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Abstract

Unnecessary right ventricular pacing (VP) in dual-chamber (DDD) pacemakers is associ-
ated with pacing-induced cardiomyopathy, heart failure, and atrial fibrillation. Commercial
VP-minimization algorithms such as Medtronic’s Managed Ventricular Pacing (MVP) op-
erate at the beat level and sharply reduce VP burden in patients with intact atrioventricular
(AV) conduction (e.g., sick sinus syndrome) but are limited in patients with intermittent AV
block, where the algorithm cannot give conduction more time to complete. We propose a hi-
erarchical reinforcement learning framework that operates at the parameter level (AV delay
and activity-adaptive target rate) and composes cleanly on top of any certified beat-level
controller. Trained via proximal policy optimization (PPO) on a clinically parameterized
event-level surrogate, the RL policy reduces VP burden from 91.8–95.2% to 5.9–7.8% on
Mobitz Type I and Type II when layered on top of a standard dual-chamber rate-adaptive
(DDDR) controller, and when layered on top of a Casavant-2021-specified MVP controller
further reduces VP burden from 3.4% to 0.4% on first-degree AV block and from 48.6%
to 9.2% on Mobitz Type II, while preserving MVP’s near-zero VP (0.2% to 0.1%) on sick
sinus syndrome. The MVP implementation is specified against the Casavant–Belk 2021
technical reference and calibrated per-subgroup against the IDEAL RVP and COMPARE
trials. The parameter-level and beat-level optimizations act on separable timing primitives
and the same policy transfers across both without retraining, suggesting a composable de-
ployment path in which a learned parameter-programming layer sits on top of, rather than
replaces, certified commercial firmware.

1. Introduction

Approximately one million pacemakers are implanted worldwide each year (Mulpuru et al.,
2017; Kusumoto et al., 2019), with dual-chamber (DDD) devices representing the standard
of care for patients requiring both atrial and ventricular support. While DDD pacing re-
stores adequate heart rate, it carries a well-documented risk: unnecessary right ventricular
pacing (VP) promotes electromechanical dyssynchrony, which over time can lead to pacing-
induced cardiomyopathy (PICM), heart failure, and atrial fibrillation (Lamas et al., 2002;
Wilkoff et al., 2002). The landmark MOST trial (Lamas et al., 2002) and its substudy by
Sweeney et al. (2003) established VP burden as an independent predictor of heart failure
hospitalization, with a cumulative VP burden above 40% in the DDDR group associated
with a nearly three-fold increase in HF hospitalization hazard (HR ≈ 3.0). A later meta-
analysis by Somma et al. (2023) adopted a lower VP burden threshold of ≥ 20% as a
diagnostic criterion for pacing-induced cardiomyopathy, synthesizing evidence across multi-
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ple observational cohorts; we refer to the MOST-derived 40% threshold as the trial-validated
hazard inflection and the 20% threshold as the diagnostic/observational lower bound.

In response, device manufacturers have developed VP-minimization algorithms such as
Medtronic’s MVP (Casavant and Belk, 2021; Sweeney et al., 2007), which reduced median
VP from 99.0% to 9.1% in the SAVe PACe trial (sinus-node-dysfunction patients, 2°/3°
AV block excluded) (Sweeney et al., 2007). However, these algorithms operate as fixed
heuristic rules that manipulate a single parameter and do not adapt to individual conduction
characteristics.

Reinforcement learning (RL) offers a principled framework for sequential decision-making
in healthcare (Komorowski et al., 2018; Yu et al., 2021; Gottesman et al., 2019). Recent
work has applied RL to pacemaker control at the beat level (Dole et al., 2023; Komp et al.,
2024) but requires replacing the device’s certified firmware, is difficult to verify clinically,
and operates at a level clinicians do not directly interact with.

We propose a hierarchical RL framework that operates at the parameter level, the same
abstraction at which clinicians program devices. A high-level PPO agent (Schulman et al.,
2017) adjusts the target heart rate and AV delay at one-second intervals; the existing DDD
controller executes beat-level pacing. This separation (i) keeps the certified controller’s
safety logic in place, (ii) makes the RL layer modular across any beat-level algorithm, and
(iii) keeps learned parameters directly interpretable. We train on Mobitz Type I/II and
evaluate zero-shot on first-degree AV block and sick sinus syndrome (SSS). Timing-level
consistency is cross-checked against openCARP (Plank et al., 2021) (Section 4.1).

1.1. Generalizable Insights about Machine Learning in the Context of
Healthcare

This work demonstrates three generalizable principles. First, hierarchical control, separat-
ing learned optimization from safety-critical execution, enables RL evaluation for medical
devices without replacing certified firmware. Second, RL can learn state-dependent pro-
gramming policies that refine a single clinical lever more effectively than the fixed heuristics
commercial algorithms use, producing condition-specific behavior without hand-engineering
per-condition rules. Third, the hierarchical architecture is composable: parameter-level RL
can be layered on top of existing beat-level algorithms, with each layer addressing a different
axis of optimization (Kusumoto et al., 2019).

2. Related Work

2.1. VP-Minimization Algorithms

Commercial VP-minimization strategies fall into two categories: AV delay extension (e.g.,
Abbott’s VIP and AICS algorithms) and mode-switching (e.g., Medtronic’s MVP (Casa-
vant and Belk, 2021), Boston Scientific’s RHYTHMIQ, MicroPort’s SafeR). MVP operates
in AAI mode by default and switches to DDD upon detecting two of four consecutive
dropped beats, periodically testing for return of AV conduction with exponential backoff.
The SAVe PACe trial, restricted to sinus-node-dysfunction patients with 1:1 AV conduction
(2°/3° AV block excluded), showed that MVP combined with Search-AV-Extension reduced
median VP burden from 99.0% to 9.1% and persistent atrial fibrillation by 40% (Sweeney
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et al., 2007). Because SAVe PACe’s intervention arm was MVP + Search-AV combined, it
does not provide a direct per-subgroup calibration for MVP alone; this is instead supplied
by IDEAL RVP (MVP median %VP by AV-block subgroup: 0.2% no-AVB, 2.3% 1st-degree,
16.4% 2nd-degree, 37.7% episodic 3rd-degree) (Murakami et al., 2010), and the COMPARE
trial (MVP 12-month median %VP of 11.8% in AVB patients (Chen et al., 2014)). The
ANSWER trial reported the SafeR algorithm at 11.5% overall versus DDD at 93.6% over
3 years (Stockburger et al., 2016).

Subsequent evidence has identified a subgroup in which MVP-style strategies are not
uniformly beneficial: patients with a baseline PR interval greater than 230ms. PreFER
MVP reported a 3.4-fold increased risk of persistent atrial tachyarrhythmia/atrial fibrilla-
tion in this subgroup on the MVP arm (HR 3.41, 95% CI 1.10–10.6, p = 0.024) (Ricci et al.,
2015), and the MVP Trial, which compared managed ventricular pacing against VVI-40
backup pacing in ICD recipients, reported worse outcomes in the same subgroup on the
MVP arm (Sweeney et al., 2010). The proposed mechanism is AV decoupling: when the
AAI window permits very long PR, left atrial contraction can fall against a closed mitral
valve, raising left atrial pressure and promoting AT/AF. This evidence does not reverse the
general case for VP-minimization; it refines the indication by identifying long-PR patients
as a population in which the benefit/risk of aggressive AAI-favoring strategies is less clear.
We return to this point when interpreting the RL+MVP composability result on 1st-degree
AV block (Section 5.3).

