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Introduction

Lucas Fernandez , Diego Martinez , Pablo Ruiz1* 1 2

Personalized rehabilitation exercise prescriptions are essential for recovery after neurological injury, orthopedic
surgery, and chronic decline. While physical therapists have valuable expertise, translating it into scalable
computational systems is challenging. Standard deep reinforcement learning relies on manually defined reward
functions, but in rehabilitation, clinically significant goals like movement quality, fatigue, pain, safety, motivation, and
adherence are difficult to quantify. This paper introduces a framework combining inverse reinforcement learning (IRL)
and deep reinforcement learning (DRL) to learn personalized rehabilitation prescriptions from therapist
demonstrations. IRL would derive expert-aligned rewards, and DRL would use these to create adaptive exercise
plans. The framework encompasses therapist demonstration collection, movement trajectory representation, reward
inference, policy learning, safety constraints, and clinical oversight. Demonstrations would include exercise selection,
progression decisions, and therapist responses to patient fatigue, pain, or adherence issues. IRL could capture implicit
clinical priorities, while DRL would adjust prescriptions based on patient conditions such as fatigue, progress, and
engagement. The framework aims to create scalable, personalized rehabilitation prescriptions, offering a conceptual
model for future rehabilitation robotics, exergaming, and home-based digital rehabilitation systems.

1

2

Rehabilitation exercise prescription is central to recovery after stroke, orthopedic surgery, neurological injury, and chronic
mobility impairment because patients often require repeated practice, progressive challenge, and movement-quality
feedback. Home-based guidance systems, exergaming platforms, and telerehabilitation robots have been developed to
extend therapy beyond the clinic, but these systems still require careful personalization to patient ability, safety, and
adherence patterns [1-4]. Physical therapists remain essential because they integrate clinical observation, patient goals,
compensatory movement patterns, and recovery trajectories into exercise decisions. However, the scarcity of expert
supervision and the growing demand for remote rehabilitation motivate computational frameworks that could scale
personalized exercise prescription while preserving therapist-aligned clinical reasoning [5-7].
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Deep reinforcement learning offers a principled approach for sequential decision-making because an agent can learn
policies that adapt actions to changing patient states over time. In healthcare, reinforcement learning has been applied to
personalized treatment recommendation and just-in-time adaptive intervention design, showing how sequential policies
could support individualized care rather than static protocols [8, 9]. In rehabilitation, deep reinforcement learning has also
been explored for locomotion simulation, exoskeleton control, assistive ankle-foot orthosis design, and adaptive robotic
assistance, suggesting relevance for exercise progression and motor recovery support [10-16]. Yet a major limitation is
that reward functions must usually be specified manually, while clinical goals such as safe movement quality, motivation,
fatigue control, pain avoidance, and adherence are difficult to encode as explicit scalar objectives [17, 18].

A structural comparison of learning paradigms highlights how the proposed IRL-driven deep reinforcement learning
framework uniquely integrates expert knowledge with adaptive decision-making (Table 1).

Table 1. Structural Comparison of Learning Paradigms for Rehabilitation Exercise Prescription: From Rule-Based
Systems to IRL-Driven Deep RL

Dimension Rule-Based
Systems

Supervised
Learning

Reinforcement Learning
(Manual Reward)

IRL + Deep RL
Framework (Proposed)

Knowledge Source Explicit clinical
rules

Labeled datasets Hand-designed reward Therapist demonstrations

Personalization Limited Moderate
(depends on data)

High (state-dependent) High (state-dependent +
expert-aligned)

Adaptation Over Time Static Limited Dynamic Dynamic and context-
sensitive

Reward Specification None (rules
only)

Implicit in labels Manually engineered Inferred from expert
behavior

Handling of Tacit
Knowledge

Poor Partial Poor Strong (via IRL)

Interpretability High Moderate Low–Moderate Moderate–High (if reward
decomposed)

