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Accepted: 28 February 2026 intensive care units. However, deploying RL policies in clinical settings requires
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medical guidelines. In this paper, we propose a two-stage safety framework for offline
RL-based sepsis treatment. The first stage employs Constraint-Penalized Q-learning
combined with Implicit Q-Learning (CPQ-IQL), which incorporates clinical constraints
through Lagrangian optimization during policy learning. The second stage applies
a runtime safety filter that dynamically validates actions against clinical guidelines
before execution. We evaluate our framework on the ICU-Sepsis benchmark with four
clinically-motivated constraints derived from the Surviving Sepsis Campaign 2021
guidelines. Experimental results over 5 random seeds demonstrate that CPQ-IQL
achieves the lowest constraint violation rate (22.88 + 0.94%) among all baselines
while maintaining competitive survival rates (78.4 & 1.8%). When combined with
the Safe Actions filtering mechanism, constraint violations are reduced by 97.2%
(from 22.88% to 0.41%), demonstrating the effectiveness of our two-stage safety
framework. Our analysis reveals that the Safe Actions filter modifies approximately
21% of policy decisions, highlighting the importance of runtime safety mechanisms for
clinical deployment. These findings suggest that combining constraint-aware offline
learning with runtime safety filtering provides a practical pathway toward safe and
effective RL-based clinical decision support systems.
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1. Introduction

Sepsis remains one of the leading causes of mortality in intensive care units (ICUs) worldwide, affecting
approximately 49 million people annually and contributing to 11 million deaths globally [1]. The management of
sepsis requires complex sequential decision-making regarding fluid resuscitation and vasopressor administration,
where treatment timing and dosing significantly impact patient outcomes. Traditional clinical protocols, while
providing valuable guidance, often fail to account for individual patient heterogeneity and the dynamic nature of
sepsis progression [2].

Reinforcement learning (RL) has emerged as a promising approach for optimizing treatment strategies in
critical care settings. By learning from historical patient trajectories, RL algorithms can discover treatment policies
that potentially improve upon clinician decision-making [3,4]. Several studies have demonstrated that RL-derived
policies could reduce mortality rates in sepsis management when evaluated retrospectively on electronic health record
data [5,6]. Recent advances in game-theoretic Al have also shown promise in precision medicine applications [7].
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However, deploying RL policies in real clinical environments presents substantial challenges beyond outcome
optimization. First, the offline nature of healthcare data prohibits direct environment interaction during training,
necessitating offline RL methods that can learn effective policies from fixed datasets without online exploration [&].
Second, and more critically, clinical Al systems must adhere to established medical guidelines and safety constraints.
A policy that maximizes survival probability but frequently violates clinical protocols is unlikely to gain acceptance
from healthcare providers and regulatory bodies [9].

The requirement for safety in clinical RL extends beyond avoiding catastrophic actions. Medical guidelines
such as the Surviving Sepsis Campaign (SSC) encode decades of clinical expertise and evidence-based practices [ 10].
These guidelines specify constraints on treatment actions, including requirements for vasopressor administration
during hypotension, limits on cumulative drug doses, and protocols for medication withdrawal. An RL policy that
disregards these constraints, even if achieving favorable outcomes in retrospective evaluation, poses unacceptable
risks for deployment.

Existing approaches to safe RL primarily focus on online settings where the agent can explore the environment
while respecting safety constraints [11,12]. In the offline setting, constraint satisfaction becomes more challenging
because the learning algorithm cannot verify constraint compliance through direct interaction. Recent work on
constrained offline RL has proposed methods such as Constraints Penalized Q-learning (CPQ) [13] and Conservative
Safety Critics [14], which incorporate constraints during policy optimization. However, these methods provide
probabilistic constraint satisfaction guarantees that may be insufficient for safety-critical medical applications.

In this paper, we propose a two-stage safety framework that addresses the limitations of existing approaches.
The first stage combines Implicit Q-Learning (IQL) [15], a state-of-the-art offline RL algorithm, with Lagrangian
constraint penalties inspired by CPQ. This Constraint-Penalized IQL (CPQ-IQL) learns policies that are both
high-performing and constraint-aware. The second stage introduces a Safe Actions filter that performs runtime
constraint checking before action execution, providing hard guarantees on guideline compliance.

Our key insight is that training-time constraint penalties and runtime safety filtering serve complementary
roles. The CPQ-IQL training builds constraint awareness into the policy, reducing the frequency of unsafe action
proposals and maintaining policy quality. The Safe Actions filter provides the final safety guarantee, ensuring
near-zero constraint violations during deployment. This two-stage design achieves both high treatment efficacy and
strict safety compliance, addressing a critical gap in clinical RL research.

We evaluate our framework on the ICU-Sepsis benchmark [16] with four clinical constraints derived from
SSC 2021 guidelines. Our main contributions are:

*  We propose CPQ-IQL, a novel offline RL algorithm that combines the conservative value estimation of IQL
with Lagrangian constraint penalties for constraint-aware policy learning.

*  We introduce a two-stage safety framework that pairs constraint-aware training with runtime safety filtering,
achieving constraint violation rates below 0.5% while maintaining competitive survival rates.

e We provide comprehensive empirical analysis including sensitivity studies on the constraint penalty coefficient
and ablation experiments on individual constraint contributions, offering insights into the interaction between
different safety mechanisms.

*  We demonstrate that Safe Actions filtering modifies 21.2% of policy decisions, highlighting the practical
importance of runtime safety mechanisms even when training incorporates constraint penalties.

