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@ Background



World Models: From Game Intuition to Clinical Intuition

Current state Action World model Future state
St at fo §:+1:r+H

» In games: screen + control input — the next visual frame.

» In robotics: sensors + motor command — the next pose.
» In medicine: patient state + treatment/test/medication — future condition.

Key point: a world model emphasizes dynamic transition, not only static classification.
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Translating World Models into Clinical Language

Machine learning Clinical meaning

concept

State The patient’s real but only partly observed physiological state, such as
organ function, tumor burden, or inflammation.

Observation Recorded data, such as vital signs, laboratory tests, imaging, and clinical
notes.

Action Orders, medications, surgery, radiotherapy, tests, and nursing interven-
tions.

Transition State change caused jointly by natural disease course and treatment.

Rollout Multi-step simulation into the future, for example the next 48 hours in
the ICU.

Value / risk Mortality, recurrence, organ failure, length of stay, or survival probability.




Why Medical World Models Are Difficult

>

The state is not fully observed: the real
physiology is only seen indirectly through
EHR, imaging, and tests.

Actions are not randomized: physicians
choose treatment according to severity, so
EHR data are strongly confounded.

Time is irregular: ICU data may be hourly,
while oncology follow-up may be weeks or
months apart.

Errors accumulate: one-step prediction may

look good, but multi-step simulation can drift.

What is EHR?

EHR = Electronic Health Record. It
is time-series data left in hospital infor-
mation systems: diagnoses, vital signs,
laboratory tests, medication orders, pro-
cedures, nursing records, and progress

notes.
(& J

e N
Safety boundary

EHR is a recorded observation, not the
patient’s true physiological state itself.
These papers show predictive and simu-
lation ability on research data; this is
not the same as a deployable clinical
system.

- J




Putting the Three Papers

Clin-JEPA: A Multi-Phase Co-Training Framework
for Joint-Embedding Predictive Pretraining on EHR
tient Trajectorics

Clin-JEPA
ICU EHR latent trajectory prediction EHRWorld
Patient-centered full-stay EHR event
simulation
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CLARITY
Latent-space trajectory under oncology
treatment



@ Clin-JEPA



What Problem Does Clin-JEPA Address?

Core question:
Can we train an EHR backbone that supports both future patient-state simulation and multiple
ICU risk tasks, instead of doing separate feature engineering and fine-tuning for each task?

» Input: hourly clinical observations, interventions, and admission demographics from MIMIC-IV
ICU.

» Representation: each hourly EHR text is encoded into a 4096-dimensional latent embedding.
» World model: a latent trajectory predictor is retained for autoregressive rollout in latent space.

» Challenge: joint training of the encoder and predictor can easily collapse or drift.



JEPA Intuition: Predict Representations, Not Raw Data

Visible part context encoder predictor Target representation
context Econtext Py target embedding
> — Joint. . _— .
JEPA = Joint-Embedding Predictive Architecture. B —
P It is a self-supervised framework that predicts in

representation space: inputs are encoded into latent

embeddings, then the model predicts embeddings of
masked or future states.

@ context encoder: encodes the known part

) . 2y = Econtext (Xvisible)
P It does not directly reconstruct pixels, waveforms, or

raw text, so it focuses more on high-level semantics and

dynamics @ target encoder: encodes the target part, often

serving as a stop-gradient or EMA teacher

» Clin-JEPA transfers this idea by replacing image patches signal

Wiﬂ.] hourly ICU EHR an.d the target with the next-hour 2, = Earget (Xarget)

patient-state representation.

© predictor: predicts the target embedding from
the context embedding

2, = Po(z), L = d(z,sg(z,))




From Image JEPA to EHR JEPA

Question Image/video JEPA Clin-JEPA
Context Image patches, video clips Past several hours of ICU EHR
Target Embedding of masked patches Next-hour patient-state
or future frames embedding
Action Usually weak or post-hoc in Medication, ventilation,

Is the predictor kept?
Main risk

video
Often discarded
Representation collapse

procedures, and action text
Kept for future rollout
Collapse + online/target drift




What Does Clin-JEPA's EHR Input Look Like?

