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Abstract

Recent advances in Medical Large Language
Models have shown strong performance in med-
ical question answering and clinical knowl-
edge understanding, yet real-world clinical
practice requires long-horizon, dynamic treat-
ment decision-making rather than static pre-
diction. Existing medical agent environments
are mostly turn-based, assuming patient states
change after actions while overlooking natu-
ral disease progression and delayed treatment
effects. We propose MedACE, a time-aware
asynchronous clinical world model, where pa-
tient evolution is formulated as an elapsed-time-
conditioned process driven by historical ob-
servations, treatment actions, clinical context,
and disease-level knowledge. Built from times-
tamped MIMIC-1V trajectories, our JEPA-style
simulator, MedWorld-JEPA, learns future pa-
tient state representations in latent space rather
than directly generating noisy clinical observa-
tions. Based on this simulator, we construct
an asynchronous treatment environment with
global time advancement, closed-loop patient
simulation, multi-step physician-agent interac-
tion, and outcome-grounded rewards. Experi-
ments on Hospital and ICU scenarios demon-
strate competitive physiological forecasting,
strong clinical consistency, and the importance
of jointly modeling time, disease progression,
and treatment effects. Agent evaluations fur-
ther show that current LLM-based physicians
struggle with long-horizon treatment decisions,
highlighting our environment as a challenging
foundation for future medical treatment agents.

1 Introduction

Recent years have witnessed rapid progress in Med-
ical Large Language Models (Med-LLMs), which
have achieved strong performance in medical ques-
tion answering, clinical knowledge understanding,
and static case analysis (Lee et al., 2020; Li et al.,
2023; Zhang et al., 2023; Sellergren et al., 2025;
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Figure 1: Differences between action-driven turn-based
and time-aware asynchronous clinical environments.

Jiang et al., 2025a). However, real-world clini-
cal practice is not a static benchmark, but a long-
horizon interactive process requiring continuous
observation, dynamic adjustment, and sequential
decision-making (Li et al., 2024; Zhu et al., 2026).
This calls for dynamic clinical environments that
can support long-term interaction, feedback, and
evaluation of medical agents, similar to the interac-
tive environments that have enabled recent progress
in general-purpose LLM agents (Liu et al., 2025).
Building such environments in medicine is chal-
lenging due to costly clinical interaction, long treat-
ment cycles, patient safety concerns, and the dif-
ficulty of large-scale repeated experiments. Exist-
ing studies have explored LLM-simulated patients
for doctor—patient conversations (Qiu et al., 2025;
Johri et al., 2025; Zhao et al., 2026; Schmidgall
et al., 2024) and virtual EHR platforms for clinical
data processing (Shi et al., 2024; Jiang et al., 2025b;
Xu et al., 2025). However, treatment decision-
making is more complex than medical question-
ing or information extraction, as it requires long-
horizon reasoning over time-sensitive, heteroge-
neous patient trajectories and complex state transi-
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Figure 2: (1) Data Construction: Timestamped MIMIC-IV trajectories are organized into structured physiological
time series and textual clinical context under Hospital and ICU scenarios. (2) Patient Simulator Training: A dual-
branch JEPA framework jointly models clinical time series and textual semantics to predict future latent patient states.
(3) Doctor Agent Training: Based on the patient simulator, we construct an interactive treatment environment
where doctor agents interact with asynchronously evolving patient states through long horizon decisions.

tions. Existing treatment-oriented simulators still
largely follow a turn-based paradigm, where patient
states change mainly after physician actions (Wu
et al., 2026; Choudhary et al., 2024). This passive-
response assumption overlooks continuous disease
progression and delayed treatment effects, making
it difficult for agents to learn intervention timing,
delayed-action costs, and long-term treatment con-
sequences.

To address these limitations, we model clinical
environments as time-aware dynamical systems
jointly driven by natural disease progression and
clinical interventions. Instead of assuming that
state transitions are triggered only by discrete physi-
cian actions, we formulate future patient states as:

(D

where s<; denotes the historical patient trajectory,
a<; denotes historical treatment actions, A¢ repre-
sents elapsed time, ¢ denotes textual clinical con-
text, and d denotes disease-level knowledge. Un-
der this formulation, future patient states are de-
termined by disease progression, treatment history,
elapsed time, and clinical semantic context, rather
than by a single-step action alone.

Motivated by this formulation, we propose
MedWorld-JEPA, a time-aware clinical world
model for treatment-oriented medical agents. The
idea is to model patient evolution as an elapsed-
time-conditioned latent dynamics process, rather

St+At = fe(Sgt, a<t, Ata c, d)v

than a turn-based response triggered only by physi-
cian actions. We introduce a JEPA-style (Chen
et al., 2025) latent patient simulator that learns clin-
ical state representations from timestamped patient
trajectories, providing an interface for modeling
sparse, noisy, and heterogeneous clinical observa-
tions in latent space.

Built upon this world model, we construct
MedACE, an asynchronous treatment environ-
ment for long-horizon physician-agent interaction.
MedACE contains Hosp and ICU scenarios, where
Hosp emphasizes longer-term inpatient progression
and complex examinations, while ICU focuses on
dense physiological time series and urgent clinical
conditions. Following the JEPA formulation, we
denote it as a clinical world model because it pre-
dicts future latent patient states conditioned on his-
torical observations and actions. The environment
maintains latent patient states, advances a clinical
clock, and decodes predicted latent states into ob-
servable clinical feedback when needed. Physician
agents interact with the evolving patient trajectory
through a closed loop of observe — act — simulate
— observe.