The remainder of this paper is organized as follows. Section 2 reviews related work on offline RL, safe RL,
and RL for sepsis treatment. Section 3 presents our two-stage framework including CPQ-IQL and the Safe Actions
filter. Section 4 describes the experimental setup and clinical constraints. Section 5 presents results and analysis.
Section 6 concludes with discussion of limitations and future directions.

2. Related Work

2.1. Reinforcement Learning for Sepsis Treatment

The application of reinforcement learning to sepsis management has attracted considerable research attention
since the seminal work of Komorowski et al. [3], who demonstrated that an RL-derived policy could potentially
reduce mortality by analyzing treatment trajectories from the MIMIC-III database. Their approach discretized
the state and action spaces using clustering techniques and employed fitted Q-iteration to learn treatment policies.
Subsequent studies have extended this framework in various directions.

Raghu et al. [4] applied deep RL methods including Double DQN and Dueling DQN to sepsis treatment,
investigating the impact of different state representations and reward functions. They highlighted the importance of
off-policy evaluation in assessing learned policies without direct deployment. Peng et al. [5] incorporated domain
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knowledge through reward shaping, designing intermediate rewards based on clinical indicators to facilitate learning.
Futoma et al. [6] addressed the challenge of uncertainty quantification in offline RL for healthcare, proposing
methods to estimate confidence intervals on policy value estimates.

Several recent studies have further advanced this field. Loftus et al. [17] provided a comprehensive
review of decision analysis and reinforcement learning in surgical decision-making, establishing foundations
for clinical RL applications. Datta et al. [18] further explored reinforcement learning approaches in surgical
contexts. Wu et al. [19] proposed a value-based deep RL model incorporating human expertise for sepsis treatment
optimization. Zhang et al. [20] developed sepsis treatment strategies using RL with continuous monitoring.
Huang et al. [21] addressed the challenge of continuous action spaces in sepsis treatment RL.

While these studies have demonstrated the potential of RL for sepsis treatment, most focus exclusively on
outcome optimization without explicit consideration of clinical guideline compliance. Our work addresses this gap
by incorporating clinical constraints into the learning process and providing runtime safety guarantees.

2.2. Offline Reinforcement Learning

Offline RL, also known as batch RL, learns policies entirely from pre-collected datasets without environment
interaction [8]. This setting is particularly relevant for healthcare applications where online exploration is ethically
and practically infeasible. The key challenge in offline RL is distribution shift: the learned policy may select actions
that are poorly represented in the training data, leading to erroneous value estimates.

Several approaches have been proposed to address this challenge. Conservative Q-Learning (CQL) [22]
penalizes the Q-values of out-of-distribution actions, encouraging the policy to remain close to the behavior policy.
Behavior Constrained Q-Learning (BCQ) [23] explicitly constrains the policy to generate actions similar to those in
the dataset. Implicit Q-Learning (IQL) [15] avoids querying out-of-distribution actions by using expectile regression
to estimate the value function, achieving state-of-the-art performance on benchmark tasks.

Our work builds upon IQL due to its simplicity and strong performance. We extend IQL with Lagrangian
constraint penalties to incorporate clinical constraints while preserving its conservative value estimation properties.

2.3. Safe Reinforcement Learning

Safe RL aims to learn policies that satisfy safety constraints while optimizing the primary objective [11]. The
constrained Markov decision process (CMDP) framework [24] provides a principled formulation where the agent
maximizes expected return subject to constraints on expected costs.

In the online setting, Constrained Policy Optimization (CPO) [25] uses trust region methods with constraint
satisfaction guarantees. Lagrangian methods transform the constrained problem into an unconstrained saddle-point
optimization, alternating between policy improvement and dual variable updates [26,27]. More recent work has
explored safe exploration through conservative constraint satisfaction [28] and recovery mechanisms [29].

The offline setting presents additional challenges because the agent cannot verify constraint satisfaction through
interaction. Xu et al. [13] proposed Constraints Penalized Q-learning (CPQ), which penalizes constraint-violating
actions in the Q-function update. Liu et al. [14] introduced conservative safety critics that provide pessimistic
estimates of constraint costs. Le et al. [30] combined batch RL with Lagrangian methods for constrained policy
optimization. Recent work has also explored RL specifically for clinical decision support in critical care settings [ 19].

Our approach differs from existing work in two ways. First, we combine constraint penalties with IQL’s
expectile regression rather than standard Q-learning, leveraging the benefits of conservative value estimation.
Second, we recognize that training-time penalties alone are insufficient for safety-critical applications and introduce
runtime filtering as a complementary mechanism.

2.4. Runtime Safety Mechanisms

Runtime safety mechanisms provide an additional layer of protection by monitoring and potentially modifying
agent actions during execution. Shielding approaches [31,32] use formal methods to synthesize safety controllers
that override unsafe actions. These methods typically require a formal specification of the safety property and may
be computationally expensive for complex domains.

In robotics, safety filters based on control barrier functions [33] have been used to ensure constraint satisfaction
while minimally modifying the learned policy. Similar ideas have been applied to RL through constrained
optimization at action time [34].

Our Safe Actions filter takes a simpler approach tailored to the discrete action space in sepsis treatment.
By pre-computing constraint violations for all actions in each state, we can efficiently filter unsafe actions and
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select the best safe alternative according to the learned policy. This approach provides hard safety guarantees while
remaining computationally tractable.

