
Transactions on Artificial Intelligence
https://www.sciltp.com/journals/tai

Article

Stable CDE Autoencoders with Acuity Regularization for
Offline Reinforcement Learning in Sepsis Treatment
Yue Gao
Keebo AI, Toronto, ON M5G, Canada; yue@keebo.ai

How To Cite: Gao, Y. Stable CDE Autoencoders with Acuity Regularization for Offline Reinforcement Learning in Sepsis Treatment. Transac-
tions on Artificial Intelligence 2025, 1(1), 307–325. https://doi.org/10.53941/tai.2025.100021

Received: 13 October 2025
Revised: 13 November 2025
Accepted: 18 November 2025
Published: 12 December 2025

Abstract: Effective reinforcement learning (RL) for sepsis treatment depends on
learning stable, clinically meaningful state representations from irregular ICU time
series. While previous works have explored representation learning for this task, the
critical challenge of training instability in sequential representations and its detrimental
impact on policy performance has been overlooked. This work demonstrates that
Controlled Differential Equations (CDE) state representation can achieve strong RL
policies when two key factors are met: (1) ensuring training stability through early
stopping or stabilization methods, and (2) enforcing acuity-aware representations by
correlation regularization with clinical scores (SOFA, SAPS-II, OASIS). Experiments
on the MIMIC-III sepsis cohort reveal that stable CDE autoencoder produces represen-
tations strongly correlated with acuity scores and enables RL policies with superior
performance (WIS return > 0.9). In contrast, unstable CDE representation leads to de-
graded representations and policy failure (WIS return ∼ 0). Visualizations of the latent
space show that stable CDEs not only separate survivor and non-survivor trajectories
but also reveal clear acuity score gradients, whereas unstable training fails to capture
either pattern. These findings highlight practical guidelines for using CDEs to encode
irregular medical time series in clinical RL, emphasizing the need for training stability
in sequential representation learning.

Keywords: reinforcement learning; sepsis treatment; neural controlled differential
equations; irregular time series; state representation; training stability

1. Introduction

Sequential decision-making is a cornerstone of modern healthcare, particularly in dynamic clinical scenarios,
where timely diagnosis and adaptive treatment strategies are essential for patient survival [1,2]. A representative case
is sepsis management, which requires timely diagnosis and appropriate treatment strategies. Reinforcement learning
(RL) offers a promising framework for modeling sequential decision-making in clinical settings, where treatment
strategies must adapt over time to a patient’s evolving condition. In the context of sepsis management, RL has been
employed to derive policies that optimize interventions including fluid resuscitation and vasopressor administration.
For instance, the AI Clinician [3], demonstrated RL’s potential by training on the Medical Information Mart for
Intensive Care III (MIMIC-III) dataset to recommend treatment strategies that outperformed clinician baselines.
Subsequent advances in deep and distributional RL further refined policy robustness and flexibility, underscoring
RL’s role in sepsis management [4–6]. These advancements underscore the potential of RL to generate effective
sequential treatment decisions in critical care environments.

In this work, we use MIMIC-III [7–9] as experimental data, which containts clinical data from 40,000+ ICU
patients, with vital signs, lab results, and treatments recorded at irregular time intervals. It provides a rich foundation
for developing data-driven sepsis management tool. However, a key challenge lies in constructing informative state
representations from this noisy, irregularly sampled data. Prior work has explored recurrent neural networks (RNNs)
and autoencoders for this task, but their instability during training often leads to suboptimal representations and
degraded policy performance [2,4,6].

Neural Controlled Differential Equations (Neural CDEs) are state-of-the-art models for irregular time series
data due to their ability to model continuous-time dynamics and handle irregular sampling [4,10]. Unlike discrete-step
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RNNs, CDEs use differential equations to propagate hidden states, capturing latent physiological trends more
accurately. This makes them particularly suited for sepsis management, where patient states evolve smoothly
between sparse observations. However, despite their potential, Neural CDEs remain underexplored in clinical RL
due to severe training instability and lack of interpretability, which this work addresses explicitly. CDEs are prone to
training instability such as gradient explosion or collapse when unregularized or trained for excessive epochs [11].
This instability stems fundamentally from numerical challenges in solving the underlying differential equations [12],
particularly when backpropagating through adaptive ODE solvers [13].

A key challenge in applying Neural CDEs to clinical time series is distinguishing between numerical instability
and model overfitting, which are two fundamentally different failure modes. Overfitting appears when the training
loss continues to decrease while the validation loss starts going upward; In contrast, CDEs exhibit unique instability
patterns where both losses increase simultaneously (Figure 1). This instability occurs when numerical solvers fail to
handle stiffness in the learned vector fields [12]. For clinical time series modeling, this instability is particularly
crucial, as trajectory smoothness and sudden acuity transitions must both be captured.

Validation loss Validation loss

Training loss

Training loss

Figure 1. Distinguishing training failure modes: (Left) Classical overfitting; (Right) Numerical instability.

This limitation in CDE state representation was overlooked in prior studies. For instance, ref. [4] compared
CDEs against other autoencoders for sepsis state representation and showed its superiority, but did not address their
instability, leading to inconsistent results and an erroneous dismissal of clinical acuity score regularization.

In this work, we use the MIMIC-III database to train, evaluate, and compare CDE representations for sequential
state encoding, with the goal of improving discrete Batch-Constrained Q-learning (dBCQ) models for offline sepsis
treatment decision-making, with the following key contributions:

(1) Disentangle and mitigate numerical instability in Neural CDEs for clinical reinforcement learning. We
systematically identify instability as a distinct failure mode from overfitting and propose stabilization strate-
gies—including early stopping and solver regularization—that reliably improve representation robustness.

(2) Revisit the role of clinical acuity scores as effective regularizers for CDE state representations. Through
stabilized training regimes, we show that SOFA/SAPS-II/OASIS scores provide meaningful physiological
constraints, resolving prior inconsistencies regarding their effectiveness in clinical RL.

