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The multi-level nature of our world... is it reflected in our minds?
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The multi-level nature of our world... is it reflected in Al’s minds?
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How can new laws emerge at coarse-grained levels

The essence of software — having a macroscopic level that is ‘self-contained’.

@quests_geﬂl"rlim
) ChECk,inq Fesponse, st,

: atus_¢
if PESPONse. status_code 1= 299,

print(f"Status: {response. status_code a= 2
else:

print(f"Status: {response.status code \w') b

ypautifulSoup T
b using Beautifuls Sl
i JﬂeautifulSoup(response con
goup =

o print(c)

et images N
ing POST wing"s
# 1 indif !‘.Js;up_fiﬂd_au( L
{ es =
1m39

magde?
Lo m;iir'n:} im
down Lo?

Key idea: there is a “logic” going on at the macro...
—-> Macro interventions are sufficient to determine macro effects



How can new laws emerge at coarse-grained levels

The essence of software — having a macroscopic level that is ‘self-contained’.
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How can new laws emerge at coarse-grained levels

The essence of software — having a macroscopic level that is ‘self-contained’.
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How can new laws emerge at coarse-grained levels

The essence of software — having a macroscopic level that is ‘self-contained’.
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Information closure: Macro-inputs are sufficient to determine macro-outcomes.

Macro level L1,42,. .., L

] Zt:g(X17'°'7Xt)
Micro level X1, X9,..., X}

I(Zla LR Zt7 Zt—l—l) — I(Xla s 7Xt; Zt—I—l)
equally good prediction from micro or macro

Bertschinger et al. (2006). Information and closure in systems theory. In Proceedings of the 7th German Workshop of Artificial Life, pp. 9-21.

Barnett and Seth (2023). Dynamical independence: discovering emergent macroscopic processes in complex dynamical systems. Physical Review
E, 108(1), 014304.
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Towards a computational understanding of emergence

We investigate emergence using epsilon-machine, which give a representation of the data's
underlying informational mechanisms.
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Shalizi, C. R., & Crutchfield, J. P. (2001). Computational mechanics: Pattern and prediction, structure and simplicity. Journal of statistical
physics, 104(3), 817-879.
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Towards a computational understanding of emergence

We investigate emergence using epsilon-machine, which give a representation of the data's
underlying informational mechanisms.
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Towards a computational understanding of emergence

We investigate emergence using epsilon-machine, which give a representation of the data's
underlying informational mechanisms.

Computational
description
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Automata: A= (9,%,0,¢,r)
Q states, Y inputs, O outputs
O: 9O XX —> 0
r: x99 —0
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Understanding multi-scale computations

Building epsilon-machines for the data at different scales...

a)

Macro level

A

Coarse-graining
Apriori these machines

Meso level
* may be totally unrelated

Coarse-graining /

Micro level
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Understanding multi-scale computations

A macro process is computationally closed if its e-machine is homomorphic to the e-machine
of the micro process.

Micro inputs X = {a,b,c} 7 22:2
| p—Y
Macro inputs Z = {0,1} c—1
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Understanding multi-scale computations

A macro process is computationally closed if its e-machine is homomorphic to the e-machine
of the micro process.

Automata homomorphism

Jd acesonn
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if there are surjective mappings

g:X—=Y h: Q=90

such that
h(e(s,q)) = ¢'(9(s), h(q))
r(shq¢)=  sup  r(s,q)
g(s)=s",h(q)=¢’
Micro inputs X = {a,b, ¢} 7 22:2
. b —0
Macro inputs Z = {0,1} c—1
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Understanding multi-scale computations

A macro process is computationally closed if its e-machine is homomorphic to the e-machine
of the micro process.

Macro level Key idea:
4 Computational closure guarantees
Coarse-graining the equivalence of coarse-graining
| data or ‘theories’

Real space Theory space

Meso level (Input sequence) (Causal states)

A

Coarse-graining

Micro level

- E’
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Understanding multi-scale computations

A macro process is computationally closed if its e-machine is homomorphic to the e-machine
of the micro process.

Macro level

A

Coarse-graining

Meso level

A

Coarse-graining

Micro level
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Example: Random walk over a modular network

Size= 25

System is described by

e Probability of walking: ¢
e Within cluster connectivity: 7w
e Between cluster connectivity:

Three levels of description:

e Micro — which node.
e Meso — which community.
e Macro — which size of community.

