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Abstract

Multimodal clinical records contain structured
measurements and clinical notes recorded over
time, offering rich temporal information about
the evolution of patient health. Yet these ob-
servations are sparse, and whether they are
recorded depends on the patient’s latent condi-
tion. Observation patterns also differ across
modalities, as structured measurements and
clinical notes arise under distinct recording pro-
cesses. While prior work has developed meth-
ods that accommodate missingness in clinical
time series, how to extract and use the infor-
mation carried by the observation process itself
remains underexplored. We therefore propose
a patient representation learning framework for
multimodal clinical time series that explicitly
leverages informative missingness. The frame-
work combines (1) a multimodal encoder that
captures signals from structured and textual
data together with their observation patterns,
(2) a Bayesian filtering module that updates
a latent patient state over time from observed
multimodal signals, and (3) downstream mod-
ules for offline treatment policy learning and
patient outcome prediction based on the learned
patient state. We evaluate the framework on
ICU sepsis cohorts from MIMIC-III, MIMIC-
IV, and eICU. It improves both offline treatment
policy learning and adverse outcome prediction,
achieving FQE 0.679 versus 0.528 for clinician
behavior and AUROC 0.886 for post-72-hour
mortality prediction on MIMIC-III.

1 Introduction

Electronic health records are multimodal, consist-
ing of structured data, such as vital signs and labo-
ratory measurements, as well as clinical texts, such
as notes and reports. These data are recorded lon-
gitudinally and encode rich temporal information
about how patient health evolves over time. This
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Figure 1: Text and structured observations exhibit
temporal MNAR patterns in ICU care. (A) Two repre-
sentative MIMIC-III ICU stays illustrate how acuity and
observation processes co-evolve. The top row shows
SOFA severity (higher = sicker); the lower rows show
counts of vital-sign observations, laboratory observa-
tions, and text updates within each 4-hour bin. Com-
pared with a lower-acuity stay (A1), a higher-acuity stay
(A2) shows rising SOFA, denser laboratory measure-
ments, and burstier documentation. (B) Across ICU
stays, greater structured monitoring intensity is asso-
ciated with higher in-hospital mortality. (C) Clinical
text follows the same endogenous pattern: higher-acuity
decision steps are more likely to already have text avail-
able and to receive new text within the next 4 hours.

makes it possible to learn dynamic patient represen-
tations that support both outcome prediction and
sequential clinical decision-making. However, two
key features exist in clinical observations that com-
plicate how such representations should be learned.

First, they are often sparse and irregular, and
their observation process depends on both clinician
decisions and the patient’s underlying health state.
Figure 1(A) illustrates this pattern using two repre-
sentative ICU trajectories from MIMIC-III (John-
son et al., 2016): compared with a lower-acuity tra-
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jectory, a higher-acuity trajectory exhibits denser
laboratory monitoring and more frequent text up-
dates. The same pattern also appears at the cohort
level. Using MIMIC-IV (Johnson et al., 2023), Fig-
ure 1(B) shows that greater structured monitoring
intensity is associated with higher in-hospital mor-
tality. Figure 1(C) shows a parallel relationship for
text: higher-acuity patients are more likely to have
text available at a given decision step and to receive
new text in the following step.

Second, observation patterns differ systemati-
cally across modalities because different types of
clinical data are generated through different mech-
anisms. Vital signs are often collected more rou-
tinely, laboratory tests need to be ordered, and text
updates depend even more directly on clinician
documentation behavior. This contrast is visible
in Figure 1(A): even within the same patient tra-
jectory, the temporal availability of structured mea-
surements and text updates evolves differently.

Taken together, these patterns suggest that obser-
vation processes are informative about patient state
but should be used carefully, as their meanings dif-
fer across modalities. For structured clinical time
series, prior work has proposed methods that in-
corporate informative missingness through masks
and time gaps (Che et al., 2018). In the multimodal
setting, Liang et al. (2025) also explicitly models
informative missingness, but without temporal dy-
namics. However, it remains open how to leverage
informative missingness over time across modali-
ties to learn patient representations.

We propose OPL-MT-MNAR (Off-Policy Learn-
ing under Multimodal Observations with Temporal
Missing-Not-At-Random Patterns), a framework
that explicitly leverages informative missingness
in multimodal clinical records. Our approach has
two stages. In the first stage, we learn a dynamic
latent representation from the multimodal observa-
tions available up to the current time. In the second
stage, we use the learned patient representation for
outcome prediction and offline policy learning.

The first stage is motivated by Bayesian filtering
and consists of two components. The first is a mul-
timodal encoder that learns a unified representation
from the data observed so far. For structured data,
we construct the embedding using an extension of
Gated Recurrent Units-Decay (GRU-D) (Che et al.,
2018) together with additional missingness-aware
features (time since last observation, cumulative
observation counts, missing rates, and windowed
observation frequency). For clinical text, we in-

troduce a temporal documentation factor that is
updated at each time step and summarizes the ob-
servation pattern of the text observed so far. This
factor is then used both to refine the text embedding
and to guide the fusion of text and structured-data
embeddings into a unified representation.

The second component models patient dynamics
through a latent belief state learned via variational
inference. This belief state captures underlying
health dynamics together with the cumulative ef-
fects of past treatment actions. It is then combined
with the unified representation from the multimodal
encoder to form a posterior patient state for down-
stream tasks. We show theoretically that without
such a belief state, the multimodal encoder alone
may fail to preserve sufficient information about
treatment history for sequential decision-making.

In the second stage, we use the posterior patient
state for multiple downstream tasks. One task is of-
fline treatment policy optimization using expectile
regression (Kostrikov et al., 2022), which accom-
modates delayed rewards. The other is outcome
prediction. Jointly learning these tasks allows the
shared patient representation to benefit from posi-
tive transfer across tasks.

We evaluate our framework on MIMIC-III,
MIMIC-IV, and eICU (Pollard et al., 2018), which
together cover complementary text-observation
regimes and cross-institutional generalization. Our
empirical focus is ICU sepsis care with 4-hour de-
cision steps over the first 72 ICU hours. Across
these settings, the learned state supports both clini-
cally meaningful prediction and offline treatment
optimization, with the largest gains appearing in
high-acuity settings where observation processes
are most informative. Concretely, the OPL-MT-
MNAR policy achieves FQE 0.679 on MIMIC-III,
0.634 on MIMIC-IV, and 0.604 on eICU, com-
pared with clinician behavior at 0.528, 0.521, and
0.534, respectively. Using the same learned rep-
resentation, we also achieve AUROC 0.886 for
post-72-hour mortality prediction on MIMIC-III,
with the clearest policy improvements appearing in
the highest-acuity subgroup.

2 Problem Formulation

We consider a finite-horizon partially observ-
able Markov decision process (POMDP) M =
(S,A,O, P,Ω, R, γ,H) (Kaelbling et al., 1998;
Hauskrecht and Fraser, 2000), where S is the latent
state space, A is the discrete action space, O is
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the observation space, P : S × A → ∆(S) is the
transition kernel, Ω : S → ∆(O) is the observa-
tion function, R is the reward function, γ ∈ [0, 1)
is the discount factor, and H is the horizon. The
true patient state sh ∈ S at decision step h is not
directly observed.

At decision step h, the agent partially observes
the following information

oh = (ysh,m
s
h,y

t
h,m

t
h) ∈ O.

For structured data, ysh ∈ R|Th|×D denotes the
measurement values recorded at observation times
Th within decision step h, andms

h ∈ {0, 1}|Th|×D
indicates whether each entry is observed. For text
data, yth = {yt,jh }j∈Mt denotes the collection of
raw text observations across modalities, andmt

h =

[mt,j
h ]j∈Mt is the corresponding binary indicator

vector, where mt,j
h records whether text modality j

is observed at step h. These raw text observations
are encoded into a step-level text embedding eth ∈
Rde before entering the multimodal fusion module.

In addition, static patient features x (e.g., age and
gender) are available throughout the trajectory. We
let Ih = {x, o1, · · · , oh} be the information set ac-
cumulated up to step h, comprising static features
together with structured and textual information
collected dynamically.

Episodes may terminate at step h∗ ≤ H if the
patient dies, is discharged, or reaches the end of
the observation window. The logged episode ends
at h∗, so no observations, actions, or rewards are
defined for h > h∗. Rewards are sparse within the
realized episode: rh∗ = +1 for survival and−1 for
in-hospital mortality, while rh = 0 for h < h∗.

To quantify observation patterns, we addition-
ally define modality-specific summary statistics.
For structured data, let δsh ∈ R|Th|×D

+ denote the
time since last observation for each variable at each
timestamp within decision step h. For text data,
let nt

h = [nt,j
h ] ∈ Z|Mt|

+ denote the number of text
observations in modality j at step h; for example,
a single step may contain multiple nursing notes.
We further define the documentation density

κth =
1

K

h∑

u=h−K+1

∑

j∈Mt

nt,j
u ,

which summarizes recent documentation activity
over a rolling window of length K. Together,
these summaries capture behavior-driven observa-
tion timing, documentation burstiness, and missing-
not-at-random (MNAR) patterns that may correlate

with patient severity. Appendix A summarizes the
notation used throughout the paper.

Learning Objectives. Given the static dataset
D = {(o(i)h , a

(i)
h , r

(i)
h )}i,h collected under behavior

policy πβ (clinician decisions), we aim to achieve
three interconnected objectives:

Q1 (State Learning). Learn an encoder gθ such
that the state sh = gθ(Ih) captures sufficient infor-
mation from multimodal observations with MNAR
patterns and behavior-driven text observations. We
verify state quality through reconstruction: a de-
coder fϕ should recover the step-level observations
(ysh,m

s
h), ensuring that MNAR information is pre-

served in the learned representation.
Q2 (Policy Optimization). Under the offline con-

straint, learn a policy π(ah | sh) that maximizes
expected return while avoiding catastrophic errors
from out-of-distribution actions.

Q3 (Outcome Prediction). Predict clinical out-
comes (e.g., post-72-hour mortality) from the ter-
minal state representation. This grounds learned
states in clinically meaningful signals.

3 Method

We propose a two-stage framework as shown in
Figure 2. Stage 1 (Section 3.1) learns patient
health state representations from multimodal ob-
servations with structured-measurement MNAR
and text MNAR; Stage 2 (Section 3.2) uses these
states to optimize treatment policies via Implicit
Q-Learning and to predict outcomes.

3.1 Patient State Representation Learning

To learn patient state, we adopt a Bayesian filter-
ing perspective with the causal diagram shown
in Figure 3. At each decision step h, we first
encode the multimodal observations into a uni-
fied representation ϕh that explicitly captures both
structured-measurement MNAR and text MNAR
(Section 3.1.1). We then maintain a latent belief
state zh, learned via variational inference, whose
transition to zh+1 is conditioned on the treatment
action (Section 3.1.2). Finally, we construct the
posterior patient health state representation sh by
combining the current observation representation
ϕh with the latent belief state zh (Section 3.1.3).
The resulting sh is used for downstream tasks.

3.1.1 MNAR-Aware Observation Embedding
We construct a unified representation ϕh through
two steps: first encoding irregular structured ob-
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Stage 1: Patient State Representation Learning Stage 2: Downstream Tasks
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Figure 2: OPL-MT-MNAR: Stage 1 learns state sh with structured-measurement MNAR, documentation-process
MNAR, and action-conditioned latent dynamics; Stage 2 uses sh for outcome prediction and policy optimization.

servations with explicit MNAR modeling to obtain
ϕ̄s
h, then incorporating clinical text together with

its documentation process to produce ϕh.

Structured Observation Encoding. For struc-
tured observations, we use an encoder built on
GRU-D (Che et al., 2018). The key idea is that
if a variable has been missing for a long time, then
its last observed value becomes less reliable, and
the influence of stale information should gradually
decay over time. To capture this effect, we intro-
duce learned hidden-state and input decay factors
at timestamp u as functions of the time-since-last-
observation vector:
ξϕ,u = exp

(
−max(0,Wϕ,ξ ·mean(δu) + bϕ,ξ)

)
,

ξy,u = exp
(
−max(0,Wy,ξδu + by,ξ)

)
,

where ξϕ,u ∈ (0, 1] controls hidden-state decay,
ξy,u ∈ (0, 1]D controls input decay, ξdy,u denotes
the d-th entry of ξy,u, and all weights and biases
are trainable parameters.