(3) Provide a unified evaluation of CDE stabilization techniques for clinical time-series modeling. We benchmark
gradient clipping, implicit solvers, and stiffness regularization under a consistent framework, offering practical
guidance for selecting methods that optimize downstream dBCQ policy performance.

(4) Ensure reproducibility and adoption in clinical ML workflows. We release all code, training configurations,
and evaluation protocols for transparent and reproducible experimentation (Code available at https://github.
com/GAOYUEtianc/RL mimic CDE stable).

To our knowledge, this is the first work that systematically disentangles numerical instability from repre-
sentation overfitting in Neural CDEs applied to clinical RL. This distinction provides new insight into why prior
RL policies trained on irregular medical time series often failed unpredictably. Our findings revisit and clarify
inconsistencies reported in prior works such as [4], which concluded that acuity-based regularization fails to improve
CDE representations. We show this claim likely arose from unstable training regimes that obscure representation
quality. By addressing CDE instability, we show that acuity regularization improves both state representation quality
and RL performance.

An earlier preprint of this work is available on arXiv [14].
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2. Background

2.1. MIMIC-III Data Irregular Properties

The MIMIC-III repository contains ICU patient data including physiological signals, laboratory results,
medications, and interventions as multivariate time series [7]. However, these measurements were recorded
at irregular intervals based on clinical needs, resulting in uneven sampling patterns and substantial missing
data [8,15]. The dataset contains inherent measurement noise and informative missing patterns, where missing
observations could provide clinical insights. This creates a low signal-to-noise ratio that makes direct trajectory
modeling challenging [16,17]. Different variables are recorded at varying frequencies, causing covariate shift and
temporal aliasing that reduce model generalization [18]. Simple imputation techniques like forward-filling or mean
substitution fail to capture complex temporal dependencies and often introduce bias [17].

To mitigate these challenges, researchers have developed several approaches. Time-aware recurrent models
use masking and time interval embeddings to explicitly handle missingness and irregularity [16]. Continuous-time
methods such as ODE-RNNs and latent ODEs learn differential equations that naturally adapt to varying time
intervals [15]. Among these, Neural Controlled Differential Equations offer a SOTA approach to encode MIMIC-III’s
high signal-to-noise trajectories. They produce well-representated states suited for downstream offline reinforcement
learning in sepsis management [4,15,19].

2.2. Neural Controlled Differential Equations (Neural CDEs) as State Encoders

Neural Controlled Differential Equations are a class of continuous-time models that generalize recurrent neural
networks by defining hidden state dynamics through differential equations [19]. We initialize the hidden state as
h(t0) =Wo(t0) + b, using a learnable linear map g : Rd → Rh implemented as a single-layer neural network. Then
for the continuous-time irregular observations ot ∈ O, CDE encodes a hidden state h(t) → H in differential form via

∂h(t) = fθ(h(t))∂ot (1)

where fθ is a neural network parameterizing the system dynamics, and the differential ∂ot accounts for irregular
sampling intervals [15,20]. The CDE acts as an encoder ψ : O → H, mapping time-based observations to a latent
space. A decoder ϕ : H → O reconstructing subsequent observations

ôt = ϕ(h(t)) (2)

is trained to minimize the loss LMSE(ot, ôt) = ||ot − ôt||2. This autoencoding framework ensures h(t) retains
clinically relevant information while discarding noise [21]. In this work, we use 4-th order Runge-Kutta (RK4) as
the numerical solver for the CDE as a baseline [22].

2.3. Instability in Neural CDE Training

During training, Neural CDEs can exhibit numerical instability due to the sensitivity of ODE solvers to the
learned vector field fθ. If fθ has large Lipschitz constant or long time sequences, the backpropagating gradients can
explode, leading to erratic updates and divergence [12,23]. Hence, picking a proper stabilization method that can
balance the smoothness and sensitivity to rare high-acuity transitions is crucial.

Effective methodologies to stabilize Neural CDEs training include implicit solvers that handle stiffness by
solving linearized equations at each step [13, 20, 24, 25], gradient clipping to prevent large updates [26], and
regularization techniques smoothing the learned vector field by penalizing high local error and stiffness [27].
Building on these insights, we employ early stopping and stabilization techniques to ensure Neural CDEs training
produces high-quality state representations that generalize well and enable effective downstream RL performance.

2.4. Reinforcement Learning with CDE State Representations

Sequential sepsis treatment can be modeled as a Partially Observable Markov Decision Process (POMDP):

• State : st = h(t) (CDE encoded history of observations o0:t).
• Action : at ∈ {1, ..., 25} represents discrete combinations of intravenous fluids and vasopressor doses [3]
• Reward :

rt =


+1 if patient survives at trajectory end

−1 if patient dies at trajectory end

0 otherwise (at intermediate steps)

(3)
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• Policy: π(at|st) maps states to probability distribution of actions, aiming to optimize cumulative reward via
offline RL.

2.5. Clinical Acuity Scores as Priors

We leverage three established clinical acuity scores (SOFA, SAPS-II, and OASIS) as semi-supervision to
regularize the CDE latent space. We define the correlation loss:

Lcorr(ŝt) = −(ρSOFA(ŝt) + ρSAPS-II(ŝt) + ρOASIS(ŝt)) (4)

The regularized total loss function is defined to be:

Ltotal(ot, ôt) = LMSE(ot, ôt) + λ · Lcorr(ŝt) (5)

where ρ(ŝt) denotes the Pearson correlation between the latent state representation ŝt and acuity score. For
simplicity, we denote the losses at epoch i as LMSE(i), Lcorr(i), Ltotal(i).

3. Methodology

We present a framework as shown in Figure 2 for sepsis treatment policy learning using stabilized CDE state
representations, evaluated through offline RL and clinical interpretability metrics.
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Figure 2. Overall architecture of the proposed framework.

