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Abstract

World models are central to sample-efficient Reinforcement Learning (RL), yet
most are monolithic and, even when trained and updated online, they cannot answer
the question that continual learning raises: “which part of the world changed?”
Bayesian networks answer exactly that, splitting the dynamics into local mecha-
nisms, one per variable, arranged on a Directed Acyclic Graph (DAG). However,
their classical formulation is tabular, which has kept them out of modern world
modeling: queries are answered one value at a time and continuous variables are
poorly supported. We represent the environment dynamics with Neural Bayesian
Networks (NBNs): Bayesian Networks whose mechanisms are learned conditional
densities, which support both continuous and discrete variables and answer queries
in batches. To make them continual world models, we build a pipeline that sep-
arates changes in a mechanism from shifts in the agent’s behavior, revises only
the mechanisms that changed, and plans by inference in the network. In a prelimi-
nary experiment on a toy MDP with non-Gaussian dynamics, our pipeline flags
only the changed mechanism and keeps its model of the environment dynamics
accurate through behavior shifts and mechanism drifts. Released code: https:
//github.com/Giovannibriglia/nbn-continual-world-models.

1 Introduction

Model-based reinforcement learning (RL) rests on world models: learned approximations of the
environment dynamics used for prediction, imagination, and planning [Ha and Schmidhuber, |2018|
Hafner et al., 2025]. Many are trained once and then frozen [Zidan et al.||2026], yet real environments
change, and a world model should change with them, by continual learning. Single-network models
offer no graceful path: fine-tuning may overwrite still-valid knowledge unless past data is replayed
[Kirkpatrick et al.,[2017| |Parisi et al.,[2019]]; a drop in accuracy says nothing about what changed;
and no part of a monolithic network corresponds to a part of the world to revise alone.

Bayesian networks (BNs) [Koller and Friedman, 2009|] were designed around exactly these missing
properties. A BN splits the joint distribution into small local pieces, one conditional mechanism per
variable, arranged on a directed acyclic graph (DAG), so the structure of the dynamics is explicit
and each mechanism can change without dragging the others with it. This granularity matches
how real environments change: usually a few mechanisms shift while the rest keeps working (the
sparse mechanism shift hypothesis [Scholkopf et al., |2021]]), so a factored model can revise only
what changed and keep the rest. BNs would be a natural candidate for a world model, as factored
Markov decision processes (MDPs) already show for transitions [Boutilier et al.,|2000]]; however, their
classical formulation never met modern world modeling. Their conditional tables grow exponentially
with the number of parents, continuous variables cannot be tabulated and need parametric forms, such
as linear-Gaussian ones [Koller and Friedmanl 2009, and exact inference, and even approximate
inference, is NP-hard in general [Cooper, |1990, Dagum and Luby, |1993]], while classical engines
answer queries one at a time, not in the batches a planner needs.
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In this paper, we use Neural Bayesian Networks (NBNs) [Briglia et al., [2026] as the backbone
of a pipeline for continual world models in RL. An NBN keeps the BN’s graph and factorization,
but replaces every conditional distribution with a learned module (linear-Gaussian, neural, or non-
parametric) that processes whole batches in parallel. Keeping the graph and learning the mechanisms
fits RL particularly well: the decision process fixes the time order of the DAG (Figure[I]), and the
edges between state variables come from domain knowledge or structure learning, so what is learned,
and what drifts, are the local functions attached to the graph, not the structure itself. With this
split, the three abilities that a continual world model needs, detecting change, absorbing it, keeping
what still holds, become operations on single mechanisms; with planning, they form our pipeline
(Section [3), and Section [] gives a first assessment. The ingredients are not new: BNs have been
adapted node by node to non-stationary data [Nielsen and Nielsen, 2008]|, changing mechanisms have
been found with conditional-independence tests [Huang et al., 2020], and model-based agents have
adapted their dynamics models online [Nagabandi et al.| 2019]; our contribution is a pipeline that
combines them, with an NBN as its backbone, into one continual world model.