Hourly state text s; ( h
t=12h | Heart rate: 88 bpm. S = {d, (51, al), 000 (ST7 aT)}, T 72
MAP: 62 mmHg.
Lactate: 2.1 mmol/L. d: static demographics such as age, sex, and race;
SOFA: ... s;: observations at hour t, including vital signs, labs, and

ventilator settings;

a;: interventions at that hour, such as medications, proce-
Hourly action text a; dures, and ventilation.

N J

t=12h | Norepinephrine:
: kg/min. o
0.08 mcg/kg/min » Convert vital signs, laboratory results,

Propofol: 40 mcg/kg/min.

medications, and ventilator settings into
structured natural-language text.

» This reduces complex preprocessing such as
missing-value imputation and normalization.

» The goal is for the LLM encoder to read hourly
EHR first, then let the predictor learn
cross-hour dynamics.
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Clin-JEPA Architecture Overview

EHR Text

LLM Encoder

Predictor

~N

gy g g g g R

Demographics d
Age: 67. Sex: M.

State s,

t=1h | WR 102 bpm.

AP 58 maig.

Lactate 3.2 mol/L.
(oo

Online Encoder E (shared)
Qwen3-8B
Frozen =
LoRA adapters
Trainable %

Action a,

meg/kg/min.
Mech. vent. ...

tate s,

t=2h | HR 95 bpm.

AP 65 mag.

Lactate 2.8 mmol/L.
5.

t=1h | Norepi 0.85
\

last-token hidden state — R*%°

input sequence (length 2T +1)

\ output: 2, € 0%

)

v
EMA update
©=0.996

EMA Target Encoder £,
architecturally identical

[ Latent Trajectory Predictor P \

J

‘

1 Block-causal
self-attention

d 5 a o

£, Loss =
1 Lp=Nz,, =z N, o 0 P T
+2:tep roloutloss | | e |

durin, ining only
discarded at inference

Y
| 2%, from £ d globally visible - within-
block bidrections! - across-

stop-grad @ block causal

Five-Phase Co-Training
Curriculum

# Phase Encoder LoRA

1 Warmup

2 Co-training *
3 Alignment

4 Hard sync
5 Finalize

* Phase 2 alone updates the online
encoder LoRA, producing dynamically
grounded representations under a
shared JEPA prediction objective;
surrounding phases prevent
representation collapse and

P

t drift. Full sch le in
Tah.lzlf y; i

blati in@

0 Encoder E: based on Qwen3-8B, using LoRA to map text segments of s;, a;, and d into 4096-dimensional latent
embeddings, denoted z;, ug, and zg.

@ Latent trajectory predictor Py: an approximately 92M-parameter Transformer that takes embedding sequences in latent
space and predicts the next state embedding z; .
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Key Formula 1: Encoding and Rollout

z: = E(st), ur = E(a), zg= E(d), zut,z4 € R4096

Zevh = Po(Z1:t4h—1, Ut:t4h—1, Zd), h=1,...,H
- z, j<t
Zi=19. .
y, j>t

z; is the latent vector for the patient’s state in this hour.

uz is the latent vector for treatment and intervention in this hour.

During inference, the predictor can autoregressively simulate trajectories over H hours.

vvyVvyy

Z; uses real embeddings for historical steps (j < t) and the model’s own prior predictions for future
steps (j > t).

v

In rollout, predicted Z is fed back into the model to predict further future states.



Key Formula 2: Training Objective and EMA Target

A(b) target (b)
Zir1 — Ze1

1
[’TFIM Z

(b,t)EV
L= ['TF i Eroll, etarget <~ Tetarget + (1 - T)eonline

» The target encoder provides a stop-gradient anchor to prevent the target space from moving
erratically.