3.1. Overall Architecture

Our framework builds on prior work in sepsis treatment RL [4–6] but addresses a critical gap: the training
instability of Neural CDEs for state representation. While existing approaches use CDEs to encode patient history
into hidden states and decode future observations, they overlook how training instability affects both representation
quality and downstream policy performance. We identify two key instability symptoms:

• Unpredictable fluctuations in observation prediction loss
• Weakened correlation between learned states and clinical acuity scores

To address these, we introduce:

• Training stabilization via early stopping and specialized techniques
• Acuity-aware regularization to maintain clinical relevance

The stabilized representations then feed into Batch Constrained Q-learning, where we evaluate their impact on
final policy performance through both quantitative metrics and clinical interpretability measures.

3.2. Data Preparation

Our study utilizes the MIMIC-III v1.4 critical care database, processed according to the established sepsis
cohort definition from prior work [3]. After processing, the dataset comprises 19,418 adult sepsis patients,
with each patient trajectory spanning a clinically relevant 72-h window around sepsis onset : capturing 24 h
preceding identification through 48 h of subsequent treatment. These trajectories reflect the real-world challenges
of ICU care, exhibiting irregular sampling intervals and heterogeneous measurements across 33 time-varying
physiological features. The action space follows prior work in discretizing clinical interventions into 25 distinct
combinations of intravenous fluids and vasopressor doses, binned by percentile ranges to maintain clinically
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meaningful groupings while enabling reinforcement learning. Patient outcomes define trajectory termination, with
mortality recorded for the 9.2% of patients who died within 48 h of their final observation, while survivors comprise
the remaining 90.8%. To ensure faithful evaluation while preserving outcome distributions, we split the cohort
into training (70%, n = 13,593), validation (15%, n = 2913), and test sets (15%, n = 2912), maintaining identical
9.2% mortality rates across splits. Clinical acuity scores (SOFA, SAPS-II, OASIS) for illness severity are calculated
at each timestep using validated implementations that transform the 33 raw features into standardized risk metrics.

The original extracted data contains 48 variables including demograpics, elixhauser status, laboratory results,
vital signs, fluids and vasopressors, and fluid balance. There are missing and irregulaly sampled data in original
MIMIC-III dataset, following the method by [3], 19,418 adult sepsis patients were selected from the MIMIC-III
database by applying the criteria:

• Patients are aged 18 or older;
• An acute increase in the Sequential Organ Failure Assessment (SOFA) score of 2 or more;
• Exclude admissions where treatment was withdrawn or mortality was not documented.

Then the data was filled using a time-limited approach based on clinically relevant periods for each variable,
then further imputed using nearest neighbour algorithm. We then select 33 features (Table 1) that are most relevant
to sepsis treatment.

Table 1. List of 33 time-varying continuous physiological features used for state representation training.

Feature 1–8 Feature 9–16 Feature 17–24 Feature 25–33

Glasgow Coma Scale Potassium White Blood Cells PaO2/FiO2

Heart Rate Sodium Platelets Bicarbonate (HCO3)

Systolic BP Chloride PTT SpO2

Diastolic BP Glucose PT BUN

Mean BP INR Arterial pH Creatinine

Respiratory Rate Magnesium Lactate SGOT

Body Temp (°C) Calcium PaO2 SGPT

FiO2 Hemoglobin PaCO2 Bilirubin

Base Excess

For reinforcement learning in this task, actions are defined as combinations of intravenous (IV) fluids and
vasopressors, discretized into 25 clinically meaningful bins based on percentile ranges. As shown in Table 2, these
bins span from no administration to higher dose quartiles, forming a 5 × 5 action space, comprising 25 distinct
treatment actions. Vasopressor doses are converted to noradrenaline-equivalents (mcg/kg/min), and IV fluids are
normalized for tonicity before discretization.

Table 2. Discretized dosage bins for vasopressors and intravenous (IV) fluids used to define the 25-action reinforce-
ment learning space.

Action Number 0 1 2 3 4

Vasopressors 0.00 (0.00, 0.08] (0.08, 0.22] (0.22, 0.45] >0.45

IV fluids 0.00 (0.00, 50.00] (50.00, 180.00] (180.00, 530.00] >530.00

4. Acuity Score Alignment

Patient acuity scores quantify illness severity and play a central role in clinical decision-making. To constrain
the learning of state representations, we extract three acuity scores from the full patient observations from each 4
hour time step (in MIMIC-III dataset):

• SOFA (Sequential Organ Failure Assessment) [28]: Assesses dysfunction across respiratory, coagulation, liver,
cardiovascular, CNS, and renal systems. Scores range from 0 (normal) to 24 (severe failure).

• SAPS-II (Simplified Acute Physiology Score) [29]: Predicts ICU mortality using 17 physiological measure-
ments. Scores range from 0 to 163, with higher values indicating greater mortality risk.

• OASIS (Oxford Acute Severity of Illness Score) [30]: Estimates mortality risk from 10 clinical variables.
Scores range from 10 to 83, where higher scores correspond to worse prognosis.
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These scores regularize the CDE latent space through Pearson correlation between the learned state representa-
tions and their corresponding acuity scores. Equation (6) defines the acuity correlation regularized loss, where we
choose the hyperparameter λ to be the same for all three acuity scores, yet these could be chosen independently of
one another and yield a loss function :

Ltotal(ot, ôt) = LMSE(ot, ôt)

− (λ1 · ρSOFA(ŝt) + λ2 · ρOASIS(ŝt) + λ3 · ρSAPSII(ŝt))
(6)