2 Background

World models learn the transition probabilities p(s’ | s, a) and drive planning in imagination [Ha and
Schmidhuber, 2018, Hafner et al.|[2025]], while continual RL studies agents in changing environments
[Khetarpal et al.l 2022]; its standard tools, such as replay and weight-change penalties as in EWC
[Kirkpatrick et al., [2017, |Parisi et al.,|2019], operate on an unstructured weight vector: they slow
forgetting but cannot say which part of the world changed. A Bayesian network says which part

Figure 1: The DAG of the online factored MDP of Section[d] following
the structural view of Buesing et al.|[2019]]. Primes denote time ¢+1.
Solid edges: learned mechanisms; dashed: behavior policy; R=1 at the
goal. The graph is assumed; drift changes the local functions attached to
the nodes, never the structure.

changed by construction: it factorizes p(x) = [, pi(x; | Tpa(;)) along a DAG whose node i has
parents Pa(i). For an online MDP the time order of that DAG is given: state and action at time
t are the parents of the next state and of the reward (Figure[I]), and we assume the edges known
throughout; since the agent executes its own policy and observes the parents of its actions, its data are
interventional, p(s’ | s,do(a)) = p(s" | s, a) [Pearl, 2009} [Schulte and Poupart, 2025]], while logged
data could be confounded. What remains uncertain, and drifts, are the mechanisms.

Structured world models are not new: deep structural causal models pair neural networks with
an explicit graph for counterfactual estimation [Pawlowski et al.| 2020, Xia et al.| [2021]], causal
dynamics learning discovers the graph and exploits its sparsity for robust RL [Wang et al., [2022]],
and end-to-end discovery couples graph learning with neural conditionals [Lorch et al., 2021]]. All
assume a static setting, fitted once, then queried; none adapts a deployed model per mechanism.
Dreamer trains a recurrent latent world model, with actor and critic, “concurrently from replayed
experience while the agent interacts with the environment” [Hafner et al.|[2025]]. V-JEPA 2 pretrains
a video encoder on over a million hours of video and plans towards goal images with a predictor
trained on under 62 hours of robot video [Assran et al.[2025]]. Both learn a state from pixels at scale,
which we assume away (Section (1)), but neither addresses maintenance: the dynamics live in one
network, so a change in the world shows up as a global loss of accuracy. These encodes and NBNs
are complementary: an NBN could maintain the dynamics over the factored latents of such encoders.

3 Neural Bayesian Networks as Continual World Models

In a BN every conditional is a self-contained mechanism, fitted from its own variable and parents
alone; classically it is a table or a closed-form density, evaluated one configuration at a time. An NBN
replaces each local conditional with a parametrized mapping pg, (1:, | xpa(i)) = M; (Ipa(i); (bi) ,
where M is a learned module that can sample x; and score log pg, (%; | Tpa(;y) for a batch of B



parent configurations at once. The graph and the factorization py(X) = []; py, (X | Xpagi)) of
the classical BN are preserved exactly; sampling-based inference needs nothing more than these
two operations, so every mechanism works on batches and families can be mixed within one model,
from linear-Gaussian models to neural densities such as mixture density networks [Bishop,[1994]. A
factored MDP becomes a two-slice NBN with the DAG of Figure/]

Assumptions. The approach requires: (i) the state is factored into meaningful variables, not raw
pixels; (ii) the DAG is available: in RL the decision process fixes its time order (Figure|[T), and the
edges between state variables come from expert knowledge or structure learning [Lorch et al.| 2021}
Wang et al.,2022[; (iii) the variables in the graph are observed in the experience stream; (iv) change
affects the mechanisms, i.e. the local functions, while the graph stays fixed (graph drift: Section 3)).