» Use /; instead of MSE: it is more robust for heavy-tailed clinical variables.

» L.on trains multi-step stability with short autoregressive rollout.



Why Joint Training Can Fail

Failure 1: representation collapse Failure 2: online/target drift

The encoder learns to output a constant, As encoder parameters change, the latent
uninformative vector for every input (z ~ space defined by the encoder also moves.
0). The predictor can match it perfectly The predictor learns to map from online
without learning any clinical dynamics. space to target space; during autoregres-
sion, target-style outputs are fed back as
online inputs, so errors amplify in a moving

target space.
(. J

Clin-JEPA's contribution: a training curriculum that can stably retain the predictor.



Five-Stage Training Curriculum

This process uses an exponential moving average (EMA) target encoder (E¢) as a stable training anchor, with slowly

updated target parameters (7 = 0.996).

Purpose

Stage encoder LoRA target encoder

1 Warmup frozen online = target
2 Co-training trainable EMA slow

3 Alignment frozen EMA catches up
4 Hard sync copy target <— online
5 Finalize frozen online = target

First let the cold-start predictor learn basic
trajectories and avoid collapse.

The only stage where predictor gradients en-
ter the encoder; the encoder learns embed-
dings specialized for predictor forecasting, i.e.
dynamically grounded representations.

Let the target smoothly catch up with online
and reduce space mismatch.

Remove residual mismatch.

The predictor further refines itself using
its own outputs as feedback, improving
inference-time stability.




How Clin-JEPA Is Used at Deployment

Historical 24h enc.oder predictor i A Bvgoerns ]
EHR text obtain zj.; rollout

Y

Risk tasks
AUROC/AUPRC

> z,ist: patient representation from observed history.
P Zputure: future latent state simulated by the predictor.

» Downstream tasks use the same backbone, without redesigning features for each task.



Experimental Setting: MIMIC-IV ICU

> Data: MIMIC-IV ICU, 84,497 stays and 64,874 ( Why emphasize patient.level )
patients. split?
» Split: patient-level 70/15/15 to avoid leakage from If the same patient appears in
the same patient. both training and test sets, the
» Time: 1-hour bins, up to 72 hours; long stays use model may memorize individual
stride-12h windows. patterns and inflate generaliza-
tion results.

» Training: 8 H200 GPUs, about 54 GPU-hours. \ J




Result 1: Only Clin-JEPA’s Long-Horizon Rollout Converges

» Evaluate 48-hour rollout drift:
the ¢, distance between predicted
latent states and true encoder
outputs.

» Clin-JEPA: mean drift decreases

ST baseline wio JEpA Clingep

o Clingeon wio
G GRows 1175 (+"Grows’

by 15.7% relative to h=1. (a) Error accumulation in predictor-simulated latent trajectories.
= st wrajectory during JEPA training o falure modes mapped: calapse axis x it axis
» Removing warmup: drift increases o sooneworera | ercoder
% 3
by 367%. ol £ ¢
1 i - i 5 |1 —— Clin-JEPA (ours) T
> Removing alignment: drift £ e wntnrin| £,
. 0 3 = ClinEo wlo womup 3 ClinJEPA wio warmup]
increases by 4951%. 5.1 it s gl
ol g (azpa 2 ac sty]
i s [SFT baseline wio JEPA)
i H ———
o1 compseareaoa9 2100 @ e °

000 02 03 o0a 05 06
Training step Final encoder z_std (linear)

(b) Representation collapse and rollout drift as independent failure modes.
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Result 2: Latent Space Separates Deteriorating and Stable Patients

» The paper selects two extreme
phenotypes: deteriorating patients
(increased severity, ASOFA > 3) i
and stable patients.

e tours)

(a) Trajectories. Per-encoder trajectories with cohort (b) Density contours. Admission (dotted) vs. end-

> UMAP visualizes trajectories of means highlighted along a time-coded color band (hour of-window (filled) cohort distributions; arrows mark
. . 0-71). mean displacement.
hourly 4096-dimensional