4.1. CDE Autoencoder Training with Rigorous Stopping Criteria

The CDE autoencoder is trained to learn clinically meaningful state representations through a carefully
designed optimization process that addresses the inherent instability of continuous-time neural networks.
Continuous-Time Encoding Process Our CDE autoencoder learns continuous-time state representations through a
neural controlled differential equation (Equation (1)), implemented as a 3-layer network with ReLU activations and
layer normalization. The encoder outputs a hidden state h(t) ∈ Rd where d is the representation dimension.
Early Stopping Strategy To prevent training instability while preserving signal capture, we propose a multi-criteria
early stopping method that selects the optimal checkpoint epoch e∗ when all conditions are first met:

(1) Near-optimal validation loss:

Lval(e
∗) ≤ min

e≤e∗
Lval(e) + ϵ1 (7)

(2) Stable training plateau: For the last p epochs, the total loss variation remains within ϵ2 fraction of the minimum loss:∣∣∣∣ max
e∗−p≤i≤e∗

Ltotal(i)− min
e∗−p≤i≤e∗

Ltotal(i)

∣∣∣∣ ≤
ϵ2 · min

e∗−p≤i≤e∗
Ltotal(i) (8)

(3) Clinically meaningful representations over training: Mean acuity score correlation on train set exceeds a threshold.

ρ(e∗) ≥ ρthreshold (9)

We train CDE autoencoders across multiple random seeds through comprehensive hyperparameter tuning
(learning rates, hidden sizes, ϵ1, ϵ2, p, ρthreshold), then select the best performing configuration evaluated via
the ultimate RL policy measured by WIS return (Weighted Importance Sampling (WIS) is a technique used in
offline reinforcement learning to estimate the expected return of a target policy using data collected from a different
behavior policy. By normalizing importance weights across trajectories, WIS reduces variance compared to ordinary
importance sampling, albeit introducing some bias. This trade-off often results in more stable and reliable policy
evaluations [31]). This acuity-aligned objective enforces clinically meaningful structure in the latent representations,
which is later shown to improve both interpretability and reinforcement learning outcomes.

4.2. Stabilization Methods for CDE Training

To improve training stability and facilitate model selection, we apply stabilization techniques to the CDE encoder,
specifically on the vector field fθ that governs hidden state dynamics. We implement three stabilization techniques:

(1) Gradient Clipping: Constrains extreme gradient updates to prevent sudden spikes during backpropagation
(2) Implicit Adams Solver: Uses an implicit numerical integration scheme to handle stiffness in the continuous-

time dynamics
(3) Stiffness Regularization: Directly penalizes high curvature in the learned vector field

Appendix A.2 introduces those methodologies in detail.
Evaluation Protocol: We conduct comprehensive hyperparameter tuning for hyperparameters in Table 3 across

• Multiple random seeds : 25, 53, 1234, 2020
• Learning rates : 1× 10−4, 2× 10−4, 5× 10−4

• Hidden dimensions : 4, 8, 16, 32, 64, 128.

Each configuration undergoes 100 epochs training until reaching early stopping criteria in Section 4.1, and is
evaluated using two stability metrics:
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(1) Plateau Length: Number of consecutive epochs where the training loss remains on a plateau:

|Ltotal(i)−minLtotal| ≤ ϵ2 ·minLtotal (10)

(2) Mean Absolute Slope on Plateau:

S1 =
1

T

T∑
i

|∆Ltotal(i)| (11)

where ∆Ltotal(i) = Ltotal(i+ 1)− Ltotal(i) and T is the plateau length.

Table 3. Stabilization methods and hyperparameters to be tuned.

Method Hyperparameter Search Range

Gradient clipping max norm : τ {0.1, 0.5, 1.0, 1.5}
Implicit Adams solver step size : ∆t {1/8, 1/4, 1/2}
Stiffness regularization λreg {0.005, 0.01, 0.015}

The final model evaluation considers both these stability metrics and the downstream RL policy performance
(WIS return).

4.3. dBCQ Policy Learning and Evaluation

We employ the trained CDE encoder to transform raw patient trajectories into continuous state representations
for offline reinforcement learning. Our policy learning approach builds on discrete Batch-Constrained Q-learning
(dBCQ) [4], which addresses key challenges in offline RL. The process is as follows:

• Behavior Cloning Pre-training: We first train a policy to replicate the action distribution in the dataset, providing
a conservative starting point.

• Constrained Q-Learning: During policy optimization, the Q-function only considers actions that the behavior
policy would likely take with probability ≥ τBC.

• Policy Evaluation: We compute WIS returns of the trained Q-policy on the validation dataset to assess policy performance.

5. Experiments and Empirical Results

5.1. Effect of CDE Early Stopping on Final RL Policy Result

To determine optimal training configurations, we conducted extensive hyperparameter tuning to identify
optimal training configurations. A grid search was performed over the hidden state sizes {4, 8, 16, 32, 64, 128},
learning rates {1 × 10−4, 2 × 10−4, 5 × 10−4}, acuity correlation coefficients λ ∈ {0, 0.5, 1, 1.5}, and early
stopping criteria parameters ϵ1 ∈ {0.05, 0.1, 0.15, 0.2}, p ∈ {20, 30, 40, 50}, ϵ2 ∈ {0.02, 0.03, 0.04, 0.05}, and
ρthreshold ∈ {0.6, 0.65, 0.7, 0.75}. The best configuration was selected based on downstream RL policy performance,
measured by the weighted importance sampling (WIS) return.

Table 4 summarizes the best hyperparameters for the early stopping criteria in Section 4.1. These values were
chosen through grid search to achieve the most stable training dynamics and highest validation performance. Using
these optimal parameters, the CDE autoencoder was trained for 100 epochs while recording the total loss Ltotal

(defined in Equation (5)) at each step.
Figure 3 illustrates the training dynamics, showing the total loss, MSE loss, and correlation loss across epochs

(mean ± one standard deviation over multiple random seeds).
Two representative checkpoints are compared to highlight the importance of early stopping:

(1) Optimal and stable checkpoint: Meets all stopping criteria in Section 4.1, achieving low and consistent losses
with strong acuity correlation.