N

The computation that leads to the next \
state can be described hierarchically!

77
D :
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The lattice of emergent processes
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Rosas et al. (2024). Software in the natural world: A computational approach to hierarchical emergence. arXiv preprint arXiv:2402.09090.
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Thermodynamic and neural examples

e Ehrenfest diffusion model
n particles diffusing with probability g

g(n—z—1) g(n—=z)
OIS SOSTING
az L) 911
1—gq l1-¢g " 1—-q ™ 1-—gq 1—gq
| | |
30 |
Zt 99
10 - | | | a
0 500 1,000 1,500 2,000
Time

The dynamics of the number
of particles in left chamber is
computationally closed

Rosas et al. (2024). Software in the natural world: A computational approach to hierarchical emergence. arXiv preprint arXiv:2402.09090.
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Thermodynamic and neural examples
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Application: Natural abstractions in transformers (ongoing)

Scenario:
« Generate data from a multi-scale process.
e Use it to train transformers of various sizes.

Conjecture — Small transformers will naturally find
computationally closed levels...

Large transformer Small transformer

0.40
Processes - Processes

095  —— Micro ___——’: ......................................... 1 oo
0.35 ——- Meso e

....... Macro

0.30

R2 Score
R2 Score
o o
S >

0.15

0.10

0 2 4 6 8 0 20 40 60 80 100

Epochs Epochs
Transformer seem to naturally find Project supported
computationally closed levels by PIBBSS
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Interim summary

e

4+ Hierarchical emergence highlight scales that are computationally autonomous.
+ Computationally closed levels are amenable to efficient controllability and simulations.

4+ Hierarchical emergence is common in statistical mechanics and computational
neuroscience models.

4+ Transformers seem to naturally identify computationally closed levels.

.

. This New Idea Could Explain Complexity
<2 Quantama i1 Physics Mathematics Biology =~ Computer Science  Topics  Archive 381K views * 1year ago
Q Sabine Hossenfelder @

The universe creates complexity out of simplicity, but despite

cc

The New Math of How Large-Scale Order
Emerges

SCIENCE NEWS
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Rosas, Boyd and Baltieri, “Al in a vat: Fundamental limits of efficient world modelling for agent sandboxing and interpretability,” in
Reinforcement Learning Journal, vol. 6, pp. 2844-2881, Aug. 2025.

PIBBSS

28



1. Hierarchical emergence
2. World modelling
a) Setting and formal foundations
b) Minimal world models
) Interpretable world models
3. Abstractions

4. ldeas to take home

29



Al sandboxing

Scenario:
« An Al system needs testing before deployment

« There is a probabilistic model of the world available for sandboxing

Action

Perception

30



Al sandboxing

Scenadario:
« An Al system needs testing before deployment

« There is a probabilistic model of the world available for sandboxing

Reasons to do better:

e The model may be too detailed (e.g. a physical model of the whole planet)
e Agent may not “see” some resolution (e.g. classical agents cannot see quantum)

e The agent may only interact with a corner of the world (e.g. a bacteria)
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Thought experiment: Brain in a Vat

How can one distinguish between reality and a simulation?

- Plato’s allegory of the cave, The Republic, (~375 BC)
. Zhuangzi’s butterfly dream (circa 476-221 BC)

- Decartes’ evil demon, Meditations (1641)

- Hilary Putnam, Brains in a vat (1981)

- The Matrix (1999)

32



Thought experiment: Brain in a Vat

How can one distinguish between reality and a simulation?

Key insight (“Al in a vat” approach): .
—> Forget about the world, and focus on how inputs turn into outputs (the interface)

33



Thought experiment: Brain in a Vat

How can one distinguish between reality and a simulation?

Key insight (“Al in a vat” approach): .
—> Forget about the world, and focus on how inputs turn into outputs (the interface)

How can we best simulate an interface? (computational goal)

Can we characterise what can be learned through it? (epistemic goal)

34



Formal foundations

The interface of an agent Z(Y | A) is a collection of conditional distributions p(y.+|a.)
turning sequences of actions into outcomes, satisfying p(y.:|a.) = p(y.c|a.;).

Action
(CL(), ai, az, CL3)

L @

Agent W World

Perception
(y(b Y1,Y2, yS)
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Formal foundations

The interface of an agent Z(Y | A) is a collection of conditional distributions p(y:¢|a.)
turning sequences of actions into outcomes, satisfying p(y.ila.) = p(y.la.).
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Formal foundations

The interface of an agent Z(Y | A) is a collection of conditional distributions p(y:¢|a.)
turning sequences of actions into outcomes, satisfying p(y.:|a.) = p(y.t|a.;).

