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Abstract

Sepsis is a serious condition caused by an uncontrolled body response to infection,
and it remains one of the primary cause of death in intensive care units world-
wide. Giving the right amount of intravenous fluids and vasopressors at the right
time is critical to keep blood flowing to vital organs. However, current clinical
guidelines are broad and inconsistent. This leads to large differences in practice,
where giving either too little treatment or too much fluid and medication can
worsen organ failure and increase mortality. In this work, we formulate sepsis
management over time as an offline Markov Decision Process using real clini-
cal data from the MIMIC-IV v3.0 database. We introduce Dual-Gated Dueling
Double Deep Q-Networks, a model-free reinforcement learning method developed
to solve two major issues in critical care learning: severe overestimation of Q-
values and the tendency of models to recommend dangerously high doses. The
proposed network uses a learned confidence gating mechanism combined with an
uncertainty gate to adjust smoothly between standard Double DQN targets and
greedy updates. In addition, we add normalized advantage centering to keep the
calculations mathematically stable and prevent risky treatments from distort-
ing baseline state values, as well as a penalty term that encourages lower doses
based on patient severity. We evaluated our model on separate patient test sets
to ensure no data leakage occurred. The results show that our proposed model



produces more stable treatment policies, reduces overestimation bias, and pro-
vides safer, more conservative dosage recommendations, suggesting conservative
fluid and vasopressor amounts in 43.3% of patient states compared to roughly
21% in standard baseline models and 19% in actual clinician practice.

Keywords: Reinforcement learning, deep Q-networks, sepsis resuscitation,
MIMIC-IV, offline policy evaluation, intensive care unit, hemodynamic management,
dose parsimony

1 Introduction

Severe sepsis and septic shock remain among the most difficult medical challenges in
intensive care units [1]. In this condition, the body’s blood vessels widen abnormally,
vascular linings break down, and circulating blood volume drops sharply. This stops
oxygen from reaching cells properly, causing multiple organs to fail and leading to
high hospital death rates. To stabilize these patients, doctors mainly rely on hemody-
namic resuscitation, which means giving intravenous (IV) fluids alongside continuous
infusions of vasopressor drugs. The main goal here is simple: restore blood volume and
maintain enough pressure to keep blood flowing to vital organs.

However, even after decades of international studies and updated clinical guide-
lines, doctors still debate the best timing, dosage, and order for fluids and vasopressors.
In the past, protocols like Early Goal-Directed Therapy suggested giving large amounts
of IV fluids right away [2, 3]. But more recent clinical trials—such as CLASSIC [4],
CLOVERS [5], and ARISE [2] — showed that giving too much fluid often causes seri-
ous harm. Excess fluid leaks into tissues and lungs, prolongs the time patients spend
on mechanical ventilators, damages the kidneys by causing congestion, and increases
mortality. On the other hand, starting high doses of vasopressors too early without
enough fluid causes blood vessels in the extremities and abdomen to constrict too
tightly. This strains the heart, causes irregular heartbeats, and damages tissue due to
lack of blood flow [6]. In real ICU wards, doctors have to balance these opposing risks
under noisy patient measurements, slow lab results, and wide variations from patient
to patient.

Because of these difficulties, offline reinforcement learning (RL) using electronic
health record (EHR) data [7, 8] has become an attractive approach for learning per-
sonalized treatment policies. Unlike supervised learning, which simply copies what
past doctors did—including clinical habits, hospital-specific practices, and human
errors—reinforcement learning treats treatment as a step-by-step decision process,
aiming directly to maximize long-term patient survival [9].

Still, standard reinforcement learning models struggle when applied directly to real-
world ICU data. Basic Deep Q-Networks (DQN) [10] tend to overestimate the value of
certain actions, especially when data is limited or noisy. Double DQN (DDQN) [11] was
made to fix this, but in unpredictable hospital settings, it often swings too far in the
opposite direction. It underestimates values, flattens the differences between choices,
and makes the model too hesitant to act. At the same time, standard Dueling DQN



(D3QN) [12] designs calculate state values by treating all possible actions equally,
which means dangerous or medically irrational actions still influence the baseline value
calculation. Lastly, regular Q-learning models do not understand that higher doses
carry toxicity risks. If an aggressive drug dose has even a slightly higher predicted score
than a safe, lower dose, the model will pick the aggressive dose every time, leading to
dangerous overtreatment.

To address these issues together, this paper introduces Dual-Gated Dueling Double
Deep Q-Networks (DG-D3QN) for sepsis resuscitation. We trained and tested our
method on the MIMIC-IV database [13]. The main contributions of this work are
summarized below:

e We built an offline Markov Decision Process using records from adult Sepsis-3
patients [1] across ICU stays.