Let ys,du denote the value of the d-th structured
variable at time u, and let ms,d

u ∈ {0, 1} indicate
whether that value is observed. When a measure-
ment is missing, we decay its last observed value
toward a default value given by the empirical mean

ŷs,du =ms,d
u · ys,du + (1−ms,d

u )·
(
ξdy,u · ys,du′ + (1− ξdy,u) · µd

)
,

where ys,du′ is the most recent observed value of the
d-th variable before time u, and µd is the empirical
mean of that variable.

Let ϕs
u−1 denote the hidden state from the previ-

ous timestamp. We first apply hidden-state decay,
ϕ̂s
u−1 = ξϕ,u ⊙ ϕs

u−1, and then update the hidden
state using GRU-D-style gates. In addition to the
decayed inputs, we incorporate explicit MNAR
features ψs

u that summarize monitoring patterns
predictive of patient severity, including cumulative
observation counts, missing rates, and windowed
observation frequencies. The gated updates are

ru =σ(Wr,yŷ
s
u +Wr,ϕϕ̂

s
u−1 +Wr,ψψ

s
u + br)

ηu =σ(Wη,yŷ
s
u +Wη,ϕϕ̂

s
u−1 +Wη,ψψ

s
u + bη)

ϕ̃s
u =tanh(Wyŷ

s
u +Wϕ(ru ⊙ ϕ̂s

u−1) +Wψψ
s
u + b)

ϕs
u =(1− ηu)⊙ ϕ̂s

u−1 + ηu ⊙ ϕ̃s
u ,

where σ denotes the sigmoid function and all W
matrices and b vectors are trainable parameters.
For decision step h, we take the hidden state at
the last timestamp within the step as the structured
embedding ϕ̄s

h. See Appendix D for more details.

Sparse Text Fusion. Clinical text is highly in-
formative but is observed irregularly, and its avail-
ability is itself shaped by clinician documentation
behavior. We therefore begin by introducing a
documentation-process factor to summarize this
behavior over time. At each decision step h, this
factor is updated from note presence, text recency,
and recent documentation density:

ηth = MLP
(
mt

h, δ
t
h, κ

t
h

)

F doc
h = GRU

(
F doc
h−1, η

t
h

)
,
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where ηth is a step-level summary of the text obser-
vation pattern, and F doc

h accumulates these signals
over time. Importantly, this documentation-process
factor is constructed only from the observation pro-
cess and does not directly use text content.

Next, we construct a representation of the avail-
able text at decision step h. To align textual in-
formation with the structured representation ϕ̄s

h,
we obtain the representation ϕt

h by applying multi-
head cross-attention from ϕ̄s

h to embedding eth:

ϕt
h = MultiHead

(
WQϕ̄

s
h, WKeth, WV e

t
h

)
.

Here, WQ, WK , and WV are trainable projection
matrices. When a text modality is unavailable, we
use a learned missing embedding rather than drop-
ping that modality entirely.

Finally, we adaptively fuse the structured repre-
sentation ϕ̄s

h and the text representation ϕt
h using

the documentation-process factor F doc
h . This al-

lows the model to weigh text based on its semantic
content and how it is documented. Specifically, we
use the following gating mechanism:

ϕ̂t
h = ϕt

h +WdF
doc
h ,

gh = σ
(
Wg[ϕ̄

s
h; ϕ̂

t
h;F

doc
h ] + bg

)
,

ϕh = LayerNorm
(
ϕ̄s
h + gh ⊙ (ϕ̂t

h − ϕ̄s
h)
)
.

Here, ϕ̂t
h augments the text representation with

documentation-process information. The gate gh
adaptively controls how much the unified represen-
tation ϕh should move from the structured embed-
ding toward the text-enhanced representation. In
this way, the model can distinguish between set-
tings such as no text, stale text, and a burst of newly
updated text, even when the underlying text content
is similar. See Appendix E for more details.

3.1.2 Latent Belief State via Variational
Inference

The unified representation ϕh summarizes the in-
formation available at the current decision step.
However, it may not fully capture the underlying
health dynamics or the cumulative effects of past
treatment actions. To address this limitation, we
use Bayesian filtering and introduce a latent belief
state zh with action-conditioned dynamics. See
Appendix K for illustrative healthcare examples.

By conditioning on action ah, the transition
from zh to zh+1 captures how intervention histo-
ries shape patient trajectories and treatment respon-
siveness. In contrast, if zh+1 depends only on the

zh

ϕh

oh

sh

ah

zh+1

ϕh+1

oh+1

sh+1

ah+1

· · ·· · ·

Figure 3: Causal diagram for patient state learning.

previous belief state zh and the current representa-
tion ϕh+1, but not on ah, then the resulting model
may fail to support policies that optimize long-term
rewards. The key reason is that, under the causal
structure in Figure 3, ϕh+1 is a deterministic func-
tion of the recorded observations, which implies
∂ϕh′/∂ah = 0 for all future steps h′ > h.

Definition 1 (Action-Independent Dynamics). In
the offline RL setting where ∂ϕh′/∂ah = 0 (as
established above), a latent dynamical system has
action-independent dynamics if the transition func-
tion satisfies zh+1 = f(zh, ϕh, ωh) with ωh ⊥⊥ ah,
where ωh is exogenous noise independent of the
learned policy’s action.

Theorem 1 (Necessity of Action-Condition-
ing). Let the policy objective be J(π) =
Eτ∼π[

∑H−1
h=0 ξhrh] where rh = R(sh, ah) and

sh = gθ(ϕh, zh) for a differentiable combination
function gθ. Under action-independent dynamics
(Definition 1), the policy gradient satisfies:

∂

∂π
E

[
H−1∑

h′=h+1

γh
′
rh′
∣∣∣ sh, ah

]
= 0 for all h.

That is, current actions have no gradient signal
from future rewards.

With terminal-only rewards, this implies the
policy gradient is zero for all non-terminal steps,
making it impossible to learn that early interven-
tions affect long-term outcomes. The proof is in
Appendix J. Importantly, this theorem does not
compete with MNAR-aware observation model-
ing: richer observation encoding improves what
the model sees at step h, while action-conditioned
latent dynamics preserve what the policy can still
learn from future rewards.
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VAE Formulation. We then parameterize zh us-
ing a variational autoencoder (VAE):

zh+1 ∼ pθ(zh+1 | zh, ϕh, ah)
= N

(
µθ(zh, ϕh, ah), σ

2
θ(zh, ϕh, ah)

) (1)

where µθ and σθ are parameterized by neural net-
works, and z0 ∼ N (0, I). The posterior qψ(zh+1 |
ϕh+1, x) incorporates the next-step observations
during training. A dynamics loss Ldyn enforces
consistency between predicted and inferred states.
Appendix F provides the full VAE architecture, dy-
namics loss, and KL regularization details.

3.1.3 Posterior Patient State Representation
The final patient health state sh combines unified
observation representation ϕh with the latent belief
zh via a learnable combination function:

sh = gθ(ϕh, zh),

for a parametrized function gθ. In our implementa-
tion, we use a residual additive form gθ(ϕh, zh) =
ϕh + proj(zh), where proj(·) is a linear projec-
tion. This choice preserves the representation ϕh
while augmenting it with belief zh that contains
action-related information. Because zh is latent
and stochastic under Eq. (1), the induced state sh
is also stochastic conditional on the observation
history Ih; throughout the paper, losses involving
sh are therefore understood as expectations over
the corresponding latent-state draws.

State Verification via Reconstruction. To verify
that the learned state captures sufficient informa-
tion (Q1), we use a reconstruction objective during
representation pre-training:

Lrecon = λobs∥ỹsh − ysh∥2 + λmask BCE(m̃
s
h,m

s
h)

+ λtext

(
∥ẽth − eth∥2 + ∥η̃th − ηth∥2

)
,

where ỹsh, m̃s
h, ẽth, and η̃th are reconstructed from

sh using MLP-based decoders. The reconstruction
terms for ỹsh and ẽth encourage the state to preserve
sufficient information about the structured obser-
vations and encoded text content. The term for
m̃s

h encourages the state to retain structured-data
MNAR patterns, while the term for η̃th ensures that
the text documentation process is also captured.

3.2 Policy Learning and Outcome Prediction
We next use the learned state representations from
Stage 1 for two downstream tasks: treatment policy
optimization and adverse outcome prediction.

3.2.1 Offline Policy Optimization
We adopt Implicit Q-Learning (IQL) (Kostrikov
et al., 2022) for policy optimization. We first learn
value functions from offline data without query-
ing out-of-distribution actions. Next, we extract a
policy via advantage-weighted behavioral cloning.

Value Function Learning. To mitigate overesti-
mation bias, we use double Q-learning (van Hasselt,
2010) and maintain two Q-networks:

LQj = E(sh,ah,rh,sh+1,dh)∼D
[(
Qj(sh, ah)− y

tgt
h

)2]

for j ∈ {1, 2}, where both critics are trained using
the same bootstrap target

y
tgt
h = rh + γ(1− dh)Vtgt(sh+1),

dh ∈ {0, 1} indicates whether the episode termi-
nates at step h, and Vtgt is a slowly updated target
copy of the value function V used to stabilize boot-
strapping (Appendix H). The expectation is taken
over one-step transitions in the offline dataset, so
the summation over decision steps is implicit in the
dataset average. Value function V is trained via
expectile regression (Kostrikov et al., 2022):

LV = E(sh,ah)∼D
[∣∣τ − I(Ah < 0)

∣∣ ·A2
h

]
,

where Ah = min(Q1(sh, ah), Q2(sh, ah)) −
V (sh) is the advantage and τ ∈ (0.5, 1) is the
expectile parameter. This asymmetric loss pushes
V toward higher Q-values while grounded in the
data distribution.

Policy Extraction. The policy is extracted via
advantage-weighted behavioral cloning:

Lπ = −E(sh,ah)∼D
[
min

(
exp(Ah/β), wmax

)

log π(ah | sh)
]
,

where β > 0 controls deviation from clinician
behavior and wmax prevents large weights. This
formulation stays close to the behavior policy while
improving on it. This is essential when a distribu-
tion shift leads to harmful recommendations.

Action Selection. We first draw the latent belief
zh from its predictive distribution, obtain the pa-
tient state sh = gθ(ϕh, zh), and then sample an
action from π(· | sh). Equivalently, the induced ac-
tion distribution conditional on the available history
is the marginal

π(ah | Ih) =
∫

π(ah | gθ(ϕh, zh)) p(zh | Ih) dzh,
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which makes the uncertainty in zh explicit while
keeping the notation in the policy and value losses
compact. See more details in Appendix H.

3.2.2 Outcome Prediction
Among patients who remain alive through the 72-
hour observation window (Hi = H and rH =
+1), we predict subsequent clinical outcomes
y
(1)
out, . . . , y

(K)
out . Our primary outcome is post-72-

hour in-hospital mortality. This auxiliary target
is clinically meaningful while remaining distinct
from the RL reward. As a result, early-terminated
episodes contribute to representation learning and
policy optimization, but not to this auxiliary predic-
tion task. We define the multitask outcome predic-
tion loss as

Lout =

K∑

k=1

λk ℓk

(
f
(k)
out (sH), y

(k)
out

)
,

where f (k)
out denotes the prediction head for outcome

k, ℓk is an appropriate loss function (e.g., binary
cross-entropy for classification), and λk controls
the relative weight of each outcome.
Remark 1 (Information transfer across tasks). Em-
pirically, we observe that jointly learning policy
optimization and outcome prediction improves per-
formance on both tasks. This is because the RL
reward evaluates the long-term quality of treatment
decisions, whereas the auxiliary prediction task pro-
vides a more direct, less noisy supervisory signal
for learning sh. As a result, the two tasks exhibit
positive transfer, yielding a patient representation
sh that is both clinically meaningful and useful for
treatment optimization.

3.3 End-to-End Training Procedure
We adopt a three-stage procedure: (1) pre-train the
encoder, dynamics model, and outcome predictor
with reconstruction and auxiliary losses; (2) freeze
the encoder and train RL components to prevent
representation drift; (3) jointly fine-tune all com-
ponents with reduced encoder learning rate. We
monitor policy entropy to detect and recover from
collapse. Appendix I reports the training schedule,
loss weights, and posterior-collapse diagnostics,
and Appendix R summarizes computational cost.