Experiments on Hospital and ICU scenarios
demonstrate the effectiveness of the MedACE
framework. The patient simulator achieves com-
petitive physiological forecasting and strong clin-
ical consistency compared with time-series and
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Table 1: Sequence distribution statistics on the MIMIC-IV dataset.

Setting  Patients Stays LOS/stay (h) Obs./stay Actions/stay Obs./h  Actions/h

Hosp 223,452 546,028 125.15 180.95 75.25 1.55 0.50

ICU 65,366 94,458 1.44 3720.49 1148.12  87.00 39.98
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Figure 3: Disease distribution and average clinical stay
duration under Hospital and ICU scenarios.

LLM-based baselines. Ablation studies validate
the necessity of jointly modeling elapsed time, nat-
ural disease progression, and action-conditioned
treatment effects. Moreover, evaluations of LLM-
based physician agents reveal that current general-
purpose LLMs still struggle with long-horizon
treatment decision-making under high-frequency
physiological changes and delayed feedback. Our
main contributions are summarized as follows:

* We formulate clinical state transition as a time-
aware asynchronous process, modeling pa-
tient evolution as the joint effect of disease
progression, treatment actions, elapsed time,
clinical context, and medical knowledge.

* We construct a latent clinical world model
from timestamped trajectories, where a JEPA-
style simulator learns future patient state rep-
resentations instead of directly generating
noisy and irregular clinical observations.

* We build an asynchronous treatment environ-
ment with time progression, closed-loop pa-
tient simulation, and outcome-grounded re-
wards, enabling evaluation of agents on both
action selection and intervention timing.

2.1 Time-Aware Trajectory Construction

We construct timestamped clinical trajectories from
MIMIC-1IV to support long-horizon and asyn-
chronously evolving patient state modeling. Each
trajectory contains structured physiological obser-
vations, treatment actions, and textual clinical con-
text, enabling future patient evolution to be mod-
eled under both disease progression and clinical
intervention history. To capture different temporal
dynamics, we build two scenarios: a Hospital sce-
nario for general inpatients and an ICU scenario for
critically ill patients with higher-frequency physio-
logical changes. We split the dataset at the patient
level to avoid trajectory leakage. Table 1 summa-
rizes the constructed datasets.

We generate supervised samples using a sliding
temporal window strategy. Given a reference time
t, the model observes historical information within
[t — H,t] and predicts future patient states in (¢, ¢ +
Al. The history length H and prediction horizon A
are set differently for Hospital and ICU scenarios
to reflect their distinct clinical temporal resolutions.
Structured patient histories are represented as multi-
channel trajectories:

c\T
X = {(Ui,ja Tijs mi,j)}izl,j=1’

(@)

where v; j, 7; j, and m; ; denote the observed value,
timestamp, and observation mask of variable ¢ at
time step j, respectively.

Textual context is constructed from chief com-
plaint, diagnosis, past medical history, and histor-
ical treatment actions to provide disease-level se-
mantic information. During training, future states
in the target window are used only by the target
branch for latent supervision and are never exposed
to the prediction branch, preventing future infor-
mation leakage. More details on scenario construc-
tion, sampling strategy, variable alignment, textual
context, and leakage prevention are provided in
Appendix A.

2.2 Training MedWorld-JEPA

We train the patient simulator as a latent clinical
world model using a dual-branch Joint Embedding

49732



Hosp ‘ ICU
Model RMSE| MAE| Range Agree? Outcome T ‘ RMSE| MAE| Range Agree? Outcome T
Time Series Models
MIRA 103.87 51.60 42.70% - 90.51 59.79 - -
Time-MoE-200M 132.45 42.58 39.67% - 57.63 13.08 - -
Large Language Models

DeepSeek-V4-Pro 46.19 14.43 70.00% 78.08% 30.67 10.22 94.45% 89.06%
GPT-5.2 42.05 13.80 72.23% 82.50% 30.50 9.53 94.82% 83.62%
Claude Sonnet 4.5 30.22 7.58 80.17% 87.46% 60.43 9.73 83.27% 85.97%
Gemini-3.1-Pro 29.96 7.49 81.01% 93.28% 60.27 9.17 93.54% 89.65%
Kimi-K2.6 104.02  29.03 56.09% 57.32% 33.59 18.39 92.23% 79.65%
Qwen3-235B-A22B  261.54  42.11 66.90% 68.08% 13.91 9.39 90.81% 82.22%
MedWorld-JEPA 55.41 16.73 77.91% 91.72% ‘ 16.87 9.52 98.51% 94.16%

Table 2: Performance comparison under Hospital and ICU scenarios. Lower RMSE/MAE indicates better physio-
logical prediction accuracy, while higher Range Agree and Outcome scores indicate better clinical consistency and

outcome prediction performance.
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Figure 4: Comparison of physiological trajectory prediction under ICU and Hospital scenarios.

