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Abstract—Diffusion-based trajectory planners can synthesize
rich, multimodal robot motions, but their iterative denoising
makes online planning and control prohibitively slow. Existing
accelerations either modify the sampler or compress the network—
sacrificing plan quality or requiring retraining without accounting
for downstream control risk. We address the problem of making
diffusion-based trajectory planners fast enough for real-time
robot use without retraining the model or sacrificing trajectory
quality, and in a way that works across diverse state-space
diffusion architectures. Our key insight is that diffusion trajectory
planners expose two signals we can exploit: a cheap probe of how
their internal trajectory representation changes across steps, and
analytic coefficients that describe how denoiser errors affect the
sampler’s state update. By calibrating the first signal against
the second on offline runs, we obtain a per-step score that
upper-bounds how far the final trajectory can deviate when
we reuse a cached denoiser output, and we treat this bound as an
uncertainty budget that we can spend over the denoising process.
Building on this insight, we present & Muninn, a training-free
caching wrapper that tracks this uncertainty budget during
sampling and, at each diffusion step, chooses between reusing
a cached denoiser output when the predicted deviation is small
and recomputing the denoiser when it is not. Across standard
benchmarks spanning offline RL planning (D4RL), configuration-
space motion planning, and visuomotor diffusion policies, Muninn
delivers up to 4.6x wall-clock speedups across several trajectory
diffusion planners and diffusion policies by reducing denoiser
evaluations, while preserving task performance and safety metrics.
Muninn further certifies—at a user-chosen deviation tolerance and
risk level—that cached rollouts remain within a specified distance
of their full-compute counterparts, and we validate these gains
in real-time closed-loop navigation and manipulation hardware
deployments. Code, dataset and supplementary videos available
at: https://github.com/gokulp01/Muninn.

I. INTRODUCTION

Autonomous robots are increasingly steered by diffusion-
based trajectory models [74, 65] that generate entire motion
sequences [56, 67], capturing rich, multimodal futures [46]
in cluttered and uncertain environments. These planners are
typically run as fixed-depth reverse diffusion processes [45]:
at every control cycle, the robot draws noise, rolls out dozens
of denoising steps [17], and only then extracts a trajectory. On
powerful servers this is acceptable; on embedded platforms or
high-rate control loops, the cost is often prohibitive [64]. Simply
truncating the sampler, shrinking the network, or running at
a lower planning rate can help [33], but risks brittle failures:
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Fig. 1: High-level overview of & Muninn applied to Diffuser. Diffuser
recomputes the denoiser at every diffusion step, while Muninn wraps the same
model and selectively reuses cached denoiser outputs at some steps, reducing
compute while leaving the overall trajectory generation unchanged.

the model’s behavior changes in opaque ways, and there is no
clear link between “saved compute” and “lost plan quality.”
This paper, therefore, poses a precise question: how can we
speed up diffusion-based trajectory planners by reusing internal
computations, while keeping their behavior close to the original
full-compute model and without retraining? A large body of
work bypasses this issue by relying on model-based planning
[41] and trajectory optimization [76, 54] with handcrafted costs
and dynamics. These approaches can be fast [23], but tend
to struggle when dynamics, human interactions, or multi-goal
behaviors induce strongly multimodal solution sets [13, 28].
Diffusion-based planners address this [32] by learning complex
trajectory distributions from data, yet they usually treat the
denoiser as a black box and accept its inference cost as fixed.
Efforts to reduce this cost follow several paths. One direction
distills the diffusion process [59] into shallower networks [69]
or coarse-to-fine samplers [68], but requires retraining for each
architecture and sometimes each task. Another direction trains
early-exit or policy networks [44] to decide when to stop
denoising or which subnet to run; these methods can adapt
computation per sample, but demand large-scale reinforcement
learning or supervision [3] and tie the acceleration logic to a



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 diffusion-based planners:
(i) every denoising step passes the current noisy trajectory and
diffusion 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) &* Muninn', a
training-free wrapper for trajectory diffusion 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 off planning speed against fidelity; and (iii) an
evaluation on several diffusion-based planners across simulated
and hardware navigation and manipulation benchmarks. We
also release the code, dataset and models.

