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Introduction

Andreas Müller , Stefan Weber , Julia Hoffmann , Lukas Schneider , Tobias Klein1* 1 2 1 2

Head and neck cancer radiotherapy requires highly precise dose delivery to ensure tumor control while sparing nearby
critical structures, but daily anatomical changes such as tumor shrinkage, weight loss, and setup variability often
degrade treatment accuracy. Although cone-beam CT provides valuable daily imaging, current adaptive radiotherapy
workflows remain largely manual, time-consuming, and infrequent, limiting their ability to respond to ongoing
anatomical changes and often resulting in suboptimal target coverage or increased toxicity risk. To address these
limitations, we propose a deep reinforcement learning framework for fully automated daily treatment adaptation using
cone-beam CT and dosimetric constraints. The problem is formulated as a sequential decision-making task in which
an agent adjusts beam parameters based on evolving patient anatomy, cumulative dose, and constraint satisfaction.
The state includes daily imaging and dose history, the action space involves fluence or multileaf collimator
adjustments, and the reward function balances target coverage, organ-at-risk sparing, and plan stability. A patient-
specific simulator based on historical imaging enables training without real-time patient interaction. This framework
enables continuous, personalized, and automated plan adaptation that directly responds to anatomical changes while
maintaining clinical safety constraints. By leveraging long-horizon optimization, the system can outperform static
planning strategies and better manage stochastic anatomical variations in head and neck cancer treatment. Overall,
this approach provides a foundation for closed-loop adaptive radiotherapy that could improve treatment accuracy,
reduce toxicity, and reduce reliance on manual planning.

1

2

Head and neck cancer radiotherapy serves as a primary
curative or adjuvant modality for a wide spectrum of
malignancies arising in the oral cavity, oropharynx, larynx,
and hypopharynx. The complex anatomy of this region
places multiple organs at risk in close proximity to target

volumes, including the parotid glands, spinal cord,
brainstem, mandible, and optic structures. Intensity-
modulated techniques are routinely employed to sculpt
high-dose regions around tumors while minimizing
exposure to these critical structures, yet the inherent
sensitivity of surrounding tissues demands meticulous
planning to balance efficacy and safety [1, 2].
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Background

Anatomical changes during the typical six- to seven-week
treatment course cause the delivered dose to deviate
substantially from the original plan. Tumor shrinkage on the
order of one to two millimeters per week, combined with
patient weight loss and daily setup variations, displaces
both targets and organs at risk in unpredictable ways.
These deformations accumulate over fractions, leading to
underdosing of planning target volumes or unintended
overdosing of organs at risk that were contoured on the
initial simulation scan [3, 4].

Current adaptive radiotherapy strategies remain reactive,
labor-intensive, and limited in frequency, typically
performed only once or twice during the entire course. Re-
planning requires acquisition of a new computed
tomography scan, manual re-contouring of all structures,
and full re-optimization of beam parameters, processes that
consume hours of clinician effort. As a result, most
treatment fractions proceed without adaptation, accepting
dosimetric compromises that could otherwise be mitigated
through more frequent intervention [5, 6].

This work proposes deep reinforcement learning as the
core engine for daily, automated, and personalized plan
adaptation that directly incorporates daily cone-beam
computed tomography and explicit dosimetric constraints.
The framework treats each treatment fraction as a
sequential decision step within a Markov decision process,
enabling the agent to learn policies that optimize fluence
adjustments in response to observed anatomical changes.
This roadmap outlines the complete conceptual
architecture, from state-action formulation to safety
mechanisms, establishing a foundation for fully
autonomous adaptive radiotherapy in head and neck
cancer [7, 8].

Figure 1 illustrates the full conceptual architecture through
which daily cone-beam CT, cumulative dosimetry,
constrained Markov decision-making, deep reinforcement
learning policy optimization, safety enforcement, and
clinician-supervised delivery are integrated into a
personalized adaptive radiotherapy workflow for head and
neck cancer.