Predictive Architecture (JEPA) (Chen et al., 2025).
We adopt this latent predictive framework because
time-aware patient simulation requires modeling
latent physiological evolution rather than directly
generating sparse, noisy, and irregular clinical ob-
servations. Direct observation prediction may am-
plify noise and accumulate errors during long-
horizon rollouts, while JEPA predicts future patient
representations in a compact latent space, enabling
the simulator to capture clinically meaningful state
transitions driven by disease progression, treatment
history, elapsed time, and clinical context. Observ-
able clinical outputs are decoded from predicted
latent states only when needed.

Model architecture. The patient simulator con-
sists of a context encoder, a time- and action-
conditioned predictor, a target encoder, and a clin-
ical decoder. Given a historical patient trajectory

before time ¢, the context encoder encodes struc-
tured physiological time series, textual clinical con-
text, clinical knowledge, and query information
into a compact latent representation. Specifically,
the structured time-series input X<; is encoded by
a pretrained clinical temporal encoder based on
MIRA (Li et al., 2026), while the textual clinical
context ¢, disease-level knowledge d, and query
text g are encoded by a frozen LLLM encoder. The
temporal and textual representations are integrated
by a cross-modal fusion module:
hy = F¢(Ets(X§t)7Etext(Ct,d, Q))7 3)
where Eis denotes the time-series encoder, Flext
denotes the text encoder, and F4 denotes the train-
able fusion module.
To model clinical state transitions, we introduce
a predictor that estimates the future latent patient
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state conditioned on the historical latent context,
elapsed time, and historical treatment actions:

ét—i—A = P’(l} (h‘ta EA, eagt)a (4)

where P is the trainable predictor, e is the
elapsed-time embedding, and e, _, denotes the em-
bedding of historical treatment actions. This time-
and action-conditioned design allows the simula-
tor to distinguish patient evolution under different
temporal intervals and intervention histories, rather
than assuming all transitions occur at fixed decision
steps. The target branch encodes the real future
window (t,t + A] into zt‘: A only during training,
providing latent supervision without exposing fu-
ture information to the prediction branch.

Training objective. The simulator is trained to
align the predicted future representation Z; A with
the target future representation Z;Sr A in latent space.
We use a symmetric contrastive objective, where
each predicted—target pair from the same patient
window is treated as a positive pair and other sam-

ples in the batch are treated as negatives. Let
sij = sim(%;, ) /T, (5)

where 7 is the temperature and sim(-, -) denotes
cosine similarity. The prediction loss is:

1 & exp(si;)
ﬁpred = 755 log —_—
2B ; S exp(si) ©
exp(sii)

B
Zj:l exp(s;i)

where B is the batch size. To avoid representation
collapse, we add a uniformity regularization term:

+ log

)

Luni = logEizjexp (<2[|z — 73), ()

where Z denotes ¢2-normalized latent embeddings.
The final latent dynamics learning objective is:

Liatent = £pred + AuniLuni- 3

Following a parameter-efficient training strategy,
the MIRA backbone and base LLM encoder are
frozen, while the fusion module, predictor, projec-
tion layers, and lightweight adapters are trainable.
The target branch is updated using Exponential
Moving Average (EMA):

etarget <~ matarget + (1 - m)eonlinea )

where m is the momentum coefficient.

Clinical decoding. After latent dynamics pre-
training, a lightweight decoder maps predicted la-
tent patient states into observable clinical outputs,
including future laboratory values, vital signs, and
clinical event descriptions. During environment
interaction, the decoded observations are commit-
ted back to the patient trajectory, enabling multi-
step simulation in the downstream asynchronous
treatment environment. Additional implementation
details are provided in Appendix B.

2.3 Construction of the MedACE

Based on the learned latent clinical world model,
we construct an asynchronous treatment environ-
ment for long-horizon physician-agent interaction.
For a patient trajectory, we denote the latent clini-
cal state, observable measurements, physician ac-
tion, and textual clinical context at time t as sy,
o, ag, and ¢y, respectively. Unlike conventional
turn-based simulators where state transitions are
triggered only by actions, i.e., sy11 = f(sk, ag),
we model patient evolution as:

sirat = fo(s<t, a<y, At, ¢, d), (10)
where s<; and a<; denote historical patient trajec-
tories and treatment actions, At denotes elapsed
time, and d denotes disease-level knowledge. This
formulation allows patient states to evolve under
both natural disease progression and historical in-
terventions.

At each interaction step, the physician agent
performs a tool-based action, the environment ad-
vances the global clinical clock by At, and the
simulator predicts future observations:

5t+At ~ Po (0t+At | 0<t, a<t, Ct, d)- (11)
The simulator maintains the latent state, while de-
coded observations are exposed to the physician
agent and appended to the observable patient tra-
jectory. The elapsed time At can vary across steps
according to the scenario and selected action, en-
abling asynchronous time advancement rather than
a fixed round-based clock. The resulting interac-
tion forms a closed loop of observe — reason —
act — simulate — observe.

