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ABSTRACT

Physical inactivity and the lack of technical supervision in home-based training lead to increased injury
risks and reduced exercise effectiveness. This study addresses this problem by developing FitPoseTracker,
an intelligent platform that integrates computer vision and conversational artificial intelligence to optimize
physical training. The proposed system, FitPoseTracker, performs real-time posture analysis and automatic
repetition counting using human pose estimation and vectorial geometry, while a specialized conversational
assistant based on a Retrieval-Augmented Generation (RAG) architecture provides contextualized technical
guidance in natural language. The posture analysis module leverages MediaPipe to detect anatomical
keypoints and compute joint angles, enabling accurate movement state classification. System performance
was evaluated using a two-factor ANOVA to analyze the effects of exercise type and user experience level
on repetition-counting accuracy. Results indicate that exercise type significantly influences accuracy
(F(2,141)=166.98, p<2e—16), whereas user experience level shows no significant effect, demonstrating
consistent performance across different skill levels. Squats achieved the highest accuracy, followed by sit-
ups and push-ups. Additionally, the conversational assistant was evaluated through automated testing on 50
representative queries, achieving high accuracy (0.92), recall (0.78), and Fl-score (0.84), with strong
contextual coherence. Overall, the results confirm that integrating real-time pose analysis with Large
Language Models (LLMs) effectively bridges the gap between movement quantification and specialized
technical guidance.

Keywords: Artificial Intelligence; Human Pose Estimation, Computer Vision, Fitness Training, Retrieval-
Augmented Generation; Conversational Assistant

1. INTRODUCTION

Nonetheless, the expansion of solutions like tele-
exercise reveals a gap in the evaluation of training
parameters for healthy individuals [5]. Furthermore,
the adoption of Artificial Intelligence (Al) in sports
practice raises ethical challenges related to athlete
autonomy and the preservation of natural talent [6].
Therefore, the design of fitness applications must
consider cultural factors to improve the persuasion
and effectiveness of interventions [7]. Likewise,
rigorous metrological validations of 3D tracking
systems are necessary to guarantee their precision
in both laboratory and field conditions [8].

The promotion of physical activity has become
imperative due to its direct impact on reducing non-
communicable diseases and improving global
health [1]. In this context, the digital revolution has
transformed sports, allowing technology to optimize
both performance and access to training [2]. A
fundamental pillar in this evolution is real-time
human pose estimation, where tools such as
OpenPose have proven crucial for machines to
understand human movement non-parametrically
[3]. These technologies enable the development of
tracking applications in gyms that identify the user's
posture to offer personalized corrections [4].
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The significance of this issue lies in the global
rise of non-communicable diseases. While tele-
exercise has expanded, the lack of an 'expert eye' in
remote settings is a real problem that leads to poor
biomechanical execution. This research contributes
to the international field of digital health by
proposing a scalable solution that does not require
expensive 3D hardware.

Beyond computer vision, physical exercise
recognition has also been addressed using chest
accelerometers and LSTM-type neural networks
[9]. These innovations are especially valuable for
home training, facilitating access to structured
routines for diverse populations [10]. Modern
training analysis systems now integrate posture
feedback and repetition grading through
frameworks such as MediaPipe [11]. This approach
allows for the quantification of exercise form to
prevent muscle injuries, acting as an automated
personal trainer [12].

Technically, gesture recognition requires
skeletonization processes to encode movements
before interpretation [13]. Improvements in multi-
person detection algorithms have allowed these
systems to adapt to complex environments and
occlusions [14]. Machine learning applied to health
currently offers a practical guide for integrating
sensors and the Internet of Things (IoT) into
officiating and performance enhancement [15].
Recent applications use keypoint estimation to
measure joint angles and predict exercise stages
[16]. Specifically, Al trainers have been developed
for shoulder exercises that classify movement and
calculate execution speed [17], as well as activity
recognition systems based on multi-view videos for
a detailed description of joint configuration [18].