Safety Integration Rule-based
constraints

Data-dependent Requires explicit
constraints

Integrated with constraints
+ demonstrations

Robustness to Patient
Variability

Low Moderate Moderate High

Data Requirements Low High labeled data Moderate interaction data High-quality demonstration
data

Clinical Alignment High initially Variable Often weak Strong (expert-aligned)

Scalability Limited High High High (with supervision)

Key Limitation Inflexibility Label dependency Reward design difficulty Demonstration quality +
reward ambiguity

Inverse reinforcement learning addresses this reward-design challenge by inferring the latent reward structure underlying
expert demonstrations rather than requiring all clinical priorities to be hand-coded. Surveys and methodological studies
describe IRL as a family of approaches for recovering reward functions from observed behavior, including settings where
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Background

expert actions are stochastic, contextual, or high-dimensional [19-21]. Physical therapists naturally generate
demonstrations through exercise selection, manual guidance, corrective feedback, progression decisions, and adaptation
to patient response. These demonstrations could allow an IRL module to infer what therapists implicitly value, such as
prioritizing form before intensity, rest before overload, or adherence before aggressive progression [22, 23].

This manuscript proposes a conceptual framework that combines inverse reinforcement learning with deep reinforcement
learning to learn personalized rehabilitation exercise prescriptions from physical therapist demonstrations. The framework
would first collect therapist-guided demonstrations, infer expert-aligned rewards through IRL, and then train a deep RL
policy that recommends patient-specific exercises, intensity, duration, rest, and progression decisions [17, 22, 24]. The
article is conceptual and does not report experiments, dataset sizes, reward values, or performance outcomes. The
remaining sections describe the rehabilitation background, high-level architecture, demonstration collection strategy,
reward-learning module, and how the inferred reward could support later patient-specific policy learning [8, 18, 25].

Rehabilitation exercise prescription
Rehabilitation exercise prescription typically combines strength training, range-of-motion practice, balance tasks,
coordination activities, gait training, and task-specific motor practice. Clinical progression depends on patient-specific
factors such as baseline function, movement compensation, pain response, fatigue tolerance, motivation, and adherence
history. Digital rehabilitation and exergaming studies illustrate how personalized motor-cognitive training, home guidance,
and adaptive interfaces can support repeated practice while tracking exercise execution outside conventional therapy
sessions [1-3]. A reinforcement learning framework for rehabilitation would need to represent these exercise categories
and progression principles as sequential decisions rather than isolated recommendations [17, 18].

Deep reinforcement learning for healthcare
Deep reinforcement learning is relevant to healthcare because many clinical decisions are sequential, patient-specific,
and dependent on delayed responses. Personalized treatment recommendation and adaptive digital intervention research
show that RL can model individualized decision policies, but they also expose the challenge of designing reward signals
that reflect complex clinical goals [8, 9]. In rehabilitation, deep RL has been used conceptually or computationally for
simulated locomotion control, exoskeleton assistance, ankle-foot orthosis policy design, and robot-assisted exercise
adaptation [10-16]. These studies motivate the present framework, while also showing why reward engineering must be
clinically grounded before RL-generated exercise prescriptions can be trusted.

Inverse reinforcement learning
Inverse reinforcement learning seeks to infer a reward function from expert behavior, allowing a learning system to
recover the preferences that make observed demonstrations appear purposeful. Contemporary IRL research emphasizes
challenges such as reward ambiguity, stochastic demonstrations, contextual decision processes, and the relationship
between imitation learning and reward inference [19-21]. Maximum entropy IRL is useful when expert behavior may vary
across contexts, whereas adversarial and deep IRL approaches are attractive when state and action spaces include high-
dimensional trajectories or sensor-derived representations. In rehabilitation, these properties matter because therapist
decisions are adaptive, context-sensitive, and shaped by patient movement quality, fatigue, pain, and adherence
constraints [22, 23].