A Markov world model for a given interface Z(Y |A) is another collection of distributions p(s.;|h.)
corresponding to an auxiliary process leading to the following factorisation:

t
p(Yasierala) = plso) [ | wr(yrs seialar, se)

J T A A (0

& ¢ & O
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Formal foundations

The interface of an agent Z(Y | A) is a collection of conditional distributions p(y:¢|a.)
turning sequences of actions into outcomes, satisfying p(y.:|a.) = p(y.c|a.;).

A Markov world model for a given interface Z(Y | A) is another collection of distributions p(s.¢|h.)
corresponding to an auxiliary process leading to the following factorisation:

t
p(Yasierala) = plso) [ | wr(yrs seialar, se)

7=0

Markov world models correspond to transducer: stochastic automata (3, AV, K, p) with states
in S, inputs A, outputs ), and a Markov kernel (¥, §l|a, s).

S
So - Sa
AO Y() Al Yl
>
Time
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Properties of transducers

-

é}b

QL
Do el

t
e Trivial transducers S5; =0 <—> Memorylessinterfaces p(y.i|a.) = Hp(y7'|a7')

7=0
e Fully observability S; =Y; <—> Markovinterfaces p(y;11|y.t,a.) = p(yer1|ye, ar)

Transducers capture the memory of interfaces!
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Different types of transducers

Full transducer

it

kr (Y, §la, s)

Belief transducer

kr(y,5la,s) = pr(y|

- (Sly, a, s)

V)

POMDP — action first

¢I~0

kr(y, 8la, s) = pr(yla, s)v.(

POMDP — observation first

0/70@

§la,

kr (Y, 3la, 8) = pr (y|s)v-(3la, s)
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Reducing transducers

Can all interfaces be simulated via a transducer?

ame e .8 8 8
S $r frafradh

t
p(yasas1la) = p(so) | | #+ (s, sr1alar, s¢)

7=0
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Reducing transducers

Can all interfaces be simulated via a transducer?

- & 8 e e

@‘

t

p(yasas1la) = p(so) | | #+ (s, sr1alar, s¢)
7=0

Yes! Consider the transducer “Funes’” with world model S; = H.;_1.

So=0, 51 =(A40,Y), S2=(A1,Y9),...
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Reducing transducers

Can all interfaces be simulated via a transducer?

Nehet

.f+¥

-

t

p(yasas1la) = p(so) | | #+ (s, sr1alar, s¢)
7=0

Yes! Consider the transducer “Funes’” with world model S; = H.;_1.

So=0, 51 =(A40,Y), S2=(A1,Y9),...

—> It works, but requires exponential amounts of memory
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Reducing transducers

Can all interfaces be simulated via a transducer?

Q
CAo,Al,LAg, )

t

p(yasas1la) = p(so) | | #+ (s, sr1alar, s¢)
7=0

Yes! Consider the transducer “Funes’” with world model S; = H.;_1.

So=0, 51 =(A40,Y), S2=(A1,Y9),...

—> It works, but requires exponential amounts of memory

How can one “reduce’” a transducer?

45



Reducing transducers: tools

World reductions: coarse-grains that keep the interface stays the same (equivalent to bisimulation).

0—» o
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Reducing transducers: tools

World reductions: coarse-grains that keep the interface stays the same (equivalent to bisimulation).
& 8 ... 8 8

Isomorphic worlds: it is possible to reduce one into each other.

<+

47



Reducing transducers: tools

World reductions: coarse-grains that keep the interface stays the same (equivalent to bisimulation).
& 8 ... 8 8

Isomorphic worlds: it is possible to reduce one into each other.

Minimal worlds: all reductions are isomorphic to itself.

%(H-\

48



Limitations of bisimulation

Problem: bisimulation usually doesn’t have a global minima

'S
Y

/

\
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Limitations of bisimulation

Problem: bisimulation usually doesn’t have a global minima

'S

\
' LV

Y

Reason: bisimulation can replace pairwisely identical states, but cannot compress redundancy
between groups of three or more states...
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Limitations of bisimulation

Problem: bisimulation usually doesn’t have a global minima

'S

\
' LV

Y

Reason: bisimulation can replace pairwisely identical states, but cannot compress redundancy
between groups of three or more states...