In high-complexity exercises, such as the
deadlift, skeletal analysis through deep learning
allows for technique monitoring and risk reduction
[19]. The efficiency of these systems has improved
with single-network approaches for full-body pose
estimation, optimizing real-time performance [20].
Tools like AlphaPose have advanced multi-person
joint tracking with high precision [21]. In parallel,
smartphone sensors have proven effective for daily
activity recognition using convolutional neural
networks [22]. Mobile safety applications utilize
fuzzy inference systems to classify sports
performance and alert users to potential injuries

[23]. Complementarily, sensors like Kinect offer
non-invasive capture for motor rehabilitation in
home settings [24]. Finally, the combination of
detection and temporal tracking in video sequences
allows for error correction in scenarios with
overlapping individuals [25].

Despite these advances, there is a need to
integrate biomechanical analysis with intelligent
assistance systems that facilitate access to
specialized technical information. The present work
introduces FitPoseTracker, an integrated system
that combines posture analysis via vector geometry
with a conversational assistant based on the
Retrieval-Augmented Generation (RAG)
architecture. The study validates the system's
precision through a two-way ANOVA analysis,
evaluating the impact of exercise type and user
experience. The structure of the article continues
with the methodology in Section II, followed by the
results and technical discussion.

The central problem this paper strives to resolve
is the disconnect between automated repetition
counting and the provision of contextualized,
expert-level feedback in real-time.

2. METHODOLOGY

The fitness web platform was developed
using the MERN technology stack (MongoDB,
Express.js, React.js, and Node.js), selected for its
capability to create scalable, real-time web
applications [26]. The SCRUM agile methodology
was adopted for project management, implementing
development iterations in 2-3-week sprints, with
continuous reviews of the product backlog and user
stories prioritized based on value for the end user
[27]. Two specialized artificial intelligence systems
were developed and integrated to enrich the user
experience:

2.1 FitPoseTracker
Exercise Analysis
FitPoseTracker constitutes an integrated
web system for the automatic analysis of physical
exercises using computer vision techniques and
real-time video processing. The system implements
a distributed client-server architecture that
integrates the MediaPipe pose estimation model
from Google Research [28] for the detection and
tracking of anatomical keypoints, allowing for
automated exercise repetition counting and the
generation of instantaneous visual feedback.

System for Real-Time
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The system architecture relies on three
main components. First, a React.js web interface
manages user interaction and real-time data
visualization. Second, a Flask processing server
executes the motion analysis algorithms. Finally, a
bidirectional communication module synchronizes
the state between these components using HTTP
protocols and Server-Sent Events (SSE).

2.1.1  Frontend Design

The frontend was developed using
React.js, implementing the functional component
paradigm with hooks for reactive state management
[29]. The main component,
BodyTrackAnalyzerComponent, encapsulates all
user interaction logic and exercise session control.
2.1.2 Backend Communication

Frontend-backend  communication is
established through a system of RESTful endpoints
optimized for real-time processing [30]. The
frontend consumes backend endpoints to display
processed video in real-time, integrating SSE
events that continuously transmit the movement
state [31] ("up" or "down"). It utilizes the
/toggle landmarks endpoint to dynamically switch
the visualization of detected joints, allowing the
user to customize the interface according to their
training preferences.

2.1.3  Backend Development

The backend implements a robust Flask
server that processes frontend requests in real-time.
CORS (Cross-Origin Resource Sharing) was
enabled to allow secure communication with the
React frontend. OpenCV is used for efficient
camera frame capture with optimized processing,
while MediaPipe is responsible for detecting body
poses and calculating relevant joint angles specific
to each exercise (e.g., shoulder, elbow, and wrist
for push-ups; or hip, knee, and ankle for squats).

The angle calculation function implements
vector geometry to precisely determine the state of
body movement. Figure 1 illustrates the applied
vector algorithm. The system calculates vectors
between three consecutive anatomical points and
applies inverse trigonometric functions to
determine the precise joint angle. This
mathematical implementation guarantees precise
measurements regardless of the user's orientation
relative to the camera.