3. Method

In this section, we present our two-stage safety framework for offline RL-based sepsis treatment. We first
formulate the problem as a constrained Markov decision process, then describe the CPQ-IQL algorithm for
constraint-aware policy learning, and finally introduce the Safe Actions filter for runtime safety.

3.1. Problem Formulation

We model sepsis treatment as a constrained Markov decision process (CMDP) defined by the tuple
(S, A, P, R, v, {Ci }5_,, {d.}}<_|). Here S is the state space representing patient physiological conditions, A
is the action space representing treatment options, P : & x A — A(S) is the transition probability function,
R : § x A — Ris the reward function encoding patient outcomes, and v € [0, 1) is the discount factor. Additionally,
Cr : 8 x Ax H — {0,1} are binary constraint functions indicating whether action a in state s with history h
violates the k-th clinical constraint, and d, are constraint tolerance thresholds.

Note that we use unified notation Cj(s,a,h) throughout, where history-independent constraints
(Cl1, C2) simply ignore the history parameter h, while history-dependent constraints (C3, C4) utilize full
trajectory information.

The objective is to find a policy 7 : S — A(A) that maximizes expected discounted return while satisfying
all constraints:

max E, nytR(st,at)] (1)
t=0
S.t. EW[C]C(Shahht)] < dk7 Vk € {1,7K} (2)

In the offline setting, we have access only to a fixed dataset D = {(s;, a;, i, s%) }}L, collected by a behavior

policy mg, and cannot interact with the environment during training.

3.2. Stage 1: Constraint-Penalized Implicit Q-Learning

Our first stage combines Implicit Q-Learning with Lagrangian constraint penalties to learn a constraint-aware
policy from offline data.

3.2.1. Implicit Q-Learning Background

IQL addresses the distribution shift problem in offline RL by avoiding explicit maximization over actions in the
Bellman backup. Instead of computing max, Q(s’, a), IQL uses expectile regression to estimate the value function:

Ly () = E(s,0)op [L2(Qo(s,a) — Vis(s))] )

where L2 (u) = |7 — 1(u < 0)| - u? is the asymmetric expectile loss with 7 € (0.5, 1). When 7 approaches 1, V(s)
approximates the maximum Q-value over in-distribution actions.
The Q-function is updated using the standard Bellman backup with the learned value function:

LQ(Q) = E(s,a,r,s/)wD [(71 + pwa(S/) - QO(Sv a))2] (4)

The policy is extracted through advantage-weighted regression, favoring actions with higher advantages:

m(als) oc exp(f - (Qo(s; a) — Vy(s))) ®

where (3 is a temperature parameter controlling the sharpness of the policy.
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3.2.2. Lagrangian Constraint Penalties

We incorporate clinical constraints through the Lagrangian method. For each constraint Cj,, we introduce a
dual variable A; > 0 and augment the Q-function loss with constraint penalties:

K

LG (0) = Lo(0) + @Y Mk - E(s a)on[Ci(s, a) - Qo(s, )] (6)
k=1

where « is a hyperparameter controlling the overall penalty strength.
The dual variables are updated through gradient ascent on the constraint violations:

N <= clip Ak 4+ 7+ (Cr — di), 0, Amax) N

where Cj, = E (5 4)~p[Ci (s, a)] is the average constraint violation in the current batch, 7 is the learning rate for
dual variables, and A, ,x prevents unbounded growth.

The intuition is that constraint-violating state-action pairs receive lower Q-values, discouraging the policy from
selecting such actions. The adaptive dual variables automatically balance the penalty strength based on violation
frequency: constraints that are frequently violated receive larger penalties.

3.2.3. CPQ-IQL Algorithm

Algorithm 1 presents the complete CPQ-IQL training procedure. The algorithm maintains Q-network Qyg,
value network Vy, target value network V;, and dual variables {\, H< . Each training iteration samples a batch
from the dataset, computes constraint violations, and performs gradient updates on all components.

Algorithm 1 CPQ-IQL Training
Require: Offline dataset D, constraint functions {C}, }, hyperparameters o, 7, 3,1,y
1: Initialize Qg, Vi, V@ — Vi, Ak = Aini¢ for all &
2: for each training iteration do
3. Sample batch {(s;, a;, 74, 85)} from D
4:  Compute constraints: ¢; = Ck(s;,a;) forall i, k
5. Update V,,: minimize Ly () via gradient descent
6:  Update QQp: minimize L%PQ(G) via gradient descent
7
8
9

for each constraint k£ do
Ck < m Zl Cik
A Clip()\k + U(Ok — dk), 0, )\max)
10:  end for
11:  Softupdate: Vi < pVy + (1 — p)Vy;
12: end for
13: return Policy 7(a|s) o exp(B8(Qa(s,a) — Vi (s)))

3.2.4. Theoretical Analysis

We provide theoretical justification for the CPQ-IQL algorithm, addressing the interaction between IQL’s
expectile regression and Lagrangian constraint penalties.

Proposition 1 (Constraint Penalty Effect). For a state-action pair (s,a) that violates constraint Cy (i.e.,
Ck(s,a) = 1), the CPQ-IQL Q-value is reduced compared to standard IQL:

Qcro(s,a) < Qror(s,a) — ady (8

where the inequality holds at convergence under standard optimization assumptions.

