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3. Out-of-Sequence Filtering via World Model
Goal: the belief  over the latent state, given 
observations  that have actually arrived. 

Auxiliary kernel  retroactively folds in late arrivals:

ϕt = p(xt | õ≤t, a<t)
õ≤t

ψ

ψ(xτ |xτ−1, õ≤t, aτ−1) = {q(xτ |xτ−1, oτ, aτ−1) if oτ has been received
p(xτ |xτ−1, aτ−1) otherwise

ϕt = EqEψ…Eψ[ψ(xt |xt−1, õ≤t, at−1)]

Update with the posterior q when an observation is available; fall back to the prior p when it 
is still pending. Belief approximated with K particles — in practice, K = 1 suffices thanks to 
the RSSM’s deterministic path.

Roll forward from the last fully received prefix:

this gives the exact Bayesian filter for the available history.

1. Delays Matter in RL
‣ Standard RL assumes instantaneous perception, yet sensing, 

processing, and communication delays are pervasive in robotics, 
autonomous driving, and distributed control. 

‣ Waiting for delayed observations is often impractical or unsafe, 
e.g., a vehicle cannot pause while an obstacle approaches. 

‣ Prior work assumes fully observable MDPs or fixed delays in 
POMDPs, neither captures real systems.

5. Results
(a) Outperforms delay-aware baselines. DA-
Dreamer wins in most environments and dominates 
on hard, high-dimensional tasks (Humanoid, 
HumanoidStandup); it is also the most robust as 
action noise increases. 

(b) Holds up where heuristics break. Wait strategy 
fails almost everywhere; Memoryless approach 
collapses as delays grow.  

(c) Generalizes to unseen delays.  Delay patterns are 
rarely known in advance. DA-Dreamer exploits shorter 
delays and degrades less under longer ones in test-
time.

(a)

(b) (c)

2. Setting
‣ Environment : a POMDP  and a delay distribution . 

The observation emitted at time  arrives at  where . 

‣ Observations can arrive out-of-sequence: unique to random 
delays under partial observability.

⟨M, D⟩ M D
t t + dt dt ∼ D

Reduction to a standard POMDP: augmenting the state with a 
buffer of pending observations yields an equivalent delay-free 
environment. 

→ but state and observation spaces blow up exponentially, and the 
belief must also track pending observations.

4. Delay-Aware MBRL
We introduce a Delay-Aware framework for incorporating belief 
inference under random observation delays into model-based RL.

    Modifications to the standard pipeline are highlighted in blue.
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