Under these assumptions, four properties make an NBN world model continual; on each new batch W
of experience they run as a pipeline: test, update, plan. (1) Change is detected and localized on the
graph. Because the log-likelihood splits into one term per node, log py () = >, log pg, (z; | Zpa(i))s
the surprise of an incoming batch is attributed to individual mechanisms at no extra cost. Surprise,
however, is not change. If g is the distribution of the parents in the batch and p; the true mechanism,
so that the parents U; = Xpa(;) ~ g and X; ~ pi(- | U;), then

E[logpy, (Xi | Us)] = —Eg[H(p(- | U:)] — Eq[KL(p; (- | Ui) || pe, (- | U:))]. (D

Only the second term measures a wrong mechanism; the first moves whenever ¢ moves, for example
when the agent visits noisier states, even if the mechanism is untouched. We therefore test the
conditional itself, Hy: X; 1 E | Pa(i), where E indicates whether a transition comes from the
stored data or from the new batch, the invariance condition of |Peters et al.|[2016[]. With continuous
parents no such test is valid against all alternatives [[Shah and Peters|, [2020], so we use a simple
one and check its calibration: a permutation test on pairs of new and stored transitions with close
parents (Appendix [A)). It does not use the model, so it is the same for every mechanism family,
and runs at level o with a Bonferroni correction over mechanisms [Dunn| |1961]]. A flag on node @
reads: the mechanism of X; changed. (2) New evidence is absorbed where the world changed.
Each mechanism keeps the data D; seen since its last restart: if the test flags it, it restarts from W;
otherwise D; < D; U W and it is refit. (3) Stability comes from structure, plasticity from the
test. A sliding window or a forgetting factor would wear down every mechanism, including those
that did not change; here old data are dropped only where the test fires, and a mechanism that is
not flagged keeps all its data: knowledge is kept because the factorization isolates it. This is the
informed strategy of concept-drift adaptation [Gama et al.,[2014], applied to each mechanism. (4)
Planning is a batched query. “What if I take action a?” is the interventional query p(s’ | s, do(a)):
cut the behavior edges into A and set A=a [Pearl,[2009]]. With R=1 at the goal and a uniform prior
on A, p(a | s, R=1) x P(R=1 | s,do(a)): the most probable action given success is the one most
likely to succeed [Levine, [2018]). Likelihood weighting [Koller and Friedman, 2009] samples actions
from the uniform prior and next states from the mechanisms, and weights them by P(R=1 | s’); one
batched call serves many states.

4 Experiment and Discussion

Setting. The MDP has the DAG of Figure two continuous state variables and an action A € [—1,1].
S1 is linear in (S7, A) with skewed noise; S} is nonlinear in A, with bimodal noise whose spread
grows with S; (Appendix . The goal is |S5| < 0.2. Experience arrives in 8 phases of 2,000
transitions. At phase 2 the behavior changes: the agent visits other, noisier states and its policy
depends on S7; no mechanism changes. At phase 5 the mechanism of S}, changes: the effect of the
action is reversed. Transition mechanisms are mixture density networks (MDNs) [Bishopl |1994] with
5 components (Appendix [A). We compare the pipeline with four other ways to maintain the same
NBN: frozen after phase 0; pooled, refit on all data; a sliding window, refit on the last phase only; and
raw likelihood + restart, the pipeline with a one-sided z-test for a drop of log-likelihood in place of
our test. Model error is the Wasserstein-1 distance W to the current dynamics (Appendix [A). Tests
run at a=0.01 (0.5% per mechanism, Bonferroni); 5 seeds.