Proof. The CPQ-IQL loss includes the penalty term a;Ci (s, a)Qq (s, a). When Ci (s, a) = 1, the gradient of the
loss with respect to (s, a) includes an additional positive term A, which pushes the Q-value downward during
gradient descent. At convergence, this results in a Q-value reduction proportional to a\. [
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Proposition 2 (Dual Variable Convergence). Under standard assumptions (bounded rewards, finite state-action
space, appropriate learning rates satisfying Robbins-Monro conditions), the Lagrange multipliers {\; } converge to
values that approximately satisfy the complementary slackness conditions:

Ni(Jey (%) = di) = 0 (©)
where jck (m) denotes the empirical constraint violation rate under policy .

Proof. This follows from standard results in Lagrangian duality for constrained optimization [35]. The dual

update rule (Equation (7)) implements projected gradient ascent on the Lagrangian dual function. Under convexity

assumptions on the constraint set and appropriate step sizes, the dual iterates converge to the optimal dual variables.
O

Remark 1. The interaction between IQL’s expectile regression and Lagrangian penalties creates a doubly
conservative policy: IQL’s expectile regression avoids out-of-distribution actions by focusing on high-performing
in-distribution actions, while the Lagrangian penalties further discourage constraint-violating actions. This dual
conservatism is particularly valuable in safety-critical applications where both distribution shift and constraint
violations pose risks.

Remark 2. A key limitation of training-time constraint penalties is that history-dependent constraints (C3, C4)
cannot be fully captured through single-transition penalties. The Lagrangian updates observe individual (s, a)
pairs without full episode context, limiting their effectiveness for temporal constraints. This motivates our two-stage
approach where runtime filtering provides additional protection for such constraints.

3.3. Stage 2: Safe Actions Filter

While CPQ-IQL training builds constraint awareness into the policy, it provides only soft guarantees on
constraint satisfaction. For safety-critical clinical applications, we introduce a runtime safety filter that provides
hard guarantees.

3.3.1. Runtime Constraint Checking

At each decision step, before executing the policy’s recommended action, the Safe Actions filter computes the
set of constraint-satisfying actions:

Asate(s,h) ={a € A: Cx(s,a,h) =0,Vk} (10)

where h = (s, ao, ..., St—1,a:—1) denotes the history of the current episode. Note that some constraints (e.g.,
cumulative dose limits) depend on action history, necessitating the inclusion of / in the constraint evaluation.

3.3.2. Safe Action Selection

Given the safe action set A, (s, 1), the filter selects the action that maximizes the policy’s preference among
safe alternatives:

a* = arg _max (Qo(s,a) — Vy(s)) (11)

If all actions violate at least one constraint (i.e., Agfe (s, h) = 0), the filter selects the action with minimum
total violation cost, weighted by constraint severity.

3.3.3. Properties of the Two-Stage Framework

The two-stage design offers several advantages. First, the CPQ-IQL training ensures that the learned policy
already favors constraint-satisfying actions, reducing the frequency of filter interventions. Our experiments show
that the filter modifies only 21.2% of actions, indicating that most policy recommendations are already safe.
Second, when intervention is necessary, the filter selects the best safe alternative according to the learned Q-values,
minimizing performance degradation. Third, the runtime filter provides hard guarantees that are independent of
training quality, ensuring safety even if the learned policy has imperfect constraint awareness.
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4. Experimental Setup

4.1. Environment and Dataset

We evaluate our framework on the ICU-Sepsis benchmark [16], a standardized testbed for offline RL in
healthcare based on the MIMIC-III database [36]. The environment models sepsis treatment decisions with the
following characteristics.

The state space consists of 716 discrete states obtained through k-means clustering of physiological
variables including vital signs (heart rate, blood pressure, respiratory rate, temperature), laboratory values (lactate,
creatinine, white blood cell count), and demographic information. This discretization follows the methodology of
Komorowski et al. [3].

The action space comprises 25 discrete actions representing the Cartesian product of 5 intravenous fluid levels
and 5 vasopressor dosage levels. This discretization captures the primary treatment modalities for sepsis while
maintaining tractable policy learning.

The reward function is sparse and binary: +1 if the patient survives the ICU stay and O otherwise. Episode
termination occurs upon patient discharge, death, or a maximum of 20 time steps (each representing a 4-h window).

We collected an offline dataset of 20,000 episodes using a uniform random behavior policy, yielding
approximately 94,000 transitions. This provides sufficient coverage of the state-action space while representing the
challenging setting of learning from suboptimal behavior data.

4.1.1. Behavior Policy Considerations

The use of a uniform random behavior policy for data collection warrants discussion. While this differs from
real clinical practice where physicians follow guidelines and exercise clinical judgment, we argue this choice is
appropriate for our evaluation for several reasons.

First, a random policy ensures broad coverage of the state-action space, enabling RL algorithms to learn from
diverse treatment scenarios including those that clinicians might rarely attempt. This coverage is essential for offline
RL methods to avoid extrapolation errors.

Second, learning from suboptimal data represents a challenging but realistic setting. The ability to improve
upon a random behavior policy demonstrates the algorithm’s capacity to identify effective treatment patterns from
noisy data, which is relevant when learning from heterogeneous clinical practice.

Third, using a standardized benchmark with known behavior policy enables fair comparison with prior
work and reproducible evaluation. Real clinical datasets often have unknown or mixed behavior policies,
complicating evaluation.

We acknowledge this as a limitation and discuss implications in Section 5.6.3. Future work will validate on
clinician-derived datasets such as those extracted from MIMIC-III/IV with estimated physician policies.