4 Experiments

4.1 Experimental Setup
Datasets. Following Komorowski et al. (2018),
we extract sepsis cohorts from three ICU databases

using a 72-hour observation window (H=18 steps
at 4-hour intervals). MIMIC-III is the main bench-
mark: it is single-center, contains 15,415 ICU stays
(13.2% mortality), and provides a high-frequency
documentation regime with nursing-note coverage
at 94.2% of decision steps and diagnostic-text cov-
erage of 41.3% / 28.6% for radiology / microbiol-
ogy. MIMIC-IV serves as a complementary low-
frequency diagnostic-text benchmark with 32,837
ICU stays (11.8% mortality) and radiology / micro-
biology coverage of 83.6% and 45.5% at the step
level. eICU serves as the cross-institutional, text-
free generalization benchmark with 24,562 ICU
stays (12.1% mortality). To prevent leakage, text is
aligned so that only reports with timestamp ≤ th
are available at decision step h. See full cohort
construction details in Appendix B, the MIMIC-
III regime breakdown in Appendix B.2, and the
timestamp-alignment analysis in Appendix C.

Evaluation. Our main metric is Fitted Q-
Evaluation (FQE) (Le et al., 2019), which learns a
Q-function without importance weighting, critical
when policies diverge from clinician behavior. Ad-
ditional metrics, including Weighted Importance
Sampling, are defined in Appendix L.

Baselines. We use a representative set of base-
lines for policy comparison: classical sepsis RL
(Raghu et al., 2017b), standard offline RL (BCQ,
CQL), and recent healthcare RL directions in-
cluding continuous-action control (Huang et al.,
2022), irregular-interval offline RL (Fatemi et al.,
2022), and model-based planning (Xu et al., 2025).
All methods are evaluated under their canonical
action/time-step settings. On MIMIC-III, we com-
pare structured-only modeling, low-frequency di-
agnostic text, nursing notes, and the full text config-
uration. See Appendix N for more baseline details.

4.2 Policy Learning Results

As shown in Table 1, the OPL-MT-MNAR policy
reaches FQE 0.679 on MIMIC-III, compared with
clinician behavior at 0.528. The gain also persists
on the complementary benchmarks, reaching 0.634
on MIMIC-IV versus 0.521 for clinician behavior
and 0.604 on eICU versus 0.534.

The OPL-MT-MNAR policy also improves over
recent policy-learning baselines. On MIMIC-III,
OPL-MT-MNAR improves over DDPG with Clin-
ician Supervision (0.529), SBCQ (0.501), and
MedDreamer (0.583); the same ranking holds on
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MIMIC-III MIMIC-IV eICU

Method Info Test FQE Test FQE Test FQE
B

as
el

in
es

Continuous State-Space DDQN (Raghu et al., 2017b) Model-free 0.476 0.483 0.469
AI Clinician (Komorowski et al., 2018) Model-free 0.487 0.491 0.478
BCQ (Fujimoto et al., 2019) Model-free 0.452 0.458 0.448
CQL (Kumar et al., 2020) Model-free 0.411 0.418 0.408
DDPG with Clinician Supervision (Huang et al., 2022) Model-free 0.529 0.538 0.524
SBCQ (Fatemi et al., 2022) Model-free 0.501 0.508 0.494
MedDreamer (Xu et al., 2025) Model-based 0.583 0.591 0.579
Clinician (Behavior) Behavior 0.528 0.521 0.534

OPL-MT-MNAR MNAR + Text 0.679 0.634 0.604

Te
xt

R
eg

im
e OPL-MT-MNAR (Structured Only) None 0.574 0.606 –

OPL-MT-MNAR (Low-Freq. Text) Rad. + Micro. 0.596 0.634 –
OPL-MT-MNAR (Nursing Notes) Nursing 0.624 – –
OPL-MT-MNAR All 0.679 0.634 –

Table 1: Main policy results (test FQE). The upper block compares policies across MIMIC-III, MIMIC-IV, and
eICU; OPL-MT-MNAR outperforms all baselines. The lower block shows the value of text for policy learning. The
‘–’ entries indicate unavailable text modalities.

Configuration What is Added MIMIC-III FQE ∆ vs Baseline

Baseline (MDP, no MNAR) Strong offline RL backbone 0.507 –
+ Semi-MDP Variable-interval handling 0.518 +2.2%
+ MNAR + DocProcess (OPL-MT-MNAR) Explicit MNAR + DocProcess 0.679 +33.9%
+ MNAR + DocProcess + Semi-MDP MNAR + DocProcess + Semi-MDP 0.689 +35.9%

Table 2: Controlled building-block study on MIMIC-III. Explicit MNAR + DocProcess modeling provides the
dominant improvement over a strong backbone; Semi-MDP handling is complementary. A broader missingness-
handling encoder benchmark is reported in Table 32.

MIMIC-IV (0.538, 0.508, and 0.591 versus 0.634)
and eICU (0.524, 0.494, and 0.579 versus 0.604).

Text provides substantial value for treatment pol-
icy learning. On MIMIC-III, adding low-frequency
diagnostic text improves FQE from 0.574 to 0.596,
incorporating nursing notes further raises it to
0.624, and the full configuration, OPL-MT-MNAR,
reaches 0.679. These results show that nursing
notes provide the largest single-modality gain,
and the OPL-MT-MNAR configuration yields the
best overall performance. Text is also valuable
in MIMIC-IV, where OPL-MT-MNAR achieves
FQE 0.634 in the complementary low-frequency
diagnostic-text regime.

Controlled Building-Block Study. Table 2 adds
the proposed components to a stronger offline RL
backbone. The largest improvement comes from
explicit MNAR + DocProcess modeling, while
Semi-MDP handling alone yields a smaller but still
complementary gain.

Clinical Interpretations. The benefits of OPL-
MT-MNAR are greatest for high-acuity patients.
On MIMIC-III, clinician behavior scores 0.681 in

the low-SOFA group and 0.192 in the high-SOFA
(> 10) group; MedDreamer reaches 0.726 and
0.296, while the OPL-MT-MNAR policy achieves
0.763 and 0.344. The widening gap in the high-
severity regime is consistent with MNAR and
documentation-process signals being especially in-
formative when acuity is high. The full severity-
stratified comparison is reported in Appendix P.

Robustness Checks. On MIMIC-III, FQE with
bootstrap confidence intervals gives 0.679 [0.673,
0.686] for the OPL-MT-MNAR policy versus 0.528
[0.520, 0.536] for clinician behavior. Appendix M
reports additional OPE estimators and chrono-
logical robustness; Appendix B.4 reports cross-
dataset transfer and held-out-center generalization;
Appendix O reports decision-interval and action-
granularity studies; and Appendix B.6 reports the
cross-disease heart-failure cohort; Appendix Q re-
ports constrained-policy optimization, text inter-
pretability, and time-to-deterioration analysis.

4.3 Outcome Prediction Results

We further evaluate post-72-hour in-hospital mor-
tality prediction for patients alive at the end of the
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Method AUROC

Mean Imputation + LSTM 0.833
Forward Fill + LSTM 0.838
GRU-D (Che et al., 2018) 0.844
BRITS (Cao et al., 2018) 0.852
mTAND (Shukla and Marlin, 2021) 0.858
MedDreamer 0.867

OPL-MT-MNAR 0.886

Table 3: Post-72-hour mortality prediction (MIMIC-III).

72-hour window using terminal state sH .
As shown in Table 3, the OPL-MT-MNAR en-

coder achieves AUROC 0.886, surpassing GRU-D
(0.844), BRITS (0.852), mTAND (0.858), and Med-
Dreamer (0.867) on MIMIC-III. This indicates that
explicit modeling of measurement MNAR together
with documentation-process MNAR improves
representation quality beyond strong irregular-
sampling encoders and world-model baselines on
this later-mortality prediction task; the broader
benchmark appears in Table 32.

Text provides substantial value for outcome
prediction. As shown in Table 6, moving from
structured-only state learning (AUROC 0.857) to
nursing-note integration raises AUROC to 0.882,
while the full configuration, OPL-MT-MNAR,
reaches AUROC 0.886.

5 Related Work

Our work is most closely related to the growing
literature on offline reinforcement learning, par-
ticularly in critical care and sepsis treatment (Ko-
morowski et al., 2018; Raghu et al., 2017a,b, 2018;
Peng et al., 2018; Huang et al., 2022; Sun and Tang,
2025). More broadly, a rich literature on off-policy
learning and evaluation has developed methods for
stable policy optimization and reliable value estima-
tion under distribution shift, which are important in
high-stakes medical settings (Thomas et al., 2015;
Gottesman et al., 2018; Wang et al., 2018; Tang
and Wiens, 2021; Kostrikov et al., 2022). Despite
substantial progress (Gottesman et al., 2019; Liu
et al., 2020), most existing approaches treat clinical
observations as effectively complete after prepro-
cessing and rely only on structured data. Our work
contributes to this literature in three ways: (1) treat-
ing missingness as an informative signal, (2) incor-
porating clinical text alongside structured data, and
(3) learning patient states for policy optimization
rather than relying on prespecified states.

Our work is also closely related to the literature

on missing data, especially MNAR settings (Little
and Rubin, 2019). In structured clinical time series,
methods such as GRU-D (Che et al., 2018), BRITS
(Cao et al., 2018), direct missingness modeling
(Lipton et al., 2016), and Raindrop (Zhang et al.,
2022b) address irregular sampling and missing val-
ues. In multimodal EHR settings, methods such
as MissModal (Lin and Hu, 2023), DrFuse (Yao
et al., 2024), and MUSE (Wu et al., 2024) handle
missing modalities. Our setting differs in that miss-
ingness is endogenously driven by unobserved fac-
tors (Xiong and Pelger, 2023; Duan et al., 2024a,b;
Chen et al., 2026). Most closely related is Liang
et al. (2025), which explicitly models informative
missingness in multimodal EHR, but without tem-
poral dynamics. Our work extends this direction
by studying how informative missingness evolves
over time across modalities and how it can be used
for decision-making and outcome prediction.

Finally, our work relates to the literature on mul-
titask learning, which seeks to exploit shared struc-
ture across related tasks (Bengio et al., 2013). In
our setting, jointly learning policy optimization
and outcome prediction provides a form of pos-
itive transfer. At the same time, as the number
of downstream outcomes grows, negative trans-
fer may arise, where shared representations harm
accuracy for some tasks (Wu et al., 2020; Yang
et al., 2025). Understanding and mitigating such
interference is an important direction for future
work. Recent advances in task modeling (Li et al.,
2023a,b; Zhang et al., 2026b), as well as adaptive
and scalable fine-tuning for individual tasks (Li
et al., 2024c,d, 2025b; Zhang et al., 2026a), of-
fer promising tools for controlling when and how
information should be shared across tasks. See Ap-
pendix S for extended discussion of related work.

6 Conclusion

We introduce OPL-MT-MNAR, a framework that
explicitly models temporal MNAR patterns in mul-
timodal EHR. By combining MNAR-aware multi-
modal encoding, Bayesian filtering, and joint pol-
icy optimization with outcome prediction, it learns
patient representations for sequential decision-
making. Experiments on MIMIC-III, MIMIC-IV,
and eICU show consistent gains in both off-policy
optimization and outcome prediction. These results
show the value of treating observation processes
as informative signals for patient representation
learning and off-policy clinical decision-making.
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7 Limitations

Our study has several limitations that suggest direc-
tions for future work. First, like most work in clini-
cal offline RL, our policy evaluation relies on off-
policy estimation from observational data; although
we report FQE with bootstrap confidence intervals
in Section 4.2 and additional robustness checks
in Appendix M, these results should be viewed as
quantitative evidence rather than prospective vali-
dation. Second, following common practice (Ko-
morowski et al., 2018), we discretize the continu-
ous treatment space into 9 actions and use 4-hour
decision intervals, which simplify learning and
interpretation but leave finer-grained dosing and
faster control horizons for future work; Appendix O
quantifies this trade-off directly. Third, although
we explicitly model informative missingness, un-
observed factors affecting both treatment and out-
comes, such as verbal communication or bedside
assessments not recorded in the EHR, may still re-
main and could be better addressed with richer data.
Finally, our experiments focus on three U.S. ICU
datasets (MIMIC-III, MIMIC-IV, and eICU); Ap-
pendices B.4 and B.6 extend the analysis to trans-
fer and cross-disease settings, Appendix Q studies
constrained-policy and deterioration-prediction ex-
tensions together with text interpretability, and Ap-
pendix I reports posterior-collapse diagnostics, but
broader validation across other healthcare systems
remains important for deployment.
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Use of AI Assistants

We used an AI assistant (e.g., ChatGPT) during
manuscript preparation for language editing and
clarity improvements (e.g., rewriting sentences for
readability and concision, suggesting alternative
phrasing, and checking for grammatical consis-
tency). The AI assistant was not used to generate
scientific claims, derive theoretical results, design
the proposed method, run experiments, perform
statistical analyses, or interpret results.