Figure 1: Function to determine the user's movement
angle through vector calculation

2.14  Repetition Counting Logic
The backend determines the movement
state ("up" or "down") based on the detected angle.
When a transition from "down" to "up" is detected,
the repetition counter is incremented. The backend
can toggle the visualization of the joints according
to the user's preference.
e Down: Initial or descent position (angle >
upper_threshold).
e Up: Extension or elevation position (angle
<lower_threshold).
o Transition: Intermediate state during the
phase change.

Figure 2 illustrates the complete real-time
processing flow, showing video capture, pose
detection  through MediaPipe, joint angle

calculation, and the transmission of results to the
frontend for immediate visualization.

REPETICIONES: 1
Figure 2: Real-time processing for postural analysis

2.2 Specialized Conversational AI System
The conversational Al system was
designed as a specialized fitness virtual assistant,
implementing a Retrieval-Augmented Generation
(RAG) architecture that combines contextual
information retrieval with natural language
generation. The system integrates three main
components: a specialized document processing
module, a semantic retrieval engine, and a natural
language generative model [32]. Figure 3 presents
the conversational assistant interface, designed with
usability and user experience principles, featuring
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an intuitive chat that allows for natural language
queries and structured responses with specialized
technical information.

Figure 3: Interface of the specialized conversational
assistant.

2.2.1 Base Model Selection

A systematic comparative evaluation was
conducted among three Large Language Models
(LLMs): mistral-nemo-instruct (NVIDIA), llama-
3.1-8b-instruct (Meta), and gpt-3.5-turbo (OpenAl).
The evaluation was based on a weighted metrics
framework including four critical dimensions for
specialized fitness applications, as detailed in Table

2.2.2  RAG Pipeline Architecture

Figure 4 illustrates the complete RAG
pipeline architecture, showing the flow from the
user query to the generation of the final response
[33]. The process begins with query processing
using semantic embeddings, continues with the
retrieval of relevant documents from the
ChromaDB vector database, and culminates with
the generation of contextualized responses using
the selected LLM model.

2. Fase de Inferencia
(Consulta del Usuaro)

1. Fase de Ingestién
(Preparacion de Datos)

v
v

) Query Usuaro

Documento Fuente
(PDF, TXT, MD)

e -| Embedding Query
Chunking 1 3
Q Similarity Search

(Fragmentacién)
»| Context Retrieval

v

?:\O\ ) Embeddings
82| (text-embeding-3-small) N
Prompt Template

v —

LLM Generation
(Mistral-Nemo-Instruct
via NVIDIA NIM)

Respresta Final

Vector Store
(ChromaDB)

Contor Store

Figure 4: RAG system pipeline
Specialized Conversational AI System

Figure 5 illustrates the complete system
flow: from the input of the query, through the
processing of the questions, to the parameterization

1.
223
Table 1: Comparative evaluation criteria for specialized Flow
LLM selection.
Criterion Weight | Description
Coherence 30% Logical consistency and and delivery of the final response to the user.
narrative fluency in responses
Support 30% Ability to base responses on
specific knowledge
Assurance 20% Reliability and accuracy in
critical information
Functionality | 20% Response speed and system
stability
Technology Stack

Backend: Python 3.9+ with Flask as the
web framework

e RAG Framework: LangChain v0.0.330 for
component orchestration

e  Vector Database: ChromaDB for semantic
storage and retrieval

e Embeddings Model:
transformers/all-MiniLM-L6-v2

e LLM Model: mistral-nemo-instruct via
NVIDIA NIM API

sentence-

Figure 5: Integrated Process Flow: Specialized
Conversational Al System

2.2.4  Specialized Conversational AI System
Flow

The system was trained using a specialized
corpus of 15 structured documents (Exercise

routines, Exercise descriptions, Nutritional plans).