Figure 1. Conceptual architecture of deep reinforcement
learning for daily personalized adaptive radiation therapy in
head and neck cancer using cone-beam CT and dosimetric

constraints.

Head and neck radiotherapy planning
Intensity-modulated radiation therapy and volumetric
modulated arc therapy constitute the standard of care for
head and neck cancer, allowing highly conformal dose
delivery to gross tumor volume, clinical target volume, and
planning target volume expansions. Target volumes are
defined according to established guidelines that account for
microscopic disease spread, while organs at risk receive
strict dose-volume constraints to prevent severe toxicity.
Typical constraints include a mean dose below 26 Gy to the
parotid glands to preserve salivary function, a maximum
dose below 45 Gy to the spinal cord, and below 54 Gy to
the brainstem, with additional limits applied to the mandible
and optic structures to avoid osteoradionecrosis or vision
loss [1, 9].

Treatment planning systems solve inverse optimization
problems to satisfy these competing objectives, yet the
resulting plans remain static and unable to accommodate
daily anatomical variations. Planners must manually
balance trade-offs between target coverage and organ-at-
risk sparing through iterative adjustments of beam weights
and multileaf collimator sequences. The complexity of head
and neck anatomy, combined with the need for
simultaneous integrated boost regimens, further increases
the computational and clinical burden of generating high-
quality plans that remain robust over the full treatment
course [2, 10].

Anatomical changes during treatment
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Markov Decision Process
(mdp) Formulation

Tumor shrinkage occurs at a rate of approximately one to
two millimeters per week in responding head and neck
lesions, while concurrent weight loss induces medial
migration of the parotid glands and alterations in neck
contour. These changes shift the relative geometry
between targets and organs at risk, causing the high-dose
gradient regions of intensity-modulated plans to migrate
into previously spared structures. Setup errors on the order
of several millimeters compound the problem, as daily
positioning inaccuracies further distort the delivered dose
distribution relative to the simulation geometry [4, 11].

The dosimetric impact of these anatomical deformations
can be profound, with studies demonstrating systematic
increases in parotid mean dose and spinal cord maximum
dose when adaptation is not performed. Weight loss alone
can increase mean parotid dose by several gray over the
treatment course, elevating the risk of xerostomia. Without
daily monitoring and correction, the cumulative effect
across thirty to thirty-five fractions leads to clinically
relevant deviations that undermine both tumor control
probability and normal tissue complication probability [5,
12].

Current adaptive radiotherapy
Adaptive radiotherapy for head and neck cancer typically
relies on threshold-based triggers, such as observed
anatomical changes exceeding five to ten percent on
weekly imaging. Once triggered, the workflow involves
acquisition of a new computed tomography scan, re-
contouring of all target and organ-at-risk volumes, and
complete re-optimization of the treatment plan using
commercial treatment planning systems. This offline
process is performed at most once or twice per course,
leaving the majority of fractions delivered under the original
plan [3, 6].

Limitations of current adaptive workflows stem from their
labor-intensive nature and inability to scale to daily use.
Each adaptation cycle requires hours of physician and
physicist time, creating bottlenecks in busy clinics and
restricting application to only the most pronounced
anatomical shifts. Moreover, the discrete, infrequent nature
of re-planning fails to capture the continuous trajectory of
patient-specific changes, resulting in suboptimal cumulative
dose distributions that do not fully exploit the potential of
image-guided delivery [2, 5].

Reinforcement learning in medical
physics
Reinforcement learning has demonstrated utility in medical
physics for sequential decision tasks such as beam angle
selection, fluence map optimization, and motion
management across various disease sites. Early
applications formulated treatment planning as a Markov
decision process in which an agent learns to adjust beam
parameters to maximize a dosimetric reward while
satisfying clinical constraints. These approaches have
shown promise in automating inverse planning and
adapting to dynamic conditions without requiring exhaustive
search of the solution space [7, 8].