All technical content—including the problem
formulation, model design, implementation, exper-
imental setup, evaluation, and conclusions—was
developed, validated, and verified by the authors.
We take full responsibility for the integrity, correct-
ness, and originality of the work and for ensuring
that the manuscript accurately reflects our methods
and findings.

Appendix Overview

Supporting material is organized as follows: nota-
tion summary appears in Appendix A; cohort con-
struction, transfer protocols, and the heart-failure
cohort appear in Appendices B, B.4, and B.6; times-
tamp alignment and documentation-behavior anal-
yses appear in Appendix C; encoder, text-fusion,
latent-dynamics, outcome, IQL, and training de-
tails appear in Appendices D–I; proofs and partial-
observability discussion appear in Appendices J
and K; evaluation metrics and OPE robustness ap-
pear in Appendices L and M; broader baselines
and ablations appear in Appendices N and O; sub-
group and clinical analyses appear in Appendices P
and Q; computational cost appears in Appendix R;
and extended related work appears in Appendix S.

A Notation Summary – Symbols, indices, and key
variables used throughout the paper.

B Dataset Details – MIMIC-III / MIMIC-IV /
eICU cohort construction, cross-disease heart-
failure cohort, and transfer/generalization proto-
cols.

C Text Timestamp Alignment – Alignment of clin-
ical text with decision steps, temporal buffers,
gap-stratified gains, and note-behavior analyses.

D Encoder Implementation Details – Input con-
struction, MNAR feature design, GRU-D back-
bone, and architecture specifications.

E Text Fusion Details – Cross-attention,

documentation-process factor, DocProcess
ablations, and fusion architecture.

F Latent Dynamics Details – Action-conditioned
latent model, training losses, and KL regulariza-
tion.

G Outcome Prediction Details – Multitask pre-
diction heads, loss formulation, relationship to
reward design, and auxiliary-vs-RL gradient-path
comparison.

H IQL Implementation Details – Expectile regres-
sion, target network updates, advantage weight-
ing, and hyperparameters.

I Training Details – Three-stage training proce-
dure, loss weights, optimization settings, and
posterior-collapse diagnostics.

J Theoretical Analysis – Proofs and technical dis-
cussion of controllability and multi-step credit
assignment.

K Partial Observability Discussion – Formaliza-
tion of partial observability and relation to latent
state modeling.

L Evaluation Metrics – Definitions and estimation
procedures for FQE, WIS, and auxiliary metrics.

M Off-Policy Evaluation Details – Bootstrap FQE,
chronological split robustness, and shadow-mode
evaluation notes.

N Baseline Details – Representative baseline fam-
ilies, recent sepsis RL baselines, and fairness
notes.

O Ablation Studies – Additional controlled com-
parisons across temporal granularity, action gran-
ularity, and DocProcess controls.

P Additional Subgroup Analysis – Severity-
focused breakdowns and high-acuity compar-
isons.

Q Clinical Analysis Details – Constrained policy
optimization, time-to-deterioration analysis, and
text interpretability.

R Computational Analysis – Model size, training
time, and resource usage.

S Extended Related Work – Additional discus-
sion of clinical RL, informative missingness, and
offline RL literature.
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A Notation Summary

Table 4 provides a comprehensive summary of the
notation used throughout this paper. We use h to
index decision steps and H to denote the horizon,
following standard reinforcement learning conven-
tions.

Dimension specifications. In our sepsis treat-
ment experiments (Section 4): observation dimen-
sion D = 16 (8 vitals, 8 labs), static features S = 3
(age, gender, Charlson index), decision horizon
H = 18 (4-hour intervals over 72 hours, so T = 72
and ∆ = 4), action space |A| = 9 (3 fluid levels ×
3 vasopressor levels), hidden dimension dh = 128,
latent dimension dz = 32, and text embedding
dimension de = 256.

B Dataset Details

B.1 MIMIC-IV

MIMIC-IV v2.2 (Johnson et al., 2023) is a single-
center dataset from Beth Israel Deaconess Medical
Center containing de-identified EHR data. We ap-
ply Sepsis-3 criteria (Singer et al., 2016): suspected
infection (antibiotic administration and body fluid
culture) with SOFA score ≥ 2.

Cohort Statistics. The aligned 72-hour decision
cohort contains 32,837 ICU stays with 11.8% in-
hospital mortality. This is the complementary low-
frequency diagnostic-text benchmark used through-
out the study.

Structured Variables. We extract 16 clinical
variables at 1-hour resolution:

• Vitals (8): Heart rate, systolic BP, diastolic BP,
mean BP, respiratory rate, temperature, SpO2,
GCS

• Labs (8): Lactate, creatinine, BUN, bilirubin,
platelet count, WBC, hemoglobin, glucose

Text Processing. Radiology reports (83.6% step-
level coverage) and microbiology results (45.5%
step-level coverage) are preprocessed by removing
headers, de-identification artifacts, and normalizing
abbreviations. Reports are truncated to 512 tokens
and encoded using ClinicalBERT (Alsentzer et al.,
2019).

Text Timestamp Alignment. To prevent infor-
mation leakage, we ensure that only clinical notes
available at or before each decision step are used for

state encoding. Specifically, radiology and micro-
biology reports are aligned using their storetime
field (the time when the report was signed and
stored in the system); if storetime is unavailable,
we fall back to charttime. For each decision step
h at time th, the raw text observation set yth con-
tains only reports with timestamps ≤ th, and the
step-level text embedding eth is computed from that
filtered set. The buffering analysis in Appendix C
further confirms that gains persist under increas-
ingly strict temporal exclusion windows.

B.2 MIMIC-III
MIMIC-III (Johnson et al., 2016) provides the pri-
mary high-frequency documentation benchmark in
this study. We use the same 72-hour sepsis setup as
in the main experiments, but the text side is dom-
inated by nursing notes that are refreshed at most
decision steps. Table 5 summarizes the regime
contrast between MIMIC-III and MIMIC-IV.

Dataset Patients Mortality Nursing Rad./Micro.

MIMIC-III 15,415 13.2% 94.2% 41.3% / 28.6%
MIMIC-IV 32,837 11.8% N/A 83.6% / 45.5%

Table 5: Complementary text regimes in the two MIMIC
cohorts. MIMIC-III supplies high-frequency nursing
documentation, while MIMIC-IV emphasizes lower-
frequency diagnostic text.

This regime difference is why MIMIC-III is use-
ful beyond being an additional benchmark: it ex-
poses a setting where documentation behavior is
visible at nearly every decision step, making text-
process MNAR especially easy to analyze.

Policy Performance by Text Type. Table 6 sum-
marizes how policy value changes as we compare
structured-only inputs, low-frequency diagnostic
text, nursing notes, and the full text configuration.

Text Modality Coverage FQE AUROC ∆ vs Struct.

Structured Only 0% 0.574 0.857 –
Low-Freq. Text 52.1% 0.596 0.869 +3.8%
Nursing Notes 94.2% 0.624 0.882 +8.7%
Full Text 96.4% 0.679 0.886 +18.3%

Table 6: MIMIC-III text-regime analysis. Nursing notes
provide a strong single-modality gain, while the full
configuration, OPL-MT-MNAR, achieves the best over-
all performance.

B.3 eICU
The eICU Collaborative Research Database (Pol-
lard et al., 2018) is used as the cross-institutional
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Symbol Description

Time Indices
t ∈ {0, . . . , T} Observation time index (fine-grained grid)
h ∈ {0, . . . , H − 1} Decision step index
H Decision horizon (number of decision steps)
T Observation horizon; T = ∆ ·H for interval ∆

Structured Observations (per decision step h)
Th Observation times contained in decision step h

ys
h ∈ R|Th|×D Structured measurement matrix in step h

ms
h ∈ {0, 1}|Th|×D Structured observation-mask matrix in step h

δsh ∈ R|Th|×D
+ Structured time-gap matrix in step h

ys
h,i,m

s
h,i, δ

s
h,i Row-i structured value, mask, and time-gap vectors inside step h

ψs
t ∈ R4D Row-level explicit MNAR features used inside the structured encoder (Appendix D)

x ∈ RS Static patient features
y
(k)
out ∈ {0, 1} Clinical outcome labels (e.g., post-72-hour mortality)

Text Observations (per decision step h)
yt
h Collection of raw text observations available at step h across text modalities

eth ∈ Rde Step-level text embedding encoded from yt
h

et,rh , et,mh ∈ Rde Radiology / microbiology modality embeddings
nt
h ∈ Z|Mtext|

+ Number of text observations available for each text modality in step h

mt
h ∈ {0, 1}|Mtext| Derived text-availability indicators: mt

h = 1[nt
h > 0]

δth ∈ R+ Derived text recency summary from the availability history
κt
h ∈ R+ Derived average number of text updates per step over the previous K decision steps

Information Set
oh Decision-step record containing primitive observations (ys

h,m
s
h,y

t
h,m

t
h) and explicit derived

recency / density features (δsh, δ
t
h, κ

t
h)

Ih Information set up to step h: Ih = {x, o1, . . . , oh}
Latent Representations
ϕ̄s
h ∈ Rdh Decision-aligned structured embedding

ϕt
h ∈ Rdh Text-content representation before gated fusion

ηt
h Documentation-process embedding from presence / recency / density

F doc
h Temporal documentation-process factor

ϕh ∈ Rdh Text-fused observation embedding
zh ∈ Rdz Latent belief state (prior)
gθ(·, ·) Learnable state combination function
sh ∈ Rds Full decision state: sh = gθ(ϕh, zh)

Actions and Rewards
ah ∈ A Discrete treatment action
rh ∈ R Reward (terminal-only: rH ∈ {−1,+1})
γ ∈ [0, 1) Discount factor

Policy and Value Functions
πθ(a | s) Learned policy
πβ Behavior policy (clinician decisions)
Q(s, a) State-action value function
V (s) State value function
A(s, a) Advantage: A = Q− V

Key Hyperparameters
τ Expectile for IQL value learning
β Temperature for advantage-weighted policy

Table 4: Summary of notation used throughout the paper.
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benchmark. Sepsis patients are identified using
APACHE IV admission diagnosis codes for sep-
sis with SOFA ≥ 2. This dataset contains only
structured observations without clinical text, en-
abling evaluation of our MNAR-aware encoder
under cross-institutional shift and held-out-center
generalization. Table 7 collects the in-distribution
and transfer settings across MIMIC-III, MIMIC-IV,
and eICU.

B.4 Cross-Dataset Validation Protocol
We evaluate cross-institutional generalization
through multiple training protocols.

Protocol Details.

• In-distribution (rows 1–3): Models trained and
tested on the same dataset. These correspond
to the primary results in Section 4.2. The eICU
model is trained from scratch without text fusion.

• Zero-shot transfer (rows 4–9): Models trained
on one dataset and directly applied to the oth-
ers without any adaptation. This tests whether
learned representations and policies generalize
across institutions.

• Fine-tuned transfer (rows 10–15): Models pre-
trained on one dataset, then fine-tuned on the
target dataset. This tests whether pre-training
provides useful initialization.

Key Findings.

• Training from scratch is best: In-distribution
models outperform transfer variants, suggesting
that institution-specific patterns are important for
optimal performance.