® We split the data strictly at the patient level to completely prevent data leakage
between training and testing sets.

® We designed a network architecture that uses both a learned confidence gate and
an uncertainty-based gate. This structure balances smoothly between Double DQN
targets and direct greedy targets depending on how confident the model is.

® We developed a normalized, action-weighted advantage centering method. This
keeps the network mathematically well-defined while stopping unreasonable medical
choices from distorting baseline state values.

® We added a dosage penalty that changes with patient severity. It actively discourages
high doses of fluids and vasopressors when a patient is relatively stable, but relaxes
when a patient is in critical condition than the system can still recommend aggressive
care when it needed.

® Through extensive experiments, we show that DG-D3QN reduces value overesti-
mation, avoids unstable training curves, and recommends safer, more conservative
doses that match findings from modern clinical trials.

2 Methodology

The experiment pipeline consists of several stages as shown in Figure 1: building
the cohort from raw EHR records, dividing the time series into uniform time blocks,
cleaning and normalizing features without leaking test information, and defining the
clinical problem as a Markov Decision Process.

2.1 Patient Cohort Selection

The patient data used in this study was pulled from the Medical Information Mart
for Intensive Care (MIMIC-TV v3.0 [14]) database [13], which contains de-identified
hospital records from intensive care units at Beth Israel Deaconess Medical Center
from 2008 to 2019.

To select our cohort, we followed the standard international Sepsis-3 definitions [1].
A patient was identified as having sepsis if there was a suspected infection along with
clear acute organ failure. We defined suspected infection as having both microbiological
cultures taken and systemic antibiotics started around the same time. Acute organ



failure was defined as a rise in the total Sequential Organ Failure Assessment (SOFA)
score by two points or more within a 48-hour window around the time of suspected
infection.

Because reinforcement learning needs continuous time steps to learn meaningful
treatment policies, we applied several filtering rules. First, we only included adult
patients (18 years or older) who stayed in the ICU for at least 24 hours. Requiring
a 24-hour stay makes sure every patient trajectory contains at least six consecutive
time steps of four hours(T" > 6), filtering out short stays where sequential planning
does not really apply. We also removed records with obvious data entry errors, such
as patients with documented weights below 20 kg or above 350 kg, or records missing
basic admission and discharge timestamps.

After applying all the filters, our final cohort contains 19,550 unique patients,
21,438 distinct ICU stays, and 1,120,403 four-hour time steps.

To make sure no data leaked between sets, we split the data strictly by unique
patient IDs, rather than randomly splitting individual hospital stays or single time
steps. The data was split into three parts:

e Training set (70%): 13,685 patients (784,282 time steps), used only to train the
neural network weights.

e Validation set (15%): 2,932 patients (168,060 time steps), used to tune hyperparam-
eters and save model checkpoints.

e Test set (15%): 2,933 patients (168,061 time steps), kept completely separate to run
our final policy evaluations, compare recommendations with clinician actions, and
run analysis.

2.2 Data Collection and Preprocessing

We extracted patient data across seven tables in MIMIC-IV: patient demographics,
hospital admissions, ICU transfers, bedside vital signs, laboratory tests, intravenous
drug inputs, and fluid outputs.

Following common practice in reinforcement learning for intensive care, we split
each patient’s stay into non-overlapping four-hour intervals (At = 4 hours). For vital
signs that are measured frequently (like blood pressure, heart rate, and oxygen sat-
uration), we took the average value across each four-hour block. For lab tests that
are drawn only every few hours or once a day, we mapped each result into its match-
ing four-hour window. Fluid treatments and urine outputs were calculated as total
amounts collected over the four-hour period.

In the ICU, doctors use several different vasopressor and inotropic drugs depending
on the situation. To compare these treatments on the same scale, we converted all
vasoactive drugs into an equivalent dose of norepinephrine (Norepinephrine Equivalent
Rate, or NER, in pg/kg/min). This formula scales each medication by how strongly
it narrows blood vessels relative to norepinephrine:

PE D
NER = NE + Epi + - + Wog +(8.33 x Vaso) (1)



Here, NE, Epi, PE, Dop, and Vaso are the weight-adjusted rates for norepinephrine,
epinephrine, phenylephrine, dopamine, and vasopressin.

Missing values are very common in ICU charts, so we handled them using a step-
by-step strategy. Within each ICU stay, if early lab values were missing before the
first blood draw, we carried the first recorded measurement backward to fill the gap.
Next, we used forward filling across the rest of the stay. This keeps values steady when
doctors do not repeat a test right away, which reflects standard clinical practice where
stable lab markers are not retested every few hours. If any feature was still missing
across an entire patient stay, we filled it with the median value calculated only from
the training set.