Deep reinforcement learning extends classical methods by
employing neural network function approximators to handle
high-dimensional state spaces, such as volumetric imaging
data. In radiation therapy contexts, actor-critic architectures
have been explored for automated plan adaptation in lung
and prostate cancer, providing a foundation for extension to
head and neck sites. Prior work highlights the capacity of
deep reinforcement learning to discover policies that
balance competing objectives and generalize across
patient anatomies when trained on appropriate simulators
[13-15].

State space
The state space integrates daily cone-beam computed
tomography volumes as the primary imaging input,
providing three-dimensional anatomical information at the
time of each fraction. Additional state components include
the current cumulative dose distribution warped onto the
daily anatomy and a vector encoding the fraction number
along with recent anatomical change metrics derived from
deformable registration. Explicit dosimetric constraint
satisfaction maps, represented as three-dimensional
tensors highlighting voxels exceeding organ-at-risk limits,
complete the state representation to ensure the agent has
full awareness of clinical objectives [4, 9].

This multi-modal state design enables the agent to perceive
both geometric deformations and their dosimetric
consequences in a single observation. By incorporating
temporal elements such as change trajectory, the state
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captures the patient-specific evolution pattern rather than
treating each fraction in isolation. The resulting high-
dimensional but information-rich state supports deep neural
network processing while remaining computationally
tractable through appropriate feature extraction [11, 16].

Action space
The action space comprises continuous or discretized
updates to beam intensity weights and fluence maps for
each treatment field, allowing fine-grained adjustments to
the dose distribution. Multileaf collimator leaf positions may
also be included as actions to enable direct modification of
aperture shapes when full re-optimization is not required.
Limited gantry angle adjustments can be incorporated for
arc therapies, providing additional degrees of freedom
while respecting mechanical constraints of the linear
accelerator [17, 18].

Continuous action representations are preferred to capture
the nuanced trade-offs inherent in head and neck planning,
where small fluence perturbations can substantially
improve organ-at-risk sparing without compromising target
coverage. The action space is bounded to ensure feasible
modifications that maintain deliverability within clinical time
slots. Parameterization through policy networks allows the
agent to output adjustments that are directly translatable to
machine parameters via the treatment planning system
interface [19, 20].

Transition dynamics
Transition dynamics model the stochastic evolution of
patient anatomy between fractions, driven by tumor
response, weight loss, and random setup variations that
cannot be fully predicted. The effect of each selected action
is simulated by recalculating the dose distribution on the
updated anatomy using a fast dose engine, yielding the
next state and associated reward. Patient-specific
simulators are constructed from historical cone-beam
computed tomography sequences to approximate real-
world dynamics during offline training [21, 22].

Because exact future anatomy remains unknown, the
transition function incorporates probabilistic elements
derived from population statistics or generative models
trained on prior head and neck cohorts. The simulator must
faithfully reproduce both geometric deformations and their
impact on dose deposition to enable the agent to learn
robust policies. This offline simulation paradigm avoids any

requirement for online exploration on actual patients,
preserving safety throughout the learning process [23, 24].

Horizon and discounting
The decision process is formulated as a finite-horizon
episodic task spanning the thirty to thirty-five fractions of a
standard head and neck regimen, with each fraction
constituting a single time step. A discount factor in the
range of 0.95 to 0.99 is applied to prioritize near-term
dosimetric improvements while still valuing long-term
cumulative outcomes at treatment completion. The terminal
state is reached upon delivery of the final fraction, at which
point the episode reward reflects the overall plan quality
across the entire course [14, 25].

Discounting encourages the agent to balance immediate
constraint satisfaction with sustained performance over the
full horizon, preventing myopic policies that sacrifice later
fractions for short-term gains. Episodic termination aligns
naturally with clinical treatment completion, allowing the
value function to estimate expected future returns from any
intermediate state. This formulation ensures that learned
policies remain clinically relevant by optimizing the
complete patient journey rather than isolated daily
decisions [10, 26].

Table 1 formalizes the proposed framework by mapping the
clinical adaptive radiotherapy problem onto explicit Markov
decision process components and their head and neck
cancer-specific interpretations.