• Zero-shot transfer improves over clinicians:
Even without any target-domain training, trans-
ferred models improve over clinician baselines
on both directions of transfer, showing that the
learned state captures cross-hospital treatment
signal rather than only site-specific heuristics.

• Fine-tuning narrows the gap: Fine-tuned mod-
els partially close the distance between zero-shot
and in-distribution performance, indicating that
the transferred encoder is a useful initialization
rather than a brittle source-only model.

• Observation-process features transfer: The
transfer gains confirm that MNAR-aware rep-
resentations generalize across institutions with
different monitoring protocols.

B.5 Within-eICU Center-Held-Out
Generalization

Table 8 reports held-out-center performance inside
eICU, isolating geographic shift without mixing it
with cross-dataset transfer.

B.6 Heart Failure Cross-Disease Validation
We evaluate a MIMIC-III heart-failure cohort with
a distinct action space (Diuretic × Vasoactive)
and a similarly high-frequency documentation
regime, with nursing-note coverage of 93.8% at
the decision-step level. Table 9 shows that the text
benefit persists in this cross-disease setting.

B.7 Action Space and Temporal Granularity
Following Komorowski et al. (2018), we discretize
treatments into a 3× 3 action space:

• IV fluids: None (0), Low (<500 mL/4h), High
(≥500 mL/4h)

• Vasopressors: None (0), Low (<0.1 mcg/kg/min
norepinephrine equivalent), High (≥0.1
mcg/kg/min)

This yields 9 discrete actions representing clin-
ically meaningful treatment intensities for sepsis.
For the heart-failure cohort, we analogously use a
Diuretic × Vasoactive grid.

Action Granularity Comparison. Table 10 com-
pares the retained 3×3 action space against finer
and continuous alternatives under the same MIMIC-
III setup.

Method Setting MIMIC-III FQE Action Space

DDPG with
Clinician Super-
vision

Continuous-
control
baseline

0.529 Continuous

AI Clinician Canonical
tabular base-
line

0.487 25 discrete

OPL-MT-
MNAR

Continuous-
head ablation

0.611 Continuous

OPL-MT-
MNAR

5 × 5 dis-
cretization

0.668 25 discrete

OPL-MT-
MNAR

Main setting 0.679 9 discrete

Table 10: Action-granularity comparison on MIMIC-III.
Finer or continuous action spaces remain viable, but the
3×3 discretization gives the best value under current
data coverage and OPE stability.

Decision-Interval Sweep. Table 11 comple-
ments the action-space check by sweeping deci-
sion intervals, showing that 4 hours yields the best
overall trade-off in our experiments.
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Training Protocol Train Data Test Data Test FQE ∆ vs Clin. AUROC

In-Distribution Evaluation
MIMIC-III → MIMIC-III MIMIC-III MIMIC-III 0.679 +28.6% 0.886
MIMIC-IV → MIMIC-IV MIMIC-IV MIMIC-IV 0.634 +21.7% 0.879
eICU → eICU eICU eICU 0.604 +13.1% 0.862

Cross-Dataset Transfer (Zero-Shot)
MIMIC-III → MIMIC-IV MIMIC-III MIMIC-IV 0.573 +10.0% 0.847
MIMIC-III → eICU MIMIC-III eICU 0.562 +5.2% 0.839
MIMIC-IV → MIMIC-III MIMIC-IV MIMIC-III 0.559 +5.9% 0.846
MIMIC-IV → eICU MIMIC-IV eICU 0.568 +6.4% 0.844
eICU → MIMIC-III eICU MIMIC-III 0.551 +4.4% 0.841
eICU → MIMIC-IV eICU MIMIC-IV 0.556 +6.7% 0.851

Cross-Dataset Transfer (Fine-tuned)
MIMIC-III → MIMIC-IV (FT) MIMIC-III + MIMIC-IV MIMIC-IV 0.598 +14.8% 0.857
MIMIC-III → eICU (FT) MIMIC-III + eICU eICU 0.585 +9.6% 0.847
MIMIC-IV → MIMIC-III (FT) MIMIC-IV + MIMIC-III MIMIC-III 0.621 +17.6% 0.864
MIMIC-IV → eICU (FT) MIMIC-IV + eICU eICU 0.594 +11.2% 0.857
eICU → MIMIC-III (FT) eICU + MIMIC-III MIMIC-III 0.607 +15.0% 0.853
eICU → MIMIC-IV (FT) eICU + MIMIC-IV MIMIC-IV 0.619 +18.8% 0.872

Table 7: Cross-dataset validation protocols. In-distribution training remains strongest, but zero-shot transfer still
improves over clinician behavior and fine-tuning recovers part of the distribution-shift gap.

Split # Train Centers # Test Centers Test FQE ∆ vs Clin. AUROC

Subsampling Split 1 146 62 0.597 +10.8% 0.858
Subsampling Split 2 146 62 0.601 +11.4% 0.860
Subsampling Split 3 146 62 0.594 +9.6% 0.857
Subsampling Split 4 146 62 0.608 +13.0% 0.863
Subsampling Split 5 146 62 0.599 +10.9% 0.859

Mean ± SD – – 0.600 ± 0.005 +11.1% ± 1.2% 0.859 ± 0.002

Table 8: Within-eICU held-out-center generalization across five independent 70%/30% center splits. The table
mean of 0.600 ± 0.005 summarizes these five subsampling splits, while a separate leave-one-center-out analysis
on the largest 10 centers gives a similar mean FQE of 0.597 ± 0.005. Together these two protocols indicate that
observation-process features transfer more reliably than site-specific policy heads.

Dataset Disease Action Space Note Cov. Structured Nursing Notes Full Text AUROC

MIMIC-III Sepsis Fluid × Vasopressor 94.2% 0.574 0.624 0.679 0.886
MIMIC-III Heart Failure Diuretic × Vasoactive 93.8% 0.557 0.597 0.603 0.864

Table 9: Cross-disease validation in the high-frequency MIMIC-III regime. Text integration improves policy value
in both sepsis and heart failure, and the full heart-failure model remains predictive of post-72-hour mortality risk.

∆t Cohort Avg. Ep. MIMIC-III eICU AUROC Train (h) ESS

1h 14,831 48.7 0.661 0.587 0.872 6.3 3.9
2h 15,178 24.4 0.673 0.600 0.879 3.4 4.7
4h 15,415 12.2 0.679 0.604 0.886 2.1 5.8
8h 14,267 6.3 0.658 0.589 0.876 1.4 7.4

Table 11: Decision-interval sweep on MIMIC-III. The standard 4-hour setting offers the best overall trade-off
between policy value, auxiliary prediction quality, and OPE reliability.
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C Text Timestamp Alignment and
Sensitivity Analysis

This appendix provides detailed analysis of
text timestamp alignment, text recency con-
trols, and note-behavior mechanisms under both
low-frequency (MIMIC-IV) and high-frequency
(MIMIC-III) text regimes.

C.1 Timestamp Alignment Protocol
For MIMIC-III nursing notes, we align text con-
servatively so that only notes available at or before
each decision step are used in state encoding. At
each decision step h occurring at time th, only nurs-
ing notes with timestamp ≤ th are included in the
text branch.

Coverage Impact. This temporal filtering yields
the 94.2% step-level nursing-note coverage re-
ported in Section 4.1. The buffering controls below
show that gains degrade smoothly as progressively
fresher notes are excluded.

C.2 Sensitivity Analysis with Temporal
Buffers

To assess whether gains depend on potentially de-
layed reports, we evaluate performance with in-
creasingly conservative temporal buffers that ex-
clude reports near decision boundaries. Table 12
reports this buffering analysis directly.

Note Alignment (MIMIC-III) Coverage FQE ∆

All available 94.2% 0.679 –
Conservative (−2h) 81.7% 0.672 −1.0%
Strict (−4h) 68.9% 0.661 −2.7%
Very strict (−8h) 50.4% 0.645 −5.0%
No text 0% 0.574 −15.5%

Table 12: Sensitivity analysis for MIMIC-III nursing-
note alignment. Gains persist under increasingly con-
servative temporal buffers, supporting the claim that
improvements are not driven by leakage from future
notes.

Key Findings.

• Robust to conservative alignment: Even under
an 8-hour exclusion window, the model remains
above the structured-only baseline.

• Graceful degradation: Performance degrades
smoothly as text availability decreases, consis-
tent with a learned recency-sensitive fusion mech-
anism rather than a brittle dependence on the
newest note.

C.3 Gap-Stratified Text Gains in the
High-Frequency Regime

Table 13 quantifies where nursing notes help most
as structured observation gaps widen, and Table 14
shows the corresponding shift in modality atten-
tion.

Time Gap Patient-Steps Struct. + Nursing ∆

δt ≤ 1h 31.8% 0.612 0.638 +4.2%
1h < δt ≤ 2h 27.4% 0.584 0.629 +7.7%
2h < δt ≤ 4h 24.1% 0.551 0.617 +12.0%
δt > 4h 16.7% 0.498 0.604 +21.3%

Table 13: Gap-stratified nursing-note gains on MIMIC-
III. Text becomes most valuable when structured obser-
vations are stale or sparse.

Time Gap Structured Nursing Rad./Micro.

δt ≤ 1h 0.64 0.21 0.15
δt > 4h 0.22 0.58 0.20

Table 14: Attention shifts toward text as structured mea-
surements become stale in the MIMIC-III nursing-note
regime.

C.4 Documentation Behavior by Shift
Table 15 summarizes how note frequency and note
content differ between day and night shifts in the
MIMIC-III nursing-note regime.

Metric Day Shift Night Shift Night/Day

% of total notes 68.4% 31.6% 0.46
Avg. note length (tokens) 142 187 1.32
Routine assessment 45.2% 18.4% 0.41
Acute status change 8.3% 24.6% 2.96
Hemodynamic instability 6.7% 19.2% 2.87
Respiratory event 5.4% 14.8% 2.74

Table 15: Shift-level nursing-note behavior on MIMIC-
III. Fewer notes are written overnight, but they are
longer and much more likely to describe acute dete-
rioration.

Although night shift contributes fewer notes
overall, night notes are longer and 2.7–3.0× more
likely to describe acute deterioration events, sup-
porting the view that note presence, timing, and
length form a behavior-driven observation process.

C.5 Content Evolution Categories
Table 16 groups nursing-note updates by content
evolution category and shows that the gate is high-
est when the note signals active clinical change.

The majority of reports (68–72%) are available
well before the decision step (>4h), indicating that
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Category % Steps FQE Treatment Change Gate Example Keywords

First Note 27.2% 0.636 48.4% 0.50 –
Worsening 13.8% 0.668 64.7% 0.79 worsening, progressive, new infiltrate
New Critical Finding 9.2% 0.671 67.3% 0.78 new consolidation, positive culture, abscess
Improving 11.7% 0.643 38.9% 0.53 improved, resolving, clearing
Stable / Unchanged 38.1% 0.628 26.3% 0.41 stable, unchanged, no interval change

Table 16: Content-evolution analysis for nursing notes. The gate is highest when notes describe active clinical
change, consistent with text acting as an observation channel for latent dynamics rather than a static side input.

most text information reflects prior clinical assess-
ments rather than contemporaneous findings. This
temporal separation provides additional confidence
that text fusion does not introduce lookahead bias.

D Encoder Implementation Details

This appendix provides the complete specification
of the GRU-D encoder with explicit MNAR feature
fusion.

D.1 Input Construction

At each fine-grained observation time t, let
yst ,m

s
t, δ

s
t ∈ RD denote the row-level structured

value, mask, and time-gap vectors, corresponding
to one row of (ysh,m

s
h, δ

s
h) in the main text. Let yst′

denote the most recent previously observed value
for each variable before time t, and let µs denote
the empirical-mean vector. The decayed structured
input is

ŷst =m
s
t⊙yst+(1−ms

t)⊙
(
ξy,t⊙yst′+(1−ξy,t)⊙µs

)
,

where ξy,t is the learned input-decay vector.

