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Abstract

This essay examines how world models fundamentally alter healthcare software
architecture beyond surface-level demos. Written for investors and operators wt
have already navigated rules engines, feature stores, deep learning cycles, and
previous Al revolutions, the analysis focuses on why world models represent a gt

inflection point rather than another overhyped technology wave.

Key themes:

- Core mechanics of world models stripped of marketing terminology

- Why healthcare represents both worst case environment and highest value

opportunity

- How representation learning, latent state prediction, and planning transform

clinical, operational, and financial workflows
- Where genuine venture scale opportunities exist versus dead ends

- Why current healthcare Al architectures will age poorly in world model driven

future

Primary technical framing draws from recent world modeling research and
workshops, including work presented at the World Model Workshop at MILA i1
2026.
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Introduction: Healthcare Is the Messy
Real World

Healthcare has always been where software optimism goes to die. Data arrives m
mislabeled, delayed, or legally cordoned off. Outcomes are fundamentally stoche
Interventions interact in ways nobody fully understands. Feedback loops stretch

across months or years, and running controlled experiments often crosses ethica



boundaries. The environment remains partially observable, non-stationary, subtl
adversarial, and regulated by organizations that still rely on fax machines. Healt
looks nothing like the benchmark datasets that made the last decade of machine

learning feel tractable.

This is precisely why world models matter more in healthcare than anywhere els
because they magically solve healthcare’s problems, but because they're explicitl
designed for environments where perception remains incomplete, dynamics mat
and actions reshape future observations. Pattern recognition systems assume the
world is static and fully visible. Healthcare violates both assumptions. A hospita
resembles a real time strategy game under fog of war far more than it resembles

ImageNet.

Most health tech Al today still operates in System 1 territory. Take an input, ma
an output, maybe calibrate the probability, hope the environment doesn’t drift t
quickly. World models push the stack into System 2 thinking. They force system
internalize how the world evolves, not just what it looks like right now. This

distinction matters more in healthcare than in almost any other domain because

healthcare decisions inherently require reasoning about sequences, not snapshot

What a World Model Actually Is and Is
Not

A world model is not a simulator in the classical engineering sense. It’s not a dig
twin attempting to predict every pixel or lab value with photorealistic fidelity. T
framing leads straight into computational dead ends and burned venture capital
world model is an internal representation of state, learned from data, that’s just

enough to support prediction under intervention.

The critical move is abstraction. The model learns a latent state that discards

irrelevant and fundamentally unpredictable detail while preserving the structur,
needed for planning. In healthcare terms, that means not trying to predict every
waveform fluctuation or every permutation of lab values, but learning represent:

that encode disease progression patterns, treatment response regimes, resource



constraints, and risk surfaces. The model cares about what matters for decisions

exhaustive verisimilitude.

This is why naive generative modeling fails at scale in healthcare applications. T
world is only partially predictable, and trying to generate every downstream det:
forces the model to waste representational capacity on noise. World models inst:
predict representations of the future, not raw futures themselves. This distinctic
sounds academic but has massive practical implications. A system that can reasc
about whether a patient’s physiological reserve will improve or deteriorate unde
specific treatment sequence is infinitely more useful than one that generates pla

looking but meaningless vital sign waveforms.

The architecture matters. Recent work from researchers like Yann LeCun and te
at Meta emphasizes joint embedding predictive architectures over traditional
generative approaches. Instead of trying to reconstruct observations in pixel or t
space, these systems learn to predict aligned representations of current and futu
states. The predictor operates in latent space where semantic meaning concentr:
and noise gets filtered out. For healthcare, this maps directly to the difference

between predicting clinical states versus predicting raw data streams.

Why Healthcare Breaks Pattern
Recognition

Supervised learning works when labels are cheap, feedback arrives fast, and the
environment doesn’t fight back. Healthcare violates all three conditions
systematically. Labels are proxies at best and often misleading. Outcomes lag
interventions by weeks, months, or years. Clinicians adapt their behavior based !
system outputs, corrupting the training distribution in real time through feedba

loops that pattern recognition approaches can’t model.