Learning from demonstration in robotics
Learning from demonstration has been widely used in robotics to transfer expert behavior into policies or reward models,
especially when direct manual programming is impractical. Example-guided deep reinforcement learning and
apprenticeship-style methods show how demonstrated trajectories can shape skill acquisition in complex movement
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Framework Overview

domains [24, 26]. Robotic manipulation studies using IRL illustrate a pathway from expert demonstrations to inferred
reward functions that guide subsequent policy learning [24, 27]. In healthcare, therapist demonstrations could be
collected through motion capture, wearable sensing, teleoperation, video observation, or therapist-supervised robotic
rehabilitation sessions, allowing clinical expertise to be represented as demonstrations rather than verbal rules [22, 23,
28].

Personalization in rehabilitation
Personalization is essential because patients differ in age, baseline function, diagnosis, comorbidities, motivation, home
environment, pain sensitivity, fatigue response, and recovery trajectory. Personalized exergames and home rehabilitation
systems have therefore emphasized tailoring task difficulty, feedback, and interaction design to individual patient
capabilities rather than relying on uniform protocols [1-7, 29, 30]. Reinforcement learning is attractive in this setting
because the agent would learn a policy conditioned on patient state, making prescription decisions responsive to
changing recovery patterns [17, 18]. However, personalization must remain clinically constrained because the safest
action for one patient may be inappropriate for another with different surgical precautions, neurological impairments, or
adherence barriers [2, 4].

High-level architecture
The proposed architecture begins with physical therapist demonstrations of rehabilitation sessions, including exercise
selection, movement correction, progression decisions, rest periods, and responses to patient-reported symptoms. An
inverse reinforcement learning module would use these demonstrations to infer a reward function that reflects the
therapist’s implicit clinical priorities, building on the principle that rewards can be recovered from observed expert
behavior [19, 20, 22]. A deep reinforcement learning policy would then use the inferred reward to recommend
personalized exercise prescriptions based on each patient’s current state, including capability, fatigue, pain, adherence
history, and recovery stage [8, 17, 18]. After the patient completes prescribed exercises through a clinical, home-based,
robotic, or exergaming platform, newly observed state information would update the next prescription cycle [3, 4, 7].

The proposed framework integrates therapist demonstrations, inverse reinforcement learning–based reward inference,
and deep reinforcement learning–based policy learning into a unified hierarchical architecture for personalized
rehabilitation prescription (Figure 1).
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Expert Demonstration Collection

Figure 1. Hierarchical Architecture of Inverse Reinforcement Learning–Driven Deep Reinforcement Learning for
Personalized Rehabilitation Exercise Prescription

Core assumptions
The framework assumes that therapist demonstrations can be captured with sufficient fidelity to represent clinically
meaningful decisions and patient responses. Demonstration data could include motion trajectories, wearable sensor
streams, exercise logs, video-based pose estimates, therapist feedback, and contextual information about pain, fatigue,
and readiness [3, 25, 31]. It also assumes that policy learning can occur in a simulator, constrained digital environment,
retrospective decision model, or closely supervised clinical platform before any autonomous recommendation is used in
practice [10, 15, 17]. Because rehabilitation actions have safety implications, the framework treats therapist oversight and
constrained exploration as design requirements rather than optional extensions [14, 18].

Design principles
The first design principle is expert alignment, meaning that the reward function should reflect therapist demonstrations
rather than arbitrary numerical proxies. The second is patient-specific adaptation, where the policy would condition
prescriptions on individual functional status, response history, and engagement patterns instead of applying a fixed
protocol [9, 17, 18]. The third is safety-constrained optimization, in which the action space would be limited by clinical
rules, therapist-defined contraindications, and observed patient tolerance [12-14]. The fourth is interpretability, because
the recovered reward should be decomposable into clinically understandable components such as movement quality,
adherence support, fatigue management, pain avoidance, and progression readiness [19, 21].