2.2.5 Document Processing
e Semantic  Chunking:  Division  of
documents into 512-token fragments with
a 50-token overlap to preserve context.
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e Vectorization:  Generation of 384-
dimensional embeddings using a sentence-
transformer model.

e Indexing: Storage in ChromaDB with

structured  metadata for contextual
filtering.

2.2.6  API Query Module
The module implements a robust

communication mechanism with the RAG system,
incorporating error handling, automatic retries, and
load balancing to ensure high availability. Figure 6
details the communication architecture, showing
the request flow from the user interface, processing
through the RAG pipeline, and the delivery of
structured responses with full source traceability.

Figure 6: Communication mechanism with the RAG
system

3. VALIDATION AND EVALUATION

31 FitPoseTracker System Evaluation

To determine whether the user's
experience level and the type of exercise influence
the accuracy of the repetition counting model, a
two-way analysis of variance (ANOVA) with
interaction was applied [34]. The independent
variables were:

e Factor A (Experience Level): Categorical
variable with three levels (1 = basic, 2 =
intermediate, 3 = advanced).

e Factor B (Exercise Type): Categorical
variable with three levels (1 = sit-ups, 2 =
squats, 3 = push-ups).

e Dependent Variable: Model accuracy.

3.1.1  Statistical Model

The two-way ANOVA model with
interaction is mathematically expressed through the
decomposition of the total variance into its specific
components. The fundamental formula for
calculating the total sum of squares constitutes the
basis for the subsequent decomposition of variance
among the different factors analyzed.

SStor = LI (Hmis — £)° 34]
Where:
g5, = Total sum of squares
Zmi; = Observed value in group ij for observation

m

%= Grand mean value

The decomposition of variance was
performed by identifying the specific contributions
of each factor and their interaction. The
mathematical formulas for each component of
variation allow for the quantification of the effect
of the user's experience level, the type of exercise,

their interaction, and the residual error,
respectively.
ssu=n+ qY(d; — D [34]
85y = 0+ pY(B; — ©)° [34]
SS.p = SSpny — S5, — 555 [34]
SSerr = LEE (Xmij — 4B [34]

This mathematical decomposition allows
for the identification of what proportion of the total
variance can be attributed to each specific factor,
facilitating the interpretation of the experimental
results.
3.1.2  Statistical Hypotheses
For the exercise type factor:

e  Ho: There are no significant differences in
accuracy among the different types of exercises

e Hi: There are significant differences in
accuracy between at least two types of
exercises.

For the experience level factor:

e  Ho: There are no significant differences in
accuracy among the different user experience
levels.

e Hi: There are significant differences in

accuracy between at least two user experience
levels.

3.1.3  Post-hoc Analysis

Tukey's HSD test (Tukey's Honestly
Significant Difference test) was applied to
specifically  identify = which groups exhibit
statistically significant differences from each other
when the ANOVA indicates significant main

e ——
304



Journal of Theoretical and Applied Information Technology
31* May 2026. Vol.104. No.10

S

I

© Little Lion Scientific

SMminl

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195

effects. This test controls the family-wise error rate,
maintaining statistical reliability across multiple
comparisons [34].

3.2 Evaluation of the Specialized
Conversational AI System
3.2.1 Response Quality Verification

The implemented evaluation system
consists of an automated testing framework that
validates response quality through 50 simultaneous
test cases. The system architecture is composed of:

e Lexical Validation: Search for specific
keywords using basic NLP processing
with text normalization and stopword
removal.

e Semantic Validation: Implementation of
fuzzy matching with a similarity threshold
> 0.8 using the Levenshtein algorithm to
capture acceptable variations in technical
terminology.

e Structural Validation: Automatic
differentiation between simple responses

(requirement: 100% of keywords) and
structured lists (minimum requirement:
30% of keywords).
3.2.2  Response Quality Verification
The system calculates four fundamental
metrics for a comprehensive performance
evaluation:

Accuracy: The system measures the
proportion of completely correct responses relative
to the total number of evaluated queries. This
metric is crucial for specialized information
systems where precision is fundamental.

correct classifications
all classificatinns

Accuracy =

[35]

Recall: This metric evaluates the system's
ability to retrieve relevant information from the
knowledge corpus. In RAG contexts, it indicates
what proportion of pertinent information is
effectively utilized in the responses.