O
embeddings. fo . P ¥ e (A
i = »
» In Clin-JEPA, latent displacement L » .
of deteriorating patients is 4.83 ; “ . é o
times that of stable patients. e ==

» Baseline encoders show lower (c) Per-patient net-displacement distributions. One-sided (d) Four cross-encoder summary metrics: cohort

Mann-Whitney U-test brackets and Cohen’s d. displacement ratio, mean centroid divergence, Co-

separation, with a maximum below hen’s d on net displacement, and peak centroid di-

vergence.

2.62 times.

Interpretation: deterioration should corre-
spond to larger latent movement.
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Result 3: One Backbone Supports Multi-Task Risk Prediction

0.125 || =3 Track 1: ICareFM 7 EEP 025 [0 Track 1: ICareFM 7 EEP (anchor 0.35) ‘
12525 ek 1 arevl nary autcomes § 020 223 Tack 215 say sevel sy owcomes anchor0.50 B
g oo . § § .zt
HELS § oos §§ °i °m i ‘
3 oo £ 0w o Z @
" ooz 2 om0 ,;
-0050 ,.,
NPT D @ D @
W S (et
e o
< »“'ﬁ\“’:.:;vﬂ' ety
<
E
Evaluation track Clin-JEPA Meaning of improvement .
Figure: AUROC/AUPRC on two
7 1CareFM early event  AUROC 0.851 Stronger prediction of acute clinical benchmarks. This is
prediction tasks organ events. retrospective evidence, not
8 hospital-level binary ~ AUROC 0.883 Mortality and longer-term vaI|.d.at|on for. real-time clinical
tasks risk tasks benefit Cecsion ks
hist — full Further gain Future rollout adds

information for risk tasks.




Boundaries of Clin-JEPA

» |t is a latent-space world model and does not directly generate readable laboratory values or
images.

» The action is clinical intervention text recorded in EHR, not an identifiable intervention from a
randomized trial.

» Training and evaluation focus on MIMIC-1V ICU; cross-hospital transfer still needs validation.

» The predictor improves risk tasks, but it is not a complete treatment-strategy optimizer.

Positioning:
Clin-JEPA is a latent predictive backbone for ICU EHR, showing that JEPA-style joint training
can make LLM representations useful for patient-trajectory rollout.




© EHRWorld



EHRWorld: A Long-Horizon Inpatient Trajectory Simulator

Question: Patient Static Information
i . A 20-year-old female presents with chronic menorrhagia and a history of easy
General medical LLMs know a lot of medical bruising. Family history is negative for bleeding disorders. Vital signs are stable.
A ) ) Laboratory tests reveals normal platelets (200,000/4-) and PT (125), but an
knowledge, but can they maintain a consistent isolated prolongation of the PTT at 43s, Von Willebrand Disease is the diagnosis.
S . . . 7 Clinical Events Naive LLM-based Simulator World Model
patient state under continuous interventions? 0L mries . -
~
O Platelet 200K/l 200K/l
» Static medical knowledge alone is not enough; i gl B a3
. . . A e smopressin " [ Underlying State
long-horizon simulation can suffer from state - i T Updare
inconsistency and error accumulation. YW Antigen occurs! w73
12 Comparison of Relative Error in
. . 04 orld Our Chloride (mEq/L) .
» EHRWorld-110K is constructed to train a Frimens @9 - B
. - 10
patient-centered world model using temporal ; o s e PLL
order and action outcomes o J—E e | 447 Fi -
- oo L DR

» The output is not a single risk score, but
future clinical events and observation results.



EHRWorld-110K Data Construction

(a) Data Construction

+ Static
o | Demographics

i
I

i

i

— E | Hierarchical i
LS j : Unstructured Notes  LLM Parsering Diagnostic Set »gl;aij‘i !
S _ - Inquiry Events Rigorous H
MIMIC-IV Database s - . 2 () , Passive] 9 EHRWorld-110K |
(Raw EHR Records) LL'—* s L N vz, ) Filtering or !
Fn Categorization Intervention Events 1

= Al !