Table 1. Structural mapping of the adaptive radiotherapy
problem to a constrained Markov decision process for head

and neck cancer.
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Environment Dynamic
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Deep RL Architecture

Reward Design (CRITICAL)

CBCT encoder
A three-dimensional convolutional neural network serves as
the CBCT encoder, extracting hierarchical spatial features
from the daily volumetric images while preserving critical
anatomical context. Pre-training on large radiotherapy
computed tomography and cone-beam computed
tomography datasets enables the encoder to capture
clinically relevant patterns such as tumor boundaries and
organ-at-risk contours without requiring manual annotation
at inference time. Dimensionality reduction through pooling
and bottleneck layers produces a compact latent
representation suitable for fusion with other state
components [7, 23].

Residual connections and attention mechanisms within the
encoder further enhance the model’s ability to focus on
regions of high dosimetric importance, such as areas near
the spinal cord or parotid glands. The architecture is
designed to handle the lower soft-tissue contrast typical of
cone-beam computed tomography by incorporating
domain-adaptation layers that align features with simulation
computed tomography distributions. This robust encoding
step ensures that anatomical changes are faithfully
represented in the policy input regardless of daily image
quality variations [15, 16].

Dose and constraint encoder
The current dose distribution is processed as a three-
dimensional tensor in parallel with the CBCT encoder,
allowing the network to correlate spatial anatomy with
accumulated dose deposition. Constraint violation maps
are generated by thresholding the dose volume against
clinical organ-at-risk limits and concatenated as additional
input channels, providing an explicit signal of safety status.
Shared convolutional layers fuse dose and constraint
features into a unified embedding that highlights regions
requiring immediate attention [8, 18].

This encoder design enables the agent to reason jointly
about geometry and dosimetry, a capability essential for
head and neck adaptation where small anatomical shifts
can produce large dosimetric consequences. Batch
normalization and skip connections stabilize training across
heterogeneous patient anatomies and varying dose
accumulation stages. The resulting joint representation
feeds directly into the policy and value heads, ensuring that

all actions are informed by both imaging and dosimetric
context [20, 22].

Policy and value networks
An actor-critic architecture is employed to handle the
continuous action space inherent in fluence map
optimization, with proximal policy optimization or soft actor-
critic serving as the base algorithm. The policy network
outputs a Gaussian distribution over action perturbations,
while the value network estimates expected future returns
to guide advantage computation and reduce variance
during updates. Both networks share the encoder
backbones to promote efficient feature reuse across actor
and critic pathways [13, 14].

Separate heads for mean and standard deviation
parameters in the policy allow controlled exploration during
training while maintaining deterministic behavior at
deployment. Entropy regularization terms encourage
sufficient exploration of the action space without
destabilizing convergence on safety-critical tasks. The
overall architecture is optimized end-to-end using clipped
surrogate objectives, yielding stable policies suitable for
clinical translation [19, 26].

Target coverage rewards
Positive rewards are assigned when planning target volume
coverage metrics satisfy clinical thresholds, such as V95
percent exceeding 99 percent and V107 percent remaining
below 2 percent across all target structures. The reward
component scales continuously with improvements in
homogeneity and conformity indices, providing dense
feedback that guides the agent toward clinically acceptable
target dosing. Cold spots or hot spots within the planning
target volume incur graduated negative rewards
proportional to their dosimetric severity, ensuring the agent
prioritizes uniform coverage [10, 25].

This target-centric reward structure aligns directly with the
primary goal of radiotherapy, which is to deliver adequate
dose to malignant tissue while avoiding underdosing that
could compromise local control. By incorporating both
binary threshold satisfaction and continuous metric
gradients, the reward function supports fine-grained
learning of nuanced trade-offs. Such design prevents the
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Safety Constraintsagent from exploiting loopholes that achieve marginal
coverage at the expense of overall plan quality [7, 16].