During training and evaluation, each episode cor-
responds to a patient admission trajectory and each
step corresponds to a physician decision point. The
action space covers diagnostic, monitoring, ther-
apeutic, waiting, and terminal actions. To reduce
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Hosp ‘ ICU
Model RMSE| MAE| Range Agree?T Outcome 1 ‘ RMSE| MAE | Range Agreet Outcome T
Qwen3-0.6B 7689.90  83.04 64.98% 73.55% 75.17 22.99 62.76% 80.14%
+ SFT 546.73 32.62 65.86% 78.54% 78.96 26.58 66.42% 86.75%
MIRA 103.87 51.60 42.70% - 90.51 59.79 - -
MedWorld-JEPA 55.41 16.73 77.91% 91.72% ‘ 16.87 9.52 98.51% 94.16%

Table 3: Ablation study under Hospital and ICU scenarios. Lower RMSE/MAE indicates better physiological
prediction accuracy, while higher Range Agree and Outcome scores indicate better clinical consistency and

downstream outcome prediction performance.

reward hacking from simulator-generated interme-
diate states, we use sparse rewards grounded in real
clinical endpoints. The agent receives reward only
when it executes the correct terminal action near
the true terminal time:

re =llar = a™ N |t — 7| < ¢, (12)
where o denotes the correct terminal action, t*
denotes the true terminal time, and € denotes the al-
lowable temporal tolerance window. This outcome-
grounded design encourages agents to learn treat-
ment selection, intervention timing, delayed treat-
ment effects, and termination decisions. Additional
environment details are provided in Appendix C.

3 Experiments

3.1 Main Results

Evaluation tasks and metrics. We evaluate the
proposed framework on physiological state predic-
tion and clinical outcome prediction. For physio-
logical prediction, we assess numerical accuracy
and clinical interpretability. In the Hosp scenario,
MIMIC-1V provides normal-range annotations, so
we compute Range Agree by measuring whether
predicted values fall into the same clinical range
as the ground truth, indicating whether the model
correctly identifies normal or abnormal physiolog-
ical states. In the ICU scenario, where explicit
normal ranges are unavailable but warning labels
indicate critical thresholds, we prompt generative
models to output binary warning predictions and
use them to compute ICU Range Agree. For out-
come prediction, patients who die during hospital-
ization or are discharged to hospice care and die
within six months are defined as treatment failures,
while the others are considered recovered. The
model predicts whether the patient should be dis-
charged at the current time, whether discharge will
occur within the next 4h or 12h, and whether no
significant event will occur within the next 12h. We

use prediction accuracy as the outcome evaluation
metric.

Baselines. We compare two categories of mod-
els. The first includes traditional time-series fore-
casting models, namely the specialized medical
temporal model MIRA (Li et al., 2026) and the
general time-series model Time-MoE-200M (Shi
et al., 2025). The second includes state-of-the-art
LLMs, including DeepSeek-V4-Pro (DeepSeek-Al,
2026), GPT-5.2 (Singh et al., 2025), Claude Son-
net 4.5 (Anthropic, 2025), Gemini-3.1-Pro (Google
Al for Developers, 2026), Kimi-K2.6 (Moonshot
Al, 2026), and Qwen3-235B-A22B (Yang et al.,
2025). Compared with conventional time-series
models, LLMs can leverage richer textual context,
including treatment actions, patient history.

Quantitative results. Table 2 reports the experi-
mental results. Traditional time-series models gen-
erally show higher prediction error and lower clini-
cal consistency, as they rely only on structured tem-
poral inputs and cannot effectively use treatment ac-
tions or textual clinical knowledge. This limitation
is especially evident in the Hosp scenario, where
sparse temporal signals make MIRA and Time-
MOoE substantially worse than LLM-based meth-
ods in RMSE and MAE. LLM baselines achieve
stronger overall performance, suggesting the im-
portance of textual semantics and disease knowl-
edge for clinical state prediction. However, with-
out explicit temporal dynamics modeling, they re-
main unstable in the ICU scenario, particularly for
high-frequency physiological fluctuations and ab-
normal transitions. Our model achieves the best
overall ICU performance, significantly outperform-
ing all baselines in RMSE, Range Agree, and out-
come prediction accuracy, showing that temporal
encoders, asynchronous evolution modeling, and
disease knowledge help capture long-term clinical
dynamics and delayed treatment effects.
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. Time- Natural Action- Range  Outcome

Environment aware Progression conditioned RMSE | MAE | Agree T  Acc. T
Hosp

Action-based X X v 714.37 55.56  60.82% 63.91%

Time-based (MIRA) v v X 103.87 51.60  42.70% -

w/o Timestamp X v v 593.20 47.60  68.09%  72.64%

Ours v v v 55.41 16.73  7791% 91.72%
ICU

Action-based X X v 106.43 3206 6251% 51.34%

Time-based (MIRA) v v X 90.51 59.79 - -

w/o Timestamp X v v 91.82 28.56  67.12%  81.56%

Ours v v v 16.87 952 9851% 94.16%

Table 4: Ablation study on environment modeling strategies under Hospital and ICU scenarios. Time-aware
indicates whether explicit temporal evolution is modeled; Natural Progression denotes whether disease progression
is modeled independently of physician actions; Action-conditioned denotes whether patient transitions depend on
treatment actions. Our full model consistently outperforms all ablations, highlighting the importance of jointly
modeling temporal dynamics, natural disease progression, and intervention effects.