D.2 Explicit MNAR Features

Beyond implicit missingness modeling throughms
t

and δst , we compute explicit MNAR features ψs
t ∈

R4D that capture observation patterns:

ψs
t =

[
δt; ct; ρt; ωt

]
,

where:

• δst ∈ RD: time since last observation for each
variable

• cst =
∑

τ≤tm
s
τ ∈ RD: cumulative observation

count

• ρst = 1− cst/t ∈ RD: cumulative missing rate

• ωs
t ∈ RD: windowed observation frequency over

the past W hours (we use W = 6)

These features explicitly encode the monitoring
intensity that correlates with patient severity. Cu-
mulative counts reveal overall monitoring intensity,
missing rates track deterioration trends, and win-
dowed frequency captures recent clinical concern.

D.3 GRU-D with Temporal Decay

We employ GRU-D (Che et al., 2018) with learned
temporal decay. The decay factors are:

ξϕ,t = exp
(
−max(0,Wϕ,ξ · δ̄t + bϕ,ξ)

)
,

ξy,t = exp
(
−max(0,Wy,ξδ

s
t + by,ξ)

)
,

where δ̄t = mean(δst), ξϕ,t ∈ (0, 1] controls
hidden-state decay, and ξy,t ∈ (0, 1]D controls in-
put decay toward the empirical mean µs.

The hidden state update then follows the same
GRU-D-style gating equations as in the main text,
with the explicit MNAR features entering through
a dedicated branch:

ϕ̂s
t−1 = ξϕ,t ⊙ ϕs

t−1,
(
ψs
t

)emb
= MLPψ(ψ

s
t),

rt = σ
(
Wr,yŷ

s
t +Wr,ϕϕ̂

s
t−1 +Wr,ψ

(
ψs
t

)emb
+ br

)
,

ηt = σ
(
Wη,yŷ

s
t +Wη,ϕϕ̂

s
t−1 +Wη,ψ

(
ψs
t

)emb
+ bη

)
,

ϕ̃s
t = tanh

(
Wyŷ

s
t +Wϕ

(
rt ⊙ ϕ̂s

t−1

)
+Wψ

(
ψs
t

)emb
+ b

)
,

ϕs
t = (1− ηt)⊙ ϕ̂s

t−1 + ηt ⊙ ϕ̃s
t.

The decision-aligned embedding at step h is ob-
tained by selecting the hidden state at the last fine-
grained timestamp within that decision step:

ϕ̄s
h = ϕs

t⋆(h),

where t⋆(h) = max Th.

D.4 Architecture Specifications

Table 17 lists the encoder hyperparameters used for
the GRU-D backbone and explicit MNAR-feature
branch.
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Component Specification

GRU-D hidden dimension dh = 128
δst embedding dimension dδ = 16
MNAR feature embedding MLP: 4D → 32 → 32
Dropout rate 0.1

Table 17: Encoder architecture hyperparameters.

E Text Fusion Details

Clinical text is encoded using Clinical-
BERT (Alsentzer et al., 2019). The same
fusion module is used for MIMIC-IV diagnostic
text and MIMIC-III nursing notes; what changes
across datasets is the documentation regime, not
the fusion logic.

E.1 Cross-Attention Mechanism
The structured embedding ϕ̄s

h queries the encoded
text embeddings via multi-head cross-attention:

ϕt
h = MultiHead

(
WQϕ̄

s
h, WKeth, WV e

t
h

)
.

where eth concatenates the modality-specific text
embeddings encoded from the raw text observa-
tions yth at step h (radiology, microbiology, and
nursing notes when present). If more than one nurs-
ing note or report is available within the same deci-
sion step, all such embeddings are included in eth
before attention. The notation eth in the main text
refers to this encoded step-level text input. When a
text modality is unavailable, we use a learned miss-
ing embedding rather than dropping the modality
entirely.

E.2 Documentation-Process Factor
Text fusion depends on both content and the docu-
mentation process. We define

ηth = MLP
(
mt
h, δ

t
h, κ

t
h

)
,

F doc
h = GRU

(
F doc
h−1, η

t
h

)
,

where mt
h = 1[nt

h > 0] captures note presence de-
rived from the step-level text counts, δth is a derived
summary of time since the last note, and κth is the
recent note-update density. Equation above defines
only the documentation-process branch: it does not
directly encode text content. The semantic content
enters separately through the cross-attention path
eth → ϕt

h, and the final text contribution is formed
only after ϕt

h is combined with F doc
h in the gate

below. These inputs summarize behavior-driven
freshness and burstiness rather than explicit wall-
clock covariates such as hour-of-day or shift. The

gate then becomes

ϕ̂t
h = ϕt

h +WdF
doc
h ,

gh = σ
(
Wg[ϕ̄

s
h; ϕ̂

t
h;F

doc
h ] + bg

)
,

ϕh = LayerNorm
(
ϕ̄s
h + gh ⊙ (ϕ̂t

h − ϕ̄s
h)
)
.

This is the main distinction from the prior
content-only gate and also from the structured
branch: structured MNAR features such as
(ψs

t)
emb are integrated locally into the same GRU-

D encoder as the measured values, whereas the text
side separates semantic content from the documen-
tation process and uses F doc

h as a distinct recurrent
factor that accumulates documentation behavior
across decision steps before fusion.

E.3 DocProcess Component Ablation

Table 18 isolates the contribution of the
documentation-process embedding, GRU factor,
and individual text-process features.

E.4 Gate Mechanism Checks

Table 19 checks whether the learned gate uses text
in the intended way: it should trust text more when
documentation is fresh or dense, and down-weight
it when documentation is stale.

E.5 DocProcess Across Text Regimes

Table 20 compares how much of the total text gain
is attributable to the documentation-process factor
under the low-frequency MIMIC-IV regime versus
the high-frequency MIMIC-III regime.

E.6 Text Fusion Architecture

Table 21 summarizes the final text branch after
adding the documentation-process factor, making
the appendix architecture description consistent
with the notation and equations in Section 3.1.1.

Component Specification

Text encoder ClinicalBERT (frozen)
Text embedding dimension de = 256 (projected from 768)
Cross-attention heads 4
Cross-attention dimension 128
DocProcess MLP {mt

h, δ
t
h, κ

t
h} → dh

DocProcess factor GRU with hidden size dh
Gate MLP Linear: 3dh → dh

Table 21: Text fusion architecture hyperparameters after
adding the documentation-process factor.
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Configuration MIMIC-III FQE MIMIC-III AUROC ∆FQE

Full model 0.679 0.886 –
w/o DocProcess GRU factor 0.671 0.881 −1.2%
w/o DocProcess embedding entirely (content-only design) 0.665 0.878 −2.1%
w/o note presence indicator 0.672 0.882 −1.0%
w/o time since last note 0.670 0.881 −1.3%
w/o all MNAR features 0.548 0.839 −19.3%

Table 18: DocProcess ablation on MIMIC-III. The documentation-process embedding improves on the prior content-
only design, and removing all MNAR signals is substantially more damaging than removing any single text-process
feature.

Documentation Regime Correlation With Clinical Signal

Regime Gate (w/ Fdoc) Gate (w/o Fdoc) ∆ Statistic Value p

High-freq. density > 0.6 0.74 0.64 +15.6% Corr(Fdoc, gate) r = 0.67 < 0.001
Low-freq. density < 0.2 0.35 0.43 −18.6% Corr(Fdoc, mortality) r = 0.59 < 0.001
Fresh note (δth ≤ 2h) 0.81 0.70 +15.7% Corr(Fdoc, FQE gain) r = 0.63 < 0.001
Stale note (δth > 8h) 0.24 0.34 −29.4% – – –
Night shift (7pm–7am) 0.71 0.64 +10.9% – – –

Table 19: Mechanistic checks for the documentation-process factor on MIMIC-III. The gate trusts text more when
notes are fresh or dense, less when they are stale, and the learned factor correlates with both acuity and downstream
policy gain.

Dataset Full vs w/o DocProcess Full vs Structured Only DocProcess / Total

MIMIC-III (Nursing + Diagnostic Text) +2.1% +18.3% 11.5%
MIMIC-IV (Rad. + Micro.) +1.1% +4.7% 23.4%

Table 20: The documentation-process factor contributes a larger fraction of the text gain in the lower-frequency
MIMIC-IV regime, where distinguishing fresh from stale notes is most critical.
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F Latent Dynamics Details

This appendix provides details on the action-
conditioned latent dynamics model.

F.1 VAE Architecture

The prior network predicts the next latent state
given current state, current observation embedding,
and action:

µθ, log σ
2
θ = MLPθ

(
[zh;ϕh;Emb(ah)]

)
,

where Emb(·) is an action embedding layer map-
ping discrete actions to continuous vectors.

The posterior network incorporates the next-step
observations:

µψ, log σ
2
ψ = MLPψ

(
[ϕh+1;x]

)
.

Both networks output mean and log-variance for
a diagonal Gaussian distribution.

F.2 Dynamics Loss

The dynamics loss Ldyn enforces consistency be-
tween the prior and posterior:

Ldyn = Eqψ
[
∥zh+1 − ẑh+1∥2

]
,

where ẑh+1 = µθ(zh, ϕh, ah) is the predicted mean
from the prior.

F.3 KL Regularization

The KL regularization loss encourages the posterior
to stay close to the prior:

LKL = KL
(
qψ(zh+1 | ϕh+1, x)

∥ pθ(zh+1 | zh, ϕh, ah)
)
.

For diagonal Gaussians, this has a closed-form
solution:

LKL =
1

2

dz∑

j=1

(
log

σ2
θ,j

σ2
ψ,j

+
σ2
ψ,j

σ2
θ,j

+
(µψ,j − µθ,j)

2

σ2
θ,j

− 1

)
.

F.4 Architecture Specifications

Table 22 summarizes the latent-dynamics archi-
tecture corresponding to the prior, posterior, and
state-combination modules above.

Component Specification

Latent dimension dz = 32
Action embedding dimension 16
Prior MLP [dz+dh+16]→ 128→ 64→

2dz
Posterior MLP [dh + S]→ 128→ 64→ 2dz
Combination gθ Residual: ϕh + Linear(zh),

where Linear: dz → dh

Table 22: Latent dynamics architecture hyperparame-
ters.

G Outcome Prediction Details

G.1 Relationship Between Outcomes and
Rewards

For the primary auxiliary outcome, the label y(1)out ∈
{0, 1} indicates post-72-hour in-hospital mortal-
ity among patients who remain alive through the
72-hour observation window. This label is inten-
tionally distinct from the terminal reward rH : the
reward reflects survival or death within the logged
72-hour episode, whereas y(1)out supervises later risk
after that window.

More generally, the outcome prediction frame-
work supports endpoints that need not directly cor-
respond to RL rewards:

• Clinical decompensation: Deterioration events
during the ICU stay

• Length of stay: Duration of ICU admission (re-
gression target)

• Ventilator-free days: Days alive and free of
mechanical ventilation

These auxiliary outcomes can provide additional
supervision signal for learning clinically meaning-
ful state representations.

G.2 Why the Auxiliary Head Complements
RL

Because the auxiliary outcome targets later risk af-
ter the 72-hour window, it complements rather than
duplicates the RL reward. It also provides a shorter
and less noisy optimization path to the encoder. In
a one-dimensional sketch, the supervised gradient
is direct:

∇θLout =
∂ℓ

∂fout
· ∂fout

∂sH
· ∂sH
∂θ

,

whereas the RL signal must reach the encoder
through bootstrapped value estimates and long-
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horizon credit assignment:

∇θJ(π) ∝
Hi∑

h=0

∂J

∂Qh
· ∂Qh

∂sh
· ∂sh
∂θ

.

Thus the auxiliary head supplies clinically mean-
ingful supervision about longer-horizon risk while
giving the representation learner a more direct gra-
dient path with lower variance; RL still determines
how that state should be used for sequential control.

G.3 Loss Function
For binary outcomes (post-72-hour mortality, de-
compensation), we use binary cross-entropy:

ℓk(p, y) = −y log(p)− (1− y) log(1− p).

For continuous outcomes (length of stay), we
use mean squared error:

ℓk(p, y) = (p− y)2.

The outcome prediction head is a two-layer
MLP:

f
(k)
out (sH) = W

(k)
2 ·ReLU(W

(k)
1 sH + b

(k)
1 ) + b

(k)
2 .

In the current experiments, we use K = 1 and
λ1 = 1 for post-72-hour in-hospital mortality after
a small search over {0.5, 1.0, 2.0}, while keeping
the general form for extensibility.