Raw Event Sequence  trering % (v=0.Active) :

Dual-Mode Prediction Mechanism

Inquiry Predicted Final Loss
(Aing) Values (Ving) (Ling)
- Py -
~ % -
Clinical Actions (A;) (Bint) Outcome ({}) (vy)

Next Step Deterministic State Transition

totel (Update Loop)

[Upda?e History: 1= UE), Er={(@f’ v, ]

1
i
i
i
i
i
i
i
i
Intervemian] [ Lafen ] [omcamesa !
i
i
i
i
i
i
i
i

Test set: 579 episodes, 84,010 inquiry events, and 25,798 intervention events.



Formalizing the Patient State

St = <Tt, d, Y Ht>
Y = {{Yori, fpri) } U {58, AV,

» 74 current physiological timestamp.
» d: static information such as age and sex.
» Y: primary and secondary diagnoses with rationales, providing hospitalization context.

» H;: complete interaction history from admission to the current time.



Set-Based Actions and Dual-Mode Prediction

» Multiple orders can be placed at the same

1 N
A= {35 )7 B ag )} clinical time point, so actions are
N represented as a set.
_ 0
Po(V2|St, Ar) = HPG(V? |Se, Ae) » Inquiry: tests/labs, for which the model
=t predicts concrete observation values.

> Intervention: medications/procedures,
which have no short-term output but are
written into history and affect the future.



EHRWorld's State-Update Loop

Dual-Mode Prediction Mechanism

P it Stat
e Inquiry Predicted Final Loss
Sr=(m.,d, Y, Hy) EHRWorld Model (ing) Values (Ving) (Ling)

( Set-Based Con:

5 Intervention Latent Outcome Set
(Aint) Outcome () (Vy)

Clinical Actions (Ay)

Next Step Deterministic State Transition
t—t+1 (Update Loop)

[Upda‘re History: 1= H;U{Es), Er={(af, v, ]

E = {(a¥ v,
Stt1 = (Ter1,d, Y, Heya).



How EHRWorld |s Evaluated

Numeric variables Clinical labels

E = ‘u‘, » Clinical Status F1: whether
L Vi normal/abnormal status is classified
seX = > I(E; < X/100) correctly.

i . o
AP 100% > 2lyi — 7l La.belblfll. dlscretti outcomes such as
N Tyl + 3l +e microbiology results.

\ J > Retention Rate: fidelity of full
trajectory relative to next-step
prediction.
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Main Results of EHRWorld

Model S@25 SMAPE Label F1
GPT-5.2 0.674 0.348 0.553
Gemini-3.0-Pro- 0.681 0.299 0.477
Preview

EHRWorld-4B 0.703 0.274 0.912
EHRWorld-14B 0.716 0.262 0.913

» Strong LLMs still accumulate long-horizon errors.

EHRWorld-14B achieves the best Avg Score of 0.765.

v

P Training built around time and action is more important
than model scale alone; this is not strict causal
identification.

® Global (Average)  ® Dyn (High Sensitivity)
S@25 Accuracy Drop SMAPE Error Increase
-1, +0.030
69.7%e #71.6%EHRWorld-14B0.262e  #0.292

34 0042
647%e ©68.1%  Gemini-3-Pro  0.299e  #0.341

37 +0.049
63.7%e  #67.4% 6PT-5.2 0.3480 0397
-4.1 +0.049
62.2%e  ©66.3% 6LM-4.7 0.3226 0371
.34 +0.050
616%e  ©65.0% MiniMax-M2.1 03386 €0.388
-46 +0.054
603%e — 64.9% DeepSeek-V3 0.344e 0398
46 40,045
60.1%0  ©64.7% Quen3-2358-A228 0.339¢  ©0.384
5.6 +0.052
57.8%e 063.4% GPT-055-1208 0.3720 00424
-58 +0.062
57.2%e ©63.0% Quen3-Next-80B-A38 0.381e 00443
54 +0.065
57.1%e *62.5% Llama3.3-708 0.3640 00429
-5.4 +0.062
54.7%e 060.1% Baichuan-M2 0.418¢ ©0.480

50 55 60 65 70 025 030 035 040 045 050



Boundaries of EHRWorld

» The focus is event trajectories over inpatient episodes, not an hourly ICU latent backbone.

