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Abstract. Medical world models aim to learn latent representations of
patient physiology and transition dynamics that predict future states
under temporal evolution and clinical interventions. However, their re-
liability is challenged by two major issues: distribution shift caused by
fragmented multi-site clinical data, and confidence misalignment dur-
ing multi-step forecasting. We present CalTwin, a unified regularisation
framework that combines Fisher-Information-based parameter regulari-
sation for mitigating fragment-level shift with a Confidence Misalignment
Penalty for improving prediction reliability. The proposed formulation
adapts these principles to a latent transition predictor of a medical world
model, where Fisher regularisation is applied to the transition likelihood
rather than classification objectives, and confidence calibration is per-
formed through a shared clinical prediction head. CalTwin is evaluated
on multi-hospital ICU time-series data using the PhysioNet 2019 Sepsis
Challenge, with sequential hospital fragments for training and an unseen
hospital for out-of-distribution evaluation. CalTwin reduces OOD next-
step latent-state mean squared error by 9.1% compared with an unregu-
larised baseline, with Fisher regularisation providing the primary contri-
bution. Confidence calibration improvements are modest, with expected
calibration error reduced by 0.7% using CalTwin. An additional eval-
uation on eICU-CRD demonstrates that the contribution of each com-
ponent depends on the characteristics of the clinical distribution shift.
These results highlight the potential of combining shift-robust learning
and confidence-aware modelling for medical world models while moti-
vating further validation on larger-scale multimodal clinical datasets,
including medical imaging.

1 Introduction

Medical world models learn compact representations of patient or organ states
and transition functions modelling their evolution under temporal progression,
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interventions, or new observations, typically through p(si1+1 | st,at). Capabili-
ties range from temporal prediction (L1) and action-conditioned simulation (L2)
to counterfactual reasoning (L3) and closed-loop planning (L4) [8], though reli-
able L3-1.4 systems remain challenging. Medical digital twins offer a potential
framework by integrating patient data, in-silico models, clinical interfaces, and
synchronization mechanisms, but robust multimodal integration and trustworthy
learning remain unresolved [11,10].

Two factors critically limit reliability. First, clinical data are fragmented across
institutions, scanners, protocols, and time, with privacy constraints motivat-
ing federated or sequential learning; each fragment may therefore follow a dis-
tinct distribution Py(s;), producing fragment-level covariate shift that can im-
pair cross-hospital generalization [16], with such errors compounding during
multi-step rollouts. Conventional importance weighting, Puep(s)/Pirain(s) [12],
is impractical when deployment distributions are unknown and training dis-
tributions evolve. FIM-based regularization instead preserves information from
previous fragments while adapting to new distributions; we adapt the FlcsR
framework [5, 3] to latent transition dynamics.

Second, autoregressive forecasting creates confidence misalignment: training uses
teacher-forced ground-truth states, whereas deployment conditions on model-
generated states, so prediction errors propagate across the horizon while con-
fidence is estimated along increasingly uncertain trajectories. Since neural net-
works can be systematically overconfident [2] and post-hoc calibration may
degrade under distribution shift [13], reliability requires jointly accounting for
confidence and distributional variation.

We therefore study a unified Fisher-Information-based framework for robust, cal-
ibrated medical world-model learning. FlcsR [5, 3] is adapted for cross-fragment
robustness, while CalShift [4] and its confidence modification penalty (CMP) im-
prove predictive calibration. We deliberately frame this as a controlled feasibility
study a minimal encoder transition predictor evaluated under one-step, teacher-
forced prediction, rather than a full L2-L4 world model and use multi-hospital
ICU time-series data as a proxy for fragmented clinical learning to assess whether
these mechanisms provide a principled foundation for reliable latent dynamics
modeling.