Solution: accept what you get, or embrace negative probabilities!
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Generalised transducers

A quasi-stochastic vector sums 1 but can have negative numbers.

p = (0.6,—0.1,0.5)
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Generalised transducers

A quasi-stochastic vector sums 1 but can have negative numbers.

Generalised transducers have quasi-stochastic states and transitions:

t
Prtyotan) — - (TLA01) -
1=0
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Generalised transducers

A quasi-stochastic vector sums 1 but can have negative numbers.

Generalised transducers have quasi-stochastic states and transitions:
t

Prtyotan) — - (TLA01) -

1=0

Theorem: generalised transducers can always be reduced up to a unique minimum!
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Generalised transducers

A quasi-stochastic vector sums 1 but can have negative numbers.

Generalised transducers have quasi-stochastic states and transitions:

Pr(y.t|a.;) (HA(%'“’)) v

Theorem: generalised transducers can always be reduced up to a unique minimum!

Limitation: substantial lack of interpretability, inability to sample, etc

95
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Interpretable models: what can agents learn?

O S W |

What makes a world model learnable?
1. Observable: world’s state is a (deterministic) function of the history,so S; = f(H.;_1)

A

2. Unifilar: world state can be efficiently updated as Si11 = f(S¢, Yz, Ay)
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Interpretable models: what can agents learn?

O S W |

What makes a world model learnable?
1. Observable: world’s state is a (deterministic) function of the history,so S; = f(H.;_1)

A

2. Unifilar: world state can be efficiently updated as Si11 = f(S¢, Yz, Ay)

How to create observable world models?

—-> By switching the phase space from states to distributions (“beliefs”) ¢ ’tx\' 4 Q
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Interpretable models: what can agents learn?

O S W |

What makes a world model learnable?
1. Observable: world’s state is a (deterministic) function of the history,so S; = f(H.;_1)

2. Unifilar: world state can be efficiently updated as Si11 = f(S¢, Yz, Ay)

How to create observable world models?
—-> By switching the phase space from states to distributions (“beliefs”)

Bayesian beliefs are unifilar and yield a transducer that generate the same interface!

1
bt+1(3t+1) — & p(yt7 St+1\at, St)bt(st)
7

St
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Minimal predictive models

Let’s build equivalence classes of histories where h.;_1 ~ hft_l if and only if

p(yt:t+T|h:t—1a at:t—i—T) = p(yt:t+T’hft—1a at:t—l—T)a \V/yt:H—La ai.i4+1,,L € N,

These are the states of the ““e-transducer”.
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Minimal predictive models

Let’s build equivalence classes of histories where h.;_1 ~ hft_l if and only if

p(yt:t+T|h:t—1a at:t—i—T) = p(yt:t+T’hft—1a a't:t—l—T)a \V/yt:H—La ai.i4+1,,L € N,

These are the states of the ““e-transducer”.

Findings:
1. It is the minimal bisimulation of the Funes transducer
2. Itis a transducer.
3. Itis the minimal bisimulation of *any* predictive world model that generates the interface.

4. Thus, it is the minimal predictive world model that generates the interface.
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Minimal predictive models

Let’s build equivalence classes of histories where h.;_1 ~ hft_l if and only if

p(yt:t+T|h:t—1a at:t—i—T) = p(yt:t+T’hft—1a a't:t—l—T)a \V/yt:H—La ai.i4+1,,L € N,

These are the states of the ““e-transducer”.

Findings:
1. It is the minimal bisimulation of the Funes transducer
2. Itis a transducer.
3. Itis the minimal bisimulation of *any* predictive world model that generates the interface.

4. Thus, it is the minimal predictive world model that generates the interface.

Conclusion 1: agents with same interface but beliefs in different world models still share
the e-transducer.
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Minimal predictive models

Let’s build equivalence classes of histories where h.;_1 ~ hft_l if and only if

p(yt:t+T|h:t—1a at:t—i—T) = p(yt:t+T’hft—1a a't:t—l—T)a \V/yt:H—L’ ai.i4+1,,L € N,

These are the states of the ““e-transducer”.

Findings:
1. It is the minimal bisimulation of the Funes transducer
2. Itis a transducer.
3. Itis the minimal bisimulation of *any* predictive world model that generates the interface.