» Interventions are written into history and affect future predictions, but this is not strict causal
identification.

» Data come from MIMIC-1V; real deployment must face differences in coding, documentation
habits, and treatment protocols across hospitals.

» OQutputs are more readable, but long-horizon generation still needs clinical constraints, calibration,
and uncertainty estimation.

Positioning;:
EHRWorld shows that dedicated longitudinal EHR trajectory training can significantly improve
long-horizon patient simulation.
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CLARITY v2: A World Model for Oncology Treatment Decisions

Conventional Static Prediction Paradigm

. Si Ve
—>
0 G o{orm ]
Imoging

Patient  Observation

a inicion
Static Prediction Model

CLARITY Framework (Proposed)

T
gﬁ*

CLARITY’s question:

Given pre-treatment MRI, patient clinical back-
ground, and candidate therapy, can we simulate the

» The v2 title emphasizes guiding
treatment decisions by simulating
context-aware disease trajectories.

future disease trajectory and feed the simulation re- » Data: MU-Glioma-Post,

sult back into treatment search?

UCSF-ALPTDG external

validation, and ISPY-2.

» The work moves from one-step
prediction toward long-horizon
prediction-to-decision.



CLARITY Inference Pipeline

Direct Survival Evaluation: 1 P 8
f S - | Actor (Diseases Evolution Model) )
12 | | 9, Patient Clinical Context | | mm—= (=== (— ==
| i ¥ I'1" patient 10: 0008, | Clinical | | Temporal | | Drug
Combo 1: Radiation 609y + TMZ | | 5o, ale, ' Clinical Context / | Context J | Confext J | Combo Jl i
Race: White, !
} Combo2:  TMZ+ Avastin } } Age_at_diagnasis_years: 50 | / \ f Survival
P Diagnosis: GBM clin :
i 1| Genames: G 0, ! e / Predictor
| Combo3:  TMZ+Optune l \ _ / Textual Encoder
| .
| |
D ——— Actor Tnput | [ Input
= htre (Diseases Evolution N
e . Model) —
Encoder Pre-Treatment } }
Pre-Treatment Risk Latent | SLLED
Pre-Imaging Latent Temporal score | Post-Treatment l
Observation Context \\ Latent Output ) -
Q@ Patient Pathology Context | | Temporal Modeiing | i NV for Survival
(O] Fethology it 1| e e, \ rliciias Post-Treatment  Anabysis
| Imaging maging | \ Latent (Prediction)

» The Therapy Agent proposes candidate regimens, and the Actor scores them one by one.
» Scores are fed back to the Agent, and the next round improves the regimen.

» This is closer to the clinical process of observing response and then adjusting therapy than
one-shot static prediction.



CLARITY's Actor: Latent Disease Evolution

Ve 2\

Actor (Trnmmg Plpelmz) }
“ ! sy | SurkulPudlnnr‘ 1y |
Zpost = SelfAttn ([Zpre, Actin, =i C:,;;g, u‘ o °"'°“' |
<’ | )1 ]
N St T - ‘
O(AL), harug])” + Zpre il ::::':*"' . o
w ETTTTIESEAS e
s:m Probzbmry }

A~ A A~ M TInput
[P1y, /] = MLP (CrossAttn(zpre, Zpost) Pt IS Cox ¥ Grier B
Latent Predictor Loss Loss }
o M sot-arenton | ‘
+ CI‘OSSAttn(Zpost7 zpre) ) m"““'"'l"w" i GSurv(vnI?Labtl i i
\_ J e ¥ 2 Sl T 0 |
S ) Combo 1 |
. .. . us| !
» hein: individualized context. /WE\P‘ i JF !
. &), | ‘
. . . Push Encoder |
> ¢(At): continuous-time encoding. Gmboz conbad i it Pagtdnoaig |

» hdrug: text encoding of the therapy regimen.