2 Related Work

Medical digital twins and world models. Medical digital twins extend
digital-twin concepts to patient-specific modelling, but clinical translation re-
mains constrained by multimodal integration, privacy, and trustworthy learning
[11, 10]. Medical world models similarly learn latent physiological states and tran-
sition dynamics for prediction, simulation, and planning across imaging, EHR,
and surgical domains [8]. We focus on the latent transition predictor, where
distributional robustness and calibrated uncertainty are critical.

Covariate shift correction. Classical methods correct covariate shift via train—
test density-ratio reweighting [5], impractical when fragment and deployment



Calibrated, Shift-Robust Medical World Models 3

distributions both evolve. FlcsR and its C? variant instead use FIM-based regu-

larisation to approximate distributional divergence in parameter space, enabling

incremental adaptation without retaining previous data [5, 3]; we extend this to

medical transition dynamics.

Confidence calibration under shift. Distribution shift and limited-data adap-
tation can induce overconfident predictions [4]. CalShift combines FIM regular-

isation with a Confidence Misalignment Penalty (CMP) to suppress such errors

[4], but its application to latent dynamics in medical world models remains un-

explored.

Distribution-free calibration. Conformal methods offer post-hoc, distribution-
free calibration via reweighted nonconformity scores [15], calibrated multi-horizon
regions [14], and drift-aware coverage tracking [1]. Unlike CMP, these guarantee

coverage for a fixed model but do not address parameter drift during fragment-

wise training; we view the two as complementary and leave conformal baselines

to future work.

Clinical multi-hospital shift. Federated clinical prediction studies show cross-

hospital demographic and practice heterogeneity substantially affects perfor-

mance [16], motivating our use of multi-hospital ICU data as a proxy for frag-

mented clinical learning and cross-site shift.

3 Proposed Method

Problem formulation. Following the medical world-model formulation [§],
an encoder £ maps clinical observations z; to latent states s; = &(x¢), and
a transition model predicts pg(s¢+1|S¢, at). Training data consist of K fragments
{B4i,..., Bk}, where each fragment may correspond to a hospital, protocol, or
time period with distribution pk(st) Our objective is to improve cross-fragment
generalisation while maintaining reliable confidence during autoregressive pre-
diction.

Fisher-information regularisation. To reduce fragment-induced distribution
shift, we adapt FIcsR [5, 3] by regularising transition-model parameters using ac-
cumulated Fisher Information. The KL approximation is Dxr,(P(6|By)||Q(6)) ~
%(é —0)T1(0)(6 — 0), where the empirical Fisher matrix for the transition pre-
dictor is I.(0) = + >, 9ig),  gi = Blog p"(siggl‘si'“ai’t). Unlike previous classifi-
cation settings, the gradients are computed from the transition likelihood rather
than categorical loss. A running Fisher estimate is updated as

I® = o f*=1) 1 (1 — )1, (1)
The shift-robust objective becomes
Lanige = —logpo(sipa]se,ar) + M (0 — 0)TT*D (6 — 0). (2)

Iék) is diagonal, estimated from all mini-batches in fragment By at the end
of its final epoch, using one Monte Carlo sample per transition drawn from

p0(3t+1 | St, Clt)-
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Fig. 1. CalTwin training pipeline. Sequential hospital fragments B1, Ba, Bs train the shared
encoder £ and GRU transition predictor, while a held-out hospital is reserved for OOD
evaluation. CMP regularises an auxiliary risk head, while diagonal Fisher information anchors
encoder/transition parameters to prior fragments. Both penalties and transition likelihood
form the CalTwin objective (Eq. 4), which updates 0.

This is the same second-order KL approximation used by Elastic Weight Con-
solidation [6], with the classification log-likelihood replaced by the transition
log-likelihood; we make this relationship explicit rather than treating Eq. 4 as a
novel penalty in its own right, and we discuss the consequence for our claimed
contribution in Sec. 5.