4. Thus, it is the minimal predictive world model that generates the interface.

Conclusion 1: agents with same interface but beliefs in different world models still share
the e-transducer.

Conclusion 2: the e-transducer contains all the predictive information about the world
that is learnable from the interface.
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What have we learned?

e The class of world models that can be used to simulate a given agent’s
interface is surprisingly rich.
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What have we learned?

e The class of world models that can be used to simulate a given agent’s
interface is surprisingly rich.

® There exists a fundamental trade-off between computational
efficiency and interpretability of world models.

_———
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What have we learned? ﬁ

e The class of world models that can be used to simulate a given agent’s
interface is surprisingly rich.

® There exists a fundamental trade-off between computational
efficiency and interpretability of world models.

® Bayesian belief updating is the most efficient world model that an
agent can compute for itself.
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A cybernetic-inspired approach to world modelling

Cybernetics: very ambitious research programme to explain intelligent behaviour.

Lost momentum but planted seeds to many disciplines (control theory, Al, cognitive science...)

1868

1948

1948

I Information
theory

Mathematical
communication

theory
P
Cybernetics
(1948)

Operations
. research

1968

‘Data analysis
and decision-
making

General |
systems theory !
and systems

analysis _~

1
\

1944

1956

Artificial
intelligence

1943
R 1956
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A cybernetic-inspired approach to world modelling

Cybernetics: very ambitious research programme to explain intelligent behaviour.

Lost momentum but planted seeds to many disciplines (control theory, Al, cognitive science...)

Some good ideas:
— Principle of requisite variety: a controller needs at least the same diversity as what its target

— Good regulator theorem: a good controller needs a model of its target

Homomorphic Mapping
o o w
' oo - o * T

SYSTEM REGULATOR

Variety ~~ (Model)

https://www.linkedin.com/pulse/clarifying-good-regulator-theorem-through-rosens-modeling-lissack-6aqtf/

Ashby, W. R. (1958). "Requisite variety and its implications for the control of complex systems." Cybernetica, 1(2), 83-99.

Conant & Ashby (1970). "Every good regulator of a system must be a model of that system." International Journal of Systems Science, 1(2), 89-97.
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A cybernetic-inspired approach to world modelling

Cybernetics: very ambitious research programme to explain intelligent behaviour.

Lost momentum but planted seeds to many disciplines (control theory, Al, cognitive science...)

Some good ideas:
— Principle of requisite variety: a controller needs at least the same diversity as what its target

— Good regulator theorem: a good controller needs a model of its target

4 h
R | / Interesting question:
_ _ To what degree an agents’ beliefs need to reflect
”@\ structural properties of their environments
\. J
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Key idea: “Emergence matching”

Exploring the conditions under which physical processes with hierarchical structure give rise
to hierarchical beliefs.

Physical process World models

Ecosystems | &

ARO Sphericity

a‘)
@i\h’#\

Can be
separated here,
... butnaot

THeYeHT

Cellular Function

Rosas (2025). Symmetries at the origin of hierarchical emergence. arXiv preprint arXiv:2512.00984.
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Symmetry and emergence?

Invariance Equivariance
fpg(x)) = f(x) f(pg(x)) = pg (f(x))

Geometric Deep Learning and Reinforcement Learning (2021)
AMMI Seminar - Elise van der Pol (UvA)

72



Symmetry and emergence?

Future

N

s S8
) &

Invariant dynamics
—> symmetric
initial conditions
lead to same future

Examples: particle exchangeability, left-right symmetry, etc

Future

0’

Equivariant dynamics
—> symmetric

initial conditions

lead to symmetric futures
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Symmetry as sufficient for hierarchical emergence

Theorem: if Markov process is dynamically equivariant
—> orbits are informationally closed

(A) (B) Symmetries Coarse-grainings

Rosas (2025). Symmetries at the origin of hierarchical emergence. arXiv preprint arXiv:2512.00984.
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Example: Hopfield networks

Physical systems with equivariant dynamics have macroscopic levels that are informationally-closed.

(A) (B)

b =
</
i =2
£
iig: =7
Neural dynamics: ]P’{Xerl = 1|Xt1, e ,Xf} = F(B Z wz-,ng)
. . o 1 j
Invariances: Mattis magnetisation /; = (qu - X)) = Z qj X;

—> Mattis Magnetisation is informationally closed!
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Example: Hopfield networks

Physical systems with equivariant dynamics have macroscopic levels that are informationally-closed.