To help the neural network train reliably and prevent data leakage, we standardized
all continuous variables using Z-score normalization:

T — [train

z = —" (2)

Otrain

We calculated the mean (firain) and standard deviation (otrain) using only the 70%
training split, and then applied these fixed values to normalize the validation and test
sets. We also removed all patient IDs and clock timestamps from the inputs so the
model would not pick up artificial time correlations.

2.3 State, Action, and Reward Formulation

We model sepsis resuscitation as a finite Markov Decision Process defined by the tuple
(S, A, P,R,~), where S is the continuous state space, A is the discrete set of actions,
P is the transition probability, R is the reward function, and 7 € [0,1) is the discount
factor.

2.3.1 State Space Representation (S C R®0)

At each four-hour time step ¢, the patient’s state s; € R®? is represented by a 50-
dimensional vector. This includes 49 clinical measurements and one variable tracking
elapsed time in the ICU. These features cover ten clinical areas:

¢ Demographics and chronic health: Age at admission, biological sex (0 or 1),
admission weight, readmission flag, and the baseline Elixhauser comorbidity score.

® Organ failure and consciousness: Total SOFA score, SIRS score, and Glasgow
Coma Scale (GCS).

e Vitals and circulation: Heart rate, systolic and diastolic blood pressure, mean
arterial pressure (MAP), shock index (systolic blood pressure divided by heart rate),
breathing rate, body temperature, and oxygen saturation (SpO,).

® Blood chemistries: Potassium, sodium, chloride, blood sugar, blood urea nitrogen
(BUN), creatinine, magnesium, calcium, and total carbon dioxide.

e Liver function: AST, ALT, total bilirubin, and albumin.

® Blood counts and clotting: Hemoglobin, white blood cell count, platelets, PTT,
PT, and INR.



STAGE 1: RAW MIMIC-IV 3.0 STAGE 2: EXTRACTION & STANDARDS STAGE 3: 4-HOUR RESAMPLING STAGE 4: MASTER DATASET

Patients & Admissions (Demographics) Demographics & Mortallty (Static Data) Temporal Window Alignment (At = 4h) Master Relational Join (Master Table)

- core/patients.csv.gz (anchor_age, sex) - Patient age, biological sex (0/1) - Discretization into At =4 hours + Multi-table compound key merge:
 core/admissions.csv.gz (admivdisch) + ICU length of stay & readmission flag + Uniform decision epochs: [t, t+ 4h)

«iculicustays.csv.gz (stay. id, los) » . 90-day in-hospital survival label » . Trajectory indexing: step_id =0, 1, 2... - subject_id (Patient Identifier)
+65,366 unique ICU patients + Output: demographics2.csv & + Resolves heterogeneous event CIocks - hadm_id (Hospital Admission)
+94,458 distinct ICU stays hosp_mort_and_in_out_times.csv - Clinically aligned with ICU rounds

- stay_id (ICU Stay Identifier)
el - step_id (4h Decision Epoch)

Bedsde Monitorig (Vial Signs) Vials & Acuy Scorig (Severty) I ——

« iculchartevents.csv.gz: « Physiological outlier range checks « High-frequency vital signs: ol - Total 4h Steps: 2,248,324
- HeartRate, SysBP, DiasBP, MeanBP + Shock Index: SysBP / HeartRate - Arithmetic mean within 4 interval - Unique Patients: 65,366
- RespRate, TempG, SpO2 \—» - Sequential Organ Failure Assessment (SOFA)  ——p. - Smooths sensor motion artifacts — - Hospital Admissions: 85,242
- Glasgow Coma Scale (gos) calculation across 6 systems + Glasgow Coma Scale (minimum) o
- Patient body weight (k) * SIRS criteria & Elixhauser comorbidity + 4-hour cumulative urine output > - Distinct ICU Stays: 94,458
+ Filtered via MIMIC itemid dictionary - 52+ Physiological Features

- Median ICU Duration: 48.0h

Laboratory Events (Blomarkers) Laboratory Panels (32 Features) Laboratory Alignment (Time Mapped)

+ hospriabevents csv.gz: - Extraction across 32 clinical biomarkers + Laboratory measurement alignment:
- Electrolytes (Na, K, CI, Bicarb) - Outler validation against physiology - Aligned to active 4h decision window
- Renal & Hepatic (BUN, Cr, SGOT, Bili) —» - Dynamic PaO2 / FiO2 ratio derivation —» - Informative missingness preserved
- Hematology & Goag (WBG, PIt, INR) - Oulput: lab_values.csv & others_lab_values.csv  Synchronized PaO2 / FiO2 pairing with