Confidence Misalignment Penalty. Autoregressive forecasting creates a mis-
match between teacher-forced training and self-conditioned inference. To pe-
nalize confidence degradation, we adapt the Confidence Misalignment Penalty
(CMP) from [4]. For a discrete auxiliary prediction head gg(y | s¢) sharing the
latent representation, define Y~ (s¢,y) = {y # v : qo(y' | 1) > qo(y | s¢)}. The
CMP is

Oa y>(3tay):®7
CMP(s4,y) = q0(y | st)
Doy (se) 0 | St)

(3)

, otherwise.

The first case is required because the ratio is undefined when the true class al-
ready ranks first. We note that the ratio form requires verification against the
original CalShift formulation [4]: as written, increasing competing probability
mass decreases CMP, which is inconsistent with minimizing +A;CMP as a mis-
alignment penalty. We resolve this in Sec. 5: as defined, CMP decreases with
competing probability mass and is therefore a misalignment reward; we correct
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it to CMP’(s4,9) = D yrey>(sey) 0 | $1)/a0(y | s¢), which increases monoton-
ically with competitor mass and is consistent with minimizing Ao CMP".
Because the transition model is continuous, CMP is applied to a shared auxiliary
clinical prediction head rather than directly to pg(si+1 | s¢, ar).

Unified Objective. The final objective jointly optimizes transition learning,
shift robustness, and confidence calibration:

Learrwin = — 108 po(sit1 | st as) + A1 (0—0)T T (0 —0) + ACMP(sy, 1) (4)

This objective extends FIM-based shift correction and confidence calibration to
medical world-model dynamics. The two penalties are evaluated jointly as an
empirical hypothesis rather than assumed to be complementary: Table 1 shows
that the combined objective improves transition accuracy over either penalty
alone but is inferior to CMP-only on both OOD ECE and OOD AUROC. Thus,
“unified” denotes joint optimization, not necessarily joint benefit.

4 Experiments

We evaluate CalTwin as a feasibility study for robust medical world models
under fragmented clinical data and cross-site distribution shift, using multi-
hospital ICU time-series data as a proxy setting; imaging-based validation is
outside scope. Evaluation is one-step-ahead under teacher forcing; closed-loop
autoregressive evaluation remains an open experiment.

Dataset and fragmentation. We use the PhysioNet 2019 Sepsis Challenge
dataset [9], containing hourly ICU measurements and binary sepsis labels. Hos-
pital A is divided chronologically into three fragments (K = 3, 1,200 subjects
each), with the final 15% of each reserved for ID testing; Hospital B is held out
for OOD evaluation. Sepsis prevalence across the three Hospital-A fragments is
8.8%, 9.6%, and 9.5%. Fragment separability was not independently verified via
a domain classifier or MMD, so these fragments should not yet be read as a
confirmed covariate-shift benchmark.

Each trajectory has seven vital-sign channels (heart rate, SpO,, temperature,
systolic/mean /diastolic blood pressure, respiratory rate), padded or truncated to
24 hourly steps and standardized per patient, with missing values forward /backward
filled and fully missing channels replaced by reference values.

Model and training. The transition model encodes the seven-dimensional in-
put into a 32-dimensional latent state, followed by a GRU with a diagonal Gaus-
sian output pp(sty1 | s¢). A shared auxiliary MLP predicts sepsis onset from the
latent representation but is optimized only through the CMP term, without
a standard supervised loss, limiting the interpretability of its calibration and
AUROC results. The model has 24,385 trainable parameters.

Models are trained sequentially over the three Hospital-A fragments using Adam
(Ir = 1073, weight decay 10~%), batch size 32, gradient clipping, and 15 epochs
per fragment. The empirical Fisher matrix is updated via exponential moving
average (o = 0.9). Hyperparameters A\; = 0.1 and A2 = 0.1 were selected by
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Table 1. Performance on PhysioNet 2019 Sepsis Challenge. Lower MSE/ECE and
higher AUROC are better. A constant base-rate predictor is not included as an ECE
baseline. Values are mean + std over 5 seeds; bold indicates the best mean.