OAR sparing penalties
Negative rewards are levied for any violation of organ-at-
risk dose constraints, with penalties weighted according to
clinical severity such that spinal cord and brainstem
exceedances incur substantially larger costs than parotid
mean dose violations. The penalty magnitude scales with
both the volume of violation and the degree of overdose,
creating a strong gradient that discourages actions leading
to critical structure toxicity. Mean and maximum dose
metrics for each organ at risk are evaluated independently
to provide comprehensive safety feedback [1, 2].

This hierarchical penalty scheme reflects established
radiation oncology priorities, where serial organs like the
spinal cord demand absolute protection while parallel
organs like the parotids tolerate moderate dose increases.
The reward design thus embeds domain knowledge directly
into the learning objective, enabling the agent to internalize
clinical trade-off preferences without explicit programming.
Weighted summation across all organs at risk ensures
balanced sparing that mirrors multi-objective clinical
planning [14, 20].

Stability penalty
A dedicated stability penalty discourages large fraction-to-
fraction changes in beam parameters or fluence maps,
promoting smooth adaptation trajectories that maintain plan
deliverability and reduce mechanical stress on the linear
accelerator. The penalty term is proportional to the L2 norm
of action differences relative to the previous fraction, with a
tunable coefficient that balances adaptation
aggressiveness against plan consistency. This component
prevents oscillatory behavior that could arise from over-
reactive responses to minor anatomical fluctuations [15,
22].

Incorporating stability into the reward encourages policies
that evolve gradually across the treatment course, aligning
with the gradual nature of anatomical changes in head and
neck cancer. The penalty also facilitates clinical acceptance
by producing adaptation sequences that physicians can
review and approve without abrupt shifts from one day to
the next. Overall, the stability term contributes to safer,
more predictable treatment delivery while preserving the
benefits of daily personalization [19, 24].

Hard constraints
Hard constraints are enforced through action masking that
immediately invalidates any proposed fluence adjustment
or multileaf collimator position capable of exceeding critical
organ-at-risk limits such as the spinal cord maximum dose
of 45 Gy or the brainstem maximum of 54 Gy. This
deterministic filtering ensures that the policy network never
outputs unsafe actions even during exploratory phases of
training, preserving patient safety as a non-negotiable
boundary condition. The masking mechanism operates on
the constraint satisfaction maps embedded in the state,
allowing the agent to focus exploration exclusively within
the feasible region defined by clinical guidelines [1, 2].

Critical structure protection is further strengthened by
priority-based veto layers that override the policy output
whenever a hard limit violation is detected in the forward
dose calculation. Such vetoes trigger an immediate fallback
to the previous fraction’s plan, maintaining treatment
continuity without interruption. By embedding these
safeguards directly into the architecture, the framework
guarantees that daily adaptations remain strictly compliant
with established safety thresholds regardless of anatomical
complexity or stochastic variations [9, 20].

Soft constraints with lagrangian
Soft constraints are incorporated via Lagrangian relaxation
within a constrained reinforcement learning formulation,
where a separate multiplier dynamically balances the
primary reward objective against cumulative organ-at-risk
violation penalties. Primal-dual optimization updates the
multiplier online during training to enforce long-term
satisfaction of mean and maximum dose limits without
requiring perfect hard enforcement on every step. This
approach permits controlled, temporary relaxations when
clinically justified by target coverage needs while still
converging toward feasible policies over the full treatment
horizon [10, 14].

The Lagrangian formulation enables explicit trade-off tuning
between competing objectives, allowing the agent to learn
nuanced behaviors that mirror radiation oncologist
decision-making under uncertainty. Dual variables are
adjusted based on observed violation frequency across
simulated trajectories, ensuring the policy internalizes
clinical priorities without manual weighting. Consequently,
the resulting adaptive strategies achieve superior
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Training and Simulation

Clinical Integration

dosimetric balance compared to purely unconstrained
optimization while retaining flexibility for patient-specific
anatomical evolution [26, 27].

Training environment
The training environment is constructed as a high-fidelity
patient-specific simulator that replays sequences of
historical cone-beam computed tomography images
acquired at multiple time points during prior head and neck
treatments. A generative model augments these sequences
to produce plausible future anatomies that capture tumor
shrinkage, weight loss, and setup variations, thereby
exposing the agent to a diverse range of realistic transition
dynamics. Fast dose engines embedded within the
simulator compute the immediate dosimetric consequences
of each action on the warped anatomy, closing the
observation-reward loop required for reinforcement learning
[21, 22].