(2) Overtrained and unstable checkpoint: Continues training beyond the plateau, showing diverging losses and
reduced generalization.

To assess how early stopping affects reinforcement learning, we froze the CDE encoder parameters at each
checkpoint and trained two dBCQ policies under identical conditions (policy learning rate = 1 × 10−5, action
elimination threshold τBC = 0.3, and training epochs = 2 × 105). The resulting WIS returns on the validation
trajectories are shown in Figure 4. The policy initialized from the optimal and stable representation achieved
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consistently high returns (final WIS = 0.9195). In contrast, the policy trained on the overtrained and unstable
representation failed to learn meaningful value estimates, with WIS collapsing to 3.2× 10−7.

Table 4. Criteria for selecting optimal stopping epoch in CDE autoencoder training with hyperparameters to be tuned.

Criterion Metric Hyperparameter Best Hyperparameter

Low Validation Loss
Final validation loss should reach a

minimal value during training
ϵ1 0.1

Plateau
Number of consecutive epochs with

small relative loss change
p
ϵ2

30
0.02

Acuity Correlation
Mean Pearson correlation between
learned features and acuity scores

ρthreshold 0.7
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Figure 3. Training curves of CDE autoencoder losses (mean ± std across seeds) versus epoch. The optimal and stable
checkpoint achieves smooth convergence, whereas the overtrained and unstable model shows divergence and instability.
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Figure 4. Evaluated WIS on validation set (mean ± std across random seeds) for dBCQ policies trained using
optimal and stable and overtrained and unstable CDE state representations.

These results clearly demonstrate that selecting the correct stopping epoch is crucial for learning stable and
generalizable representations from the CDE autoencoder. Our proposed multi-criteria early stopping strategy not
only stabilizes training but also significantly enhances downstream RL policy performance. The best configuration
achieved WIS > 0.9, outperforming prior works such as [4,32], which reported approximately 0.775. This confirms
that training stability, rather than architecture alone, is a critical determinant of effective clinical RL models.

5.2. Clinical Alignment Through Early Stopping

To further understand how early stopping improves the quality and interpretability of learned representations,
we analyze the clinical alignment of the CDE latent space and its relation to training stability. Specifically, we
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compare latent spaces from the optimal and stable checkpoint and the overtrained and unstable checkpoint, both
trained with the best hyperparameters identified in Section 5.1. For each model, latent representations from the
validation trajectories (first and last observations) are projected into two dimensions using principal component
analysis (PCA).

Figure 5 highlights three complementary views of how early stopping affects the learned representations:
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Figure 5. Comparative visualization of clinical alignment of optimal and stable and overtrained and unstable CDE
representations on validation dataset trajectories

(1) SOFA Score Distribution: Each point is a validation observation colored by its SOFA score. In the optimal
and stable model, patient states form a compact manifold with a smooth gradient of severity—low to high
scores across the latent space. In contrast, the overtrained and unstable model produces sparse, unstructured
embeddings lacking any discernible severity pattern.
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(2) Mortality Trajectories: We connect each patient’s first and last latent observations, with survivors in blue and
non-survivors in red. Under the optimal and stable checkpoint, trajectories of non-survivors cluster together,
reflecting prognostic separation. In the overtrained representation, survivor and non-survivor paths overlap
chaotically, indicating a loss of clinical discriminability.

(3) Acuity Representation Correlation: Distributions of mean Pearson correlation between latent features and acuity
scores show that the optimal and stable model maintains a right-skewed distribution (mean correlation ∼0.45),
whereas the overtrained model’s distribution collapses around zero, losing severity-related information.

These visual findings demonstrate that early stopping not only prevents training instability but also preserves
clinical structure in the learned representations. The clear separation of severity gradients and outcome trajectories
suggests that stable training promotes latent spaces that align naturally with clinical acuity measures.

Motivated by these observations, we next investigate the quantitative relationship between the reconstruction
loss LMSE and the acuity correlation loss Lcorr. If these two losses evolve together, it would imply that improving
reconstruction fidelity inherently enhances the model’s ability to capture acuity-related structure in the latent space.

Figure 6 visualizes their relationship across training epochs and random seeds. A strong positive trend is
evident—the smaller the reconstruction loss, the higher the alignment with acuity scores. Table 5 confirms this
quantitatively, showing a high Pearson correlation (r = 0.958 ± 0.013, p < 10−45) and mutual information of
1.53±0.18 nats. This co-evolution indicates that both metrics capture the same underlying latent quality, suggesting
that state representations and clinical acuity are intrinsically linked.
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Figure 6. Relationship between reconstruction loss (LMSE) and acuity correlation loss (Lcorr) during CDE autoencoder
training. Each point represents an epoch across random seeds. The fitted regression line shows strong positive
correlation (r = 0.958, p < 10−45).

Table 5. Correlation between LMSE and Lcorr during CDE autoencoder training (averaged across random seeds).

Pearson corr. Coefficient r Significant p-Value Mutual Information

0.9578± 0.0127 <10−45 1.5296± 0.1847 nats

Table 6 further quantifies training stability by reporting the Pearson correlation between the training loss
Ltotal and the validation loss Lval. We compute the Pearson correlation for each random seed across (i) the entire
training run and (ii) the plateau region identified by our stopping criteria, then report the mean and standard
deviation across seeds. The correlation across all epochs is moderate (r ≈ 0.62), reflecting epochs where training
dynamics are more variable (including transient instability and divergent phases). Crucially, on the plateau the
correlation increases to r ≈ 0.93, indicating nearly synchronous behavior of training and validation losses during
the stable phase. This near-perfect plateau correlation demonstrates that epochs satisfying the plateau criterion
provide reliable validation signals for model selection (i.e., stopping within the plateau is likely to yield models that
generalize), whereas selecting checkpoints outside this region risks instability-induced degradation despite apparent
training improvements.
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Table 6. Correlation between training loss Ltotal and validation loss Lval over CDE autoencoder training epochs,
averaged across random seeds, compared on plateau V.S. whole training epochs.

