


specific model.
Recently, training-free accelerations [39, 27] have emerged

that operate at inference time [4]. These approaches are
attractive because they require no new data [36], works on
existing architectures [7], and can deliver large wall-clock gains
[72]. However, they are typically calibrated on perceptual or
pixel-space metrics and developed for vision backbones. Little
is known about how their approximation errors translate into
trajectory deviations, and almost nothing is said about the
consequences of those deviations for closed-loop control.

We make two observations about di!usion-based planners:
(i) every denoising step passes the current noisy trajectory and
di!usion timestep through a relatively cheap input-processing
stage to produce a representation that feeds the deeper network
blocks. Changes in this representation across timesteps provide
a natural, low-cost signal for how stable the trajectory is
becoming, (ii) the sampler used to map denoiser outputs into
new trajectories has a known analytic form: for a given schedule,
we can write down exactly how a perturbation in the predicted
noise at step ! changes the state at step ! − 1. Taken together,
these two facts suggest that the planner itself contains enough
structure to estimate, for each step, how risky it would be to
reuse a past denoiser output instead of recomputing a new one.
These observations motivate the central idea of this work.
Statement of contributions: We introduce (i) Muninn1, a
training-free wrapper for trajectory di!usion models that uses
a cheap, timestep-wise probe of the internal representation
to predict how much the final trajectory would change if a
cached denoiser output were reused; (ii) a trajectory-level error
budget that aggregates these predictions into decisions about
when to reuse past denoiser outputs and when to recompute
them, trading o! planning speed against fidelity; and (iii) an
evaluation on several di!usion-based planners across simulated
and hardware navigation and manipulation benchmarks. We
also release the code, dataset and models.

Note (scope). Di!usion planners span many architectures
[74, 65]; we focus on state-space trajectory di!usion models
that denoise future state or state–action sequences conditioned
on observations and goals. Extending Muninn to other families
mainly requires redefining the probe; the caching framework
is unchanged, though the adaptation can be nontrivial.

II. R)*+”)% ,$#-

Trajectory di!usion models: Early learning-based trajectory
planners used imitation learning [50, 10] and variational gener-
ative models [25] to clone expert demonstrations. Conditional
VAEs [26], normalizing flows [53], and graph latent models
[19] capture diverse behaviors, but emit a single trajectory and
rely on delicate training heuristics. Di!usion-based planners
instead learn a denoising process over trajectories, achieving
SOTA coverage of multimodal motions and have been applied

1“For Huginn I fear lest he come not home, / But for Muninn my care
is more ...”– Norse mythology. Muninn is Odin’s raven of memory. We
borrow the name as a metaphor–relying on memory to move faster, while
being careful not to stray far from the path we would have taken.

to visual robot control [9], motion planning [21], and multi-
agent behavior forecasting [75]. By sampling di!erent noise
realizations, these models naturally explore distinct homotopy
classes [34] and avoid hand-crafted reward engineering. Yet
standard samplers still require tens of denoising steps per plan
[15], leading to second-level latencies and motivating recent
work on accelerated trajectory di!usion [57].
Accelerating Di!usion via Model Design: In this vein, architec-
tures compress the sampling chain while preserving multimodal
coverage [58, 24]. One line of work distills multi-step samplers
into shallow or one-step networks [52], or learns coarse-to-fine
denoisers that jump directly to high-quality trajectories in a
few iterations [16]. Other works bias the generative process
with structured priors, trajectory libraries, or policy heads
[14], so that sampling is guided toward task-feasible plans
and fewer refinement steps are needed [18]. A complementary
direction aggregates a set of di!usion rollouts into graphs,
reusing evaluations across branches to reduce latency without
sacrificing robustness [22]. These approaches demonstrate that
careful parameterisation can shrink di!usion horizons, bringing
trajectory di!usion closer to real-time operation [31, 55].
However, these accelerations still rely on sequential denoising,
task-specific heuristics and typically operate by hard-coding
new samplers or compressing the backbone network [49].
They degrade trajectory quality, require retraining for each
architecture, and o!er no guarantees on how the modified
sampling process a!ects downstream control performance [42].
Adaptive Inference and Early Exiting: Beyond architectural
changes, a parallel line of work accelerates di!usion models
via dynamic inference [12], using learned early-exit policies
[60] or step-skipping heuristics [61]to reduce test-time compute.
In di!usion models, such methods typically monitor simple
signals along the sampling chain to decide when to stop,
skip, or jump ahead in the denoising schedule [43, 37, 73].
Related approaches in sequence modeling and control reuse
cached network outputs across time or across similar inputs,
treating repeated evaluations as an optimization lever rather than
changing the underlying architecture [30, 1]. These strategies
are usually trained in a task-specific, data-driven fashion and
lack explicit bounds on how shortcutting or cache reuse perturbs
the final sample [8, 38]. They provide little formal guidance
on how much an accelerated di!usion run can deviate from
its full-compute counterpart, and o!er no guarantees on the
quality of the executed trajectory [5, 40].

In contrast to prior works, we place Muninn at the inter-
section of trajectory di!usion and sampling-time acceleration,
focusing on making existing trajectory planners fast enough
without modifying or retraining their underlying networks.

III. P#)*(.(!+#()/ +!% ’0+**)!1)/
A pretrained di!usion planner operates over trajectories T ⊆

R𝐿×𝑀 and contexts " ∈ C via a fixed reverse-di!usion sampler:
#full
𝑁−1 = ω𝑁
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is the denoiser and ω𝑁 is a known sampler update (DDPM
(Denoising Di!usion Probabilistic Models)/DDIM (Denoising
Di!usion Implicit Models)-style; %𝑁 captures any sampler noise,













to reliably achieve a target violation probability =̂viol ≈ ) , while
heuristic rules miscalibrate; (iii) sensitivity-aware budgeting via
sampler coe”cients {. 𝑁 } improves the speed–safety trade-o! by
allocating recomputation to high-impact timesteps; (iv) shallow
stem probes provide the best net speedups (good predictiveness
at low overhead); (v) forbidding reuse in a small prefix/su”x
further reduces collisions/violations with modest speed loss;
and (vi) calibration is sample-e”cient, with risk and speed
stabilizing after a modest number of rollouts.

VI. C$!’*&/($!

This work introduces Muninn, a training-free caching
wrapper that accelerates trajectory di!usion models without
modifying model weights or the sampler. Muninn leverages two
signals that are present in trajectory di!usion planners: (i) a
cheap probe of how the model’s internal representation evolves
across denoising steps, and (ii) analytic sampler sensitivity
coe”cients that quantify how denoiser perturbations propagate
into the final trajectory. By calibrating probe dynamics against
potential reuse error, Muninn produces step-wise, distribution-
free error envelopes that can be converted into a trajectory-level
deviation budget. At run time, Muninn spends this budget to
decide when cached denoiser outputs can be safely reused.
Across simulated benchmarks and hardware experiments,
Muninn substantially reduces denoiser evaluations and wall-
clock latency while preserving task performance and safety
metrics. A promising direction for future work is to replace
the current fixed user-specified deviation budget with a context-
aware budget that automatically tightens in cluttered or contact-
rich regimes and relaxes in open-space or low-risk regimes.
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