Historical datasets provide the foundation for simulator
fidelity, ensuring that learned policies generalize across the
anatomical variability observed in real clinical cohorts. The
environment supports parallel rollouts across thousands of
virtual patients, accelerating convergence while maintaining
computational efficiency suitable for large-scale deep
network training. By grounding the simulation exclusively in
retrospective cone-beam computed tomography data, the
framework avoids any reliance on idealized assumptions
and instead mirrors the stochastic, patient-driven changes
encountered in daily practice [23, 24].

Offline RL (Batch RL)
Offline reinforcement learning is adopted to eliminate the
need for online exploration on actual patients, relying
instead on large batches of pre-collected state-action-
reward trajectories generated from the simulator.
Conservative Q-learning variants are employed to prevent
overestimation of out-of-distribution actions, ensuring that
the policy remains safe and aligned with demonstrated
clinical behaviors. This batch-oriented approach further
mitigates distributional shift by constraining updates to
actions already present in the historical dataset, thereby
supporting reliable deployment without real-time risk [13,
15].

Quantum-inspired extensions of deep reinforcement
learning have been explored in related clinical decision
support contexts to accelerate convergence on high-
dimensional radiotherapy problems, offering potential
efficiency gains for future large-scale training. The offline
paradigm aligns naturally with regulatory requirements for
medical software, as all policy learning occurs on
retrospective data before any prospective evaluation.
Consequently, the framework maintains strict separation
between training and clinical use, preserving the integrity of
patient safety protocols throughout development [27, 28].

Daily workflow
The daily workflow begins with acquisition of the treatment-
day cone-beam computed tomography, which is
automatically fed into the trained deep reinforcement
learning agent for rapid inference of fluence map
adjustments. The agent outputs an updated plan proposal
within seconds, complete with predicted dose distribution
and constraint satisfaction metrics, enabling seamless
integration into existing linear accelerator consoles. A
physicist performs automated quality assurance checks
before the proposal advances to physician review, ensuring
that only clinically viable adaptations reach the approval
stage [3, 6].

Upon physician approval, the updated parameters are
transferred directly to the treatment machine for immediate
delivery, completing the closed-loop adaptation cycle within
the standard time slot allocated for image-guided
radiotherapy. The entire process is orchestrated through a
dedicated middleware layer that interfaces with commercial
treatment planning and record-and-verify systems. This
streamlined sequence transforms daily cone-beam
computed tomography from a verification tool into an active
driver of personalized treatment, minimizing workflow
disruption while maximizing dosimetric fidelity [28, 29].

Human-in-the-loop
Human-in-the-loop oversight is preserved through an
interactive interface that presents the agent’s proposed
adaptation alongside side-by-side visualizations of the
original plan, current cumulative dose, and projected organ-
at-risk metrics. The attending radiation oncologist retains
full override authority, allowing manual adjustment or
rejection of the suggestion based on additional clinical
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Evaluation Strategy

context not captured in the state representation. Safety
monitoring dashboards continuously track key performance
indicators across fractions, triggering alerts if any deviation
from expected trajectories is detected [5, 12].

This collaborative design fosters gradual clinical
acceptance by positioning the reinforcement learning agent
as a decision-support tool rather than an autonomous
replacement for human judgment. Threshold-based
approval rules can be configured to require mandatory
review for high-risk adaptations, such as those near serial
organs, while permitting fully automated execution for
routine cases. Over time, accumulated override data can
be incorporated into retraining cycles to further refine the
policy toward physician-preferred behaviors [2, 15].