Pattern recognition systems don’t know what they don’t know. They can’t ask
questions, can’t test hypotheses, can’t simulate alternative futures. In healthcare
is fatal rather than just limiting. The difference between two treatment paths ofi

only emerges under specific sequences of events that never appear explicitly in



training data. A model trained on static correlations will miss these dynamics er

leading to confident but wrong recommendations.

World models address this by modeling dynamics, not just correlations. They all
internal rollouts of imagined futures conditioned on different actions. That caps
isn’t a nice to have feature. It’s the minimum requirement for decision support i
environments where randomized experiments are expensive, slow, or unethical.

you can’t run the trial, you need a model that can reason through counterfactual

Consider sepsis management, where every hour matters and treatment decisions
cascade. Pattern recognition might flag high risk patients, but it can’t reason ab:
whether aggressive fluid resuscitation will help or harm in a specific physiologic
context. A world model trained on longitudinal outcomes under different treatm
sequences can internalize these tradeoffs. It learns that certain interventions wo
some states but backfire in others, and it can simulate forward to estimate likely

trajectories.

The partially observable nature of healthcare compounds the problem. No clinic
sees complete physiological state. They infer it from noisy signals, sparse labs, d
imaging, patient narratives that may be inaccurate or incomplete. Traditional M
treats this as missing data to be imputed or ignored. World models treat it as the
fundamental problem to be solved. The internal state representation becomes a
state, not a snapshot, and planning operates over distributions rather than point

estimates.

From Prediction to Counterfactuals

Most healthcare Al vendors pitch prediction. Who will be readmitted, who will
deteriorate, who is high risk. Investors nod because prediction sounds measurab
conservative. Clinicians nod because it feels safer than decision support. But
prediction alone doesn’t answer the question clinicians actually care about, whic

what happens if we do something different.



World models are counterfactual engines. They're explicitly built to answer how
state of the world changes under intervention, which shifts the value propositior
risk scoring to policy evaluation. Instead of flagging a patient as high risk and le
the clinician to figure out what to do about it, the system can reason about whic]
action sequences are likely to reduce that risk under real constraints like staffin

availability, and medication interactions.

This is where healthcare starts looking less like Kaggle competitions and more |
control theory. The objective isn’t accuracy on a static label, but trajectory
optimization under uncertainty. The system needs to understand not just what n
happen, but what levers exist and how pulling them changes future state
distributions. This requires modeling the environment’s response to actions, not

correlations in passive observations.

The counterfactual capability also enables learning from observational data mor
effectively. Instead of requiring randomized trials for every question, world mod
can use observational data to build representations of treatment effects, then us
those representations to simulate unobserved counterfactuals. This isn’t perfect
requires careful handling of confounding, but it’s vastly more data efficient than

traditional approaches.

Clinical Care as Partially Observable
Control

Every clinical decision is made under partial observability. No clinician sees the
physiological state of a patient. They infer it from noisy signals, sparse labs, del:
imaging, patient narratives that may be incomplete or misleading. This isn’t a da

quality problem to be fixed. It’s the fundamental nature of clinical medicine.

World models formalize this reality instead of pretending it doesn’t exist. The
internal state representation becomes a belief state that maintains uncertainty o
unobserved variables. Planning operates over these belief distributions, explicitl

accounting for what is known, what is uncertain, and what might be learned thr:



additional observations or interventions. This maps directly to how experienced

clinicians think, even if they don’t use that terminology.

In practice, this means clinical decision support systems that reason over sequer
rather than individual decisions. Not just what medication to prescribe, but whe
reassess, what to monitor, how uncertainty should drive follow up actions. The
planning horizon matters critically. A one step predictor can’t reason about
downstream consequences of delayed diagnosis or cumulative toxicity. A world 1

with proper temporal abstraction can.