All Epochs Plateau Epochs

Pearson Corr. 0.6241± 0.1934 0.9284± 0.0295
p-value <0.05 <0.05

From these findings, we propose that the observed alignment between reconstruction and acuity losses reflects
a causal relationship: training signals that improve reconstruction fidelity also strengthen clinical interpretability in
the learned latent space. Formally, we hypothesize that incorporating acuity-based regularization directly into the
training objective will further enhance state representation quality and downstream reinforcement learning performance.

Hypothesis 1. Let ŝ(λ)t denote the latent state representation learned by a CDE autoencoder trained with acuity
regularization weight λ. For a given early-stopped, numerically stable training regime,

RepQual(ŝ(λ=1)
t ) > RepQual(ŝ(λ=0)

t ), and (12)

WIS(ŝ(λ=1)
t ) > WIS(ŝ(λ=0)

t ), (13)

where RepQual(·) measures the quality of the learned representation (e.g., via correlation with acuity scores or
clinical separability), and WIS(·) denotes the downstream policy’s weighted importance sampling return.

We test Hypothesis 1 through an ablation study comparing dBCQ policies trained on stable CDE representations
with and without acuity regularization (λ = 1 vs. λ = 0), under identical stable training and early-stopping configurations.

As shown in Figure 7 and Table 7, incorporating acuity alignment yields significantly higher RL
performance (WIS = 0.9195 vs. 0.6381). This directly contradicts prior findings by Killian et al. [4], who reported
that acuity regularization was ineffective. When instability is eliminated through early stopping, its benefit becomes
both clear and substantial.
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Figure 7. Ablation on acuity regularization: comparison of WIS returns for dBCQ policies trained on CDE
representations with (λ = 1) and without (λ = 0) acuity alignment. Early stopping ensures stable convergence in
both cases.

Table 7. Comparison with prior work [4] on acuity regularization findings. Our study revisits their conclusion
regarding acuity regularization and shows clear improvement in both representation and policy performance.

Method WIS Return Finding on Acuity Regularization

Prior work [4] 0.775 No benefit from acuity regularization

Ours (Stable CDE, λ = 1) 0.920
Acuity regularization significantly improves both

representation quality and RL policy performance.

Early stopping and stability: Unlike conventional early stopping, which primarily prevents overfitting, our multi-
criteria stopping rule is designed to prevent numerical instability—A phase in which both training and validation
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losses simultaneously increase after extended optimization. By halting training at the onset of instability, we
preserve a clinically coherent latent space that aligns strongly with patient acuity and supports stable, generalizable
downstream RL performance.

Summary: Visual and quantitative analyses jointly show that early stopping maintains both numerical stability
and clinical interpretability in CDE training. Stable representations exhibit clear alignment with clinical severity,
and acuity regularization amplifies this property, resulting in substantial improvements in both interpretability and
RL policy performance. This overturns prior assumptions that acuity-based regularization is ineffective, providing
new evidence that clinical indicators are powerful tools for guiding representation learning in healthcare.

5.3. Stabilization Method Comparison

We evaluate three stabilization methods using our early stopping criteria, with all methods using λ = 1 for
acuity correlation. Each model was trained for 100 epochs with optimal hyperparameters from Table 3. For each
method, we compute flatness metrics mentioned in Section 4.2 on the loss curve, respectively plateau length and
mean absolute slope on plateau (S1). Each encoder is then frozen at its optimal and stable checkpoint, and a
downstream dBCQ RL policy is trained under identical conditions: policy learning rate = 1× 10−5, dBCQ action
elimination threshold τBC = 0.3, and training epochs = 2× 105. The mean evaluated WIS returns on the validation
trajectories are reported below.

As shown in Table 8, the implicit Adams solver produces the longest plateau, lowest mean absolute slope, and
achieves the highest mean RL return (WIS = 0.9206). Both the implicit Adams solver and stiffness regularization yield
performance comparable to the baseline, while gradient clipping weakens both training flatness and policy performance.

Table 8. Flatness metrics and downstream RL WIS return for each stabilization method (under best hyperparameters,
across random seeds).

Method Plateau Length S1 WIS

Baseline 42± 8.6 0.0028± 0.0005 0.9195
Gradient clipping 45.8± 4.5 0.0031± 0.0021 0.6547

Implicit Adams solver 46.5± 5.7 0.0027± 0.0006 0.9206
Stiffness regularization 43± 9.4 0.0030± 0.0008 0.9189

Figure 8 further demonstrates that when training RL on CDE representations from the baseline and implicit
Adams solver, policies converge rapidly to high WIS returns. The stiffness-regularized representation converges
more slowly but ultimately reaches a comparable final return. In contrast, gradient clipping leads to a noisy loss
trajectory and a suboptimal WIS outcome, suggesting that it may overly dampen the CDE dynamics.
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Figure 8. CDE autoencoder training loss (mean±std) and downstream RL WIS return (mean±std) on validation
trajectories for each stabilization method.

Beyond these quantitative comparisons, we also visualize how each stabilization technique affects the clinical
structure of the learned latent space. Figure 9 shows the SOFA, OASIS, and SAPS-II score distributions, as well
as mortality trajectories, for the validation set under each stabilization method. All models follow the same early
stopping criteria to ensure numerical stability.
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Figure 9. Clinical alignment visualization for each stabilization method. Shown are SOFA, OASIS, and SAPS-II
score distributions and mortality trajectories of CDE autoencoders on the validation dataset. Under proper early
stopping, all methods exhibit clear clustering of similar-acuity patients and visible separation between survivor and
non-survivor trajectories. The implicit Adams solver produces the smoothest severity gradients and most coherent
mortality boundaries, confirming its advantage in stability and interpretability.