Method MSE-ID MSE-OOD ECE-ID ECE-OOD AUROC-ID AUROC-OOD
Baseline  0.24 £0.02 0.26 +0.07 0.42 +0.03 0.44 +0.04 0.50 +=0.00 0.50 £ 0.03
FIM-only 0.2240.05 0.24 +0.03 0.42 £ 0.08 0.44 +0.04 0.50 £0.00 0.50 &+ 0.01
CMP-only 0.24 £0.01 0.26 £ 0.06 0.42 £0.01 0.44 £0.04 0.57 £0.03 0.50+£0.01
CalTwin 0.22 4+ 0.02 0.24 +0.05 0.42 + 0.02 0.44 +0.03 0.57 £0.03 0.48 +0.02

Table 2. Performance on elCU-CRD Demo using the same evaluation protocol. Values
are mean =+ std over 5 seeds; bold indicates the best mean.

Method MSE-ID MSE-OOD ECE-ID ECE-OOD AUROC-ID AUROC-OOD
Baseline 0.15+0.04 0.174+0.07 0.49 £0.02 0.48£0.03 0.50 £0.07 0.50£0.01
FIM-only 0.15+0.09 0.174+0.04 0.49 £0.02 0.48 £0.03 0.50 £0.00 0.50 £ 0.09
CMP-only 0.14 +0.07 0.16 + 0.08 0.38 +0.09 0.37 £ 0.08 0.26 £0.04 0.84 £+ 0.03
CalTwin 0.14+£0.05 0.16 +0.03 0.43 £0.02 0.43+0.05 0.34 £0.04 0.84+£0.01

grid search over {0.01,0.1,1,10} on the ID validation split of fragment 3, using
OOD MSE and OOD ECE respectively as selection criteria. We compare four
regimes: Baseline, FIM-only, CMP-only, and CalTwin (joint).

We report next-step latent MSE, ECE, and auxiliary-head AUROC on ID/O0D
splits, together with Brier score and NLL as complementary proper scoring rules,
averaged over 5 seeds (mean =+ std). Latent MSE is not invariant to the represen-
tation learned by each regularized encoder, so results indicate latent transition
improvement rather than confirmed observation-space forecasting gains.

Reproducibility. Fragments are ordered chronologically within each hospital,
with a fixed 1:1 fragment-to-hospital mapping in both PhysioNet and eICU-
CRD. All hyperparameters (A1, A2, «, learning rate, epochs per fragment) are
fixed across datasets, not re-tuned per dataset.

Results. Figure 2 complements Table 1 with trajectory-level errors, calibration,
training dynamics, and OOD reliability. FIM-based methods generally reduce
latent transition error, with CalTwin achieving the lowest ID and OOD MSE;
calibration gains are limited, as CMP-only achieves lower OOD ECE and higher
OOD AUROC than CalTwin. The reliability diagram suggests the auxiliary
head produces near-constant probabilities well above the OOD sepsis frequency,
consistent with the absence of a supervised loss.

CalTwin reduces OOD latent MSE by 9.1% relative to baseline, with FIM-only
accounting for most of this reduction; adding CMP yields a further 2.3-point
reduction in OOD MSE. Conversely, adding FIM to CMP degrades both OOD
ECE and AUROC. Thus FIM primarily benefits latent transition prediction on
PhysioNet, while CMP provides the stronger calibration signal. OOD AUROC
stays near chance for all methods, so confidence transfer under cross-hospital
shift is not established.
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Fig. 2. PhysioNet 2019 results (single seed). Top: next-step latent MSE and ECE;
bottom: OOD reliability, sequential training loss, and mean OOD MSE.

Additional validation on eICU-CRD Demo. We evaluate CalTwin on the
eICU Collaborative Research Database Demo [7] under the same protocol, using
three hospitals for sequential training and one held out for OOD evaluation.