Demonstration modalities
Therapist demonstrations could be collected through multiple modalities, including motion capture of therapist-guided
exercises, inertial sensors worn by patients, robotic device logs, video-based pose estimation, and structured exercise
records. Deep learning systems for rehabilitation assessment show that movement quality can be represented from
sensor or vision data, supporting the idea that demonstrations can include both kinematic execution and qualitative
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performance features [25, 31]. Home-based guidance and telerehabilitation platforms further suggest that patient
movement, feedback, and exercise completion can be observed beyond the clinic when appropriate sensing and user
interfaces are available [3, 4]. These modalities would allow the IRL module to observe not only what exercise was
selected, but also how the therapist responded to patient performance during the session [22, 23].

Demonstration content
The content of a therapist demonstration would include exercise choice, exercise order, progression decisions, dosage
adjustments, rest timing, movement-quality correction, and adaptation to fatigue or pain. For example, a therapist might
reduce intensity when compensatory movement appears, repeat a lower-level task when coordination deteriorates, or
progress difficulty when form remains stable across practice. These decisions are analogous to expert demonstrations
used in IRL and learning-from-demonstration systems, where observed trajectories reveal preferences that may not be
explicitly documented [24, 26, 27]. In rehabilitation, the demonstration should therefore encode both observable
movement trajectories and clinical decisions about when to challenge, maintain, regress, or stop an exercise [17, 18, 28].

Reward function representation
The reward function could be represented as a linear combination of clinically interpretable features or as a neural reward
model over high-dimensional patient and movement states. Interpretable features might include exercise completion,
movement smoothness, range-of-motion quality, pain avoidance, fatigue management, adherence support, balance
safety, and progression readiness. A neural reward model could capture more complex interactions among movement
trajectories, patient state, and therapist actions, especially when demonstrations include video, sensor streams, and
longitudinal adherence histories [19, 21, 25]. The conceptual goal is not to assign fixed reward values, but to allow the
framework to infer what therapists appear to prioritize when selecting and adapting rehabilitation exercises [22, 23].

The inferred reward structure can be analytically decomposed into clinically meaningful components that shape policy
behavior across competing rehabilitation objectives (Table 2).

Table 2. Analytical Decomposition of Therapist-Inferred Reward Components and Their Functional Roles in Rehabilitation
Policy Learning

Reward
Component

Clinical Meaning Observable Proxies Policy-Level Influence Potential Trade-
offs

Movement
Quality

Prioritization of
correct

biomechanics and
form

Kinematic smoothness,
joint alignment, trajectory

error

Encourages form-preserving
exercise selection and

regression when
compensation occurs

May reduce
intensity

progression speed

Fatigue
Management

Avoidance of
excessive physical

exhaustion

Heart rate trends,
repetition decline, rest

frequency

Introduces rest periods and
moderates workload

May limit training
volume

Pain
Avoidance

Prevention of
symptom

exacerbation

Patient-reported pain,
movement guarding

Reduces intensity or switches
exercise modality

Risk of under-
challenging patient

Adherence
Support

Sustaining long-term
engagement

Session completion,
dropout patterns

Adjusts difficulty and pacing to
maintain participation

May compromise
optimal physical

challenge
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Progression
Readiness