6. Conclusions

This work provides a principled framework for stabilizing Neural CDE training in clinical reinforcement
learning, addressing long-standing issues of instability and weak clinical interpretability in prior research. We
demonstrate, through rigorous empirical evaluation, that careful stabilization and early stopping are not merely
training heuristics but necessary conditions for obtaining robust, clinically meaningful state representations. Our
proposed multi-criteria early stopping strategy and stabilization pipeline consistently improve policy performance,
achieving a new state-of-the-art WIS return (>0.9 versus ∼0.775 in [4]) on the sepsis treatment task. These
improvements are achieved without architectural changes, underscoring the effectiveness of our stability-focused
training design.

Beyond performance, this study provides the first systematic evidence that clinical acuity scores can actively
enhance representation learning when training is stabilized. Through quantitative correlation analysis and ablation
studies, we show that the latent dynamics captured by Neural CDEs are intrinsically aligned with clinical indicators
such as SOFA, SAPS-II, and OASIS. This finding overturns prior conclusions that acuity regularization offers
little benefit, revealing instead that its effectiveness depends critically on stable optimization. The discovered
strong correlation between reconstruction loss and acuity alignment highlights a shared latent structure, suggesting
that clinically grounded supervision can guide representation learning in a more interpretable and physiologically
consistent manner.
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In summary, our work establishes both a practical and conceptual foundation for future research in clinical
reinforcement learning: stabilization techniques and clinical indicator–aware regularization are key to bridging the
gap between model optimization and clinical reasoning. We hope these insights inspire the design of next-generation
RL systems that are not only high-performing but also clinically trustworthy and interpretable.

7. Future Work

While our study establishes a stable and clinically aligned framework for Neural CDE training, several
important directions remain open for exploration.

(1) Understanding and mitigating WIS variance. Our current evaluation relies on Weighted Importance Sampling
(WIS), which is known to exhibit a delicate bias–variance tradeoff. For the sepsis treatment task, we observed
that the WIS variance is highly sensitive to the behavior policy threshold τBC: as τBC decreases, variance
grows dramatically. Like prior studies, our work did not systematically analyze this effect. Future work should
quantify how τBC influences the stability of policy evaluation and explore variance-reduction strategies such
as doubly robust estimators and adaptive behavior-cloning thresholds.

(2) Expanding stabilization strategies. Our current stabilization design focuses on implicit solvers and stiffness reg-
ularization. Future extensions will examine additional techniques such as Gaussian noise injection [33], vector-
field dropout [34], and spectral normalization for continuous-time networks. These methods may further sup-
press numerical oscillations and improve generalization, especially under data-scarce or high-frequency regimes.

(3) Broadening the scope of acuity alignment. A key insight from this work is that clinical acuity regularization
not only enhances policy performance but also improves interpretability through latent–clinical alignment. In
future research, we plan to extend this principle to other clinical time-series tasks such as septic shock progres-
sion [35], ICU stroke recovery prediction [36], and post-surgical complication forecasting [37]. We also aim
to investigate whether similar alignment can be achieved using alternative physiological indicators or clinician-
defined risk metrics, thereby validating the generalizability of acuity-informed representation learning.

(4) Integrating diverse offline RL algorithms. To evaluate learned state representations more comprehensively,
future work will benchmark across state-of-the-art offline RL algorithms, including Fitted Q-Iteration (FQI)
and Conservative Offline Model-Based Policy Optimization (COMBOP). Such comparisons will clarify how
stability and clinical alignment interact with algorithmic design choices in offline RL.

Overall, our future research will continue to bridge the gap between stable representation learning and clinically
grounded decision-making, advancing toward reinforcement learning systems that are both reliable and interpretable
in real-world healthcare.
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Appendix A

Appendix A.1. Addtional Acuity Score Heatmaps

In Section 5.2, we have compared the SOFA score heatmap of optimal and stable and overtrained and unstable
CDE representations. Here we provide the heatmaps of other acuity scores, including OASIS and SAPS-II. The
heatmaps are generated by projecting the latent features of validation trajectories into a lower dimensional space
using PCA, and coloring the points by their respective acuity scores.

The hyperparameters used for generating these heatmaps are the same as those used in Section 5.1, hidden
size = 64, learning rate = 2× 10−4, λ = 1, ϵ1 = 0.1, p = 30, ϵ2 = 0.02, ρthreshold = 0.7.

As shown in Figures A1 and A2, the optimal and stable CDE representation shows a clear clustering of patients
with similar OASIS and SAPS-II scores, while the overtrained and unstable CDE representation exhibits a more
scattered and random distribution, indicating a loss of clinical alignment. This further supports our finding that early
stopping is crucial for maintaining acuity score alignment in CDE representations.
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Figure A1. Heatmap of OASIS score distribution at optimal and stable and overtrained and unstable CDE
representations on validation dataset.
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Figure A2. Heatmap of SAPS-II score distribution at optimal and stable and overtrained and unstable CDE
representations on validation dataset.
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Appendix A.2. Stabilization Methods

In this section, we provide a detailed description of the stabilization methods used in Section 5.3 to stabilize
CDE autoencoder training. We evaluate three methods: implicit Adams solver, gradient clipping, and stiffness
regularization. Each method is designed to improve the stability of the CDE autoencoder training process. Following
the early stopping criteria, we evaluate the effectiveness of these methods by measuring the RL policy performance
on the CDE representations, and also show the acuity alignment of each stabilization method on validation dataset
in Figure 9.