(A) (B)
</
\/
£

S

all symmetries

Dy

(C) = N (D)

reflections reflections

(s, s7%)

(sr,sr3>

(s)

magnetisation

|
% {e}

T HEEEE )

|
PR

Compositionality is reflected in partial order! i@f
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Multi-level Bayesian belief updating

Consider a process with equivariant dynamics and also measurements.

Process Measurement Belief updating
Macro-level &C ----- 1 Vo,Va,...,Vz |---4--- >
b} bi i1
e
Ya \Je
Micro-level / \ ----- | Yo, Yi,...,Yy |---+--- > [I_‘—H_l_‘ —_— :I__
by biy1

Theorem: Symmetry in (i) transitions and (ii) observations guarantees that Bayesian beliefs
can be updated at multiple levels of resolution.

NV
Coarse-grained beliefs —> Abstractions! :@i

7 N
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Example: Multi-level belief updating in Ehrenfest diffusion

N
Exact Bayesian updating on large systems is possible!! :@\

7 N

(A) (B) Macro-variable: (C)

Particle count per chamber

~ Q
7 N

ﬁ
Permutations
State State Measurement
(D) 8
+~ |
§ 6 [~ | 0.6 2
2t . 3
>
| | 0.4
< 4| ||
‘J p—
Dc:%' 2 - — 0.2 cqé
Abstract belief (counts) - .
0 0.0

0}
S =
8 -5.0 =2
" >
5 T
—-10.0 .5
29 S
n < s
{111 L1} L1 L] [11] L] [11] L] _15.0 %D
Micro-level belief (states) 3
o ~20.0
n
= |
g | = | | | |
o | | | | |
= | | |
) | | | | | [ |
S | | | | |
= [ [ [ | | |
0 1 2 3 4 5
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Current work: Thermodynamic reinforcement learning

The Ehrenfest control problem:

- An agent can push particles between chambers.

Is rewarded for moving particles to a “good”
chamber.

Can choose to perceive and control at micro or
macro levels.
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Current work: Thermodynamic reinforcement learning

Number of particles =5

The Ehrenfest control problem: 2
5,
- An agent can push particles between chambers.
o
. . =z 0
. Isrewarded for moving particles to a “good” =
chamber.
T 27
. Can choose to perceive and control at microor £
macro levels. o 17
5
Z 0-
I I | I 1
Level
Number of particles = 10 — Micro
2_
— Macro

Average reward
o
1

Number of particles = 40

For large systems micro-level
control is unfeasible!

Average reward

Training episode
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1. Hierarchical emergence

2. World modelling

3. Abstractions

4. ldeas to take home
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Ideas to take home

4 Y

e Hierarchical emergence takes place when there are levels of a system
that are informationally or computationally autonomous.

Macro-scale

N

e weoeane Wy hierarchical emergence is cool?
coarse-graining
1. For the system: Enables decoupled levels with their own
Mesoscale | | il | logic, which are amenable to efficient controllability.
2. For the researcher: Allow for effective theories and

coarse-graining

Micro-scale mH

Micro patterns Micro engine

* Meso patterns Meso engine

efficient simulations.
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Ideas to take home

4 N
¢ World modelling corresponds to auxiliary processes that explain
interfaces (i.e. perception-action loops).
\. y
« A given interface accepts many alternative
world models.
g < There is an intrinsic efficiency-vs- interpretability

tradeoff

« Bayesian belief updating is the most efficient
world model accessible for an agent.
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Ideas to take home

¢ Dynamical equivariance establishes a correspondence between
hierarchical emergence and abstractions within belief updating.

&ﬂl | '''''' > VO’%,..-’% """"" >

b} by 1
bc Yo Vg
/
F ----- > Yo, Yl, 200 ,Y; -------- >
%";D’Jb:: by bit1

+ Allows exact Bayesian inference in large systems.

« Lead to scalable approaches for RL in partially observable scenarios...
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Ideas to take home

® Our current work is about combining these ideas with compositionality,
and using them in reinforcement learning settings.

Monolithic

Boyd et al. (2025). “From monoliths to modules: Decomposing transducers for efficient world modelling”. arXiv preprint arXiv:2512.02193.
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Thank you!

Contact information: Fernando E. Rosas

f.rosas@sussex.ac.uk

US Imperial College TR UNIVERSITY OF

UNIVERSITY

OF SUSSEX London
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