These algorithms share a common design limitation: they manipulate AV timing as
a single parameter using fixed rules and do not jointly optimize across multiple pacing
parameters.

2.2. RL for Cardiac Device Control

Dole et al. (2023) introduced correct-by-construction RL for dual-chamber pacemaker syn-
thesis, using duration-calculus specifications to guarantee formal safety properties. Komp
et al. (2024) extended this with reward machines learned from demonstrations. Both ap-
proaches operate at the beat level, deciding individual pace/sense actions at each time step
and replacing the certified beat-level controller. Jiang et al. (2012) developed a cyber-
physical modeling framework for implantable cardiac devices using UPPAAL timed au-
tomata, enabling formal verification of pacemaker timing properties. Our work addresses a
complementary problem: rather than synthesizing a new beat-level controller with its own
safety guarantees, we retain the certified beat-level controller and add a learned outer loop
that modifies programmed parameters within clinically admissible bounds. This separation
(beat-level firmware preserved, parameter-level optimization learned) targets a deployment
path (non-invasive parameter advisor layered on top of existing devices) that beat-level
RL does not currently support. Because the two approaches act on different levels of the
control stack and on different action spaces, a direct head-to-head comparison is not well
defined, and we position them as complementary rather than competing. More broadly,
RL has been applied to treatment optimization across clinical domains (Komorowski et al.,
2018; Yu et al., 2021), and guidelines for responsible RL deployment in healthcare, empha-
sizing safety constraints, interpretability, and simulation-based evaluation before clinical
deployment (Gottesman et al., 2019), directly inform our approach.
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3. Methods

3.1. Surrogate Heart Simulator

We develop an event-driven stochastic heart simulator that models the beat-to-beat timing
interactions between the sinoatrial (SA) node, atrioventricular (AV) conduction system, and
a DDD pacemaker. The simulator operates at 10ms time steps (100Hz) and models four
cardiac events: atrial sense, atrial pace, ventricular sense, and ventricular pace.

Intrinsic atrial depolarization follows a Gaussian process with patient-specific mean
rate (µSA ∈ [40, 80] bpm for the bradycardia population) and heart rate variability (σHRV ∈
[30, 100]ms). For sick sinus syndrome, the model additionally incorporates stochastic SA
pauses with configurable probability (10–30% per beat) and duration (1.5–5.0 s). The AV
conduction system implements four pathologies relevant to VP-minimization. Normal and
first-degree conduction succeed with PR interval drawn from N (µPR, σPR), where µPR

ranges from 140–220ms (normal) to 224–352ms (first-degree). Mobitz Type I (Wenckebach)
progressively lengthens the PR interval over 3–6 beat cycles (increment 10–35ms/beat) un-
til conduction fails, then resets. Mobitz Type II produces independent conduction failure
with probability 10–40% per beat, with constant PR when conduction succeeds.

The low-level DDD controller implements standard dual-chamber timing cycles including
lower rate interval, programmable AV delay (80–300ms), atrial and ventricular refractory
periods (200ms and 250ms respectively), post-pace blanking (40ms), and upper tracking
rate (120 bpm). Atrial capture probability is 99.5% with 0.2% transient loss-of-capture rate,
consistent with chronic pacing thresholds (Kusumoto et al., 2019; Ellenbogen and Wood,
2005). Each episode generates a three-phase activity schedule (rest → exercise → recovery)
with randomized transition times and intensity levels, producing a rate-adaptive target:
targetbpm = restbpm + (maxbpm − restbpm)× activity.

3.2. MVP Controller Specification

Our MVP baseline implements the state machine described in Casavant and Belk (2021).
By default the controller operates in AAI(R) mode: the atrium is paced on demand at
the target rate, the ventricle is sensed but not paced, and AV conduction is allowed to
complete intrinsically. A switch to DDD(R) mode is triggered when a 2-of-4 conduction
failure is detected: the controller maintains a sliding window of the four most recent atrial
events and transitions to DDD if any two of the corresponding atrial-to-ventricular intervals
complete without a sensed ventricular event. On the triggering cycle a backup V-pace is
delivered 80ms after the non-conducted atrial event; the same 80ms AV delay is retained
throughout subsequent DDD(R) operation, a simplification of Casavant and Belk (2021),
which specifies 80ms for the backup pace on the triggering cycle.

While in DDD, the controller schedules periodic AAI-retest beats with a doubling-
backoff schedule: retests occur 1, 2, 4, 8, 16, 32, 64, 128, 256, and 512 minutes after the
most recent DDD entry, and then every 16 hours (the documented plateau) thereafter. A
retest beat withholds the scheduled V-pace for one cycle; if a sensed V-event arrives within
a 300ms AAI conduction window, the controller switches back to AAI(R), otherwise it
resumes DDD and the backoff counter advances. Standard refractory periods and post-
pace blanking remain in effect throughout. Table 1 gives the full parameter set.
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Table 1: MVP controller parameters. The 2-of-4 criterion, 80ms backup pace, and retest
backoff follow Casavant and Belk, 2021; the 300ms AAI conduction window and
the retained DDD AV delay are our own specification.

Parameter Value

Default mode AAI(R)
AAI conduction window 300ms after sensed/paced A
Drop-detection criterion 2 of 4 rolling A-A intervals
Fallback V-pace timing (on switch) 80ms after triggering A
DDD AV delay (after switch) 80ms
AAI retest backoff 1, 2, 4, 8, . . . min, doubling, plateau at 16 h
Retest decision window 300ms after retest-beat A
Refractory periods (ARP / VRP) 200ms / 250ms
Post-pace blanking 40ms
Upper tracking rate 120 bpm

The implementation is verified against the behavior described in Casavant and Belk
(2021) via unit tests in the repository that check (i) that AAI is maintained indefinitely
under 1:1 conduction, (ii) that two non-conducted atrial events in a 4-beat window trigger
a DDD switch, (iii) that a single non-conducted beat surrounded by conducted beats does
not trigger, (iv) that the backup V-pace is delivered at 80ms after the triggering atrial
event, and (v) that the doubling backoff schedule resets correctly after a successful retest.

The simulator’s Mobitz MVP figures (22.8–48.6%) reflect a wider drop-probability sam-
pling range (10–40% per beat) than the clinical 2AVB populations reported in IDEAL RVP
(median 16.4% Murakami et al., 2010) and COMPARE (AVB median 11.8% Chen et al.,
2014); the per-subgroup calibration is discussed in Section 5.2.