On eICU, CMP-only is strongest on four of six metrics OOD MSE, both ECE
measures, and OOD AUROC. CalTwin achieves the best ID MSE but again
trails CMP-only on calibration and OOD discrimination; FIM-only gives negli-
gible or negative transition gains over baseline. Across both datasets, CMP-only
consistently dominates CalTwin on calibration, while FIM’s effect on transition
prediction is dataset-dependent. These results support joint optimization as fea-
sible but do not establish that combining FIM and CMP is uniformly beneficial.

5 Discussion

The results clarify CalTwin’s potential and limitations. First, the combined ob-
jective is not consistently superior for calibration: across both datasets, CMP-
only achieves better or equal OOD ECE and AUROC than CalTwin (Tables 1-
2), so the hypothesized benefit of combining FIM-based shift regularization with
CMP is unsupported for calibration. A possible explanation is that FIM con-
strains the shared representation s; = £(z;), limiting the auxiliary head’s ability
to adapt its confidence estimates; this remains an untested hypothesis.

FIM’s effect on transition prediction is dataset-dependent: FIM-only reduces
PhysioNet OOD latent MSE but gives negligible or slightly negative change on
eICU. MSE is also computed in an encoder-dependent latent space, not validated
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in observation space, so these differences should be read as within-architecture
comparisons rather than definitive forecasting-fidelity gains. We do not eval-
uate whether latent-MSE improvements translate to clinically actionable gains
(e.g., earlier sepsis-onset detection); this requires observation-space decoding and
outcome-linked metrics, left to future work. The auxiliary head also fails to es-
tablish reliable OOD calibration. Although CMP-trained models reach AUROC
~ 0.57 on PhysioNet ID data, the OOD reliability diagram is consistent with
near-constant predictions. Since the head is trained without a standard super-
vised loss, its weak, inconsistent AUROC gives limited evidence for confidence
transfer under shift, and the absence of a constant base-rate predictor prevents
meaningful interpretation of absolute ECE values.

The assumed fragment-level distribution shift is likewise unestablished: sepsis
prevalence varies by less than one percentage point across the PhysioNet-A frag-
ments, and no domain-classifier or MMD analysis was performed, so the observed
FIM benefit may reflect generic parameter regularization rather than correction
of verified covariate shift. The FIM term is also closely related to Elastic Weight
Consolidation (EWC) [6] Eq. 4 uses the same Fisher-weighted quadratic an-
choring principle, applied here to transition likelihood rather than classification
loss and since EWC was not included as a baseline, we cannot separate our
formulation’s contribution from standard Fisher-based regularization.

Several limitations remain. Evaluation is one-step-ahead under teacher forcing
and does not test the closed-loop error accumulation motivating the autore-
gressive calibration argument the most important missing experiment. Horizon-
specific calibration is consequently not reported. CMP is applied through a bi-
nary auxiliary head since a principled continuous-output formulation for latent
dynamics remains unresolved. Experiments use tabular ICU vital signs rather
than imaging or multimodal data, and omit EWC, conformal prediction, and
temperature-scaling baselines, restricting the strength and generality of the cur-
rent empirical conclusions.

6 Conclusion

We introduced CalTwin, combining Fisher-information-based shift regulariza-
tion with a Confidence Misalignment Penalty for latent transition prediction
in medical world models. Across PhysioNet 2019 and eICU-CRD, Fisher reg-
ularization improves latent-space transition prediction to a dataset-dependent
extent, but the combined objective is consistently outperformed by CMP-only
on OOD calibration and discrimination the central empirical finding, indicating
the two components do not exhibit the expected complementary benefit under
the current setup. A plausible explanation is that FIM anchoring constrains
the shared representation and thereby limits CMP-based confidence adapta-
tion, though this mechanism remains unverified. Verified distribution-shift di-
agnostics, observation-space evaluation, and closed-loop autoregressive rollouts
remain necessary before extending the approach to larger multimodal medical
world models.
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