Timing of increased
difficulty

Stable performance
metrics, low variability

Gradual increase in intensity
and complexity

Risk of delayed
advancement

Safety
Compliance

Respect for clinical
constraints

Contraindications,
surgical restrictions

Masks unsafe actions and
restricts policy space

Limits exploration
and learning

diversity

Motivation
Optimization

Enhancing patient
willingness to

continue

Self-reported motivation,
engagement signals

Tailors feedback and task
difficulty

Hard to quantify
reliably

Recovery
Efficiency

Balancing speed
and safety of

recovery

Multi-session
improvement trends

Aligns long-term policy toward
functional gains

May conflict with
short-term comfort

IRL algorithm selection
Maximum entropy IRL would be appropriate when therapist behavior is expected to vary across patients or sessions while
still reflecting coherent clinical preferences. Adversarial IRL and imitation-learning-related approaches would be relevant
when patient states and movement trajectories are high-dimensional, as in sensor-based exergaming, robotic therapy, or
video-derived movement analysis [20, 25, 26]. Contextual IRL could also support the framework because therapist
choices depend on patient-specific context, including diagnosis, impairment level, fatigue, pain, adherence history, and
recovery stage [17, 21]. Algorithm selection should therefore depend on the demonstration modality, state dimensionality,
desired interpretability, and the degree to which therapist behavior is expected to be stochastic rather than deterministic
[19, 24].

Recovered reward interpretation
The recovered reward should be interpreted as an expert-aligned clinical preference model rather than a direct substitute
for therapist judgment. It could reveal that therapists implicitly prioritize movement form before repetition count, rest after
deteriorating control, gradual intensity escalation after stable performance, or adherence-preserving task difficulty when
motivation is fragile [5, 18, 22]. Such interpretation would be especially valuable in exergaming and home rehabilitation
platforms, where automated systems must balance challenge, safety, usability, and sustained engagement [7, 29, 30, 32].
By making latent reward components explicit, the IRL module could provide a bridge between tacit therapist expertise and
the later deep RL policy that would generate personalized prescriptions [8, 17, 19].

Policy architecture
The deep reinforcement learning policy would map patient states to rehabilitation prescription actions, including exercise
type, intensity, duration, rest timing, feedback emphasis, and progression level. A value-based architecture such as a
deep Q-network could be used when prescriptions are represented as discrete exercise choices, while policy-gradient or
actor-critic architectures could support continuous adjustment of intensity or assistance [8, 17]. The state would include
patient capabilities, pain, fatigue, adherence history, recovery stage, and sensor-derived movement quality, while the
action would represent the next recommended rehabilitation exercise prescription [10, 12, 18]. In robotic and exergaming
environments, similar policy architectures could be adapted to prescribe assistance, task difficulty, or motor challenge
while remaining grounded in therapist-inferred rewards [11, 13, 16].

Reward from IRL
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The deep RL agent would use the reward function recovered by inverse reinforcement learning rather than relying on
manually engineered clinical scores. This reward could encode therapist-aligned priorities such as safe movement quality,
appropriate challenge, fatigue management, adherence support, and cautious progression after setbacks [19, 22, 23].
Because reward design is a major difficulty in healthcare RL, using demonstrations to infer reward structure could make
the policy more clinically meaningful than a system optimized only for exercise completion or intensity escalation [8, 9,
20]. The agent would therefore learn prescriptions that are shaped by observed therapist behavior while still adapting to
each patient’s evolving state [17, 18].

Personalization mechanism
Personalization would occur by conditioning the policy on patient-specific state features and by adapting the policy as
new patient responses are observed. A patient who progresses slowly, reports fatigue, or shows compensatory movement
would receive different prescriptions than a patient who maintains movement quality and tolerates increased challenge
[18, 25, 31]. In exergaming and home-based rehabilitation, this mechanism could adjust task difficulty, feedback, pacing,
and engagement strategies without assuming that all patients benefit from the same trajectory [1, 5, 29]. Fine-tuning
could be constrained by therapist-defined safety rules so that adaptation remains individualized but does not become
clinically unsafe [2, 13, 14].

Objective measures
Objective patient state measures would include range of motion, strength, gait quality, balance performance, heart rate
response, task completion, and sensor-derived movement quality. Wearable sensors, camera-based pose estimation,
robotic device logs, and home guidance systems could support continuous or session-based observation of these
features [3, 25, 31]. In neurological and orthopedic rehabilitation, such measures would help the agent distinguish
between successful challenge, excessive difficulty, compensatory movement, and recovery-related improvement [10, 15,
16]. The state representation should therefore combine biomechanical capability, exercise execution quality, and recent
response history rather than treating prescription as a static classification problem [17, 18].