3.3. Hierarchical RL Architecture

Our framework separates pacemaker control into two temporal scales. Every one second (100
simulator steps), the high-level RL agent observes the current cardiac state and selects an
action from a discrete set of parameter adjustments. The action space is a Cartesian product
of AV-delay adjustments ∆AV ∈ {−100,−50, 0,+50,+100}ms relative to the base AV delay
of 200ms, and target-rate adjustments ∆bpm ∈ {−20,−15, 0,+15,+30} bpm relative to the
activity-driven baseline, yielding |A| = 5 × 5 = 25 discrete actions. The AV-delay axis
is the primary therapeutic lever; the rate axis is included to let the policy accommodate
activity transitions within the hard safety envelope described below. Invalid actions (those
that would set the target below 40 bpm or above the upper tracking rate) are masked before
policy sampling (Huang and Ontañón, 2022). The one-second interval is a simulation and
training convention rather than a proposed device-reprogramming frequency. The staged
deployment path described in Section 6.1, which moves from an off-device advisor to a
human-in-the-loop programmer and eventually to closed-loop operation under a change-
control plan, does not reprogram the device every second. In practice the selected action
is held across multi-second stretches and changes on fewer than 10% of decision steps,
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settling the AV-delay axis at a condition-dependent level rather than fluctuating step to
step (Appendix M).

The high-level agent receives a 13-dimensional observation vector at each decision step:

ot = [ activity, bpmbase, bpmcurrent, AVcurrent, ∆tV , ∆tA,

Vsense, Asense, wait, AVrate, VPb, MAE, unsafe ]
(1)

where ∆tV and ∆tA are normalized time since last ventricular and atrial events, AVrate

is the recent AV conduction success rate, and VPb is the interval VP burden. Between
high-level decisions, the low-level DDD controller executes beat-level actions (none, atrial
pace, ventricular pace) according to standard timing cycles with the parameters set by the
high-level policy.

The high-level reward at each decision step balances three objectives:

rt = raccuracy − λVP ·VPburden − λsafety · nunsafe (2)

where raccuracy rewards VV intervals close to the target, λVP = 1.2 penalizes ventricular
pacing, and λsafety = 10.0 penalizes unsafe VV intervals (tachycardia <500ms or pauses
>2000ms). An additional floor penalty discourages setting the target rate more than 20 bpm
below the activity-driven baseline.

Hard safety envelope. After each action, target rate is clamped to [ rmin(activity), rmax ]
(rmin = 50bpm at rest, rising linearly to 70 bpm at full exercise; rmax = 120 bpm), and the
AV delay to [100, 400]ms. Bounds follow pacemaker programming guidelines (Ellenbogen
and Wood, 2005; Kusumoto et al., 2019). The clamp fires on at most 2.7% of decision steps;
disabling it changes primary metrics by <1 pp (Appendix E).

3.4. Policy Architecture and Training

We use a recurrent actor-critic architecture with separate LSTM networks (Hochreiter and
Schmidhuber, 1997) for the actor and critic. Each branch consists of a single-layer LSTM
(hidden size 64), layer normalization, and a two-layer MLP head (64 → 32 → output)
with Tanh activation and orthogonal weight initialization. The agent is trained using PPO
(Schulman et al., 2017) with generalized advantage estimation (Schulman et al., 2015) over
600 updates of 1,800 steps each (1,080,000 total environment interactions), with training
episodes of 45 s duration. Training curves showing episodic reward and VP burden over
the 600 updates are reported in Appendix L. The training environment samples uniformly
between Mobitz Type I and Type II patients with domain randomization over patient
parameters. Key hyperparameters are: learning rate 3 × 10−4, clipping ratio 0.2, entropy
coefficient 0.04 (annealed to 0.012), discount γ = 0.99, GAE λ = 0.95, minibatch size 32, 4
epochs per update.

3.5. Baseline Controllers

We compare the RL policy against two reference controllers. Baseline DDDR uses a
fixed 200ms AV delay, the trial-era reference against which SAVe PACe (Sweeney et al.,
2007) and ANSWER (Stockburger et al., 2016) report 93–99% VP, placing our DDDR
cohort values (87.3–95.2%) in the published range. Casavant-2021 MVP (Section 3.2)
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implements the Casavant–Belk 2021 reference: AAI(R) by default, DDD switch on a 2-of-4
conduction failure, and periodic conduction-check retests with exponential backoff. Both
hold ∆bpm = 0 and differ only in AV-timing behavior.

3.6. Evaluation Metrics

We evaluate controllers using two established clinical endpoints and three simulation-derived
metrics that quantify clinically relevant behaviors. VP burden quantifies the percentage of
ventricular beats that are paced rather than intrinsically conducted, the primary clinical
endpoint for VP-minimization trials; >40% has a trial-validated association with heart-
failure hospitalization hazard in the DDDR arm of MOST (Sweeney et al., 2003), while
≥20% is the observational threshold subsequently adopted as a diagnostic criterion for
pacing-induced cardiomyopathy (Somma et al., 2023). AV synchrony captures the percent-
age of ventricular events preceded by an atrial event within the AV delay window, consistent
with the definition used by Ip et al. (2024). Intrinsic conduction rate measures the percent-
age of ventricular events arising from intrinsic conduction rather than from pacing. On the
shared denominator of ventricular events it is the exact complement of VP burden, so it
restates the primary endpoint rather than measuring conduction independently; we report
it because device trials express preserved conduction as a conduction ratio or percent in-
trinsic rhythm (Sweeney et al., 2007) rather than as a paced-beat fraction. Event-free rate
reports the percentage of episodes with zero adverse rhythm events (tachycardia <500ms
or pauses >2000ms). Rate response (r) measures the Pearson correlation between activity
level and achieved heart rate, quantifying the adequacy of chronotropic response (Brubaker
and Kitzman, 2011). We additionally report absolute counts of tachycardia events and
pauses.

Statistical testing. Continuous per-patient metrics (VP burden, intrinsic conduction
rate, AV synchrony, event-free rate, rate response r) are compared between controllers us-
ing paired Wilcoxon signed-rank tests across the 30-patient cohort, since each patient is
evaluated under every controller with matched seeds. Count metrics (tachycardia events,
pauses) are compared using a paired Wilcoxon signed-rank test on per-patient counts. For-
mal test statistics are reported for VP burden, the primary endpoint (Appendix F); the
remaining metrics are reported descriptively. Tables 3 and 9 report VP burden as mean ±
standard deviation; the remaining tables report point estimates.

4. Cohort: Simulated Patient Population

Because our simulator operates on discrete cardiac events rather than raw ECG waveforms,
we validate the surrogate model by ensuring that all configurable parameters fall within
published clinical ranges. Table 2 presents each simulator parameter alongside its clinical
reference value and source. All parameters fall within or near published ranges for the
pacemaker-indicated population.

As this study uses only simulated data with no human subjects involvement, no insti-
tutional review board approval was required.

Each episode samples a new patient with parameters drawn from uniform distributions
over the validated ranges. Uniform distributions are standard for domain randomization in
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Table 2: Surrogate model parameter validation against published clinical literature.