Qualitative trajectory analysis. Figure 4 further
provides a detailed comparison of predicted phys-
iological trajectories. MedWorldJEPA better pre-
serves the temporal trend of ground-truth clinical
indicators, especially when patient states undergo
abrupt increases or decreases. In contrast, LLM-
based baselines often exhibit delayed responses:
their predictions tend to follow previous historical
trends rather than anticipate the next physiologi-
cal transition. This suggests that general-purpose
LLMs are largely imitating past trajectory patterns
from the observed context, rather than truly model-
ing future patient dynamics. Such lagging behavior
is particularly problematic in ICU scenarios, where
physiological variables change rapidly and delayed
prediction may lead to incorrect clinical interpreta-
tion. These qualitative results further support our
quantitative findings that explicit temporal encod-
ing and asynchronous state-transition modeling are
essential for accurate patient simulation.

3.2 Ablation Study

Table 3 presents the ablation study under both
Hospital and ICU scenarios. Starting from the
base LLM (Qwen3-0.6B), supervised fine-tuning
(+SFT) significantly improves both physiological
prediction and outcome prediction performance,
demonstrating the effectiveness of leveraging tex-
tual clinical context and disease knowledge. How-
ever, since the +SFT setting does not include the
temporal encoder and relies solely on textual mod-
eling, its performance remains limited in scenarios
with complex physiological dynamics, particularly
in the ICU setting. In contrast, MIRA, which only
utilizes structured temporal modeling without tex-

tual semantics, achieves relatively lower RMSE in
some settings but suffers from poor clinical consis-
tency and lacks effective outcome prediction ability,
indicating that time-series information alone is in-
sufficient for complex clinical transitions.

Our full model achieves the best overall perfor-
mance across both Hospital and ICU scenarios.
By jointly integrating temporal encoding, asyn-
chronous temporal evolution modeling, and tex-
tual clinical semantics, the proposed framework
significantly improves RMSE, Range Agree, and
outcome prediction accuracy. The improvement is
especially pronounced in the ICU setting, demon-
strating that combining structured physiological
dynamics with disease-level semantic knowledge
is critical for modeling long-term patient trajecto-
ries and delayed treatment effects.

3.3 Doctor Agent Evaluation

We evaluate different models as doctor agents in
the constructed virtual treatment environment. As
shown in Table 5, general-purpose LLMs with-
out environment training commonly exhibit severe
early discharge behavior. In both Hosp and ICU
scenarios, most models terminate treatment after
only a few interaction steps, indicating that al-
though they possess medical knowledge, they have
not learned to continuously observe patient states,
wait for delayed feedback, or make long-horizon
decisions in a dynamic environment. Among these
models, Claude Sonnet 4.5 achieves the highest
Hosp success rate of 26.00% with 21.56 average
steps, showing relatively stronger sustained inter-
action and treatment planning ability. However, its
Failure / Dead rate reaches 9.33%, suggesting that a

49736



Model Success Failure Early Discharge  Steps
Hosp
Claude Sonnet 4.5 26.00%  9.33% 64.67% 21.56
Gemini-3.1-Pro 13.33% 3.33% 83.33% 6.63
GPT-5.2 10.67%  1.33% 88.00% 5.96
DeepSeek-V4-Pro 9.33%  0.67% 90.00% 5.49
Qwen3-235B-A22B  7.33%  9.33% 82.67% 3.32
Qwen3-8B 6.67%  24.00% 69.33% 5.48
+SFT 15.42% 18.54% 66.04% 9.25
+RL 35.68% 23.65% 40.67% 25.76
ICU
Claude Sonnet 4.5 592%  1.32% 92.76% 9.45
Gemini-3.1-Pro 329%  0.66% 96.05% 5.78
GPT-5.2 2.63%  0.66% 96.71% 5.26
DeepSeek-V4-Pro 1.32%  0.00% 98.68% 4.11
Qwen3-235B-A22B  1.32%  4.61% 94.08% 3.70
Qwen3-8B 1.97% 17.76% 80.26% 3.92
+SFT 395% 19.74% 76.31% 15.58
+RL 15.79% 36.18% 48.03% 29.62

Table 5: Evaluation results of LLM-based physician
agents in the constructed virtual treatment environment.

longer interaction horizon alone does not guarantee
better treatment quality.

For trainable models, supervised fine-tuning
(SFT) helps the model acquire initial long-horizon
reasoning and interaction behaviors by imitating
more reasonable clinical patterns and reducing pre-
mature termination. The main improvement comes
from reinforcement learning (RL). In the Hosp sce-
nario, RL increases the Success rate to 35.68%, out-
performing all general-purpose LLM baselines, and
reduces Early Discharge to 40.67%. In the ICU sce-
nario, RL improves the Success rate from 3.95% to
15.79% and reduces Early Discharge from 76.31%
to 48.03%. The Avg. Step also increases to 25.76
and 29.62 in Hosp and ICU, respectively, indicating
that RL substantially enhances long-horizon treat-
ment decision-making by discouraging premature
discharge and encouraging extended interaction.

However, RL introduces risks. As the model re-
duces early termination and performs longer, more
complex interventions, the Failure / Dead rate in-
creases from 18.54% to 23.65% in Hosp and from
19.74% to 36.18% in ICU. This suggests that al-
though the RL strategy mitigates early discharge
and improves treatment success, it may also lead to
prolonged or insufficiently optimized interventions
for high-risk patients, increasing treatment failure.
Overall, these results show that the proposed envi-
ronment can drive models from short-sighted ter-
mination toward long-horizon interactive decision-
making, while future work should refine reward
design to better balance premature-discharge re-
duction, risk control, and failure prevention.