Which mechanism changed? (Figure ). Over 7 batches, 2 mechanisms and 5 seeds, the test ran
70 times; only 5 of these faced a real change (S% at phase 5), and the test flagged exactly those 5, with
no flag at the behavior shift. The raw likelihood also catches the drift, but it flags S% at the behavior
shift in all 5 runs, and again at phase 3 in 3 runs: the agent now visits states where .S} is noisier, so
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Figure 2: MDN mechanisms; behavior shift at phase 2, drift of S} at phase 5 (dotted lines). (a) For
each detector (test: ours; raw lik.: raw likelihood) and mechanism, the number of runs, out of 5,
that flagged a change at each phase; the only real change is boxed. (b) W) of the model’s next-state
distribution to the current true one; dashed: the true model; mean = std over 5 seeds; frozen not
shown. (c¢) Planner speed relative to vectorized Pyro on the same device (dashed), for 10,240 queries
in calls of B states; top: GPU, bottom: CPU; NumPyro with compilation.

the entropy term of Eq. drops, and even the true mechanism loses 0.35 nats. It never flags S7,
whose noise does not depend on its parents, as Eq. (I)) predicts. More results in Appendix [A] Table|[T]

Is the model right? (Figure 2b). At the behavior shift the pipeline keeps all history and is as
accurate as pooling (W7 = 0.10), while the raw likelihood, which dropped the history of S} on a
false alarm, rises to 0.14, and the window to 0.16. After the drift, pooling mixes the two regimes
(W7 = 1.42), while the pipeline, which restarts only S}, is at 0.14, below the window (0.18). More
results in Appendix [A] Table[2]

How fast is planning? (Figure Zc). We compare the NBN with the state-of-the-art probabilistic
programming library Pyro [Bingham et al.| [2019]] as a direct competitor, and its JAX-optimized
NumPyro version [Phan et al.,[2019] as a ceiling. All three run the same planner on the same trained
MDNs, on both CPU and GPU: each answers 10240 queries in batches of B states (complete results
in Appendix [A] Tables[3H4). Overall, all three methods produce plans of equal quality, and the NBN
is competitive in speed. It is faster than Pyro on both devices. Against NumPyro, it is slower on the
CPU and on the GPU for small batches. On the GPU for B > 64 it is faster on this workload, because
NumPyro’s compilation, paid once per batch size, outweighs its faster JIT-compiled steady state
(Appendix [A). Unlike Pyro and NumPyro, where the factorization lives inside a model program, the
NBN explictly represents each mechanism as a node of Figure [T} with its own data, test and update,
and planning is a query over those nodes.

S Conclusions and Future Developments

As our pipeline’s backbone, NBNs make the classical Bayesian network flexible and reactive enough
to serve as a continual world model for RL; our experiment is a first feasibility check, one toy MDP,
abrupt changes and one-step goals. Next are: 1) gradual drift and longer horizons, where planning
as inference needs a correction for stochastic dynamics [Levinel 2018]; 2) graph drift, with the
per-mechanism test triggering local structure search; 3) from pixels to variables, via the encoders of
Section|2|; 4) the causal reading [Pearl, |2019]: with structural equations, abduction [Pearl, 2009]] and
a noise coupling [Oberst and Sontag, |2019], NBNs could deconfound offline experience [Zeng et al.,
20235[ and answer “what if I had acted differently?”.
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A Experimental details

Dynamics. S| = 0.85; + 0.6A + 0.3, withe; = (G — 2)/v/2, G ~ Gamma(2, 1) (skewed, unit
variance). S5 = 0.653 — 0.457 + ¢ tanh(2A) 4+ 0(S1) g2 withes = 0.9 B4 0.436 Z, B = +1 with
equal probability, Z ~ A(0, 1) (bimodal, unit variance), and ¢(S1) = 0.15 + 0.45/(1 + e~2%1);
¢ = 1.2 before phase 5 and ¢ = —1.2 from phase 5 on. Behavior: in phases 0-1, S1, Sz ~ N (0,1)
and A ~ U[-1,1]; from phase 2, S; ~ N(0.8,0.7%), Sy ~ N(—0.4,1) and A = clip(—0.45; +
0.517,—1,1), n ~ N(0,1). States are drawn i.i.d. in each phase.