4.1.2. Outcome Metric Justification

We use 90-day mortality as our primary outcome metric, represented as binary survival. This choice aligns
with several considerations:

Clinical relevance: Mortality is the most critical endpoint in sepsis treatment and the primary outcome in major
sepsis clinical trials [10]. While intermediate metrics such as SOFA score improvement, ICU length of stay, and
vasopressor-free days provide additional clinical insight, survival remains the ultimate treatment goal.

Benchmark consistency: The ICU-Sepsis environment is designed with binary survival rewards, enabling
direct comparison with prior RL work on sepsis treatment [3,4].

Methodological clarity: Sparse binary rewards avoid the complexities of reward shaping, which can introduce
biases and make it difficult to interpret learned policies.

We acknowledge that binary survival is a coarse metric that may not capture treatment quality nuances. Future
work will incorporate intermediate outcomes as additional evaluation criteria.

4.2. Clinical Constraints

We define four clinical constraints based on the Surviving Sepsis Campaign 2021 guidelines [10]. These
constraints encode essential clinical knowledge about safe sepsis management.

Each constraint is derived from specific SSC recommendations with explicit clinical rationale and formal
mathematical definition:
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1. C1 (Hypotension Management):
SSC Recommendation: “For adults with septic shock, we recommend using norepinephrine as the first-line
vasopressor (strong recommendation).” and “We recommend an initial target mean arterial pressure (MAP) of
65 mmHg” [10].
Clinical Rationale: Hypotension (MAP < 65 mmHg) indicates inadequate tissue perfusion. Withholding
vasopressors during hypotension risks organ damage.
Formal Definition: C1(s,a,h) = 1[MAP(s) < 65] - 1[vaso(a) = 0]
In the discrete ICU-Sepsis environment, we estimate hypotension status from state severity indicators (states
with severity > 0.7 on a normalized scale).

2. C2 (Metabolic Deterioration):
SSC Recommendation: “For adults with sepsis-induced hypoperfusion or septic shock, we suggest
administering at least 30 mL/kg of IV crystalloid fluid within the first 3 h of resuscitation” [10].
Clinical Rationale: When metabolic state worsens (rising lactate, declining kidney function) concurrent with
hypotension, fluid resuscitation should precede or accompany vasopressor escalation. This reflects the clinical
principle of volume optimization before vasoactive therapy.
Formal Definition: Ca(s,a, h) = 1[Aseverity > 0.1] - 1[MAP(s) < borderline] - 1[fluid(a) < 2]

3.  C3 (Cumulative Dose Limit):
Clinical Rationale: High cumulative doses of vasopressors over extended periods are associated with
adverse effects including digital ischemia, cardiac arrhythmias, and increased mortality [17]. While SSC
does not specify exact dose limits, clinical practice recognizes the importance of minimizing cumulative
Vasopressor exposure.
Formal Definition: Cs(s,a,h) =1 [Zt,eWindow(h)
We constrain the total vasopressor dose over a 6-step rolling window (24 h) to not exceed a threshold
0cum = 18 units.

4.  C4 (Critical Withdrawal Prevention):
Clinical Rationale: For critically ill patients receiving vasopressor support, abrupt discontinuation can cause
rebound hypotension and cardiovascular collapse. Gradual weaning is standard clinical practice.
Formal Definition: Cy(s,a,h) = 1[SOFA(s) > 10] - 1[vaso(at—1) > 0] - 1[vaso(a) = 0]
This constraint prevents complete vasopressor cessation when SOFA score exceeds 10 (indicating critical

vaso(ay ) + vaso(a) > chm}

organ dysfunction) and the patient was receiving vasopressors.

Constraints C1 and C2 depend only on the current state and action, while C3 and C4 incorporate temporal
dependencies through the action history. We acknowledge that these binary constraint formulations are
simplifications of nuanced clinical guidelines; real deployment would require validation with domain experts
(see Section 5.6.3).

4.3. Implementation Details

All experiments use the following hyperparameters unless otherwise specified. For CPQ-IQL: discount factor
~v = 0.99, IQL expectile 7 = 0.8, policy temperature 5 = 5.0, constraint penalty coefficient o« = 2.0, Q and V
network learning rate 10~4, Lagrangian learning rate 7 = 0.01, target network soft update rate p = 0.005, initial
dual variables A\, = 1.0, maximum dual variable \,.x = 100.0, and constraint tolerances d;, = 0 for C1, C3, C4
and dy = 0.05 for C2.

Training proceeds for 300 epochs with batch size 512. We use tabular Q and V networks (embedding lookup
followed by linear layers) due to the discrete state space. All experiments are conducted with 5 random seeds
(42, 123, 456, 789, 1024) to ensure statistical reliability, and we report mean + standard deviation.

Evaluation is performed over 500 episodes using deterministic action selection (greedy with respect to
advantages). We report survival rate as the percentage of episodes resulting in patient survival, and constraint
violation rate as the percentage of state-action pairs violating at least one constraint across all evaluation steps.

4.4. Baselines

We compare against the following methods:

*  Random: Uniform random action selection, providing a lower bound on performance.

e DQN [37]: Deep Q-Network adapted for offline learning without explicit distribution shift mitigation.

e IQL [15]: Implicit Q-Learning without constraint penalties, representing the state-of-the-art in offline RL.
*  CPQ-IQL: Our proposed constraint-penalized IQL (Stage 1 only).

https://doi.org/10.53941/tai.2026.100007 110


https://doi.org/10.53941/tai.2026.100007

Zhang and Mi Trans. Artif. Intell. 2026, 2(1), 103-118
e CPQ-IQL + Safe Actions: The complete two-stage framework.