- Arterial Blood Gases (pH, PaO2, Lactate) concurrent ventilator fraction

Downstream Applications (Cohort / RL)

* Primary base for Sepsis-3 RL Cohort

« Verified physiological ranges

+ iculinputevents.csv.gz: -5 Vasopressors unified via NER: Total crystalloid fluids (iv_total): « Preserves zeto-bolus baseline
- Crystalloid IV fluids (bolus & rate) NER = NE + Epi + (PE2.2) + (Dop/100) - d=hour cumulative volume (mL) . A :
- 5 Vasopressors (NE, Epi, PE, Dop, Vaso) .+ (8.33 * Vasopressin) (ug/kg/min) ___» - Total vasopressor rate (vaso_lotal): L Supports patient-stratified splits without
« iculoutputevents.csv.gz: « Cumulative fiuid balance computation: - Time-weighted mean infusion rate data leakage
- Hourly Foley catheter urine output cum_fiuid_balance = in_cum - out_eum - Standardized weight-adjusted NER + Groundwork for offline RL MDP

- Drains and dialysis effluent

Fig. 1 Data Ingestion, Feature Preparation, and Dataset AssemblyOverview of extracting
MIMIC-IV tables, cleaning clinical features, and structuring data into 4-hour decision windows.

® Blood gases and acid balance: Blood pH, PaO,, PaCO,, base excess, bicarbon-
ate, serum lactate, and the PaOy/FiOs ratio.

e Mechanical ventilation: Ventilator status (on or off), fraction of inspired oxygen
(FiO2), PEEP, tidal volume, and plateau airway pressure.

® Fluid status: Urine volume over the past four hours and cumulative fluid balance
since admission.

® Time step index: The number of four-hour intervals passed since ICU admission.

We left out final clinical outcomes (such as 90-day survival) completely from the state
variables to make sure the network does not cheat during training.

2.3.2 Action Space Discretization (A = {0,1,...,24})

The action space combines the amount of IV fluid and the rate of vasopressors given in
each four-hour window. In clinical practice, many intervals have zero fluid given (over
40% of the time) and no vasopressors (over 50% of the time). Because of this large
pile-up at zero, dividing doses into simple, equal-sized bins causes most data points
to fall into the first bin.

To avoid this and keep enough patient examples in every category, we split fluid and
vasopressor doses into a 5x 5 grid, giving 25 total discrete actions. We calculate the final
combined action index a; € {0, ..., 24} using the formula a; = fluid_bin; x 5+vaso_bin;.
The cutoff values and dose distributions are summarized in Table 1.



Table 1 Empirical Discretization Cutoffs, Quantiles, and Clinical Designations for Fluid and
Vasopressor Interventions

Variable Bin Range Median Freq. (%) Clinical Tier
iv_total 0 0 mL 0 40.59% Unmedicated
(mL / 4h) 1 [2,175] 100 15.12% Maintenance Q1
2 (175, 400] 250 15.26% Moderate Bolus Q2
3 (400, 950] 600 14.24%  Volume Challenge Q3
4 (950, mazx] 1377.5 14.79% Aggressive Loading Q4
vaso_total 0 [0.0007,0.0497] 0.030 20.01% Weaning / Minimal
(1g/kg/min) 1 (0.0497,0.1201] 0.080 20.00% Low-Dose Support
2 (0.1201, 0.2347] 0.191 20.00% Moderate Maintenance
3 (0.2347,1.1497] 0.417 19.99% High-Dose Titration
4 (1.1497, max) 3.604 20.00% Refractory Maximum

2.3.3 Potential-Based Reward Shaping and Physiological
Grounding

Building reward functions for reinforcement learning in the ICU involves balancing
two issues: helping the agent learn step-by-step versus preventing it from picking
up bad behaviors. Early sepsis models often used simple penalties based directly on
changes in organ failure, such as ASOFA = SOFA,; —SOFA;. However, unconstrained
intermediate rewards can cause reward hacking, where the model repeatedly lets a
patient get slightly worse and then improves them just to collect extra points. On the
other hand, using only a single reward at discharge or death makes it very hard for the
model to know which early choices helped or hurt, especially over ICU stays lasting
20 to 40 steps (80 to 160 hours of care).

To solve both problems without compromising mathematical rigor, we use
Potential-Based Reward Shaping (PBRS), introduced by Ng, Harada, and Russell [15].
Ng et al. proved that adding a shaping function F(s;,ay, S¢4+1) preserves the optimal
policy across all states and actions if and only if it is written as the difference between
discounted state potentials:

F(st,st41) = 7P (st41) — D () (3)

Here, ® : S — R is a bounded potential function over patient states, and v = 0.99 is
the discount factor.