Parameter Our Range Clinical Reference Source

SA node rate 40–80 bpm Bradycardia: <60 bpm Kusumoto et al.
(2019)

HRV (SDNN) 30–100ms Compromised: 50–
100ms

Shaffer and Gins-
berg (2017)

PR interval 140–220ms Normal: 120–200ms Kusumoto et al.
(2019)

PR variability 10–30ms Physiological: 10–
40ms

Ellenbogen and
Wood (2005)

Wenckebach cycle 3–6 beats Clinical: 3–5 beats
typical

Ellenbogen and
Wood (2005)

Mobitz II drop prob. 10–40% Ratios: 2:1–5:1 Mangi et al.
(2023)

Escape rate 25–45 bpm Ventricular: 20–
40 bpm

Ellenbogen and
Wood (2005)

Atrial ERP 200ms Clinical: 160–260ms Ellenbogen and
Wood (2005)

Ventricular ERP 250ms Programmable: 220–
350ms

Ellenbogen and
Wood (2005)

Post-pace blanking 40ms Standard: 30–40ms Ellenbogen and
Wood (2005)

Capture probability 99.5% Clinical: >99% Kusumoto et al.
(2019)

Loss of capture 0.2% Transient: 0.1–1% Ellenbogen and
Wood (2005)

RL and ensure robustness across the full parameter space, though they may over-represent
extreme parameter combinations relative to clinical populations. All evaluations use a fixed
cohort of 30 patients per condition (seed base 3000), with 60-second episodes containing a
rest–exercise–recovery activity profile. This evaluation seed base is disjoint from the training
seeds 1–5, so evaluation patients do not appear in training. Each episode independently
samples the activity profile’s transition times and intensities, and matched seeds ensure that
the four controllers are compared on identical patient draws and identical activity profiles,
making every controller comparison paired rather than confounded by differing conditions.
A 60-second episode at a target rate of 55–75 bpm contains roughly 55–75 ventricular events
per patient, so per-patient VP burden is quantized at approximately 1.5 pp; aggregate
per-condition VP burdens are reported to one decimal place where the 30-patient cohort
mean resolves this precision, and otherwise rounded to the nearest percentage point. We
additionally confirm stability over 300-second episodes (Appendix J).

4.1. Implementation Cross-Check Against openCARP

As an implementation cross-check, we run a cohort of N = 20 virtual patients in openCARP
(Plank et al., 2021), parameterized to the same patient-specific draws as the surrogate.
openCARP is configured with a two-compartment monodomain tissue model (Courtemanche–
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Ramirez–Nattel atrial, ten Tusscher–Panfilov ventricular) connected by an AV-nodal delay
compartment, on a template biatrial + biventricular mesh with pacing stimuli at the RA
appendage and RV apex. Mean PR intervals agree within 4ms, VP burden within 2.6 per-
centage points, and MVP mode-switch counts within 1 event per 60 s (Appendix I). The
stronger external anchor for the MVP implementation itself is the per-subgroup calibration
against IDEAL RVP and COMPARE (Section 5.2).

We evaluate on four arrhythmia conditions. Mobitz Type II (trained) produces inter-
mittent conduction failure with 10–40% drop probability per beat. Mobitz Type I (trained)
exhibits progressive PR prolongation over 3–6 beat cycles before a dropped beat. First-
degree AV block (zero-shot, untrained) features prolonged but intact conduction with PR
intervals of 224–352ms (1.6× normal). Sick sinus syndrome (zero-shot, untrained) presents
normal AV conduction but intermittent SA node pauses (10–30% probability, 1.5–5.0 s du-
ration) with a slow baseline rate of 35–55 bpm.

5. Results

Each controller is evaluated on 30 randomized patients per condition (120 episodes total, 60 s
each). We compare baseline DDDR, a Casavant-inspired MVP surrogate with an author-
defined conduction-detection window (Section 3.2), RL+DDDR, and RL+MVP. The RL
checkpoint is trained on a mixed Mobitz I/II cohort with the standard DDD controller;
RL+MVP rows represent a zero-shot composability-transfer result.

5.1. Compositional Comparison Across Controllers

Table 3 reports VP burden across the four arrhythmia conditions for all four controllers.
Three patterns are consistent with published clinical trials. First, DDDR baselines in
our simulator (87.3–95.2% across conditions) reproduce the range reported in ANSWER
(93.6% overall, 84.7% in SND, 98.2% in intermittent AVB) and SAVe PACe (99.0% in SSS)
(Sweeney et al., 2007; Stockburger et al., 2016). Second, MVP tracks the per-subgroup
behavior of the IDEAL RVP trial (Murakami et al., 2010): 0.2% VP on SSS (IDEAL RVP
no-AVB: 0.2%), 3.4% on first-degree (IDEAL RVP 1AVB: 2.3%), and 22.8–48.6% on Mobitz
(both type I and type II are 2AVB; IDEAL RVP 2AVB pooled median: 16.4%), with the
bimodal 1st-degree distribution reflecting patients whose PR interval exceeds the 300ms
AAI conduction window and triggers the 2-of-4 drop switch to DDD. Third, the RL policy
on top of standard DDD reduces VP burden into the clinically target range (<10%) on every
condition (Mobitz II 95.2%→ 7.8%, −87.4 pp; Mobitz I 91.8%→ 5.9%, −85.9 pp; 1st-degree
87.3%→ 4.5%; SSS 93.6%→ 3.1%), while also lowering tachycardia event counts by 3–6×
(Mobitz II 12→ 2; Mobitz I 18→ 6), confirming that joint rate-and-AV-delay parameter
optimization adds value even on top of an uncompounded DDD controller.

5.2. MVP Per-Subgroup Calibration Against IDEAL RVP

Our primary calibration target is IDEAL RVP (Murakami et al., 2010), which reports
MVP median %VP by AV-block subgroup (SAVe PACe’s 9.1% reflects MVP + Search-
AV combined and excludes 2°/3° AV block, making it unsuitable as a pure-MVP reference
(Sweeney et al., 2007)). On SSS our MVP reports 0.2% VP, matching IDEAL RVP no-AVB
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Table 3: Compositional comparison: VP burden (mean ± SD, %), intrinsic conduction rate
(ICR, %), event-free rate (EFR, %), and tachycardia event count across 30 patients
per condition, 60 s episodes. Bold marks the best value on each row.

Condition Metric DDDR MVP RL+DDDR RL+MVP

M
ob

it
z
II VP (%) ↓ 95.2±4.8 48.6±21.3 7.8±4.2 9.2±5.3

ICR (%) ↑ 4.8 51.4 92.2 90.8
EFR (%) ↑ 76.7 70.0 96.7 96.7
Tachycardia ↓ 12 48 2 1

M
ob

it
z
I VP (%) ↓ 91.8±5.4 22.8±17.4 5.9±3.3 6.8±3.8

ICR (%) ↑ 8.2 77.2 94.1 93.2
EFR (%) ↑ 80.0 63.3 96.7 96.7
Tachycardia ↓ 18 73 6 3

1s
t
D
eg
re
e VP (%) ↓ 87.3±9.2 3.4±5.6 4.5±2.8 0.4±0.9

ICR (%) ↑ 12.7 96.6 95.5 99.6
EFR (%) ↑ 86.7 93.3 96.7 96.7
Tachycardia ↓ 14 18 4 2

S
S
S

VP (%) ↓ 93.6±6.1 0.2±0.6 3.1±2.1 0.1±0.3

ICR (%) ↑ 6.4 99.8 96.9 99.9
EFR (%) ↑ 90.0 100.0 96.7 100.0
Tachycardia ↓ 3 0 1 0

(0.2%). On 1st-degree block our mean is 3.4% (bimodal; median 0.8%, IQR [0.3, 5.1]) vs.
IDEAL RVP 1AVB median 2.3%. On Mobitz the simulator’s figures (22.8% type I, 48.6%
type II) exceed IDEAL RVP 2AVB (16.4%) and COMPARE AVB (11.8% Chen et al., 2014),
reflecting our wider drop-probability sampling range (10–40%) which exercises the 2-of-4
detection criterion more aggressively than the clinical 2AVB populations.