4 Related Work

Recent research on LLM agents has shifted from
static instruction-following datasets to interactive
training and evaluation environments, where agents
learn through multi-turn action-observation trajec-
tories, tool use, and verifiable feedback (Tu et al.,
2026; Song et al., 2026; Xiao et al., 2026). This
trend highlights the need for scalable, executable,
and realistic environments for SFT/RL training. Re-
cent studies further note that many benchmarks
still assume a sequential protocol in which the
environment is paused while the agent acts, fail-
ing to capture asynchronous real-world dynamics
where states evolve independently, feedback may
be delayed, and new events may emerge (Froger
et al., 2025). A similar shift is emerging in medi-
cal agents, where evaluation is moving from static
medical question answering to interactive clini-
cal environments that reflect real diagnostic and
treatment workflows (Schmidgall et al., 2024; Li
et al., 2024; Qiu et al., 2025; Choudhary et al.,
2024; Wu et al., 2026; Zhao et al., 2026; Zhu et al.,
2026). These environments increasingly empha-
size multi-turn information gathering, examination
selection, tool/API interaction, patient state transi-
tions, and closed-loop evaluation. Following clini-
cal environment simulator frameworks that suggest
jointly modeling disease progression, intervention
responses, temporal delays, and hospital-level re-
sources (Luo et al., 2026), our work focuses on
treatment-oriented asynchronous patient dynamics,
where patient states evolve over time and treatment
effects may appear only after a delay.

5 Conclusions

We propose a time-aware asynchronous clinical en-
vironment, MedACE, for treatment-oriented medi-
cal agents. By modeling physiological trajectories,
textual clinical context, elapsed time, and treat-
ment actions, it captures natural disease progres-
sion and delayed intervention effects beyond turn-
based simulators. Built on a latent patient simulator,
MedWorld-JEPA, it supports long-horizon, closed-
loop physician-agent interaction with outcome-
grounded evaluation. Experiments in Hospital
and ICU scenarios demonstrate effectiveness in
physiological forecasting, clinical consistency, and
agent evaluation, while revealing limitations of cur-
rent LLM-based agents in long-horizon treatment
decision-making and the need for realistic dynamic
environments and safer reward designs.
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Limitations

This work mainly focuses on building a time-
aware asynchronous clinical environment for long-
horizon medical treatment agents. While we
also perform preliminary reinforcement learning
for doctor-agent training, the current setting only
adopts GRPO with outcome-based rewards. This
sparse reward design may not fully capture fine-
grained clinical requirements such as intervention
timing, risk control, and safe treatment planning.

Experimental results show that RL reduces early
discharge and improves treatment success, but also
leads to instability, including an increased Failure /
Dead rate after training. This indicates that doctor-
agent training in dynamic clinical environments
requires more carefully designed reward functions
and RL algorithms. Future work will further ex-
plore safety-aware reward modeling, denser clini-
cal feedback, and more stable optimization strate-
gies for training doctor agents.

Ethical Considerations

This work is intended only for research on sim-
ulated medical agent evaluation and should not
be used for real-world diagnosis, treatment rec-
ommendation, triage, or autonomous clinical de-
ployment. Any clinical application would require
rigorous prospective validation, regulatory review,
and supervision by qualified healthcare profession-
als. The data used in this study are derived from
de-identified EHR records, and researchers must
follow the corresponding data use agreements and
privacy requirements. We do not attempt to re-
identify patients or release individual-level records.
A key ethical risk is that simulated doctor agents
may produce unsafe, biased, or overconfident treat-
ment decisions. Since the simulator approximates
clinical dynamics, its outputs should be interpreted
as experimental simulation signals rather than med-
ical advice.
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Use of AI Assistance

We used an Al-based writing assistant to support
language polishing, grammar correction, and clar-
ity improvement during manuscript preparation.
The assistant was also used to help identify poten-
tial inconsistencies, formatting issues, and minor
detail errors in the manuscript. All technical ideas,
experimental design, data analysis, results inter-
pretation, and final conclusions were developed,
verified, and approved by the authors. The authors
take full responsibility for the accuracy, integrity,
and originality of the submitted work.

A Time-Aware Trajectory Construction
Details

Scenario Construction We construct two clini-
cal scenarios according to the care setting of each
patient trajectory. The Hospital scenario is de-
signed for general hospitalized patients, where clin-
ical observations are relatively sparse and patient
state evolution usually reflects longer-term disease
progression. The ICU scenario is designed for crit-
ically ill patients, where physiological measure-
ments and treatment actions are recorded more fre-
quently, requiring higher temporal resolution to
capture rapid deterioration and short-term physio-
logical fluctuations.

The two scenarios therefore use different tempo-
ral resolutions. This design allows the patient sim-
ulator to learn both long-term inpatient progression
and high-frequency critical care dynamics within a
unified time-aware modeling framework.

Sliding Window Sampling For each patient tra-
jectory, we generate supervised samples using a
sliding temporal window strategy. Given a refer-
ence time point ¢, the historical context window
[t — H,t] is used as model input, while the future
target window (¢, ¢ + A] provides supervision for
future state prediction. Here, H denotes the history
length and A denotes the prediction horizon.