Appendix A.3. Implicit Adams Solver

When training the Neural CDE latent state h(t) evolving under observation ot as in Equation (1), implicit
Adams methods advance h(t) using future values of the target function in the integration step. An s step Adams-
Moulton update rule from step tn to tn+1 is defined as follows [38]:

h(n+ 1) = h(n) + ∆t

s∑
j=0

βj · fθ(h(n+ 1− j), otn+1−j
) (14)

where ∆t = tn+1 − tn and βj are fixed coefficients. Note from Equation (14) that both sides include the term
fθ(h(n+ 1− j), otn+1−j ), so a nonlinear equation needs to be solved at each step. Here we list orders 0, 1, 2 and 4
for Adams-Moulton:

h(n) =h(n− 1) + ∆t · fθ(h(n), otn); (15)

h(n+ 1) = h(n) + ∆t ·
(1
2
fθ(h(n+ 1), otn+1)

+
1

2
fθ(h(n), otn)

)
;

(16)

h(n+ 2) = h(n+ 1) + ∆t ·
( 5

12
fθ(h(n+ 2), otn+2)

+
8

12
fθ(h(n+ 1), otn+1

)− 1

12
fθ(h(n), otn)

)
;

(17)

h(n+ 4) = h(n+ 3) + ∆t ·
(251
270

fθ(h(n+ 4), otn+4
)

+
646

720
fθ(h(n+ 3), otn+3

)− 264

720
fθ(h(n+ 2), otn+2

)

+
106

720
fθ(h(n+ 1), otn+1

)− 19

720
fθ(h(n), otn)

) (18)

In our experiments in Section 5.3, we used the implicit Adams-Moulton method of order 4, which is a 4th-order
implicit method. We do a grid search for step size ∆t ∈ { 1

8 ,
1
4 ,

1
2}, and the best performance is achieved with

∆t = 1
8 , resulting in a mean WIS return of 0.9206 on the downstream RL policy.

As shown in Figure 8 and Table 8, the implicit solver not only makes the curvature of the loss function
smoother, makes the plateau longer and more stable, but also achieves the best performance in downstream RL
policy. This indicates that implicit solver method balances the trade-off between smoothness and extracting sharp
transits in the latent space (e.g, sudden deteriorations in septic patients), which is crucial for ICU time-series data.

Appendix A.4. Gradient Clipping

Norm-based gradient clipping is a technique that limits the magnitude of the gradient vector during backpropa-
gation. Given a parameter vector θ with gradient g = ∇θL at a training step, the Euclidean norm ∥g∥2 is computed,
then a threshold τ > 0 is chosen, and the gradient is rescaled if its norm exceeds τ . Formally, the clipped gradient
gclip is defined by:

gclip =

{
g, if ∥g∥2 ≤ τ

τ g
∥g∥2

if ∥g∥2 > τ
(19)

Mathematically, gradient clipping can be seen as a form of regularization on the optimization trajectory. It
does not alter the loss function or objective explicitly, but it modifies the optimization dynamics to avoid excessively
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large parameter jumps.
When training Neural CDE model, as introduced in Equation (1), one backpropagates through the numerical

solver to compute the gradients of the loss function with respect to the model parameters. If fθ has large Lipschitz
constant or the integration time is long, the backward gradients can suffer from gradient explosion. Previous
works [26,39] explicitly cite gradient clipping as an effective method for controlling gradient explosion and
oscillatory in continuous-time models.

In Section 4.2, we apply gradient clipping with a grid search on the threshold τ ∈ {0.5, 1.0, 1.5}, and as a
result, when τ = 1.0, the CDE autoencoder achieves the best performance in downstream RL policy. With a mean
WIS return of 0.6547, it is lower than the baseline CDE autoencoder without stabilization, which achieves a mean
WIS return of 0.9195. An explanation for this could be that in irregular ICU time-series, patient trajectories are
sparese and short, and gradient clipping uniformly dampens high-magnitude updates, however, some large gradients
might be clinically meaningful. Also, in ICU trajectories, there are sudden deteriorations in septic patients, which
causes large updates to θ, while gradient clipping will suppress that update, leading to a less informative representation.

Appendix A.5. Stiffness Regularization

This regularization technique leverages stiffness indicators to shape the training dynamics of Neural CDEs.
Recall from Section 2.2 that the encoder is defined as :

∂h(t) = fθ(h(t))∂ot (20)

Assume that we solve it over time interval [t0, t1], and reconstruct the downstream target ôt1 = ϕ(h(t1)). Let
Ltotal in Equation (5) be the reconstruction loss, {tj}Nj=1 be the solver time steps. Specifically, for each time step tj ,
the stiffness score Sj is apprixmated via the real parts of the eigenvalues of the local Jacobian:

Sj = max

{
|ℜ(λi)| : λi ∈ eig

(
∂fθ(h(tj))

∂h(t)

)}
(21)

where

• ∂fθ(h(tj))
∂h(t) ∈ Rd×d denotes the Jacobian of the vector field w.r.t. the hidden state at time tj .

• eig(·) denotes the set of eigenvalues.
• ℜ(λi) denotes the real part of λi.

Then the total loss becomes:

Lreg = Ltotal + λreg ·
N∑
j=1

Sj︸ ︷︷ ︸
Stiffness Regularization

(22)

This objective encourages the encoder’s neural vector field fθ to not only fit the data but also generate dynamics
that are less stiff, leading to smoother trajectories in the latent space. The hyperparameter λreg controls the strength
of this regularization, which balances the tradeoff between fitting the data and minimizing the solver complexity. As
mentioned in Table 3, we do a grid search on λreg ∈ {0.005, 0.01, 0.015}, and find that λreg = 0.01 achieves the
best performance in downstream RL policy, with a mean WIS return of 0.9189. Figure 8 shows that the stiffness
regularization stabilizes the CDE training and lead to a longer, smoother plateau, which is beneficial for picking the
optimal stopping epoch. And its downstream RL policy reaches a comparable optimal WIS return.

In summary, stiffness regularzation is a promising method for stabilizing CDE autoencoder training for
learning MIMIC-III data representation, as it encourages the model to learn smoother dynamics, which is crucial for
capturing the underlying patterns in irregular ICU time-series data. It also helps to extend the plateau of the training
loss, making it easier to find the optimal stopping epoch.
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