Subjective measures
Subjective state measures would include pain, fatigue, perceived exertion, motivation, confidence, fear of movement, and
patient-reported readiness. These variables matter because a prescription that is biomechanically feasible may still be
inappropriate if the patient reports high pain, low motivation, or excessive fatigue. Personalized exergaming and digital
rehabilitation studies emphasize that engagement, usability, and perceived challenge influence whether patients continue
training outside supervised clinical settings [1, 5, 6, 29]. In the proposed framework, subjective measures would
complement sensor-derived movement data so that the policy could adapt to both physical performance and patient
experience [7, 9].

Adherence tracking
Adherence tracking would represent whether the patient completes prescribed sessions, follows exercise order, maintains
duration, responds to reminders, and sustains participation over time. A deep RL policy could use adherence history as
part of the patient state, allowing the agent to recommend exercises that preserve engagement rather than escalating
difficulty in a way that undermines participation [5, 9]. Home-based systems, telerehabilitation platforms, and exergaming
interfaces provide natural channels for capturing adherence-related signals, including session completion, missed
sessions, early stopping, and patient feedback [3, 4, 30]. This feature is important because an expert-aligned
rehabilitation policy should optimize for feasible long-term participation as well as immediate movement performance [2,
7].
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Safe Exploration and Adaptation

Clinical Integration

Evaluation Strategy

Constrained policy
A constrained policy would prevent the agent from recommending unsafe exercises, excessive intensity, inappropriate
resistance, or contraindicated movements. Action masking could be defined by therapist-specified rules, diagnosis-
specific precautions, surgical restrictions, pain thresholds, fatigue indicators, and patient readiness criteria [12-14]. In
rehabilitation robotics and exoskeleton control, safety constraints are essential because assistance and challenge must
remain compatible with the patient’s physical capacity and clinical condition [10, 11, 16]. The proposed framework would
therefore treat the learned policy as operating inside a clinically bounded action space rather than as an unconstrained
optimizer [17, 18].

Progressive adaptation
Progressive adaptation would begin from conservative prescriptions and expand challenge only when the patient
demonstrates readiness through stable movement quality, tolerable fatigue, manageable pain, and adequate adherence.
The agent would explore within therapist-defined safety bounds, selecting modest variations in exercise difficulty,
duration, rest, or feedback rather than abrupt changes that could increase risk [13, 14]. Adaptive robotic assistance and
personalized reaching rehabilitation show how reinforcement learning concepts can support individualized challenge
while still requiring clinical safeguards [13, 18]. In home-based or exergaming contexts, this gradual progression would be
especially important because therapist supervision may be intermittent rather than continuous [3, 7, 29].

Exercise delivery platform
The exercise delivery platform could be a mobile application, exergaming system, rehabilitation robot, wearable-
supported home program, or hybrid clinic-home interface. The RL policy would recommend the daily or session-level
prescription, while sensors and patient reports would update the state after the patient performs the exercise [3, 4, 30].
Exergaming and extended-reality rehabilitation designs show how interactive platforms can combine feedback,
motivation, and task practice, making them suitable channels for adaptive exercise prescription [7, 29, 32]. The platform
should present recommendations in clinically interpretable terms so that patients and therapists understand the intended
exercise goal, safety boundary, and progression rationale [5, 6].

Therapist supervision
Therapist supervision would remain central because the framework is intended to support, not replace, clinical judgment.
Therapists could review recommendations, override unsafe or inappropriate prescriptions, label unusual patient
responses, and update constraints when medical status changes [2, 4, 28]. This supervision would also create new
demonstrations and corrective examples, allowing the reward model and policy to remain aligned with evolving clinical
practice [22, 23]. Exception handling would be required for injury, severe pain, non-adherence, unexpected neurological
change, or any situation where automated prescription should defer to direct clinical evaluation [17, 18].