5.3. RL as a Complementary Layer on Top of MVP

The central finding is that MVP and the RL layer address orthogonal failure modes (Fig. 3).
On first-degree AV block, MVP alone produces 3.4% VP (consistent with IDEAL RVP 2.3%)
but with a bimodal cohort distribution because patients with long PR intervals fall outside
its AAI conduction window and trigger a switch to DDD. When the RL layer is applied
on top of the same MVP controller, VP burden drops from 3.4% to 0.4% (8.5× relative
reduction) and the event-free rate rises from 93.3% to 96.7%. On Mobitz II, where MVP is
structurally limited at 48.6% VP (2-of-4 drops repeatedly trigger DDD-mode fallback), the
same composition reduces VP to 9.2% (5.3× relative reduction), bringing a condition that
MVP alone cannot manage below the < 10% clinical target. This is a pure composability
effect: the same RL checkpoint reduces VP over both standard DDD and MVP without
retraining, and RL+DDDR and RL+MVP are within 1.4 pp of each other on Mobitz I/II,
demonstrating zero-shot transfer across beat-level controllers.

On sick sinus syndrome, MVP alone already achieves VP 0.2% (99.8% intrinsic con-
duction via AAI, matching IDEAL RVP no-AVB 0.2%), and the RL layer preserves this
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(b) Intrinsic Conduction Rate

Figure 1: VP burden (left) and intrinsic conduction rate (right) across the four conditions
for all four controllers. Dashed and dotted grey reference lines in the VP-burden
panel mark the 20% PICM and 10% clinical-target thresholds, respectively. MVP
is highly effective on SSS and 1st-degree AV block but structurally limited on Mo-
bitz conditions. RL+DDDR reduces VP burden on Mobitz conditions; RL+MVP
achieves the lowest VP burden on 1st-degree AV block.

at the measurement floor (0.1% VP, 99.9% ICR) while adding no degradation. This near-
equivalence is important, since it shows that in simulation the composition is safe in the
regime where MVP already performs at the achievable floor.

The two composability regimes (RL+DDDR on Mobitz and RL+MVP on 1st-degree
block) map cleanly onto clinical failure modes (Fig. 4). MVP’s mode-switching architecture
covers SSS natively, while the RL layer’s largest benefit falls on the conditions where the
beat-level controller is structurally limited.

Table 4: Mechanism ablation: VP burden (%) under the AV-only ablation vs. the full RL
policy, on top of the baseline DDDR controller (30 patients per condition, 60 s
episodes). The AV-only ablation freezes the rate parameter at the activity-driven
baseline and applies only the learned AV-delay adjustment.

Condition DDDR AV only Full policy

Mobitz II 95.2 18.4 7.8
Mobitz I 91.8 14.1 5.9
1st Degree 87.3 6.2 4.5
SSS 93.6 8.7 3.1

Mechanism decomposition. To identify which of the RL’s parameter adjustments drives
each composability result, we evaluate an AV-only ablation in which the rate parameter is
frozen at the activity-driven baseline and only the learned AV-delay adjustment is applied.
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Figure 2: Per-subgroup MVP calibration against IDEAL RVP (Murakami et al., 2010).
Bars show MVP %VP: IDEAL RVP trial median (hatched ochre) vs our MVP
simulator (green). Dotted grey line marks the 10% clinical-target threshold. SSS:
0.2% (sim) vs 0.2% (IDEAL RVP). 1st-degree block: 3.4% (sim mean; median
0.8%, IQR [0.3, 5.1]) vs IDEAL RVP 1AVB 2.3%. Mobitz: 22.8–48.6% (sim,
with a 10–40% per-beat drop-probability range that exercises the 2-of-4 detec-
tion criterion more aggressively than the clinical 2AVB cohorts) vs IDEAL RVP
2AVB median 16.4% and COMPARE AVB median 11.8% (Chen et al., 2014).
IDEAL RVP reports 2AVB as a single pooled category; our simulator evaluates
Mobitz type I (progressive Wenckebach) and type II (abrupt drops) separately.

Table 4 reports VP burden under this ablation against the baseline DDDR and the full
policy.

The AV-only ablation already captures the majority of the full-policy gain on every
condition (87.3→ 6.2 on 1st-degree; 93.6→ 8.7 on SSS; 91.8–95.2→ 14.1–18.4 on Mobitz),
confirming that state-dependent AV-delay widening is the primary mechanism and that it
corresponds to the same therapeutic lever commercial Search-AV / AV-hysteresis exercises.
The incremental gain from the full policy (4.5–7.8% vs. 6.2–18.4% under AV-only) reflects
state-dependent fine-tuning of the pacing envelope within the learned AV-delay policy. Per-
condition summaries of the selected AV delay (mean, within-episode variability, and modal
setting), which show that the policy does not collapse to a single fixed offset, are reported
in Appendix M.

5.4. Safety Envelope and Tachycardia Events

MVP alone produces substantially more tachycardia events than DDDR on Mobitz condi-
tions (Table 3) because its 2-of-4 drop detection triggers DDD mode switches whose 80ms
backup V-pace can produce short VV intervals. Adding the RL layer reduces tachycardia
events by 3–6× on DDDR and 9–48× on MVP.
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(b) RL layered on Casavant-2021 MVP
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Figure 3: Composability of parameter-level RL with the two beat-level controllers. (a) RL
on top of standard DDDR reduces VP burden by 83–91 percentage points across
all four conditions (95.2%→ 7.8% on Mobitz II, 91.8%→ 5.9% on Mobitz I,
87.3%→ 4.5% on 1st-degree, 93.6%→ 3.1% on SSS), bringing every condition
below the 10% clinical-target threshold (dotted grey reference line). (b) RL on
top of Casavant 2021 inspired MVP reduces VP burden from 48.6% to 9.2% on
Mobitz II (5.3×), from 22.8% to 6.8% on Mobitz I (3.4×), and from 3.4% to
0.4% on 1st-degree block (8.5×), while preserving MVP’s near-zero VP on SSS
(0.2%→ 0.1%).

6. Discussion

The mechanism ablation (Table 4) confirms that state-dependent AV-delay widening is the
primary lever, with the rate axis providing incremental refinement. The clinical intuition
is that extending the AV delay widens the window in which intrinsic ventricular activation
can arrive before the pacemaker delivers a pace, while both DDDR and MVP hold this
parameter fixed.

The compositional comparison (Table 3, Fig. 3) demonstrates the central claim: parameter-
level RL and beat-level VP-minimization address orthogonal failure modes. MVP handles
SSS and mild AV block natively via AAI-mode operation; the RL layer covers exactly the
conditions MVP cannot fully resolve (Mobitz and long-PR 1st-degree block). Taken with
the IDEAL RVP calibration (Section 5.2), this supports a composable layered architec-
ture in which existing commercial firmware remains in charge of beat-level decisions and
the learned parameter layer refines the AV-delay envelope within which those controllers
execute.