The sequential nature of clinical care also creates natural opportunities for
hierarchical planning. High level decisions about treatment strategy get refined
specific action sequences, which get further refined into detailed orders and
monitoring plans. World models support this hierarchy naturally through abstre
at different time scales. The high level model might reason in terms of disease st
and treatment phases spanning days or weeks. The low level model handles hout

hour or minute to minute tactics.

Memory management becomes crucial over these timescales. Not everything nee
be remembered at full resolution forever. Some information decays or becomes

irrelevant. Some abstractions persist and influence decisions months later. Worl
models can learn these temporal dynamics from data instead of requiring hand ¢

rules about what information matters when.

Operational Healthcare Is the Sleeper
Use Case

Clinical Al gets the press coverage and regulatory scrutiny, but operational heal
is where world models may quietly deliver the biggest returns to investors who

actually understand the space. Hospital operations are dynamic systems with fee
loops everywhere. Staffing decisions affect throughput. Throughput affects leng
stay. Length of stay affects infection risk and cost. Infection risk feeds back into

staffing requirements and financial performance.



Today, most operational software relies on heuristics, dashboards, and reactive
optimization. At best, there are tools that optimize specific subproblems like OF
scheduling or nurse rostering. World models enable something fundamentally
different: forward planning under realistic constraints with explicit modeling of

decisions interact across timescales and departments.

Instead of reacting to bottlenecks as they emerge, systems can simulate the effec
staffing changes, bed allocation strategies, or scheduling policies before deployi
them. The model learns from historical data how these operational levers affect

patient flow, clinical outcomes, staff satisfaction, and financial metrics. It can th
simulate forward under different scenarios and identify policies that improve m

objectives simultaneously or reveal tradeoffs that need human judgment.

From an investor perspective, this matters because operational value is easier to
monetize, less regulated, and often controlled by buyers with real budgets and

authority. World models don’t need FDA clearance to optimize nurse scheduling
ED throughput. The value proposition is clear and measurable in dollars, not qu
adjusted life years. Implementation doesn’t require changing clinical workflows

getting physician buy in on every decision.

The data is also cleaner and more available. Operational systems generate logs o
actions and outcomes continuously. Staffing decisions, admissions, discharges,

transfers, procedure times, all of this gets recorded in multiple systems. The par
observable problem is less severe because hospitals know their own operations t
than they know patient physiology. The counterfactual reasoning challenge rem:
but there’s often enough natural variation in policies across shifts or facilities to

support learning.

Why Generative Models Alone Stall Ou

There’s been a temptation to assume that large generative models trained on clir
text or EHR data will naturally evolve into world models. This is mostly wishful
thinking based on extrapolating from success in other domains without

understanding the fundamental differences. Generative models excel at surface |



distribution matching. They struggle when the task requires long horizon plann

causal reasoning, or abstraction over continuous dynamics.

Healthcare data is high dimensional, continuous, and noisy. Pixel level or token
generation forces the model to care about irrelevant detail, leading to blurry
predictions, mode collapse, or brittle behavior under distribution shift. A text
generating model might produce plausible sounding clinical notes, but that doe:

mean it understands disease progression or can reason about treatment effects.

The training objective matters. Generative models are typically trained to maxin
likelihood of observed data, which encourages memorization of surface statistic:
rather than learning underlying causal structure. In healthcare, this leads to mox
that can parrot common patterns but fail on edge cases or new scenarios. They h

learned the dynamics, just the correlations.

World models take a different path by focusing on predicting representations ra
than observations. They learn joint embeddings that align representations of cui
and future states without reconstructing everything in between. This isn’t just a
technical detail or an optimization trick. It’s the difference between a system ths

scales to real world complexity and one that drowns in entropy.