Mechanisms. The transition mechanisms are learned; the roots are fixed: states are always observed,
and the action prior is the planner’s uniform prior. MDN: 5 Gaussian components, two hidden layers
of 64 units, 200 epochs from scratch (restart, window) or 60 epochs from the previous weights
(append, pooled). P(R=1 | s}) = W{|s}| < 0.2}, floored at 10~°. Linear-Gaussian reference: least
squares with Gaussian noise.

Test. Parents are standardized with the stored data D;. In random order, each transition of W is
matched to the nearest unused transition of D; in parent space, if one lies within distance 0.25.
Residuals 7 = 2 — g(pa) use a cubic polynomial g fitted on D;, which corrects the small parent
mismatch within each pair. Withd = r"V' — rP and dy = (V)2 — (rP)? per pair, the statistic is
the sum of the R? of the regressions of d and of d on cubic features of the pair’s parents. Under
Hj the two children of a pair are exchangeable, so swapping a pair flips the signs of d and ds; the
p-value is the rank of the statistic among 999 random sign flips. Bonferroni correction [Dunnl|1961]:
with m mechanisms tested on the same batch, each test runs at level «/m; by the union bound, the
probability of at least one false flag in that batch is at most «, whatever the dependence between
the tests. The guarantee is per batch: over 7' batches up to about 7'« false flags are expected, and
controlling them over a whole run is a sequential change-detection problem that we do not address.
Raw likelihood: a one-sided two-sample z-test of a drop in the mean log-likelihood of the new batch
with respect to the previous batch, both scored by the model before absorbing them (hence from
phase 2 on). Checks (Table[T): on pairs of simulated batches, the test keeps its level with and without
a behavior shift and always flags the drift of S}; with the true mechanism, the mean log-likelihood
of S} goes from —0.15 under the original behavior to —0.50 under the shifted one, the 0.35 nats of
Section[dl

Table 1: Flag rate of our test at nominal 0.5% per mechanism, on pairs of simulated batches of 2,000
transitions (200 pairs per case; 50 for the drift).

new batch S1 S

no change 1.0%  0.5%
behavior shift  0.5%  1.5%
drift of S5 0% 100%

Planning and metrics. 200 fixed start states with S;, So ~ A(0,1). Likelihood weighting draws
2,048 particles per state in one batched call; the posterior mode is read from a weighted Gaussian
kernel (bandwidth 0.05) on a grid of 201 actions. The score is the mean true success probability
of the chosen actions, in closed form, divided by that of the best grid actions. Model error is the
Wasserstein-1 distance between the model’s and the true next-state distributions, averaged over 400
parent points from the original behavior, with 256 samples per point; since both kernels make S}
and S} independent given the parents, the W, of the joint kernel under an L; cost is the sum of
the two per-mechanism distances. The true model scores 0.07, from sampling alone. Per phase
on a laptop CPU (one thread): test 0.04s, update 0.7 s, planning for 200 states 0.6s. All NBNs
use the nbn library (version 0.20.2); the code and the instructions to reproduce every result are at
https://github.com/Giovannibriglia/nbn-continual-world-models,

Model and plan (Table[2). At the behavior shift the pipeline plans at 95% of optimal, as pooling,
against 90% for the raw likelihood and 89% for the window. Right after the drift the three strategies
that adapt plan alike (92-93%, against 96% with the true dynamics), while pooling falls to 25% and
the frozen model to 21%. Over phases 1-7 the pipeline loses the least against the true-dynamics
planner (0.17, against 0.25 for the raw likelihood and 0.41 for the window). A linear-Gaussian NBN
plans at 72-74% throughout: it aims between the two modes of \S.


https://github.com/Giovannibriglia/nbn-continual-world-models

Table 2: Model error (1#7) and plan score (success relative to the optimal action), means over 5 seeds:
at the behavior shift (phase 2), right after the drift (phase 5), and summed over phases 1-7 as excess
over the true model (W) or loss against the planner with the true dynamics (plan). Bold: best among
the five strategies; a tie at the shown precision goes to the lower std over seeds.