In the Hospital scenario, we set H = 48h and
A = 4h, enabling the model to capture long-range
clinical progression. In the ICU scenario, we set
H = 4h and A = 0.5h, allowing the model to fo-
cus on high-frequency physiological changes. His-
torical observations, treatment actions, and textual
clinical context are temporally aligned within the
same window.

Clinical Variables and Action Alignment Struc-
tured time-series variables include laboratory val-

ues and vital signs, such as creatinine, glucose,
heart rate, blood pressure, oxygen saturation, and
other clinically relevant measurements. Since real-
world clinical records are irregularly sampled and
contain missing values, each variable is represented
by its observed value, timestamp, and observation
mask:

C,T
X = {(vigj, iy mivj)}i:Ljil'

This representation preserves temporal information
and enables the model to handle irregular sampling,
missing observations, and heterogeneous recording
frequencies.

Historical treatment actions are aligned with the
observation window. These actions include medi-
cations, procedures, laboratory orders, monitoring
events, and other intervention-related records. De-
pending on the input modality, treatment actions
are incorporated into either the structured action
history or the textual clinical context, allowing the
simulator to condition future state prediction on
both natural disease progression and intervention
history.

Textual Clinical Context In addition to struc-
tured time-series data, we construct textual clinical
context to provide semantic information that may
not be fully captured by numerical observations.
The context integrates chief complaint, diagnosis,
past medical history, and historical treatment ac-
tions, enabling the model to incorporate disease-
level priors and long-range clinical semantics.

We also construct query text to specify the pre-
diction target. For example, the query may ask
the model to predict a future laboratory value or
clinical event within a specific horizon:

“Predict future potassium level in the next 4
hours.”

This query-conditioned design allows the simula-
tor to focus on specific future clinical variables
or events while sharing the same historical patient
context.

Target Construction and Leakage Prevention
The real patient states within the future target win-
dow (t,t + A] are organized as target represen-
tations for latent supervision. These targets may
include future physiological measurements, clin-
ical events, and target text constructed from the
future window.

Importantly, future information is used only by
the target branch during training. The prediction
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branch only receives historical observations, his-
torical treatment actions, textual clinical context,
disease-level knowledge, and elapsed-time infor-
mation. During inference and environment inter-
action, the target branch is removed, and future
patient states are predicted solely from historical in-
formation. This design prevents future information
leakage while enabling JEPA-style latent future
state prediction.

Patient-Level Data Split Because multiple
sliding-window samples can be generated from the
same patient trajectory, we split the dataset at the
patient level. This ensures that samples from the
same patient do not appear across training, valida-
tion, and test sets, reducing trajectory leakage and
providing a more reliable evaluation of generaliza-
tion to unseen patients.

B Latent Clinical World Model Details

Architecture Details The latent clinical world
model follows a dual-branch JEPA-style architec-
ture. The prediction branch, also referred to as the
online branch, receives only historical information,
including structured physiological time series, tex-
tual clinical context, historical treatment actions,
disease-level knowledge, query text, and elapsed-
time condition. The target branch receives the real
future window and is used only during training to
provide latent supervision.

The context encoder contains two modality-
specific encoders. The time-series encoder is ini-
tialized from the pretrained clinical temporal model
MIRA, which is designed for irregularly sampled
physiological trajectories. The text encoder is im-
plemented with a frozen LLM encoder to provide
clinical semantic representations from textual con-
text, disease knowledge, and query text. The output
representations from the two encoders are fused by
a trainable cross-modal fusion module. In our im-
plementation, only the fusion module, predictor,
projection layers, lightweight adapters, decoder,
and other task-specific heads are updated during
training, while the MIRA backbone and base LLM
encoder remain frozen.

Time and Action Conditioning To support time-
aware patient state transition, the predictor is ex-
plicitly conditioned on elapsed time and historical
treatment actions. The elapsed-time embedding e
represents the prediction horizon between the cur-
rent reference time ¢ and the future target time t+A.

The treatment-action embedding e,_, summarizes
historical interventions, including medications, pro-
cedures, laboratory orders, monitoring events, and
other clinically relevant actions.

This design allows the simulator to model differ-
ent future trajectories under different elapsed-time
intervals and intervention histories. For example,
the same patient state may evolve differently after
a short waiting period, a delayed treatment, or an
immediate intervention. Therefore, conditioning
on both elapsed time and action history is essen-
tial for modeling natural disease progression and
delayed treatment effects.

Target Branch and Leakage Prevention The
target branch encodes the real patient state within
the future target window (¢, ¢+ A]. Its input may in-
clude future physiological measurements, clinical
events, and target text constructed from the future
window. The target representation z:; A 1s used as
latent supervision for the prediction branch.

Importantly, the target branch is used only dur-
ing training. Future observations and target text are
never provided to the prediction branch. During
inference and environment interaction, the target
branch is removed, and the simulator predicts fu-
ture latent states solely from historical observations,
historical treatment actions, textual clinical context,
disease-level knowledge, and elapsed-time infor-
mation. This prevents future information leakage
while enabling latent future state prediction.