The prediction target matters too. Generative models predict the next token or |
which in healthcare often means predicting noise. World models predict the nex
in a learned latent space designed to filter out noise and preserve structure. This
latent space can represent clinically meaningful concepts like disease severity,

physiological reserve, or treatment response patterns that aren’t directly observe

but matter for decisions.

Joint Embedding, Latent State, and Wh
Abstraction Wins

Joint embedding architectures focus on predicting representations rather than
observations, which has massive implications for healthcare applications. In clin

terms, that means predicting latent states corresponding to things like disease



severity, physiological reserve, or treatment response regime rather than raw dat
streams like vital signs or lab values. These latent states aren’t directly observab

they’re what decision making actually depends on.

Abstraction is also what enables generalization across contexts. A model that
understands the abstract concept of physiological instability can transfer that
knowledge across different conditions, settings, and patient populations. A mod
memorizes specific waveform patterns or lab value combinations cannot. The ab
representation captures the essence of what makes a state risky or stable, indepe

of the specific measurements used to detect it.

For founders, this implies that feature engineering doesn’t go away in the world
model paradigm. It moves inside the model, becoming part of representation lea
rather than manual preprocessing. The hard part becomes defining objectives an
constraints that force the latent space to align with real world structure. You ca;
just throw data at a neural net and expect it to discover clinically meaningful

abstractions. You need to shape the learning process through architecture choic

auxiliary tasks, and inductive biases.

The joint embedding approach also solves the collapse problem that plagues nai
supervised learning in high dimensional spaces. Without careful regularization,
encoder decoder architectures can collapse to trivial solutions that don’t presers
information. Joint embeddings with proper regularization avoid this by ensuring

representations of different states remain distinguishable while filtering out noi

Recent work on methods like VICReg, Barlow Twins, and variance invariance
covariance regularization shows how to train these representations at scale with:
contrastive sampling or other computationally expensive tricks. These technique
force the latent space to have certain desirable properties like decorrelated
dimensions and non trivial variance without requiring negative examples. For
healthcare applications where compute budgets matter and sampling strategies :

unclear, these methods offer a practical path forward.



Memory, Time, and the Curse of Long
Horizons

Healthcare unfolds over long time scales that break naive sequence modeling
approaches. Chronic disease management spans years. Operational changes com
over months. Payment models introduce delays between actions and rewards tha

make traditional reinforcement learning unstable or impossible.

World models address this challenge through persistent memory and hierarchic:
time scales. Not everything needs to be remembered at full resolution indefinite
Some information decays or becomes irrelevant. Some abstractions persist and

influence decisions far in the future. This mirrors how human clinicians think a
patients. Not every vital sign or lab value matters forever, but certain diagnoses,

determinants, or genetic factors remain relevant indefinitely.

The architecture needs to support variable length context and selective attentior
long sequences. Recent advances in state space models, memory augmented netv
and hierarchical transformers offer paths forward. The key insight is that you d«¢
need to attend to everything all the time. You need mechanisms that can compre
older information into useful summaries while maintaining capacity to zoom in"

specific historical details become relevant.

Temporal abstraction helps manage the combinatorial explosion of planning ove
horizons. Instead of reasoning about every possible action at every timestep,

hierarchical models reason about high level strategies that get refined into tactic
The high level model might plan in terms of treatment phases or care transition:
low level model handles specific dosing decisions or monitoring protocols withii

those phases.

This hierarchical structure also enables learning at multiple timescales
simultaneously. Short term dynamics like vital sign responses to medications cat
learned from high frequency data. Long term dynamics like disease progression

treatment resistance require longitudinal cohorts. A world model architecture t]



supports both timescales can leverage all available data without forcing everythi

into a single resolution.

Safety, Guardrails, and Why Healthcar
Forces the Issue

Healthcare doesn’t tolerate unconstrained optimization, which makes it a forcin
function for developing safe Al systems. A system that maximizes throughput at
expense of patient safety will be shut down quickly and correctly. World models
it possible to encode guardrails directly into the objective function rather than

bolting them on after training.