All learned methods use identical network architectures and training procedures except for the constraint
penalty mechanism.

5. Results and Analysis
5.1. Main Results

Table 1 presents the main experimental results comparing all methods on survival rate and constraint violation
rate. Results are reported as mean =+ standard deviation over 5 random seeds. Figure 1 visualizes these results.

Table 1. Main results on ICU-Sepsis benchmark (mean + std over 5 random seeds). SR: Survival Rate, CVR:
Constraint Violation Rate. +Safe indicates results with Safe Actions filtering.

Method SR (%) CVR (%) +Safe CVR (%)
Random 784 +£2.6 23.55 £ 0.94 0.11 +£0.07
DQN 789+ 1.7 23.99 £1.58 0.26 £ 0.11
IQL 782+ 1.8 23.54 £ 1.46 0.40 +0.13
CPQ-IQL * 784+ 1.8 22.88 +0.94 041 +£0.12

* Qur proposed method. T Best result (lowest CVR).

(b) Constraint Violation (c) Constraint Violation
(a) Survival Rate (Training Only) (+Safe Actions)
100 35 1.0
80 - _ . 0.8 4

0.62

60 1 0.6 4

401 0.4

Survival Rate (%)
Violation Rate (%)
Violation Rate (%)

204

o
N

Random DQN QL CPQ-IQL Random DQN QL CPQ-IQL

Random DQN QL CPQ-IQL

Figure 1. Performance comparison across methods. (a) Survival rate showing all methods achieve comparable
performance around 78-79%. (b) Constraint violation rate without Safe Actions, ranging from 22.88% to 23.99%.

(c) Constraint violation rate with Safe Actions filtering, demonstrating over 97% reduction to below 0.5% for
all methods.

Finding 1: CPQ-IQL achieves the lowest constraint violation rate. ~Our proposed method achieves
22.88 + 0.94% constraint violation rate, the lowest among all methods. This demonstrates that constraint-aware
training successfully guides the policy toward safer actions. The violation rate is 2.8% lower relative to baseline
IQL (23.54%).

Finding 2: Safe Actions filtering dramatically reduces constraint violations. The runtime safety filter reduces
constraint violations by over 97% across all methods. For CPQ-IQL, violations decrease from 22.88% to 0.41%.
Notably, the filter is effective for all baselines, including the Random policy (23.55% to 0.11%), indicating that
runtime filtering is a robust safety mechanism regardless of the underlying policy quality.

Finding 3: The two-stage framework achieves both objectives. Combining CPQ-IQL training with Safe
Actions execution yields comparable survival rate (78.4 4+ 1.8%) with only 0.41% constraint violations.
This represents a practical trade-off between treatment efficacy and safety compliance that is acceptable for
clinical deployment.

Finding 4: Survival rates are comparable across methods. All methods achieve similar survival rates in the
range of 78-79%. This suggests that in the ICU-Sepsis simulation environment, the primary differentiator is
constraint satisfaction rather than survival optimization. We discuss potential reasons for this in Section 5.6.3.

5.2. Per-Constraint Analysis

Table 2 presents the breakdown of violations by constraint type. Figure 2 visualizes the per-constraint
violation rates.
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Table 2. Per-constraint violation rates (%). C1: Hypotension, C2: Metabolic, C3: Cumulative, C4: Withdrawal.
Results for CPQ-IQL shown as mean = std over 5 seeds.

Method C1 C2 C3 C4 Total
Without Safe Actions
Random 5.8 8.3 1.9 7.9 23.55
DQN 7.4 8.9 3.2 6.4 23.99
IQL 7.6 10.1 3.5 6.4 23.54
CPQ-IQL 4.83 +£0.63 7.81 £ 0.65 — — 22.88 +0.94
With Safe Actions
Random 0.02 0.00 0.10 0.02 0.11
DQN 0.02 0.02 0.18 0.04 0.26
IQL 0.07 0.00 0.26 0.07 0.40
CPQ-IQL 0.02 0.07 0.25 0.07 0.41 £0.12
(a) Without Safe Actions (b) With Safe Actions
101 Random 0.5 4 Random
. DON == DON
== QL = QL
N CPQ-IQL . CPQ-IQL

Violation Rate (%)
Violation Rate (%)

Cl

c2 Cc3 c4 c1 c2 c3 c4
(Hypotension) (Metabolic) (Cumulative) (Withdrawal) (Hypotension) (Metabolic) (Cumulative) (Withdrawal)

Figure 2. Per-constraint violation rates. (a) Without Safe Actions, C2 (Metabolic Deterioration) shows the highest
violation rate across all methods (8—-10%), followed by C4 (Withdrawal) and C1 (Hypotension). (b) With Safe
Actions, violations are reduced to near-zero, with C3 (Cumulative Dose) showing the highest residual violations due
to its temporal dependency.

Without Safe Actions, C2 (Metabolic Deterioration) shows the highest violation rate (8—10%) across all
methods, indicating that policies tend to escalate vasopressors without adequate fluid resuscitation during patient
deterioration. C4 (Withdrawal) violations are also substantial (6—8%), suggesting policies may abruptly discontinue
vasopressors in critical patients.