» Outputs include post-treatment latent, 1-year
survival probability, and risk score.
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Inverse Survival Evaluation: Turning Prediction into Decision

Inverse Survival Step 1: Propose Therapies Step 2: Refine Drugs Combo Step 3: Score and Update Feedback Step 4: Combine Feedback ~ Step 5: Final Selection
__ _Evaluation:___ [Ttk i I
(1D Survival Analysis Results Patient Clinical ~— —=— — — — — — — (A Combined T ﬂ“is',‘,infz
(G P et ot St | ; i S0 8 Uit Sumva (T G STy Garr
| [ Risk seare: 065 - Refiredcombod) | o el / bt ] | , | Tterationk | ‘Radiation 60gy \

Combol  —» (L Risk Score: F Do e N | Gomogyrtoss || Gomol (Conbo g Mg

v

|
| (Gombo2  —» [ Risk Score: 087 |

|
Combo3  —» ()Risk Score: 0.72 : Pre-Tnaging O Patient Clinical
Observation @ Confext J Temporal Context

Risk e
—— Actor Tﬂﬁ‘ (Conbo 5 >0y M Combo2
Combo 3

_

» Do not greedily choose a single action.

J(a1:m) Zﬂt Y » Optimize cumulative risk over multi-step
imagined trajectories.

mqin EaleNQ[J(aliH)] — 7H(q) > The entropy term encourages exploration
and avoids locking onto a regimen too early.




CLARITY v2 Results and Boundaries

» MU-Glioma-Post: F1 57.1% vs.
MeWM* 43.6%.

» UCSF-ALPTDG zero-shot: F1

50.2%.
> ISPY-2: F1 53.9%, extending to

breast MRI.
» Survival analysis: C-index about .

0.794. ''m-@3 - a—a — @
» Latent inference: about 0.341s, o4 (DECD)

faster than diffusion sampling.

.
Boundary: retrospective validation; not an 2
automatic order-entry system. » w %0 120 (am




@ Discussion



Similarities and Differences Across the Three Models

Dimension Clin-JEPA EHRWorld CLARITY v2

Main data Hourly ICU EHR text Full-stay inpatient EHR events MRI + clinical/genomic +
treatment

State repr. 4096-d patient latent Explicit state imaging-derived latent

St = (1,d, Y, H)

Action Hourly intervention text inquiry/intervention action set therapy schedule / drug
combo

Dynamics Retained predictor for latent Conditional generator for Actor predicts post-treatment

rollout event outcomes latent
Output Future latent + risk features Lab values, state labels, latent trajectory + survival

Main contribution

Main boundary

Stable co-training curriculum

Latent space is not directly
readable; causality is weak

discrete outcomes
Longitudinal EHR data and
long-horizon simulation

Readable generation, but still
observational data

risk
Prediction-to-treatment
feedback loop

Depends on therapy agent and
rule constraints




Take-Home Messages and References

(2]
(3]

@ The core of a medical world model is dynamic

transition: state + action — future.

Clin-JEPA turns JEPA into an EHR latent
rollout backbone.

EHRWorld emphasizes long-horizon EHR
event simulation, showing that dedicated
dynamic training is more important than
static medical knowledge alone.

CLARITY emphasizes treatment-conditioned
latent trajectories and survival-feedback
planning.

None of the three is an automatic clinical
decision system; causal validation, safety
constraints, and cross-institution
generalization remain central.

Main
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