This is an underappreciated advantage compared to pure imitation learning or
reinforcement learning approaches. Instead of post hoc safety filters or careful
prompt engineering or fine tuning to avoid bad behaviors, constraints can be bal
into the planning process itself. Certain state trajectories can be forbidden. Cer:
tradeoffs can be made explicitly unacceptable. The system learns to operate with

those boundaries as part of its core objective.

From a regulatory perspective, this creates a path toward systems that are contre
by design rather than patched after deployment. When safety constraints are pat
the model’s objective function, you can reason about whether those constraints 1
satisfied under distribution shift or adversarial scenarios. With black box model

post hoc filters, you’re always guessing.

The constrained planning framework also aligns better with how healthcare
organizations actually think about risk. They don’t want systems that maximize
expected utility. They want systems that avoid catastrophic outcomes while purs
good outcomes where safe to do so. This is naturally expressed as constrained
optimization where the constraints represent hard safety boundaries and the ob;

represents performance goals.

Uncertainty quantification becomes crucial for safe deployment. The system nee

know when it’s operating outside its training distribution and should defer to ht



or request more information. World models built on Bayesian foundations can
represent epistemic uncertainty directly. They can distinguish between inherent
stochasticity in outcomes and uncertainty due to limited data. This distinction

matters for safety because you handle them differently.

Implications for Founders

Building with world models changes company DNA in ways that matter for

fundraising, hiring, and go to market strategy. It requires longer timelines befor
hitting traditional product market fit metrics. It requires deeper technical team:
backgrounds in control theory, reinforcement learning, and representation learn
rather than just supervised learning or ML engineering. It requires closer integr
with real world operational workflows rather than sitting on top of existing syst:

another dashboard.

Founders should expect slower early traction measured by traditional SaaS metr
but stronger long term defensibility if they can survive to scale. World models g
better with interaction data in ways that supervised learning models don’t. The «
moat isn’t just about volume of observations. It’s about diversity of intervention:
outcomes, which means you need to be embedded in operational loops where

decisions get made and consequences get observed.

This favors companies that own or deeply integrate with operational infrastructi
rather than pure data aggregators or analytics layers. You can’t build a good wor
model of hospital operations from read only access to data warehouses. You neec
see actions taken, see outcomes that result, ideally influence which actions get t1

you can explore the state space rather than just passively observing whatever haj

The technical team structure looks different too. You need people who understa
control and planning, not just prediction. People who think about objectives,

constraints, planning horizons, and uncertainty rather than just accuracy metric
ML engineering is harder because you’re deploying models that need to run fast

enough for online planning, which rules out many standard approaches.



The product development cycle is also longer and more iterative. You can’t just-
model offline and ship it. You need to integrate it into workflows, observe how i
performs, retrain with new data, adjust objectives based on what users actually ¢
about. This tight loop between model development and real world deployment i:

critical but expensive and time consuming.

Implications for Investors

World model driven companies will look wrong by traditional SaaS metrics early
which creates opportunity for investors who can recognize the pattern. Progress
measured in qualitative capability gains rather than clean ARR curves. Revenue
lag capability development by quarters or years while the technology matures an
finds product market fit. This is uncomfortable for investors used to evaluating

companies on growth rates and unit economics.

The due diligence process needs to focus on different signals. Instead of just loo
at customer count or ARR, investors should dig into whether the team understar
control versus just prediction. Do they talk about objectives, constraints, and
planning horizons or just accuracy? Do they have a thesis about what data they r
and why? Do they understand the difference between observational data and

intervention data?