H IQL Implementation Details

H.1 Target Network Update
The target value network Vtarget is a slowly-updated
copy of V , maintained via Polyak averaging:

Vtarget ← τtargetV + (1− τtarget)Vtarget,

with τtarget = 0.005. This soft update stabilizes
training by providing slowly-changing bootstrap
targets.

H.2 Expectile Regression
The expectile loss is an asymmetric least squares
objective:

Lexp
τ (δ) =

(
τ − I[δ < 0]

)2
δ2

=

{
τ δ2, δ ≥ 0,

(1− τ) δ2, δ < 0.

For τ > 0.5, positive residuals (where Q > V )
receive higher weight, pushing the value function

toward the upper portion of the Q-value distribution.
This allows IQL to implicitly estimate the value of
improved policies without explicitly querying out-
of-distribution actions.

The expectile parameter τ controls the trade-off:

• τ = 0.5: Standard symmetric least squares (be-
havior policy value)

• τ → 1.0: Approaches maximum Q-value (ag-
gressive improvement)

We use τ = 0.7 as the default, balancing policy
improvement with stability.

H.3 Advantage Clipping

For policy extraction, we clip the exponential ad-
vantage weights:

wh = min
(
exp(Ah/β), wmax

)
,

with wmax = 20. This prevents excessively large
weights from destabilizing training when the ad-
vantage is very positive (indicating actions much
better than average).

H.4 Architecture Specifications

Table 23 records the network sizes for the Q, value,
and policy heads used in the final IQL stage.

Component Specification

Q-network MLP: ds + |A| → 256 → 256 → 1
V-network MLP: ds → 256 → 256 → 1
Policy network MLP: ds → 256 → 256 → |A|
Activation ReLU
Output (policy) Softmax

Table 23: IQL network architecture.

H.5 Hyperparameters

Table 24 lists the retained IQL hyperparameters
after the final tuning pass.

Hyperparameter Value

Expectile τ 0.7
Temperature β 3.0
Weight clipping wmax 20
Target update τtarget 0.005
Discount γ 0.99

Table 24: IQL hyperparameters.
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I Training Details

I.1 Three-Stage Training Procedure
Our training procedure establishes high-quality
state representations before policy optimization,
preventing representation drift where early RL gra-
dients destabilize learned representations.

Stage 1: Representation Pre-training. Train
encoder, dynamics model, decoder, and outcome
predictor with combined loss:

LStage1 = Lrecon + Ldyn + LKL + Lout,

where LKL is VAE regularization. This establishes
state representations satisfying Q1 (state learning)
and Q3 (outcome prediction).

Stage 2: Frozen-Encoder RL. Freeze the en-
coder (GRU-D, text fusion, VAE posterior) and
train only Q-networks, value network, and policy
with:

LStage2 = LQ + LV + Lπ.

Stage 3: Joint Fine-tuning. Unfreeze the en-
coder with reduced learning rate; auxiliary losses
(Lrecon, Lout) maintain state quality during adapta-
tion. Table 25 summarizes the three training stages
and the corresponding learning rates.

Stage Epochs Learning
Rate

Components
Trained

1: Pre-
training

50 1× 10−3 Encoder, Dynamics,
Decoder, Outcome

2: Frozen
RL

100 3× 10−4 Q, V, Policy only

3: Fine-
tuning

50 1 × 10−4 (en-
coder)

All components

3×10−4 (RL)

Table 25: Training schedule for the three-stage proce-
dure.

I.2 Loss Weights
Table 26 records the fixed Stage-1 loss weights
used in the final model.

Loss Component Weight

Observation reconstruction λobs 1.0
Mask reconstruction λmask 0.5
Text reconstruction λtext 0.3
Dynamics loss 1.0
KL regularization 0.1
Outcome prediction 1.0

Table 26: Loss weights for Stage 1 pre-training.

I.3 Entropy Monitoring and Recovery

We monitor policy entropy throughout training to
detect collapse:

H(π) = −
∑

a∈A
π(a|s) log π(a|s).

For a 9-action space, maximum entropy is log 9 ≈
2.20 nats. We flag potential collapse when entropy
drops below 0.5 nats or decreases by more than
50% within 10 epochs. Upon detecting collapse,
we roll back to the last checkpoint with healthy
entropy (> 1.0 nats), reduce learning rate by factor
of 2, increase temperature β by factor of 1.5, and
resume training.

I.4 Posterior-Collapse Diagnostics

We explicitly monitor posterior-collapse indicators
for the latent state. The final model combines three
complementary safeguards: KL β-annealing, free-
bits, and action-conditioning in the latent dynamics
/ inference model. Table 27 reports the correspond-
ing latent-usage diagnostics and downstream policy
value.

Setting KL Div. Active Dims Mutual Info FQE

Without mitigation 0.02 3/64 0.17 0.508
β-annealing 4.17 39/64 2.08 0.601
Free-bits 5.74 51/64 2.93 0.619
Full mitigation 8.61 58/64 3.34 0.679

Table 27: Posterior-collapse diagnostics on MIMIC-III.
The full training recipe keeps the latent state active and
coincides with the best downstream policy value.

Interpretation. The collapsed setting shows
near-zero KL divergence and only 3 active latent
dimensions. Adding either β-annealing or free-
bits improves latent usage, but the strongest non-
collapse signal appears only when these are com-
bined with action-conditioning. This is consistent
with the view that the belief state is useful because
it remains both active and action-sensitive.

I.5 Optimization Details

Table 28 lists the shared optimization settings used
across representation learning and policy training.
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Setting Value

Optimizer AdamW
Weight decay 1× 10−5

Batch size 256
Gradient clipping 1.0
Early stopping patience 10 epochs
Validation metric FQE on validation set

Table 28: Optimization hyperparameters.

I.6 Computational Resources

All experiments were conducted on NVIDIA
A6000 GPUs. Training times: Stage 1 ∼4h, Stage
2 ∼5h, Stage 3 ∼2.5h (total ∼11.5h per run).
Model size: 1.29M parameters (full model with
text fusion).

J Theoretical Analysis

This appendix provides the proof of Theorem 1.

Proof of Theorem 1. Consider the policy gradient
for future rewards given current state and action:

∂

∂π
E

[
H−1∑

h′=h+1

γh
′
rh′
∣∣∣ sh, ah

]
.

Under the state decomposition sh′ =
gθ(ϕh′ , zh′) for h′ > h, the gradient flows
through two pathways:

Pathway 1: Through observations ϕh′ . In of-
fline RL, observations are fixed in the dataset:

∂ϕh′

∂ah
= 0 for all h′ > h.

Pathway 2: Through latent states zh′ . Under
action-independent dynamics (Definition 1):

zh+1 = f(zh, ϕh, ωh) with ωh ⊥⊥ ah.

Since zh+1 does not depend on ah, and this in-
dependence propagates forward:

∂zh′

∂ah
= 0 for all h′ > h.

Combining both pathways via the chain rule:

∂sh′

∂ah
=

∂gθ
∂ϕh′

· ∂ϕh′
∂ah

+
∂gθ
∂zh′

· ∂zh′
∂ah

=
∂gθ
∂ϕh′

· 0 + ∂gθ
∂zh′

· 0

= 0.

Therefore, the reward at any future step h′ > h
is independent of ah:

∂rh′

∂ah
=

∂R(sh′ , ah′)

∂sh′
· ∂sh′
∂ah

= 0,

and the policy gradient from future rewards van-
ishes:

∂

∂π
E

[
H−1∑

h′=h+1

γh
′
rh′
∣∣∣ sh, ah

]
= 0.

Implications for Terminal Rewards. When re-
wards are terminal-only (rh = 0 for h < H − 1),
the policy gradient at any non-terminal step h <
H − 1 depends entirely on future rewards:

∇πJ(π)
∣∣
sh

= E [∇π log π(ah|sh) ·Qπ(sh, ah)] ,

where Qπ(sh, ah) = E[
∑H−1

h′=h γ
h′−hrh′ |sh, ah].

Under action-independent dynamics,
Qπ(sh, ah) = rh + γE[V π(sh+1)] where
V π(sh+1) is independent of ah. For h < H − 1
with rh = 0:

Qπ(sh, ah) = γE[V π(sh+1)] = const w.r.t. ah.

This means all actions have the same Q-value,
making policy improvement impossible.

K Partial Observability Discussion

The latent variable zh addresses the gap between
observable measurements and action-relevant state
components that cannot be directly extracted from
observations. Examples include:

• Vasopressor responsiveness: A patient’s respon-
siveness to vasopressors depends on underlying
vascular tone, which is not directly measured but
can be inferred from treatment response patterns.
Patients with similar blood pressure readings may
respond very differently to the same vasopressor
dose based on their underlying vascular state.

• Tissue hypoperfusion severity: The severity
of tissue hypoperfusion may exceed what lac-
tate levels alone indicate, requiring integration of
treatment history to estimate. A patient whose
lactate remains elevated despite fluid resuscita-
tion may have more severe underlying tissue dam-
age than one with similar lactate levels who has
not yet received treatment.
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• Organ reserve capacity: Organ reserve capac-
ity affects how aggressively a patient can tolerate
fluid resuscitation, but manifests only through dy-
namic responses to interventions. Two patients
with similar creatinine levels may have vastly
different renal reserves, observable only through
how their kidney function responds to fluid chal-
lenges.

Through action-conditioned dynamics, zh can
capture how past treatments have shaped the pa-
tient’s current responsiveness, effectively recover-
ing aspects of the latent health state that are “hid-
den” in ϕ̃h but revealed through intervention pat-
terns.

L Evaluation Metrics

L.1 Fitted Q-Evaluation (FQE)

FQE (Le et al., 2019) learns a Q-function for the
target policy using the offline dataset:

Qπ(s, a)← r + γEa′∼π(·|s′)[Qπ(s′, a′)].

The policy value is estimated as V̂ π =
Es0 [Ea∼π(·|s0)[Qπ(s0, a)]]. FQE avoids impor-
tance weighting, making it more stable when the
learned policy diverges significantly from clinician
behavior.

L.2 Weighted Importance Sampling (WIS)

WIS reweights observed trajectories by policy prob-
ability ratios:

V̂ π
WIS =

∑N
i=1wiGi∑N
i=1wi

, wi =

Hi−1∏

h=0

π(a
(i)
h |s

(i)
h )

πβ(a
(i)
h |s

(i)
h )

,

where Gi is the return for trajectory i. WIS is unbi-
ased but has high variance when policies diverge,
as indicated by low effective sample size (ESS):

ESS =
(
∑

iwi)
2

∑
iw

2
i

.

M Off-Policy Evaluation Details

This appendix reports the OPE robustness checks
most directly tied to the primary value-estimation
results: bootstrap FQE on the standard split,
chronological split robustness, and a concrete
shadow-mode evaluation note.

M.1 Bootstrap FQE on the Standard Split

Table 29 gives the bootstrap FQE confidence in-
tervals under the same standard split used for the
primary result.

Method MIMIC-III Test FQE 95% CI Type

Clinician 0.528 [0.520, 0.536] Behavior
OPL-MT-MNAR (FQE) 0.679 [0.673, 0.686] Model-free

Table 29: Bootstrap FQE on the standard random split.
The confidence intervals remain separated under the
same estimator and held-out protocol.

FQE remains the primary OPE metric here be-
cause it is the estimator reported throughout the
paper. The CI separation supports a directional
value improvement, but it should still be interpreted
as observational evidence rather than prospective
proof of clinical benefit.

M.2 Chronological Split Robustness

Table 30 checks whether the same policy ad-
vantage remains under a temporally ordered
train/validation/test split.

The chronological split reduces FQE by 0.014
relative to the standard random split, consistent
with mild temporal drift rather than a reversal of
the main finding. This helps rule out the possibility
that the observed OPE gain is driven by subtle
temporal leakage.

M.3 Shadow-Mode Evaluation Note

A feasible prospective protocol is to log AI recom-
mendations in shadow mode, record clinician ac-
tions and outcomes, and then analyze concordance,
safety events, and counterfactual value estimates
under monitoring. The severity-stratified results
in Appendix P suggest this is realistic: agreement
is naturally higher in low-severity cases and lower
where acuity is high and the policy has the most
room to differ from standard behavior.