model error W plan score

strategy shift  drift excess, 1-7  shift  drift loss, 1-7
frozen 0.11  1.59 4.73 094 0.21 2.36
pooled 0.10 1.42 3.85 095 0.25 2.11
sliding window 0.16 0.18 0.63 0.89 0.92 0.41
raw likelihood + restart 0.14 0.14 0.39 0.90 0.93 0.25
NBN pipeline 0.10 0.14 0.29 0.95 0.92 0.17
true dynamics 0.07  0.07 - 0.96 0.96 -
NBN pipeline, linear-Gaussian ~ 0.28  0.30 1.53 0.74  0.72 1.63

Speed comparison. Pyro and NumPyro load the trained weights of the NBN’s MDNs, fitted on
phase 0, and reproduce the log-densities of nbn to a relative error of about 10~° (single precision);
the three engines run the same estimator (likelihood weighting, then the mode on the action grid).
Each engine answers the same 10,240 random states, at 2,048 particles each, in 10,240/ B calls of
B € {1,8,64,256,1024} states; we time the whole workload once (1 seed), after one untimed call
for each B. For NumPyro, since it is on JAX, we also count the compilation time: JAX compiles
once per batch size, 1.2-1.5s on the CPU and 2.8-3.4 s on the GPU. Engines are timed on one Linux
server with an NVIDIA TITAN X (Pascal) GPU and a CPU with 20 logical cores. Table 3| gives the
times. On the GPU the NBN is 1.14-1.22x faster than Pyro at every B; for B > 64 NumPyro takes
3.5-3.9s, against 1.5-1.9 s for the NBN, because its compilation outweighs its faster steady state
(0.18 s at B=1024 without compilation), which overtakes the NBN only after about 25,000 queries
per batch size. On the CPU the NBN is 1.03-1.47x faster than Pyro, and NumPyro 2.6-4.4x, its
compilation being small next to the CPU times. Accuracy (Table ): each engine plans the 200
evaluation states with 64 to 8,192 particles per state, 5 seeds, drawing its own particles; the three
overlap within one s.d. at every particle count, at 2,048 particles they score 0.933-0.938, against
0.961 for the same planner with the true dynamics, and the rest of the gap, which widens with the
number of particles, is model error.

Table 3: Time (s) to answer 10,240 planning queries (2,048 particles each) in calls of B states, one
seed. NumPyro includes its compilation, given in parentheses. Bold: fastest on each device.

GPU (NVIDIA TITAN X) CPU
B NBN Pyro NumPyro NBN Pyro NumPyro
1 481 586 22.8(2.8) 56.1 69.8 26.6(1.3)
8 648 791 5.54(2.8) 28,6 420 11.6(1.5)
64 187 214 386(3.3) 549 61.3 14.2(1.2)
256 159 183 349@3.2) 539 586 13.3(1.3)
1024 1.50 1.71 3.60(3.4) 53.1 54.7 12.6(1.3)

Table 4: Plan score of the same planner in the three engines (CPU) and with the true dynamics, versus
particles per state; mean =+ std over 5 seeds, 200 evaluation states. Bold: best of the three engines (a
tie goes to the lower std).

particles NBN Pyro NumPyro true dynamics
64 0.814+0.016 0.824+£0.022 0.814+0.009 0.815+0.010

256 0.879£0.012 0.876+0.011 0.874+0.007 0.892 £ 0.006
1,024 0.923 +£0.006 0.925£0.003 0.918 £0.007 0.940 £ 0.006
2,048 0.933+£0.006 0.936 £0.002 0.938£0.003 0.961 £ 0.002
4,096 0.943+0.003 0.945+0.003 0.944+0.005 0.975 £ 0.001
8,192 0.948+0.004 0.952+0.003 0.950+£0.003 0.983 & 0.002
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