Our approach is complementary to beat-level RL (Dole et al., 2023; Komp et al., 2024),
which replaces the certified controller and pairs with formal safety machinery (e.g., duration-
calculus specifications that provide worst-case guarantees). Parameter-level RL does not
provide such guarantees: the reward penalty on unsafe events and the hard safety envelope
are empirical safeguards, not formal proofs. Safety in our architecture rests on two structural
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RL-induced VP reduction when composed with each beat-level controller
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Figure 4: Per-condition RL-induced VP-burden reduction (percentage points) when the RL
layer is added on top of DDDR versus on top of MVP. The RL layer provides
its largest absolute benefit on exactly the conditions where the underlying beat-
level controller is structurally limited: AV-block conditions for DDDR (83–91 pp
reductions), and Mobitz conditions for MVP (16–40 pp reductions). On SSS
and 1st-degree block, where MVP is already near the clinical floor, RL+MVP
contributes a much smaller absolute delta but a comparable relative reduction on
1st-degree (8.5×); on SSS the difference is not statistically significant (p = 0.42,
Appendix F).

properties rather than on the learned policy itself: (i) the outer clamp projects every RL-
selected parameter into the clinically admissible region before it reaches the controller, so
the policy cannot produce out-of-range parameters regardless of its internal state; and (ii)
the certified beat-level firmware retains full authority over pace/sense decisions, so the RL
layer can only modulate when a pace is delivered (via AV delay and rate), never whether
the firmware’s own safety logic fires. Across all 480 evaluation episodes (4 conditions × 4
controllers × 30 patients), the worst-case single-episode maximum pause under RL+DDDR
is 1842ms, within the 2000ms pause threshold; the worst-case minimum VV interval is
487ms, which falls below the 500ms tachycardia threshold and is counted among the adverse
events in Table 3. We make no claim of clinical superiority without prospective device data;
the contribution is the compositional architecture and the observation that it delivers non-
trivial improvement on exactly the failure modes where commercial firmware is structurally
limited.

6.1. Regulatory and Deployment Considerations

A learned parameter-optimization layer is a new functional block under the FDA Software
as a Medical Device framework and would require its own validation within a market-
ing submission, which for a policy intended to be updated post-clearance may include a
Predetermined Change Control Plan reviewed as part of that submission (U.S. Food and
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Drug Administration, 2017, 2023). We envision a staged path: off-device decision sup-
port, human-in-the-loop integration in the device programmer, and eventually closed-loop
operation under a predetermined change-control plan with locked safety envelopes.

6.2. Limitations and Future Work

Scope of claims. This work is a methodological and architectural contribution evaluated
entirely in simulation. We do not claim clinical superiority over any commercial algorithm
on real patients. All VP-burden reductions reported here are simulator outcomes; their
translation to clinical endpoints (heart-failure hospitalization, AT/AF incidence) requires
prospective device data that this study does not provide.

Simulator-based evaluation and path to real-patient validation. All numerical
results are obtained in an event-level surrogate parameterized within clinically validated
ranges (Table 2). To ground the surrogate against real cardiac recordings, we extracted
inter-beat statistics (resting HR, SDNN, PR interval) from a subset of the PhysioNet MIT-
BIH corpora (Moody and Mark, 2001) and compared the surrogate’s sampled patient-
parameter ranges against the corresponding 5th–95th percentile empirical ranges (Ap-
pendix H); resting HR and SDNN fall inside, while both PR ranges extend beyond the
empirical 95th percentile. These are ambulatory Holter recordings without dual-chamber
device telemetry and are not suitable for direct DDD controller-output comparison. These
checks establish physiological plausibility of the patient-parameter ranges rather than full
temporal fidelity of the underlying conduction dynamics. The MVP implementation is spec-
ified against Casavant 2021 and calibrated per-subgroup against IDEAL RVP and COM-
PARE. Two natural next steps remain before device deployment: (1) retrospective replay
of annotated dual-chamber pacemaker electrograms, in which the RL policy’s parameter
recommendations are evaluated offline against the clinician’s programmed settings on each
recorded episode; and (2) prospective evaluation in an independently developed biophysi-
cal simulator (e.g., openCARP with patient-specific meshes) to test robustness outside the
surrogate’s modeling assumptions.

Long-PR subgroup within 1st-degree block. Our 1st-degree cohort samples PR 224–
352ms, overlapping the PR >230ms subgroup for which PreFER MVP and the MVP Trial
reported elevated AT/AF and composite outcomes on MVP (Ricci et al., 2015; Sweeney
et al., 2010). The RL+MVP composition widens MVP’s usable range for shorter-PR pa-
tients; a clinically deployed version would condition on baseline PR and exclude or specially
monitor the long-PR subgroup per those trials’ recommendations.

Zero-shot transfer. RL+MVP reflects zero-shot transfer of a policy trained with stan-
dard DDD as its low-level executor. Joint training with MVP as the low-level executor
is the immediate next experiment, and would confirm whether the observed transfer is
fundamental or incidental to the AV-delay primitive that DDDR and MVP share.
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Appendix A. Expanded AV Delay Ablation

To evaluate whether the AV delay range limits performance, we retrained the RL policy
with an expanded action space: ∆AV ∈ {−100,−50, 0,+50,+100,+200,+300}ms (max
AV delay 500ms, |A| = 35). The expanded range provides modest additional benefit on
first-degree AV block (−1.9 percentage points VP burden, from 4.5% to 2.6%), where the
prolonged PR interval benefits from the wider AV window. For other conditions the RL
converges to a similar strategy regardless of available range, confirming that the policy
exploits the available AV-delay envelope effectively (Table 5).

Table 5: Ablation: expanding AV delay range from 300ms to 500ms (30 patients per con-
dition).

Condition Original VP (%) Expanded VP (%) ∆

Mobitz II 7.8 7.4 −0.4
Mobitz I 5.9 5.4 −0.5
1st Degree 4.5 2.6 −1.9
SSS 3.1 3.0 −0.1

Appendix B. Training and Hyperparameter Details

Table 6 summarizes the full set of hyperparameters used for PPO training. All patient gen-
eration, activity schedules, and environment dynamics are seeded for reproducibility. The
training environment samples uniformly between Mobitz Type I and Type II patients with
domain randomization over all patient parameters (SA rate, HRV, PR interval, conduc-
tion probability, activity schedule timing and intensity). A full reproducibility statement
including code, checkpoints, and runtime requirements is provided in Appendix K.

Appendix C. Reward Function Details

The high-level reward (Eq. 2) comprises three components. The accuracy term raccuracy =
0.2− (excess MAE/max bpm) rewards VV intervals close to the target, where excess MAE
is the mean absolute error beyond a 50ms tolerance band; if no ventricular events occur
during the decision interval, a fixed penalty of −0.5 is applied. The VP burden term
penalizes each ventricular paced beat proportionally, weighted by λVP = 1.2. The safety
term applies a penalty of λsafety = 10.0 per unsafe VV event (tachycardia <500ms or pause
>2000ms). An additional floor penalty (λfloor = 0.8) discourages setting the target rate
more than 20 bpm below the activity-driven baseline, preventing excessive bradycardia.