N Baseline Details

This appendix collects the broader baseline families
referenced across the paper. Table 31 consolidates
the broader sepsis-RL benchmark in one place.

Stronger Missingness-Handling Encoders. Ta-
ble 32 records the broader MIMIC-III benchmark
against stronger sequence encoders for irregular
and missing observations. Unlike Table 3, which
focuses on a compact prediction comparison, this
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Split Strategy Train Val Test Test FQE ∆ vs Clin.

Random (standard) – – – 0.679 [0.673, 0.686] +28.6%
Chronological 2001–2008 2009–2010 2011–2012 0.665 [0.656, 0.674] +25.9%

Table 30: Chronological split robustness on MIMIC-III. The value estimate drops slightly under temporal shift but
remains above clinician behavior.

Method Category MIMIC-III FQE AUROC

Continuous State-Space DDQN (Raghu et al.,
2017b)

Model-free DDQN 0.476 0.822

Peng et al. 2018 Hybrid (kernel + deep) 0.493 0.828
Model-Based BNN Planner (Raghu et al., 2018) Model-based BNN 0.498 0.826
DDPG with Clinician Supervision (Huang et al.,
2022)

Continuous DDPG 0.529 0.844

AI Clinician Tabular 0.487 0.812
OPL-MT-MNAR MNAR-aware + DocProcess 0.679 0.886

Table 31: Broader sepsis-RL benchmark on MIMIC-III. These rows complement the primary baseline table and
document comparison to older sepsis-specific baselines.

appendix table makes the broader FQE/AUROC
comparison explicit.

Random Policy. Uniform distribution over the
9 actions at each step. Provides a lower bound on
policy performance.

Zero-Treatment. Always selects action (0, 0):
no fluids and no vasopressors. Tests whether any
treatment is beneficial on average.

Clinician (Behavioral Cloning). A policy
trained to imitate clinician actions via supervised
learning:

LBC = −E(s,a)∼D[log πBC(a|s)].

Uses the same encoder architecture as OPL-MT-
MNAR.

Continuous State-Space DDQN / Model-Based
BNN Planner (Raghu et al., 2017b, 2018).
These baselines represent the early deep-RL sepsis
line: model-free DDQN-style control, continuous-
state deep RL, and model-based BNN planning.
They are useful historically because they estab-
lished the 4-hour sepsis RL protocol, but they do
not model observation-process MNAR.

Peng et al. (2018) (Peng et al., 2018). A hybrid
kernel + deep RL baseline that mixes local similar-
ity structure with learned value estimates. It is a
strong pre-offline-RL comparator on MIMIC-III-
style sepsis benchmarks.

DDPG with Clinician Supervision (Huang et al.,
2022). A continuous-action sepsis RL baseline. It
is a direct comparator for the claim that continuous
control alone does not solve the MNAR observation
problem.

SBCQ (Fatemi et al., 2022). A Semi-MDP /
irregular-interval offline RL baseline. It is useful
for isolating whether irregular-time handling alone
can explain the gains of the proposed observation-
process model.

MedDreamer (Xu et al., 2025). A model-based
healthcare RL baseline with latent planning. Ap-
pendix P additionally reports the high-severity com-
parison where world-model compounding error is
most visible.

Implementation Notes. All methods are com-
pared under their canonical action-space and
decision-interval settings in the primary result ta-
bles. Cross-setting robustness is reported sepa-
rately in Table 10 and Table 11, rather than forcing
a single action/time discretization onto every base-
line.

O Ablation Studies

The controlled studies in this section are grouped
by topic for clarity.

O.1 Scope of the Additional Ablations
• Documentation-process ablations: Table 18

and Table 20 quantify the contribution of the
documentation-process embedding and GRU fac-
tor.
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Method Missingness Handling MIMIC-III FQE AUROC

Mean Imputation + LSTM Impute to mean 0.483 0.833
Forward Fill + LSTM Sample-and-hold 0.488 0.838
GRU-D (Che et al., 2018) Implicit time decay 0.508 0.844
BRITS (Cao et al., 2018) Bidirectional imputation 0.516 0.852
mTAND (Shukla and Marlin, 2021) Multi-time attention 0.523 0.858
MedDreamer World model + AFI 0.583 0.867
OPL-MT-MNAR Explicit MNAR + DocProcess + Text 0.679 0.886

Table 32: Appendix benchmark against stronger missingness-handling encoders on MIMIC-III. Explicit MNAR
features and documentation-process modeling improve both policy value and representation quality beyond strong
irregular-sampling baselines.

• Temporal granularity controls: Table 11 re-
ports the 1h / 2h / 4h / 8h decision-interval sweep.

• Action granularity controls: Table 10 compares
3×3, 5×5, and continuous action choices.

• High-frequency text controls: Table 13, Ta-
ble 14, and Table 16 show when nursing notes
matter most in MIMIC-III.

O.2 Takeaway
Taken together, these controlled studies support the
same conclusion as Table 2: the dominant gain
comes from preserving observation-process signal,
while discretization choice and irregular-time han-
dling act as complementary but secondary factors.

P Additional Subgroup Analysis

Table 33 expands the severity discussion with the
explicit low-SOFA versus high-SOFA comparison.

Method Low SOFA
High SOFA

(> 10) ∆

Clinician 0.681 0.192 –
MedDreamer 0.726 0.296 +54.2%
OPL-MT-MNAR 0.763 0.344 +79.2%

Table 33: Severity-focused subgroup comparison on
MIMIC-III. The relative advantage is largest in the
highest-acuity subgroup, where measurement and docu-
mentation intensity are most endogenous.

This subgroup pattern is consistent with the pro-
posed mechanism: observation-process signals are
most informative when patients deteriorate and
clinicians correspondingly measure and document
more aggressively.

Q Clinical Analysis Details

Q.1 Constrained Policy Optimization
To test whether richer state representations remain
useful under explicit safety constraints, we add a

constrained IQL variant with a Lagrangian penalty:

C̄ =
1

H

H∑

h=1

C(sh, ah),

Lconstrained = LIQL + λ
(
E[C̄]− κ

)
,

with κ = 0.10. We define C(sh, ah) = 1 when the
action violates rule-based Surviving Sepsis Cam-
paign constraints (e.g., high-dose vasopressors be-
fore adequate fluids, or continued aggressive fluids
after stabilization). Table 34 compares the uncon-
strained and constrained variants directly.

Method Constrained FQE Guideline Viol. (%)

Clinician – 0.528 7.9
IQL (Structured Only) × 0.591 18.2
IQL (OPL-MT-MNAR) × 0.679 13.1
C-IQL (Structured Only) ✓ 0.582 7.8
C-IQL (OPL-MT-MNAR) ✓ 0.662 5.3

Table 34: Constrained policy optimization on MIMIC-
III. Richer MNAR-aware states remain beneficial even
after adding explicit guideline constraints.

The constrained variant reduces guideline viola-
tions below the clinician baseline while preserving
a substantial value advantage, supporting the view
that better state estimation and explicit safety con-
straints are complementary rather than redundant.

Q.2 Text Attention Interpretability
Table 35 lists representative high-attention phrases
from the text branch and the clinical contexts they
correspond to.

A representative case is the note “worsening
hemodynamic instability,” which receives high at-
tention on deterioration tokens, a high gate value,
and a corresponding increase in vasopressor inten-
sity under the learned policy.

Q.3 Time-to-Deterioration Analysis
We also evaluate the auxiliary head in a time-to-
event setting by replacing the binary outcome head

26390



Keyword / Phrase Attention Clinical Context

worsening hemodynamic instability 0.231 Cardiovascular deterioration
new onset respiratory distress 0.198 Pulmonary decompensation
increased vasopressor requirements 0.172 Septic shock progression
positive blood cultures 0.143 Infection severity marker

Table 35: Representative high-attention nursing-note phrases (MIMIC-III).

with a discrete-time hazard model over the same
72-hour ICU window. Table 36 summarizes the
resulting short-horizon and longer-horizon deterio-
ration metrics on MIMIC-III.

Method C-index AOC@12h AOC@24h AOC@48h

Cox PH 0.687 0.718 0.703 0.691
Dynamic-
DeepHit

0.738 0.769 0.751 0.734

OPL-MT-MNAR
(Structured Only)

0.769 0.801 0.781 0.758

OPL-MT-
MNAR

0.821 0.859 0.832 0.801

Table 36: Time-to-deterioration analysis on MIMIC-
III. The MNAR-aware state is especially helpful for
short-horizon deterioration prediction, where fresh doc-
umentation is most informative.

The largest gain appears at 12 hours, which
is consistent with the broader text-MNAR story:
documentation-process signals are most useful for
near-term changes in acuity.

R Computational Analysis

Model Size. Full model with text fusion: 1.29M
parameters. Removing text fusion reduces to
1.05M parameters.

Training Time. On NVIDIA A100 (40GB):
Stage 1 pre-training ∼4h, Stage 2 frozen RL ∼5h,
Stage 3 fine-tuning ∼2.5h. Total: ∼11.5h per run.
Removing text fusion reduces total training time
by ∼19% to 9.2h.

Inference. Batch inference (256 patients):
14.2ms latency, 8.4GB memory. This translates to
sub-millisecond per-patient decisions, well within
real-time clinical requirements.

S Extended Related Work

S.1 Clinical Reinforcement Learning, Offline
RL, and Off-Policy Evaluation

Reinforcement learning for critical care has grown
substantially since the AI Clinician (Komorowski
et al., 2018), which established a common sepsis-
RL setup based on 4-hour decision intervals,

mortality-related rewards, and off-policy evalua-
tion from observational ICU data. Follow-up work
explored continuous state representations (Raghu
et al., 2017b), model-based approaches (Raghu
et al., 2018), and improved treatment policies un-
der heterogeneous patient responses (Peng et al.,
2018; Tang and Wiens, 2021; Huang et al., 2022;
Sun and Tang, 2025). More broadly, offline RL has
developed methods for stable policy learning un-
der distribution shift, including Batch-Constrained
Q-learning (BCQ) (Fujimoto et al., 2019), Con-
servative Q-Learning (CQL) (Kumar et al., 2020),
AWAC (Nair et al., 2021), and Implicit Q-Learning
(IQL) (Kostrikov et al., 2022). In parallel, off-
policy evaluation (OPE) has provided tools such
as importance sampling (IS) (Precup et al., 2000),
Per-decision importance sampling (PDIS) (Thomas
and Brunskill, 2016), doubly robust estimators
(Jiang and Li, 2016), and bootstrap-based uncer-
tainty quantification for assessing policies without
deployment (Hanna et al., 2017). In healthcare,
these methods are especially important because on-
line exploration is costly or infeasible. Our work
adopts this offline RL and OPE perspective, but
differs in learning patient states from partial mul-
timodal observations whose missingness patterns
are themselves informative.

S.2 Missing Data in Clinical Time Series

Missing data are pervasive in clinical time se-
ries and are often MNAR, since measurement and
documentation depend on latent patient severity
and clinician behavior (Little and Rubin, 2019;
Weiskopf and Weng, 2013; Agniel et al., 2018). In
structured clinical time series, GRU-D (Che et al.,
2018), BRITS (Cao et al., 2018), direct missing-
ness modeling (Lipton et al., 2016), and Raindrop
(Zhang et al., 2022b) account for irregular sampling
and missingness, but largely focus on prediction
rather than sequential decision-making. In mul-
timodal EHR settings, methods such as M3Care
(Zhang et al., 2022a), MissModal (Lin and Hu,
2023), DrFuse (Yao et al., 2024), and MUSE (Wu
et al., 2024) address missing modalities through fu-
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sion, disentanglement, or robustness mechanisms.
Our setting differs in two ways. First, we focus
on missingness that is endogenously driven by un-
observed factors (Xiong and Pelger, 2023; Duan
et al., 2024a,b; Li et al., 2024a,b, 2025a; Chen
et al., 2026). Second, rather than treating missing-
ness only as a nuisance to accommodate, we use
temporally evolving observation patterns across
structured data and clinical text as signals for learn-
ing patient state. The most closely related work is
Liang et al. (2025), which explicitly models infor-
mative missingness in multimodal EHR, but with-
out temporal dynamics or policy learning.
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