Relevant Results Retrieved
Tntal Relavant Rasults

Recall =

[36]

F1-Score: To obtain a balanced metric
that combines both precision and recall, the F1-
Score is calculated using the harmonic mean of
both metrics.

Precision = Recall

Fl Score = 2 =
core Precision + Recall [37]

Contextual Coherence: The contextual
coherence evaluation analyzes the grammatical
structure and logical flow through syntactic pattern
analysis and discursive connectors. This metric is
especially relevant for conversational assistants
where dialogue naturalness is crucial [38].

|Relevant Sentences m Retrieved Centaxt]

Context Proecision —
| Tatal Retrieved Sentences|

[38]

Level of Detail: To evaluate the
informational density of the generated responses, a
calculation system was developed to quantify the
level of technical detail present in each LLM model
response.

3.2.3  Calculation Methodology

e Identification of technical elements:
Specialized terms, specific numerical data,
references to  methodologies, and
procedural descriptions are tallied.

e Length normalization: The count is
normalized by the total length of the
response to avoid bias toward longer
responses.

e Categorical weighting: Differentiated
weights are applied according to the type
of information:

o Specialized technical terms:
weight 0.4

o Specific quantitative data: weight
0.3

o Methodological references:
weight 0.2

o Detailed practical examples:
weight 0.1

3.24 Evaluation Scale

The result is scaled within a range from

0.0 to 1.0, where:

e 0.0-0.3: Basic/general response

e  0.4-0.6: Moderately detailed response

e  (0.7-1.0: Highly specialized response
3.2.5 Testing Protocol
Fifty simultaneous queries were executed
covering different categories:

e Basic queries (20): General information
about exercises.
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e Specific queries Personalized
routines by objective.

e Complex queries (10): Combination of
exercise and nutrition.

e [Edge-case queries (5):
situations and special cases.

(15):

Boundary

3.2.6  Operational Definitions for Metrics:
e True Positives (TP): Responses that
contain the requested information and are
factually correct.

o False Positives (FP): Responses that
appear relevant but contain incorrect or
unrequested information.

o False Negatives (FN): Cases where the
system failed to provide available and
relevant information from the corpus.

4. RESULTS
4.1 FitPoseTracker

The effect of the user's experience level
and the type of exercise on the accuracy of the
repetition counting model was evaluated using a
two-way ANOVA. The results of the statistical
analysis are presented in Table 2, which displays
the degrees of freedom, sums of squares, mean
squares, F-values, and statistical significance for
each source of variation.

Table 2: Results of the Two-Way ANOVA Analysis

Source of | Df Sum | Mean | F- (Pr Sign
Variation Sq Sq value | (>F)) ifica
nce

Experienc | 2 20 10.2 1.00 0370 | -

e Level

Exercise 2 3412 | 1706. 166.9 | <2e- HHk

Type 0 8 16

Experienc | 4 33 8.3 0.81 0.521 -

e Level *

Exercise

Type

Residuals 141 1441 | 10.2 - - -
We  found  statistically  significant

differences in the average precision of the model
only by exercise type (F(2,141)=166.98, p<2e-16); the
experience level factor did not show a significant
effect (F(2,141)=1.00, p=0.370), and the interaction
between these factors was also not significant (F
(4,141) = 0.81, p = 0.521). Since only the exercise
type showed significant effects, a Tukey post-hoc

test was performed to identify which types of
exercise differ in the model's precision.