Dosimetric metrics
Evaluation relies on standard dosimetric metrics that
quantify planning target volume coverage through V95
percent and V107 percent, homogeneity index, and
conformity index computed on the daily anatomy. Organ-at-
risk endpoints include mean dose to bilateral parotids,
maximum point dose to the spinal cord and brainstem, and
volume-based constraints for the mandible and optic
structures, all accumulated across the full simulated
course. These metrics are reported both per fraction and as
cumulative totals to capture the longitudinal benefit of daily
adaptation over static planning [1, 10].

Additional composite indices such as the generalized
equivalent uniform dose and normal tissue complication
probability models provide clinically interpretable
summaries of plan quality. Comparisons are performed
against both the original non-adaptive plan and
conventional offline adaptive schedules to quantify
incremental improvements attributable to the reinforcement
learning policy. The metric suite is deliberately aligned with
international reporting guidelines to facilitate direct
translation into multi-center validation studies [9, 20].

Validation protocols
Validation protocols center on retrospective evaluation
using held-out historical patient datasets that include
complete cone-beam computed tomography sequences
and delivered dose reconstructions. The deep
reinforcement learning agent is applied in simulation mode

to generate daily adapted plans, which are then
benchmarked against the actual clinically delivered plans
and against standard non-daily adaptive strategies.
Statistical analysis employs paired Wilcoxon tests and
dose-volume histogram comparisons to establish
superiority in target coverage and organ-at-risk sparing
under identical anatomical conditions [21, 22].

Cross-validation across multiple institutions ensures
generalizability, with separate cohorts reserved for
hyperparameter tuning and final testing. Simulator-based
stress testing introduces controlled perturbations in
anatomy evolution rates to assess policy robustness under
varying clinical scenarios. These protocols collectively
demonstrate the framework’s readiness for prospective
trials while satisfying the evidentiary requirements for
regulatory clearance of adaptive radiotherapy software [28,
29].

Table 2 clarifies the analytical advantage of the proposed
approach by contrasting conventional adaptive
radiotherapy workflows with a deep reinforcement learning-
driven daily personalization paradigm.

Table 2. Comparative analytical framework distinguishing
conventional adaptive radiotherapy from deep

reinforcement learning-driven daily personalization.
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The proposed deep reinforcement learning framework
establishes a comprehensive conceptual architecture for
daily, personalized adaptive radiation therapy planning in
head and neck cancer that directly leverages cone-beam
computed tomography and explicit dosimetric constraints.
By formulating the problem as a Markov decision process
with carefully designed state, action, and reward
components, the system enables sequential decision-
making that continuously optimizes treatment delivery in
response to patient-specific anatomical changes. The
integration of actor-critic networks, safety mechanisms, and
offline training paradigms provides a complete blueprint for
automated adaptation that maintains clinical objectives
across the entire treatment course.

Key advantages include fully personalized plan updates
that respond to daily imaging, automated operation that
reduces labor burden, and explicit awareness of organ-at-
risk constraints that safeguards critical structures such as
the spinal cord and parotids. The framework further
promotes plan stability and human oversight, facilitating
smooth clinical translation while preserving physician
authority. These elements collectively position deep
reinforcement learning as a transformative tool for
achieving closed-loop adaptive radiotherapy that was
previously unattainable with conventional methods.

Limitations of the current conceptual design include
dependence on high-fidelity patient-specific simulators for
training, the need for rigorous safety certification before
prospective deployment, and the requirement for sustained
physician acceptance through transparent human-in-the-
loop interfaces. Additional challenges arise from the
computational demands of three-dimensional convolutional
processing and the necessity to validate generalization
across diverse head and neck subsites and treatment

regimens. Addressing these limitations through continued
simulator refinement and multi-institutional data sharing will
be essential for successful clinical adoption.

Future work should prioritize implementation of the
framework on large historical head and neck datasets and
seamless integration into commercial treatment planning
systems to enable prospective evaluation. Collaborative
efforts between artificial intelligence researchers, medical
physicists, and radiation oncologists will accelerate the
transition from conceptual design to routine clinical use.
Ultimately, this reinforcement learning approach offers a
pathway to safer, more effective, and truly personalized
radiotherapy for head and neck cancer patients worldwide.
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