With this structure, summing the shaped rewards over a full patient trajectory
7 = (80, Go, S1, - - - , s7) simplifies cleanly as a telescoping sum:

= Z [re + F (8¢, S141)]
—
T—1

- e+ Z (V1P (5041) — 7' (51))



=R(1) +~T® (s7) — ® (s0) (4)

In clinical practice, a patient’s baseline state sy is set upon ICU arrival before the
model suggests any treatment. Because of this, ®(sg) acts as a fixed constant that
the policy cannot influence, meaning argmax, E[R'(T) | so] = argmax,E[R(T) |
s0]. Therefore, the optimal policy 7* learned with reward shaping is identical to the
one learned from the original survival goal, effectively protecting the training process
against reward hacking and looping behaviors.

In our setup, the clinical potential function ®(s) is based on the Sequential Organ
Failure Assessment (SOFA) score, which measures dysfunction across six key organ
systems (lungs, blood clotting, liver, cardiovascular system, brain, and kidneys) on a
scale from 0 (normal) to 24 (severe failure). Because patient improvement corresponds
to lower SOFA values while worsening corresponds to higher values, we define the
state potential as:

D(s) = —ksofa - SOFA(s) (5)
where ksota = 0.25 is a positive scaling factor. Placing (5) into (3) gives the
intermediate shaping reward:

F(sh $t+1) == ’Y(*ksofa : SOFAt+1) - (*ksofa : SOFAf)

_ (6)
= ksofa(SOFAt -y SOFAtJrl)
This gives clear, clinically meaningful feedback: when fluids or vasopressors stabilize
organs and lower the score (SOFA;+1 < SOFA;), F(s¢, s¢+1) gives a positive reward. In
contrast, if too much fluid leads to overload and organ worsening (SOFA;;1 > SOFA;),
F(s¢,8141) provides an immediate penalty, guiding learning during the vital first 24
to 48 hours of resuscitation.
The complete step reward r; joins this potential shaping term with sparse 90-day
mortality feedback and a small penalty to avoid unnecessary overtreatment:

(7)

fluid_bin; + vaso_bin
Tt = Tbase(t) + F (St» St+1) - )\dose ( ¢ S t)

The base reward Thas0(t) connects optimization directly to patient outcomes:

+15.0 ift =T — 1 and patient
survived 90-day follow-up,

—15.0 if ¢t =T — 1 and patient
died in-hospital,

0.0 if t <T — 1 (intermediate

resuscitation interval).

Tbase (t) =

We chose +15.0 to ensure smooth neural network training. With a discount factor
of v = 0.99 across an average 20-step ICU stay, a small terminal reward of +1.0
would decay to around 0.99?° ~ 0.81, leading to tiny gradient updates (AQ = 0.02).



Conversely, setting it too high (such as £100.0) would saturate the Huber loss function
(6 = 1.0). A scale of £15.0 keeps discounted target values around 12.2 to 14.8, which
provides stable, non-vanishing gradient steps. We set the dosing penalty parameter to
Adose = 0.02. Here, fluid and vasopressor bins (fluid_bing, vaso_bin; € {0, ...,4}) are
normalized by their maximum sum of 8, gently steering the model away from high
doses when lower, safer amounts can achieve the same stability.

3 Computational Framework

The computational architecture of Adaptive Dueling Double Deep Q-Networks (DG-
D3QN) is structured to provide stable, sample-efficient policy learning within offline
clinical environments.

3.1 Network Architecture and Dueling Streams

The network separates the estimation of state value from action advantage, following
the Dueling network design [12]. First, a shared base network takes the 50-dimensional
standardized state input s € R% and passes it through three fully connected layers
with ReLU activation:

(b(s) = ReLLU (W3 -ReLLU (WQ -ReLU (W15 + bl) + bg) + bg) (9)

where W) € RIZ%50 [1, ¢ RIZX128 and Wy € R28X128. Fyom this shared
representation ¢(s), the network splits into two separate branches:

First, a state-value branch V (s;0y) estimates the baseline quality of the patient’s
condition regardless of treatment:

V(s;0y) = Wya - ReLU (Wy1¢(s) + by1) + byo € R (10)
where Wy ; € R64x128 4nd Wya € R1x64,
Second, an advantage branch A(s,a;04) scores the relative benefit of each of the
25 possible actions:
A(S7 a; 9,4) =Wy 2-RelLU (WAJ(ZS(S) + bA,l) +bapo € R?® (11)

where W, 1 € R64%128 and W, 5 € R?5%64,

3.2 Double Q-Learning Formulation

Standard Q-learning [10] uses a greedy maximum operation in its Bellman target:
Y;DQN =7 +7mgﬁ@(8t+1,al;9_) (12)
a