Training Details The simulator is trained with a
latent prediction objective and a representation reg-
ularization objective. The symmetric contrastive
loss aligns predicted future representations with tar-
get future representations, while using other sam-
ples in the batch as negatives. The uniformity reg-
ularization term encourages latent embeddings to
remain well distributed and reduces the risk of rep-
resentation collapse.
The final latent training objective is:
ﬁlatent = Epred + )\uni['uni- (13)
The target branch is updated using EMA rather than
direct gradient updates, which stabilizes the latent
target space and improves long-horizon dynamics
modeling.

Clinical Decoder After latent dynamics pretrain-
ing, we train a lightweight clinical decoder to map
predicted latent patient states back to observable
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outputs. For continuous variables such as labora-
tory values and vital signs, the decoder is optimized
with regression losses. For discrete clinical events
or outcome-related descriptions, the decoder can be
optimized with classification or language modeling
losses.

During environment interaction, the predicted
latent state is decoded into observable clinical out-
puts. These outputs are exposed to the physician
agent and appended to the observable patient trajec-
tory, allowing the downstream treatment environ-
ment to perform multi-step closed-loop simulation.

Implementation Notes The latent clinical world
model is designed to decouple patient dynamics
modeling from observation generation. The predic-
tion branch learns the latent transition of patient
states, while the decoder produces observable clini-
cal feedback only when required by the treatment
environment. This design reduces the burden of
directly generating heterogeneous clinical records
at every step and improves stability during long-
horizon rollouts.

C Asynchronous Treatment Environment
Details

Environment State and Observation The asyn-
chronous treatment environment is built upon the
learned latent clinical world model. Internally, the
simulator maintains a latent patient state s;, which
summarizes the patient’s physiological condition,
disease progression, treatment history, and clinical
context up to time ¢. The physician agent does not
directly observe this latent state. Instead, it receives
decoded observable clinical feedback o, including
laboratory values, vital signs, clinical events, and
textual descriptions generated from the simulator.

At each step, the environment appends the newly
predicted observation 0.4 A+ to the observable pa-
tient trajectory. This allows the agent to interact
with a continuously evolving patient history rather
than a static case description.

Action Space The physician agent interacts with
the environment through tool-based actions. We
organize the action space into five categories:

 Diagnostic actions: ordering laboratory tests,
imaging examinations, or other diagnostic pro-
cedures.

* Monitoring actions: checking vital signs,
reviewing laboratory results, or monitoring
changes in patient condition.

* Therapeutic actions: prescribing medica-
tions, performing procedures, or adjusting
treatment plans.

* Waiting actions: choosing no immediate in-
tervention and allowing time to advance.

» Terminal actions: discharging the patient or
terminating treatment when a final clinical
endpoint is reached.

This action design allows the environment to
evaluate not only which treatment action is selected,
but also whether the agent chooses appropriate di-
agnostic, monitoring, waiting, or terminal decisions
over a long-horizon trajectory.

Asynchronous Time Advancement Unlike turn-
based simulators that update patient states only
after discrete action rounds, our environment main-
tains a global clinical clock. After the physician
agent executes an action, the environment advances
time by an elapsed interval At. The value of At
can depend on both the clinical scenario and the
selected action.

For example, the Hospital scenario uses a coarser
temporal resolution to reflect slower inpatient dis-
ease progression, while the ICU scenario uses a
finer temporal resolution to capture rapid physi-
ological changes. In addition, different actions
may imply different time costs: waiting directly
advances the clock, diagnostic actions may require
time before results become available, and thera-
peutic actions may have delayed physiological ef-
fects. This design supports asynchronous patient
evolution and allows the simulator to model both
natural disease progression and delayed treatment
responses.

Closed-Loop Simulation Procedure At each in-
teraction step, the environment follows the closed-
loop procedure below:

1. The physician agent observes the current pa-
tient information o<; and textual clinical con-
text ¢;.

2. The agent reasons over the patient history and
selects a tool-based action a;.

3. The environment advances the global clock by
At according to the scenario and action.

4. The latent clinical world model predicts the
future patient state conditioned on historical
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observations, historical actions, elapsed time,
clinical context, and disease-level knowledge.

5. The predicted latent state is decoded into ob-
servable clinical outputs 04 A;.

6. The decoded observations are appended to the
patient trajectory and exposed to the agent at
the next step.

This process forms a closed loop of observe —
reason — act — simulate — observe, enabling
long-horizon physician-agent interaction with asyn-
chronously evolving patient states.

Outcome-Grounded Reward Construction To
reduce reward hacking caused by simulator-
generated intermediate feedback, we use sparse
rewards grounded in real clinical endpoints rather
than dense rewards derived from simulated states.
Each episode is associated with a real patient out-
come. If the patient is successfully discharged, the
correct terminal action is discharge; if the patient
reaches treatment failure or death, the correct ter-
minal action is finish_treatment. The reward is
defined as:

re=Ta=a*Alt—t|<d, (14

where a* denotes the correct terminal action, ¢* de-
notes the true terminal time, and € is the allowable
temporal tolerance window.

This reward design encourages the agent to iden-
tify both the correct terminal decision and the ap-
propriate timing. Intermediate treatment behaviors
are encouraged indirectly through their influence
on future simulated patient states and terminal tim-
ing. As aresult, the environment evaluates whether
an agent can balance treatment selection, delayed
treatment effects, continuous monitoring, and ter-
mination decisions over long clinical horizons.
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