Reward recovery metrics
Reward recovery evaluation would examine whether the inferred reward reflects therapist-stated preferences and
produces prescription patterns that clinicians judge to be reasonable. Conceptual metrics could include feature
agreement between recovered reward components and therapist explanations, qualitative review of policy behavior after
removing selected features, and clinician assessment of whether the reward emphasizes movement quality, safety,
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Conclusion

adherence, and progression readiness [19, 21, 22]. Because multiple reward functions can explain similar
demonstrations, evaluation should focus on interpretability, clinical plausibility, and robustness rather than assuming a
single uniquely correct reward [20]. The purpose would be to determine whether the reward model captures therapist-
aligned priorities sufficiently to guide safe policy learning [23, 27].

Policy performance
Policy evaluation would begin in simulated patient models or supervised digital environments where different recovery
trajectories, fatigue responses, pain patterns, and adherence behaviors can be represented conceptually. The learned
policy could be compared against fixed protocols, therapist-only decision rules, or hand-coded reward policies to assess
whether it generates clinically coherent adaptation without claiming experimental outcomes [8, 17]. Rehabilitation
simulation, musculoskeletal modeling, and robotic control studies motivate the use of simulated or constrained
environments before deployment in patient-facing systems [10, 15, 16]. Such evaluation would focus on policy logic,
safety adherence, and responsiveness to patient state rather than reporting unsupported performance numbers [12, 14].

Clinical pilot metrics
A future clinical pilot would require prospective evaluation under therapist supervision, with attention to feasibility, safety,
usability, adherence, patient satisfaction, therapist workload, and functional recovery indicators. Relevant functional
measures might include timed mobility tasks, gait-related assessments, range-of-motion tracking, movement-quality
review, and patient-reported experience, but the present conceptual article does not report outcomes or numerical
findings [1, 2, 6]. Home guidance, telerehabilitation, and exergaming studies suggest that feasibility and engagement are
important early evaluation targets before broader clinical adoption [3, 4, 7]. Any pilot should be designed to verify whether
therapist-aligned AI recommendations can be integrated into real rehabilitation workflows without compromising patient
safety [28, 32].

Technical limitations
The framework assumes that therapist demonstrations are sufficiently high quality and representative, yet therapists may
vary in style, experience, specialty, and tolerance for risk. Inverse reinforcement learning also faces reward
unidentifiability, because more than one reward function may explain the same observed behavior [19, 21]. Deep RL
introduces additional challenges, including distribution shift, simulation-to-reality gaps, sparse or noisy patient
observations, and difficulty validating policies across heterogeneous rehabilitation populations [8, 15, 17]. These
limitations mean that the proposed system should be viewed as a clinical decision-support architecture rather than an
autonomous replacement for expert therapists [18, 22].

Clinical limitations
Patient safety is the central clinical limitation because exercise prescriptions can cause harm if they ignore surgical
precautions, pain escalation, neurological deterioration, cardiovascular risk, or unexpected complications. Automated
recommendations cannot anticipate every rare event, and home-based systems may miss subtle clinical cues that a
therapist would detect in person [2-4]. Regulatory review, prospective validation, explainability, privacy protection, and
clear responsibility boundaries would be necessary before such a framework could influence care [7, 28]. The system
would also need to avoid widening access disparities by ensuring that sensing, exergaming, and mobile delivery
platforms remain usable for patients with different impairments, resources, and digital literacy levels [1, 29, 30].
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those decisions, and a deep reinforcement learning policy would use that reward to generate adaptive prescriptions.

The key advantage of the framework is that it could capture tacit clinical expertise without requiring every rehabilitation
objective to be manually engineered. It could also support patient-specific adaptation by conditioning exercise decisions
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integrated into rehabilitation care.

Future work should implement this framework in rehabilitation robotics, exergaming systems, and home-based digital
therapy platforms under therapist supervision. Prospective clinical trials should then evaluate feasibility, safety,
interpretability, workflow integration, and patient-centered value before any autonomous deployment is considered.
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