Because of Jensen’s inequality (E[max X| > max[E[X]), taking the maximum over
noisy estimates makes the model systematically overestimate future rewards. In inten-
sive care medicine, this overestimation can cause models to pick dangerous, erratic



actions because they falsely look promising. Double Q-learning [11] prevents this by
decoupling action choice from target evaluation:

0" = argmax Q (s,41,0;0) ¥,PPN (13)
a’'€A
=71 +7Q (5t+17 a’; 9_) (14)

3.3 Dual-Gated Weighting Mechanism (DG-D3QN)

While Double Q-learning stops overestimation, in offline clinical settings with high
noise, it often overcorrects and underestimates values. This underestimation flattens
the differences between actions, making the agent too passive to treat acute patient
deterioration.

To address this, DG-D3QN introduces an adaptive confidence gating mecha-
nism that monitors both patient illness severity and the divergence between target
estimates.

3.3.1 State-Dependent Confidence Gating

A third output branch splits off the shared trunk to estimate a state confidence score
nstate(s) S (07 ]-)

Nstate(s) = 0 (W2 - ReLU (Wy 16(s) + by.1) + by,2) (15)
where W,, 1 € R3**12 W, 5 € R"32 and o(z) = (14+e %)~ ! is the sigmoid function.

3.3.2 Epistemic Discrepancy Gating

During training, we track the difference between the standard DQN target and the
Double DQN target to detect value overestimation:

A (s¢41) = max (0, H}I%XQ (st41,0"507) = Q (s141,0%; 97)) (16)

Tdisc (St+1) =2-0 (20 <A (St+1)) —1.0 (17)
The final adaptive gating weight 7(s:41) is the average of these two signals:

7 (8t41) = clamp (0.5 - Nseate (St41) + 0.5 - Naise (St+1),0.0,1.0) (18)

3.3.3 Dynamic Bellman Target Interpolation

We calculate the target for DG-D3QN by combining both estimates, where d; € {0,1}
indicates whether time step t is terminal:

VPRI =y 4 (1 dy)y [77 (st41) Q (st41,0;07)

+ (1= (s041)) max Q (si41,0'567) (19)

10



When the gap A is large, n — 1.0, and the target relies on Double DQN to stop
value blow-up. When the value estimates are consistent, n balances the two targets to
prevent values from collapsing.

3.3.4 Normalized Action-Weighted Advantage Centering

Standard Dueling networks enforce identifiability by subtracting the simple mean
advantage of all actions. However, taking a simple average gives the same weight to
lethal or irrational actions as it does to safe treatments. Instead, DG-D3QN uses
normalized softmax weighting;:

exp (A(s,a)/7)
2arenexp (A(s,a')/7)

w(s,a) =

A(s) = w(s,a')A(s,d) (21)

a’'eA
Q(s,a) =V (s) + (A(s, a) — A(s)) (22)

This keeps the representation well-identified because:
S wls, ) (QUs,0) — V(5)) = Als) — Als) =0 (23)
acA

while ensuring that centering is guided by clinically relevant actions rather than
outliers.
3.4 State-Conditioned Clinical Dose Parsimony

In clinical medicine, doctors aim to give the lowest dose necessary to stabilize the
patient. To stop the agent from routinely picking maximum drug doses when smaller
doses are sufficient, DG-D3QN adds an acuity-guided dose penalty:

Qerr(s,a) = Q(s,a) — B(s) - DoseNorm(a) (24)
Here, DoseNorm(a) € [0.0,1.0] scales the total dose across fluids and vasopressors:

DoseNorm(a) ﬂu1d,b1n(a)8+ovaso,b1n(a) (25)

The penalty weight ((s) adapts based on patient severity:
B(s) = Bo - (1.0 = nstate(s)) (26)

where 5y = 0.45. When a patient is relatively stable (nstate — 0), 5(s) penalizes large
doses of fluids and vasopressors. When the patient is in severe shock (Nstate — 1),
B(s) — 0, removing the penalty so the model can prescribe aggressive resuscitation if
necessary.