Team composition matters more than usual. World models require deep expertis
that’s rare and expensive. A team of ML engineers who've only done supervised
learning won’t cut it. You need people with control theory backgrounds, robotic
experience, or deep RL expertise. You need people who've thought hard about

representation learning and can explain why their latent space should generalize

The competitive moats look different too. Data moats in world models are about
intervention diversity, not just volume. Compute moats matter because training
world models is expensive. But the biggest moat is probably organizational, the :
to integrate deeply enough with customer workflows to generate the tight feedb:

loops needed for continuous improvement.



Investors should also be skeptical of companies claiming to build world models-
shipping glorified predictors. The terminology is getting overloaded as it becom
trendy. Real world models do counterfactual reasoning and planning, not just fo
prediction. They operate in learned latent spaces, not raw observation space. Th
handle partial observability and long horizons. If the product is just risk scores

next value predictions, it’s not a world model regardless of what the pitch deck ¢

The exit landscape is also uncertain. Strategic acquirers may not value world mo
capabilities appropriately if they're still thinking in terms of pattern recognitior
markets may not know how to evaluate these companies. This creates risk but al
opportunity for investors who can hold longer or help portfolio companies navig

these dynamics.

Where This All Probably Breaks

None of this is easy and much of it will fail before it works. World models are
expensive to train, requiring GPU hours that make traditional ML engineering |
cheap. They’re hard to validate because standard offline metrics don’t capture
planning performance. They’re difficult to explain to customers, regulators, and

users who want simple accuracy numbers.

Healthcare adds layers of friction that make everything slower. Data access reme
nightmare even with the right partnerships. Trust in Al systems is fragile and or
failure can set back deployment by years. Liability concerns loom over any syste:
making decisions or recommendations. Integration with clinical workflows requ

endless customization and change management.

There will be overhyped demos that look impressive in controlled settings but f:
apart in production. There will be companies that claim world model capabilitie
while actually shipping simple heuristics or lookup tables. There will be technic
failures when models don’t generalize or produce unsafe recommendations. The
be commercial failures when the value proposition doesn’t justify the cost and

complexity.



The timeline to revenue will be longer than founders or investors want. The tect
challenges are real and not just engineering problems to be solved with more cos
or data. The regulatory path is unclear for systems that make complex decisions
on learned dynamics rather than transparent rules. The incumbent resistance wi
strong because world models threaten existing business models built on simpler

approaches.

But none of these challenges invalidate the core thesis that healthcare needs syst
that can reason about dynamics, handle partial observability, and do counterfact

planning. The direction is correct even if the path is harder than optimists belie

Closing Thoughts

Healthcare has been waiting for systems that can reason about the world rather -
just reflect it. World models offer a path forward that aligns with the messy, dyn
and deeply human nature of medicine and healthcare operations. The technolog
magical and won’t solve every problem, but it addresses fundamental limitations

current approaches in ways that matter.

This isn’t about replacing clinicians or administrators with algorithms. It’s abou
giving them tools that can think a few steps ahead in environments where intuit
alone no longer scales. As healthcare systems grow more complex, as data volum
explode, as payment models shift toward risk and outcomes, the ability to reasor

about how interventions affect future states becomes increasingly valuable.

For the first time in a long time, the underlying technical trajectory actually mat
the problem. Pattern recognition was always a poor fit for healthcare’s dynamics
partial observability. World models are designed for exactly these challenges. Tt
engineering is hard, the timelines are long, and many attempts will fail. But the

direction is right and the opportunity for those who execute well is massive.

The companies that figure this out won’t look like typical healthcare IT vendors
They’ll look more like robotics companies operating in software, with deep tech

teams focused on control and planning rather than just prediction. They’ll be



embedded in operational loops, not sitting on top of data warehouses. They’ll m

success in capability gains and long term outcomes, not quarterly ARR growth.

For investors willing to hold longer and dig deeper on technical differentiation,
creates asymmetric upside in a sector that desperately needs better software. Th
winners won’t be obvious early and the path will be messy, but healthcare has al

rewarded those who solve hard problems rather than easy ones.
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