The comparisons revealed statistically
significant differences among all exercise types:

e Squats vs. Sit-ups: difference = 2.58%, p
<0.001, IC 95% =[1.07, 4.10]

o Push-ups vs. Sit-ups: difference = -
8.58%, p < 0.001, IC 95% = [-10.09, -
7.06]

o Push-ups vs. Squats: difference = -
11.16%, p < 0.001, IC 95% = [-12.67, -
9.64]

Squats achieved the highest model
precision, followed by sit-ups, while push-ups
showed the lowest precision. All differences are
statistically significant. No post-hoc comparisons
were performed for the experience level since it did
not show significant effects (p = 0.370). Figure 7
graphically illustrates the precision distribution of
the FitPoseTracker system by exercise type, where
the significant differences between categories and
the variability within each exercise group are
clearly observed.

Precision por Nivel de Experiencia y Tipo de Ejercicio

100 . .

s ’ I Tipo de Ejercicio
£ w0 (1=Abdominales, 2=Sentadillas, 3=Flexiones)
o 1
BE 2

=)

Precision (

80

Nivel de Exp;rlencla (1:Basnc:¢5 2=Intermedio 33=Avanzadu)
Figure 7: Precision distribution of the FitPoseTracker
system by exercise type showing significant differences
between categories (n=150).

Figure 8 presents the ANOVA diagnostic
plots that validate compliance with the statistical
assumptions necessary for the analysis's validity.
The plots include: (a) normality of residuals via Q-
Q plot, (b) homoscedasticity of variances, (c)
independence of residuals, and (d) detection of
outliers. Compliance with these assumptions
confirms the statistical robustness of the results
obtained.
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Figure 8: ANOVA diagnostic plots showing normality of
residuals, homoscedasticity, and validation of statistical
assumptions.

In applied terms, the results obtained
demonstrate that the FitPoseTracker system
significantly favors the automation of physical
training monitoring by showing high precision in
exercises with lower biomechanical complexity,
such as squats and sit-ups. This behavior is
especially beneficial for unsupervised training
environments where users lack immediate technical
feedback. Furthermore, the user's experience level
does not significantly influence the system's
precision. This suggests that the platform is
effective for both beginners and advanced users,
thereby reducing the reliance on prior technical
knowledge. Taken together, these results support
the system's utility as an accessible, scalable tool
oriented toward improving the quality of physical
training, contributing to the prevention of postural
errors and the efficient use of artificial intelligence
technologies in the digital fitness field.

4.2 Results of the
Conversational AI System

Specialized

Table 3 presents the results of the
comparative evaluation between the three candidate
LLM models, including weighted scores according
to the established criteria and the resulting total
score.

Table 3: Results of the Comparative Evaluation Between

The mistral-nemo-instruct model was
selected for its superior performance, particularly in
the dimensions of technical support (8.0/10) and
information assurance (9.0/10), which are critical
aspects for a specialized fitness assistant.

The automated evaluation of the RAG
system yielded highly satisfactory results across 50
representative test queries. Table 4 details the
performance metrics obtained, along with their
interpretation in the context of specialized RAG
applications.

Table 4: Performance metrics of the RAG system in
automated evaluation.

Specialized LLM Models
LLM Model | mistral- llama-3.1- gpt-3.5-
nemo- 8b-instruct turbo
instruct
Coherence 7.0 (2.1) 7.0 (2.1) 6.0 (1.8)
(30%)
Support 8.0(2.4) 6.0 (1.8) 7.0 (2.1)
(30%)
Assurance 9.0 (1.8) 8.0 (1.6) 8.0 (1.6)
(20%)
Functionality | 8.0 (1.6) 6.0 (1.2) 6.0 (1.2)
(20%)
Total Score 7.9 6.7 6.9

Metric Value | Interpretation
Accuracy | 0.92 | 46 out of 50 queries met the
(92%) | established quality criteria
Recall 0.78 78% of relevant information
(78%) | was successfully retrieved
F1-Score | 0.84 Optimal balance between
(84%) | accuracy and  coverage:
(2x0.92x0.78)/(0.92+0.78)
Coherence | 0.87 | High consistency in
(87%) | grammatical structure and
logical flow
Level of | 0.76 High density of specialized
Detail (76%) | technical information
The results demonstrate that the developed
system achieves competitive performance in

accuracy and Fl-score, maintaining an appropriate
balance between precision and completeness in the
generated responses. The slight reduction in
accuracy compared to general systems is
compensated by the high level of specialization and
technical detail achieved.