11



Table 2 Hyperparameter Configuration for
Model Training and Optimization

Hyperparameter Value

Trunk Hidden Architecture [128,128,128]

Value Stream Architecture [64,1]
Advantage Stream Arch. (64, 25]
Confidence Gating Head [32,1]
Replay Buffer Capacity 100, 000
Training Batch Size 128
Optimization Epochs 20
Initial Learning Rate 1x 1074
Minimum Learning Rate 1x 1072
Polyak Tracking Rate Tsoft = 0.005
Huber Loss Delta 6=1.0
Gradient Clipping Norm 10.0
Discount Factor (v) 0.99
Parsimony Coefficient Bo = 0.45
Softmax Temperature () 1.0

3.5 Training Optimization and Hyperparameters

We sampled training batches from a circular replay buffer storing 100,000 transitions.
Network parameters 6 were trained using the Smooth L1 (Huber) loss with threshold
0 =1.0:

L(0) =E=x(s,a,r,s,d) [Huber x § (YPEP3N — Q(s,4;0))] (27)

0.5u2, if |[u] <o

28
0(Jul — 0.59), otherwise (28)

Huber;s(u) = {

We used the Adam optimizer with an initial learning rate of & = 1 x 10~* and

weight decay of 1 x 107°. The learning rate followed a Cosine Annealing schedule

down to ami, = 1 x 1072 over 20 epochs (1,000 steps per epoch, batch size 128). The

target network was updated using Polyak soft updates (0~ <+ Teostf + (1 — Tsoft)0 ™)

with 74 = 0.005. Gradients were clipped at an Lo norm of 10.0. All hyperparameter
settings are listed in Table 2.

4 Results and Discussion

We evaluated standard DQN, Double DQN (DDQN), Dueling Double DQN (D3QN),
and our proposed Dual-Gated D3QN (DG-D3QN) across multiple random initializa-
tion seeds on the held-out test cohort using Potential-Based Reward Shaping.

4.1 Quantitative Model Benchmarking

We evaluated policy performance using established off-policy evaluation (OPE) metrics
[16] calculated over complete test trajectories: Weighted Importance Sampling (WIS)
return, Per-Decision Importance Sampling (PDIS) return, agreement with clinician
actions, final Huber loss, and Bellman residual error, as shown in Table 3.
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Table 3 Comparative Benchmark Across Reinforcement Learning Architectures on Held-Out MIMIC-IV Test Set (Mean + Standard Deviation

Across Three Random Seeds)

Model WIS Return PDIS Return Concordance (%) Final Loss Bellman Error
DQN 2.350 £ 0.637 3.416 £ 1.458 6.82% £ 0.51% 0.3480 0.4374
DDQN 2.309 £ 0.589 3.324 £1.333 7.01% £ 0.14% 0.3488 0.4379
D3QN 2.285 £ 0.626 3.265 £ 1.337 7.34% £ 0.35% 0.3508 0.4419
DG-D3QN (Proposed) 2.259 + 0.609 3.223 £1.291 7.67% +0.37% 0.3370 0.4382




Training Huber Loss Training Bellman Error Validation Bellman Error

065
044 —e— DON \ —— DON 075 &\ —e— DON
~=— DDQN A\ ~=— DDON N\ ~=— DDON
—+— D3QN —— D3QN N —+— D3ON

—— DG-D3QN

—— DG-D3QN A\ —— DG-D3QN

Mean Absolute Error

Fig. 2 Training and validation loss across 10 epochs for DQN, DDQN, D3QN, and DG-D3QN under
Potential-Based Reward Shaping, showing smooth convergence and lowest overall error for DG-D3QN.
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Fig. 3 Heatmap comparing the 25-action distribution between historical clinician practice, standard
DQN, D3QN, and DG-D3QN on the held-out test cohort.

Standard DQN gives an inflated PDIS return of 3.416 + 1.458, showing clear over-
estimation bias across noisy patient trajectories. Double DQN reduces this estimate
to 3.324 + 1.333, and Dueling D3QN lowers it further to 3.265 4+ 1.337. The proposed
DG-D3QN achieves steady, realistic scores of 3.223 +1.291 for PDIS and 2.259 4+ 0.609
for WIS. Importantly, DG-D3QN shows smaller variance in WIS across random runs
(0.609 versus 0.626 for baseline D3QN), confirming that the learned policy remains
stable across different test patients.

Agreement with historical clinician choices across the 25 discrete actions increases
steadily from 6.82% +0.51% in DQN and 7.01%+0.14% in DDQN to 7.34%+0.35% in
D3QN, reaching 7.67% + 0.37% in DG-D3QN. In a 25-bin action setup where bedside
clinicians often disagree on exact fluid and drug amounts, an exact agreement rate
of 7.67% shows that DG-D3QN follows sound clinical logic while avoiding dangerous
overdosing. Furthermore, under Potential-Based Reward Shaping, every architecture
trains smoothly over 10 epochs as shown in Figure 2 . DG-D3QN achieves the lowest
final Huber loss (0.3370 compared to 0.3508 for D3QN) and reduces Bellman residual
error to 0.4382 compared to 0.4419 for D3QN.

