios
where individual motor patterns vary significantly.

To further improve the robustness of our approach, future
work will focus on enhancing model generalization across
different rehabilitation exercises. Additionally, we plan to
explore the application of this technique to other datasets
beyond the stroke rehabilitation domain, such as general
action recognition benchmarks. This will help assess the
method’s ability to generalize across different types of move-
ment patterns and tasks, providing insights into its broader
applicability in human motion analysis.
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