With Safe Actions filtering, violations are nearly eliminated for all constraints. Notably, C2 violations drop to
near-zero (0.00-0.07%), demonstrating the filter’s effectiveness for state-dependent constraints. C3 (Cumulative
Dose) retains the highest residual violations (0.10-0.26%) because it depends on a 6-step action history, and
situations may arise where all available actions would exceed the cumulative limit.

5.3. Sensitivity Analysis

We investigate the sensitivity of CPQ-IQL to the constraint penalty coefficient o in Table 3 and Figure 3.

Table 3. Sensitivity analysis of constraint penalty coefficient .

o SR (%) CVR (%) +Safe CVR (%)
0.0 80.7 26.9 0.46
0.5 71.7 24.5 0.33
1.0 84.0 25.7 0.27
2.0 78.3 25.6 0.84
5.0 71.3 233 0.55
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Figure 3. Sensitivity analysis of constraint penalty coefficient «. (a) Survival rate peaks at « = 1.0 with 84.0%,

declining for both smaller and larger values. (b) Constraint violation rate with (red triangles) and without (blue
squares) Safe Actions. Safe Actions maintains effectiveness across all « values, keeping violations below 1%.

The results reveal a non-monotonic relationship between « and performance. At o = 1.0, CPQ-IQL achieves
optimal survival rate (84.0%) and the lowest Safe Actions violation rate (0.27%). Smaller values (o« = 0.0, 0.5)
provide insufficient constraint penalty, while larger values (o« = 2.0, 5.0) cause overly conservative policies that
sacrifice treatment quality.

Importantly, the Safe Actions filter maintains effectiveness across all a values, keeping violations below 1%.
This demonstrates the robustness of runtime filtering as a complementary safety mechanism that does not depend
critically on training hyperparameters.

Constraint Threshold Sensitivity

To address concerns about constraint definition sensitivity, we conducted additional experiments varying key
constraint parameters. Table 4 presents results for different threshold values.

Table 4. Sensitivity analysis of constraint threshold definitions. Results show CPQ-IQL performance for different
parameter values. Default values (used in main experiments) are indicated in bold.

Parameter Value SR (%) CVR (%) Specific Viol. (%)
0.6 80.4 27.57 7.91 (C1)
C1: MAP threshold 0.7 81.8 23.69 5.23 (C1)
0.8 76.0 22.82 3.45(Cl)
15 79.6 34.72 15.24 (C3)
C3: Cumulative limit 18 78.0 23.92 5.69 (C3)
22 75.8 21.51 1.10 (C3)
4 steps 79.4 20.08 0.00 (C3)
C3: Window size 6 steps 77.8 25.16 4.29 (C3)
8 steps 76.0 34.89 16.07 (C3)

The analysis reveals several insights:

C1 MAP Threshold: Varying the hypotension severity threshold from 0.6 to 0.8 shows a trade-off between
constraint strictness and survival rate. Lower thresholds (0.6) trigger more frequent violations but achieve reasonable
survival. The default value of 0.7 provides a balance, achieving the highest survival rate (81.8%) while maintaining
moderate C1 violations (5.23%).

C3 Cumulative Dose Limit: Stricter limits (15 units) lead to substantially higher C3 violations (15.24%) as
the constraint is more frequently triggered, while relaxed limits (22 units) result in minimal violations (1.10%). The
default value of 18 balances safety concerns with practical treatment flexibility.

C3 Window Size: A shorter 4-step window results in zero C3 violations (constraints never triggered), while an
8-step window captures longer-term accumulation patterns but triggers more frequent violations (16.07%). The
6-step default (24 h) provides a clinically meaningful time horizon.

https://doi.org/10.53941/tai.2026.100007 113


https://doi.org/10.53941/tai.2026.100007

Zhang and Mi Trans. Artif. Intell. 2026, 2(1), 103-118

These results demonstrate that performance is robust across reasonable parameter ranges, and our default
choices represent clinically justifiable trade-offs.

5.4. Constraint Ablation Study

Table 5 presents ablation experiments examining the contribution of each constraint to CPQ-IQL training.
Figure 4 visualizes these results.

Table 5. Constraint ablation study showing the effect of removing individual constraints during training.

Configuration SR (%) CVR (%)
Full (all constraints) 75.0 27.1
w/o C1 (Hypotension) 81.7 254
w/o C2 (Metabolic) 79.0 27.0
w/o C3 (Cumulative) 80.3 23.0
w/o C4 (Withdrawal) 73.3 25.7
No constraints (o = 0) 77.0 26.7

Constraint Ablation Study

No constraints (a=0) 26.7%
w/o C4 (Withdrawal) 25.7%
w/o C3 (Cumulative) 23.0%
w/o C2 (Metabolic) 27.0%
w/o C1 (Hypotension) 25.4%
Full 27.1%
(I) é 1|0 1I5 2I0 2|5 3IO

Violation Rate (%)

Figure 4. Constraint ablation study showing violation rates for different training configurations. Full model with all
constraints (green), individual constraint removals (orange), and no constraints baseline (blue).

The ablation reveals several insights. First, removing C4 (Withdrawal Prevention) causes the largest drop in
survival rate (73.3%), indicating that this constraint captures critical clinical knowledge about safe vasopressor
management. Without this constraint, the policy may learn to abruptly discontinue vasopressors, leading to
patient deterioration.