Appendix D. Architecture and Baseline Ablations

To justify the recurrent architecture and rule out simpler alternatives, we evaluate four
additional controllers: (i) a feedforward policy that receives a stacked history of the five
most recent observations, (ii) a GRU variant matched in parameter count to the LSTM, and
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Table 6: PPO training hyperparameters.

Hyperparameter Value

Learning rate 3× 10−4

Clipping ratio (ϵ) 0.2
Entropy coefficient 0.04 (annealed to 0.012)
Discount factor (γ) 0.99
GAE λ 0.95
Minibatch size 32
PPO epochs per update 4
Steps per update 1800
Total updates 600
Episode duration (training) 45 s
Episode duration (evaluation) 60 s / 300 s
LSTM hidden size 64
MLP hidden layers 64 → 32
Activation Tanh
Weight initialization Orthogonal
VP burden penalty (λVP) 1.2
Safety penalty (λsafety) 10.0
Rate floor penalty (λfloor) 0.8
Optimizer Adam

(iii) a behavior-cloning (BC) baseline trained via supervised learning to imitate the optimal
fixed strategy (∆bpm = −20, ∆AV = +100ms) under the same observation interface as
the RL agent, and (iv) a random-action baseline that selects uniformly from the masked
action set at each decision step. All models were trained on the same Mobitz I/II mixture
with matched compute. Table 7 reports VP burden on the trained conditions. The LSTM
outperforms both non-recurrent and alternative-recurrent variants, and the behavior-cloning
baseline slightly outperforms the fixed strategy it imitates but does not capture the adaptive
gains of the PPO-trained policy, confirming that the compositional gains in Table 3 are
attributable to state-dependent policy learning rather than to architectural overhead alone.
The random-action baseline yields far higher VP burden than the learned policy (44.8%
on Mobitz II and 41.2% on Mobitz I), confirming that the gains stem from learning rather
than from the action interface alone.

Table 7: Architecture ablation (VP burden %, 30 patients, 60 s). BC = behavior cloning
from optimal fixed strategy.

Controller Mobitz II Mobitz I

Feedforward (5-stacked obs) 14.6 12.1
GRU (hidden 64) 9.2 7.1
LSTM (hidden 64, ours) 7.8 5.9

BC from fixed strategy 13.4 11.8
Optimal fixed strategy 15.9 14.2
Random action (masked) 44.8 41.2
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Appendix E. Safety Envelope Ablation

The hard safety envelope (Section 3.3) clamps the RL-selected target rate and AV delay
to clinically admissible ranges. Table 8 reports clamp activation rates and the effect of
removing the clamp. The learned policy rarely approaches the envelope (clamp active
on <3% of decision steps), and primary metrics shift by less than 1 pp when the clamp
is disabled, indicating that the policy does not rely on the envelope to achieve its VP
reduction.

Table 8: Safety envelope activation and sensitivity (30 patients, 60 s).

Condition Clamp rate (%) VP (clamp on) VP (clamp off) ∆

Mobitz II 1.8 7.8 7.5 −0.3
Mobitz I 2.1 5.9 5.6 −0.3
1st Degree 2.7 4.5 4.2 −0.3
SSS 1.2 3.1 3.0 −0.1

Appendix F. Full Tables with 95% Confidence Intervals

Table 9 reports the primary outcome (VP burden) with 95% normal-approximation confi-
dence intervals and Bonferroni-corrected p-values for both the DDDR-vs-RL+DDDR com-
parison and the MVP-vs-RL+MVP composability comparison. Differences are summarized
by mean-difference point estimates with 95% CIs.

Two patterns are worth highlighting. (a) The DDDR-vs-RL+DDDR comparison is
significant on every condition. (b) The MVP-vs-RL+MVP comparison is significant on
Mobitz and 1st-degree (the composability-relevant conditions); on SSS both controllers
operate at the achievable floor (VP < 0.5%) so the composition is a safe no-op rather than
an additional improvement.

Median-based reporting on bimodal 1st-degree. MVP’s 1st-degree VP burden is
bimodal across the cohort (patients with PR ≤ 300ms remain in AAI and contribute near-
zero VP, while those with longer PR trigger a switch to DDD and contribute much higher
VP). Because the paired Wilcoxon test and the mean/SD summary are both sensitive to this
right tail, we additionally report medians and interquartile ranges (IQR), which align with
IDEAL RVP’s reporting convention (Murakami et al., 2010). For 1st-degree: MVP median
0.8% (IQR [0.3, 5.1]) vs RL+MVP median 0.2% (IQR [0.1, 0.5]); the median shift is smaller
than the mean shift (3.4% → 0.4%) because the RL+MVP improvement is concentrated
in the long-PR subgroup that MVP handles poorly. Readers who prefer a central-tendency
summary should consult the median values.

Appendix G. Statistical Sensitivity Analysis

We verified that the pattern of statistical significance reported in the main tables is robust to
the choice of multiple-comparison correction. Applying Benjamini–Hochberg false discovery
rate correction at q = 0.05 across the same family of 8 VP-burden comparisons yields
the same set of significant results as the Bonferroni threshold of α = 0.00625 used in
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Table 9: VP burden (%) with 95% normal-approximation CIs (mean ± 1.96 SD/
√
n, bounds

truncated at zero) and paired Wilcoxon signed-rank p-values, Bonferroni-corrected
for 8 comparisons (m = 8, α = 0.00625).

Condition Controller VP % (95% CI) ∆ vs. reference (95% CI) padj

Mobitz II
DDDR 95.2 [93.5, 96.9] – –
RL+DDDR 7.8 [6.3, 9.3] −87.4 [−89.7,−85.0] <0.001

MVP 48.6 [41.0, 56.2] – –
RL+MVP 9.2 [7.3, 11.1] −39.4 [−47.5,−31.2] <0.001

Mobitz I
DDDR 91.8 [89.9, 93.7] – –
RL+DDDR 5.9 [4.7, 7.1] −85.9 [−88.0,−83.8] <0.001

MVP 22.8 [16.6, 29.0] – –
RL+MVP 6.8 [5.4, 8.2] −16.0 [−22.4,−9.5] <0.001

1st Degree
DDDR 87.3 [84.0, 90.6] – –
RL+DDDR 4.5 [3.5, 5.5] −82.8 [−86.2,−79.3] <0.001

MVP 3.4 [1.4, 5.4] – –
RL+MVP 0.4 [0.1, 0.7] −3.0 [−5.1,−0.9] 0.004

SSS
DDDR 93.6 [91.4, 95.8] – –
RL+DDDR 3.1 [2.4, 3.9] −90.5 [−92.8,−88.1] <0.001

MVP 0.2 [0.0, 0.4] – –
RL+MVP 0.1 [0.0, 0.2] −0.1 [−0.3,+0.1] 0.42 (NS)

Table 9. In addition, we repeated all primary comparisons using paired bootstrap tests
(10,000 resamples) as a distribution-free alternative to the Wilcoxon signed-rank test; all
previously significant results remained significant at the p < 0.01 level.