5. DISCUSSION

The work of Cao et al. (2021) with
OpenPose introduced an innovative approach to
real-time human pose estimation through the use of
Part Affinity Fields (PAFs), which allow for the
simultaneous association of body joints of multiple
individuals within the same scene [3]. This model
demonstrated that a bottom-up architecture can
achieve high levels of precision without depending
on prior person detection, thus optimizing system
scalability in complex scenarios. In the present
study, this principle of structured detection is
revisited in the development of FitPoseTracker,
which utilizes Google's MediaPipe model as a
lighter and more efficient alternative for real-time
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web applications. While OpenPose prioritizes
precision in multi-person environments,
FitPoseTracker directs its design toward the
individual physical training sphere, where reduced
latency and immediate feedback are determining
factors.

The findings of this study highlight
significant advancements but also specific
discrepancies when compared to the current state-
of-the-art (SOTA) in digital fitness. Cao et al.
(2021) demonstrated that OpenPose achieves high
precision using Part Affinity Fields for multi-
person environments, but its heavy computational
cost limits its web accessibility. Conversely, our
implementation of MediaPipe prioritizes low-
latency processing for individual web users,
explicitly accepting a trade-off in precision during
partial occlusions.

Furthermore, while recent studies like
Dong and Du (2024) optimized YOLOvVS
architectures for dynamic scenarios, they primarily
address the visual dimension of tracking. Similarly,
Karmakar et al. (2024) developed the TrainERAI
system for postural correction but lacked an
advanced natural language interaction mechanism.
A major shortcoming in the current literature is the

disconnect  between  kinematic data  and
contextualized user feedback. FitPoseTracker
bridges this gap through its RAG-based

conversational assistant, achieving a 0.92 accuracy
in specialized technical guidance. However, a
notable drawback of our system, as evidenced by
the lower accuracy in push-ups compared to squats,
is its reliance on 2D vector geometry. This
geometric approach struggles with complex
biomechanical ~movements that are not
perpendicular to the camera plane, identifying an
area where 3D SOTA models outperform our
current implementation.

6. CONCLUSIONS

In conclusion, this research successfully
addresses the disconnect between automated
repetition counting and contextualized technical
guidance by integrating real-time pose estimation
with a RAG-based conversational assistant. The
core argument of this work is that physical training
optimization in digital environments requires both
accurate kinematic quantification and specialized,
accessible educational feedback.

The two-way ANOVA results
demonstrated that while exercise type significantly
impacts tracking accuracy (F(2,141)=166.98, p<2e-
16), the system remains robust across all user
experience levels, effectively democratizing access
to expert-level training. Squats achieved the highest
accuracy, validating the model’s efficiency for
exercises with clear vertical displacement.
Furthermore, the conversational assistant validated
this synergy, achieving an Fl-score of 0.84 and
providing highly coherent technical support (0.87
coherence score).

Despite these contributions, the
shortcomings of 2D vector geometry in complex
exercises highlight open issues for the scientific
community. Based on the limitations of this work,
future research directions and pending issues
include:

Multi-perspective and 3D  Tracking:
Developing lightweight algorithms to infer 3D
depth from single-camera views to mitigate
parallax errors and improve accuracy in complex
biomechanical exercises, such as push-ups.

Multi-modal Integration: Incorporating
wearable IoT devices and biometric sensors to
correlate kinematic tracking data with physiological
responses, providing a holistic view of user health.

Latency Optimization in RAG Systems:
Investigating advanced semantic caching and edge
computing techniques to further reduce the
inference time of Large Language Models on low-
end mobile devices."
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