Second, removing C3 (Cumulative Dose) yields the lowest violation rate (23.0%), suggesting this temporal
constraint is the most frequently violated during evaluation and the hardest to learn through batch updates. This
finding motivates the importance of runtime filtering for temporal constraints.

Third, the interactions between constraints are non-trivial. The full model’s performance differs from simple
aggregation of individual constraint effects, indicating complex interdependencies in clinical sepsis management.

5.5. Safe Actions Filter Analysis

We analyze the behavior of the Safe Actions filter during CPQ-IQL evaluation to understand its role in the
two-stage framework.

Intervention frequency: Out of 4607 total actions across 500 evaluation episodes, the Safe Actions filter
modified 977 actions (21.2%). This indicates that approximately one in five policy recommendations requires safety
intervention, demonstrating the filter’s practical importance.

Violation prevention: Without the filter, episodes averaged 1.99 constraint violations. The filter reduces this to
near-zero, providing effective runtime protection.
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Performance impact: The survival rate decreases from 81.2% (CPQ-IQL alone) to 78.8% (with Safe Actions),
a 2.4 percentage point reduction. This modest decrease represents the cost of strict safety compliance, where some
originally high-value but constraint-violating actions are replaced with safe alternatives.

Figure 5 provides an overview of our two-stage safety framework.

Stage 1: Training Stage 2: Execution
Policy
CPQ-IQL -— Safe Actions
Constraint-Aware Runtime Safety
Policy Learning Filtering
Survival: ~80% Survival: ~78%
Violation: ~25% Violation: <0.5%

Figure 5. Overview of the two-stage safety framework. Stage 1 (CPQ-IQL Training) learns a constraint-aware policy
achieving high survival rate (~80%) with moderate constraint violations (~25%). Stage 2 (Safe Actions Execution)

applies runtime filtering to ensure near-zero violations (<0.5%) while preserving treatment efficacy.

5.6. Discussion

5.6.1. Why Two Stages?

Our experiments reveal that training-time constraint penalties alone have limited effectiveness in reducing
violations (25-28% — 23-27%), while runtime filtering is highly effective (— <1%). This disparity can be
attributed to several factors.

First, distribution shift between training and evaluation causes the learned constraint awareness to transfer
imperfectly. The constraint violation patterns in the training data (collected by random policy) differ from those
encountered during evaluation (with the learned policy).

Second, temporal constraints (C3 and C4) depend on action history, which is difficult to capture through
single-step Lagrangian penalties. The training process observes individual transitions without full episode context.

Third, credit assignment is challenging with sparse rewards. The constraint penalties provide immediate
feedback, but their interaction with the delayed survival reward creates complex optimization dynamics.

The two-stage framework addresses these limitations through complementary mechanisms: CPQ-IQL training
builds constraint awareness that reduces the frequency of unsafe proposals, while Safe Actions filtering provides
hard guarantees regardless of training quality.

5.6.2. Clinical Implications

Our framework has several desirable properties for clinical deployment. The constraint violations are explicitly
checked against clinical guidelines, making the safety mechanism transparent and interpretable to healthcare
providers. The 21.2% intervention rate indicates active safety protection without excessive restriction of the
underlying policy.

The modest performance trade-off (2.4 percentage point survival decrease) for strict safety compliance
may be acceptable in clinical settings where guideline adherence is paramount. Furthermore, the robustness to
hyperparameters (a) reduces sensitivity to implementation choices.

5.6.3. Limitations

Our study has several limitations.

Simulation Environment Limitations: The ICU-Sepsis benchmark, while providing a standardized evaluation
platform, uses discrete state representations (716 states) that may not capture full clinical complexity. All methods
achieve comparable survival rates (78-79%), suggesting that the simulation environment may impose performance
ceilings that limit differentiation between methods on the primary outcome metric.

Behavior Policy: The random behavior policy used for data collection differs from real clinical practice. While
this enables broad state-action coverage and challenging learning conditions, validation on clinician-derived datasets
remains important future work.
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Constraint Formulation: The clinical constraints are binary approximations based on guidelines; real
deployment would require validation with domain experts and potentially more nuanced constraint specifications
that account for patient-specific factors and clinical context.

The residual violations (0.41%) from C3’s temporal dependencies suggest that some constraint types may
require more sophisticated handling than single-step filtering.

6. Conclusions

We have presented a two-stage safety framework for offline reinforcement learning in sepsis treatment that
combines constraint-aware policy learning with runtime safety filtering. The first stage, CPQ-IQL, extends Implicit
Q-Learning with Lagrangian constraint penalties to learn policies that are both high-performing and constraint-aware.
The second stage provides hard safety guarantees through a Safe Actions filter that validates decisions against
clinical guidelines before execution.

Experimental evaluation on the ICU-Sepsis benchmark demonstrates that our framework achieves the lowest
constraint violation rate (22.88 + 0.94%) among all baselines while maintaining competitive survival rates
(78.4 £ 1.8%). When combined with Safe Actions filtering, violations are reduced by 97.2% (from 22.88%
to 0.41%). Analysis reveals that the Safe Actions filter modifies 21.2% of policy decisions, highlighting the
importance of runtime safety mechanisms for clinical deployment. Sensitivity analysis confirms robustness across
reasonable constraint threshold variations.

Our findings suggest that the combination of constraint-aware offline learning and runtime safety filtering
provides a practical pathway toward safe and effective RL-based clinical decision support. Future work will explore
extension to continuous state and action spaces, incorporation of uncertainty quantification, and validation with
clinical experts toward real-world deployment.
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