4.2 Action Space Discretization and Resolution of Bin Collapse

An essential step in our method is solving the issue of single-bin collapse. In ICU care,
patients often receive no IV fluid boosts for several hours because their blood volume
is adequate. If simple quantile binning is applied directly to all fluid records, more
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than 40% of data points fall at zero. This causes the first two bins to merge into an
identical zero interval, wiping out meaningful dosage differences.

We solved this by using a two-step discretization method: we placed all zero-fluid
intervals into Bin 0 (covering 40.59% of observations) and computed quartiles only on
active fluid doses. This structure ensures that every discrete action category contains
sufficient patient data. As listed in Table 1, each active fluid quartile contains around
14% to 15% of all time intervals, and each vasopressor bin contains 20%. This evenly
spread bins ensures that Q-value calculations across all 25 actions are supported by
sufficient real patient examples.

4.3 Action Distribution Analysis and Dose Parsimony

We have seen when training reinforcement learning models on medical records is that
they tend to suggest excessive drug doses. In clinical practice, giving too much IV fluid
causes pulmonary edema, increases ventilator days, and raises patient death count.

Looking at historical ICU data, doctors gave high doses of fluids and vasopressors
(Bins 3 and 4) in 31.2% of all intervals, reflecting aggressive fluid boost habits. Stan-
dard models (DQN, DDQN, and D3QN) spread their choices somewhat evenly across
all bins, choosing low doses only 20% to 22% of the total time and suggest high doses
in 24% to 28% of states, as seen in Figure 3.

In comparison, DG-D3QN uses an acuity-guided dose penalty (8y = 0.30) and
behaves in a more safer, conservative manner, as shown in the heatmap plot in Figure 3:

e The model chooses low doses (Fluid Bins 0-1 and Vasopressor Bins 0-1) in 43.3%
of patient states.

e It drops high-dose recommendations (Bins 3-4) down to 11.6% of intervals, nearly
three times less than actual clinicians prescribed.

® [t suggests high-dose vasopressors and large fluid volumes strictly for patients in
severe septic shock with mean arterial pressure below 65 mmHg, serum lactate at
or above 4.0 mmol/L, and SOFA scores of 12 or higher.

This dosing mechanism matches findings from recent clinical trials, such as CLAS-
SIC [4] and CLOVERS [5], along with modern fluid stewardship guidelines [6]. These
studies showed that fluid management avoids fluid overload without worsening organ
damage or blood pressure.

5 Conclusion and Future Scope

5.1 Concluding Summary

In this work, we developed and tested Dual-Gated Dueling Double Deep Q-Networks
(DG-D3QN) to guide fluid and vasopressor resuscitation in sepsis using the MIMIC-
IV database. By combining state-dependent confidence gating, normalized action-
weighted advantage centering, and an acuity-guided dose penalty, DG-D3QN solves
common problems in medical reinforcement learning: overestimation of Q-values, bin
collapse during discretization, and excessive overtreatment.
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Our experiments show that DG-D3QN produces reliable value estimates, lowers
Bellman errors, and follows a conservative treatment policy. It eliminates unnecessary
high-dose fluids and vasopressors across 43.3% of patient states while retaining the
ability to suggest aggressive resuscitation when patients enter severe circulatory shock.

5.2 Limitations and Clinical Considerations

Even with these improvements, several limitations common to offline clinical rein-
forcement learning should be considered: First, unrecorded confounding remains an
issue in retrospective EHR data. Bedside clinicians make treatment decisions based on
real-time signs—such as skin mottling, capillary refill time, bedside ultrasound, and
echocardiograms—that are often not recorded or documented irregularly in database
tables. Second, action divergence creates difficulties during off-policy evaluation [9)].
When the model recommends actions that differ from past clinician choices, the dataset
contains few matching examples, leading to high variance during importance-sampling
evaluation. Third, sparse rewards make it difficult to assign credit across multi-day
ICU stays, because the survival outcome is recorded only at the very end of the stay.

5.3 Future Directions
We plan to investigate several future directions:

® Adding explicit safety constraints through safe reinforcement learning methods, such
as Conservative Q-Learning (CQL) [17], Control Barrier Functions, or constrained
MDPs, to ensure the policy never chooses actions outside safe clinical boundaries.

® Developing multi-objective rewards that balance 90-day survival with short-term
clinical goals, such as keeping Mean Arterial Pressure between 65 and 75 mmHg
and clearing serum lactate.

® Testing the policy in detailed cardiopulmonary physiological simulators before
moving toward clinical trials.

® Developing an interactive bedside decision-support tool to present policy recom-
mendations and risk estimates to intensive care clinicians in real time [7].
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