Appendix H. Patient-Parameter Validation Against MIT-BIH Recordings

The event-level surrogate’s patient generator draws SA-node rate, heart-rate variability
(SDNN), and PR-interval distributions from clinically validated ranges (Table 2). As an
external check that these ranges are consistent with real ambulatory recordings, we extract
inter-beat statistics from a subset of the PhysioNet MIT-BIH corpora (Moody and Mark,
2001) and compare them against the surrogate’s sampled distributions. We use these record-
ings only for patient-parameter consistency; they are ambulatory Holter recordings without
dual-chamber device telemetry and are not suitable for DDD controller-output comparison.

Records selected: 16265, 16272, 16273 and 16420 from the MIT-BIH Normal Sinus
Rhythm Database (SA rate and HRV statistics), and record 111 from the MIT-BIH Ar-
rhythmia Database, documented as normal sinus rhythm with first-degree AV block, for
the PR statistics. Heart rate and SDNN are computed from annotated RR intervals after
exclusion of ectopic beats. The Arrhythmia Database provides beat (QRS) annotations
only, so PR intervals are measured from the raw signal rather than from the reference
annotation file.
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Table 10: Patient-parameter consistency check against MIT-BIH. “MIT-BIH range” reports
the 5th–95th percentile across the selected records. Resting HR and SDNN fall
inside the empirical range; both PR ranges extend beyond it.

Parameter Simulator range MIT-BIH range (5th–95th pct)

Resting HR (bpm) 40–80 43–86
SDNN (ms) 30–100 28–112
Normal PR (ms) 140–220 136–218
1st-degree PR (ms, rec. 111) 224–352 208–298 (within-record range)

Resting HR and SDNN fall within the corresponding MIT-BIH empirical ranges. Both
PR ranges extend beyond the empirical 95th percentile (normal PR to 220ms vs 218ms;
first-degree PR to 352ms vs 298ms), so the patient generator samples longer PR intervals
than these recordings contain.

Appendix I. openCARP Implementation Cross-Check

Full per-condition numbers for the openCARP implementation cross-check (Section 4.1) are
reported in Table 11 and Fig. 5.

Table 11: Implementation cross-check: surrogate vs openCARP. Mean ± SD per condition,
60 s episodes. PR interval and VP burden are measured under the standard
DDDR controller; mode-switch counts under the MVP controller in a matched
run. The openCARP columns and the surrogate PR and mode-switch columns
are computed on 20 matched virtual patients; the surrogate VP-burden column is
the 30-patient DDDR cohort of Table 3 and is therefore not sample-size matched
to the openCARP column beside it.

PR interval (ms) VP burden (%) MVP mode switches

Condition Surrogate openCARP Surrogate openCARP Surrogate openCARP

Mobitz II 218 ± 24 222 ± 27 95.2 ± 4.8 92.6 ± 5.9 4.2 ± 1.1 3.9 ± 1.4
Mobitz I 232 ± 31 235 ± 33 91.8 ± 5.4 89.4 ± 6.7 3.8 ± 0.9 3.5 ± 1.2
1st Degree 286 ± 22 289 ± 25 87.3 ± 9.2 85.1 ± 10.4 1.6 ± 0.8 1.4 ± 0.9
SSS 168 ± 18 170 ± 19 93.6 ± 6.1 91.2 ± 7.3 0.2 ± 0.4 0.1 ± 0.3

Appendix J. Long-Episode Stability Check

To confirm that the primary 60 s evaluation is not dominated by transient startup or
activity-transition behavior, we repeated the main-table evaluation with 300 s episodes
on a subset of 10 patients per condition (seed base 4000, drawn from the same domain-
randomization distribution). Per-condition VP-burden shifts between 60 s and 300 s episodes
are within 2 percentage points for all four controllers (Mobitz II: RL+DDDR 7.8%→ 8.1%,
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Figure 5: Implementation cross-check against openCARP. (a) Mean PR interval agreement
across the four conditions, N = 20 matched patients: surrogate (blue) vs open-
CARP (hatched ochre). (b) VP burden concordance under the standard DDDR
controller; as noted in Table 11, the surrogate VP values are the 30-patient co-
hort and are not sample-size matched to the openCARP points. Dashed line is
identity.

RL+MVP 9.2%→ 9.4%; 1st-degree: RL+MVP 0.4%→ 0.6%), confirming that the reported
effects are stable over longer horizons. Tachycardia counts scale approximately linearly with
episode length, as expected.

Appendix K. Reproducibility Statement

Code, pretrained checkpoints, training logs, and evaluation scripts are available on GitHub.
The repository includes: (i) the event-level surrogate simulator, (ii) PPO training pipeline
with the exact hyperparameters in Table 6, (iii) evaluation harnesses for all tables and
figures in this paper with fixed seeds (cohort seed base 3000, training seeds 1–5), (iv)
the MVP-controller unit tests described in Section 3.2, and (v) the openCARP timing-
consistency check (Section 4.1). All experiments were run on a single workstation with an
NVIDIA RTX 3090 GPU; full training of one RL policy takes approximately 4.5 hours, and
all evaluation experiments combined run in under 2 hours.

Appendix L. PPO Training Curves

To confirm that the PPO agent progressively learns rather than settling on a stochastic
policy, we track episodic reward and interval VP burden over the 600 policy updates, av-
eraged across training seeds 1–5. Episodic reward rises steeply over roughly the first 120
updates and then plateaus, while interval VP burden falls from about 80% early in training
to below the 10% clinical target by roughly update 150 and remains there for the rest of the
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schedule. This confirms that the reductions reported in the main tables reflect a learned
policy rather than the action interface alone; the random-action baseline in Appendix D
provides the corresponding lower reference.

Appendix M. Selected AV Delays by Condition

To characterize the learned policy beyond the AV-only ablation (Table 4), we report per-
condition summaries of the AV delay selected by the full policy (Table 12), computed directly
from the evaluation rollouts with no additional training. The policy does not collapse to a
single fixed offset. Because the AV-delay action is discrete on a 50ms grid, we summarize
each condition by the mean selected AV delay and the modal action. The mean selected
AV delay is ordered by conduction state, from 206ms on SSS, where intrinsic conduction
is already preserved, through 244ms on Mobitz II and 255ms on Mobitz I, to near the top
of the AV-delay range on first-degree block, where the prolonged PR interval rewards the
widest window. Within-episode variability tracks the structure of each condition, with the
selected delay tight on SSS (SD 9ms) but substantially more variable across the Mobitz
episodes (SD 33–38ms). The rate axis, by contrast, applies a consistent protective reduction
rather than condition-specific variation, so the state-dependence is carried by the AV-delay
axis. This is consistent with the AV-only ablation capturing most but not all of the gain.

Table 12: Selected AV delay by condition under the full RL policy (30 patients per con-
dition, 60 s episodes). Values summarize the per-step AV delay chosen by the
policy across all evaluation rollouts.

Condition Mean AV delay (ms) Within-episode SD (ms) Modal action (ms)

Mobitz II 244 38 250
Mobitz I 255 33 250
1st Degree 291 16 300
SSS 206 9 200
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