Note (scope). Diffusion planners span many architectures
[74, 65]; we focus on state-space trajectory diffusion 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. RELATED WORK

Trajectory diffusion 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. Diffusion-based planners
instead learn a denoising process over trajectories, achieving
SOTA coverage of multimodal motions and have been applied

I“For Huginn T 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 different 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 diffusion [57].

Accelerating Diffusion 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 diffusion rollouts into graphs,
reusing evaluations across branches to reduce latency without
sacrificing robustness [22]. These approaches demonstrate that
careful parameterisation can shrink diffusion horizons, bringing
trajectory diffusion 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 offer no guarantees on how the modified
sampling process affects downstream control performance [42].
Adaptive Inference and Early Exiting: Beyond architectural
changes, a parallel line of work accelerates diffusion models
via dynamic inference [12], using learned early-exit policies
[60] or step-skipping heuristics [61]to reduce test-time compute.
In diffusion 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 diffusion run can deviate from
its full-compute counterpart, and offer 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 diffusion and sampling-time acceleration,
focusing on making existing trajectory planners fast enough
without modifying or retraining their underlying networks.

III. PRELIMINARIES AND CHALLENGES

A pretrained diffusion planner operates over trajectories 7~ C
Rf’ X" and contexts ¢ € C via a fixed reverse-diffusion sampler:
Tt“jl} = O, eq(zMlt,0), &),t = T,...,1, where &g
is the denoiser and ®; is a known sampler update (DDPM
(Denoising Diffusion Probabilistic Models)/DDIM (Denoising

Diffusion Implicit Models)-style; &; captures any sampler noise,



with & = 0 for deterministic samplers). Let Té““(c, &) be the
resulting full-compute trajectory (evaluating £y at every step).
Each denoiser call has cost ¢ (c, f) Cmin > 0, so a full
planning call costs P (c, &) = 31, 4, (c, ¢).
Challenges of caching in diffusion-based planners: The repeated
denoising structure makes diffusion planners an appealing
target for caching: the same network is invoked at every step,
and consecutive timesteps often process very similar noisy
trajectories. However, the same properties that make these
models expressive, make safe caching surprisingly hard!
First, denoising is globally coupled over the horizon: each
evaluation acts on the full trajectory 7;, and the sampler mixes
the predicted noise back into all time steps of 7,_1, so a
single approximation can bias the entire plan. Second, errors
accumulate in a history-dependent way (see Fig. 2): reverse
diffusion is iterative, so errors injected early are propagated and
transformed by later updates; under nonlinear, contact-rich, or
unstable dynamics, the same local denoiser error can have very
different downstream effects depending on context and when
it occurs. Third, control objectives are often discontinuous in
trajectory space: small trajectory changes can flip outcomes
from success to collision or constraint violation, so controlling
only smooth surrogates can yield highly variable task impact.
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Fig. 2: Challenges in caching trajectory diffusion models. A mistaken reuse
at one timestep (red) is not local: the reused output is mixed into all subsequent
updates, causing errors to accumulate and shift the entire final trajectory.
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Together, these effects create an all-or-nothing reuse regime:
safe reuse requires confidence not only that the local approxi-
mation is small, but that its contribution remains acceptable
after all subsequent sampler updates. Coarse strategies (e.g.,
fixed step skipping) oscillate between being overly conserva-
tive (limited speedup) and overly aggressive (hard-to-predict
failures). Since practical diffusion planners vary in architecture,
schedules, and conditioning, approaches that rely on retraining
lose generality. This motivates caching mechanisms that (i)
cheaply detect when reuse is risky, (ii) account for sampler-
mediated error propagation, and (iii) expose interpretable knobs
for trading compute against trajectory deviation.

IV. & MunINN

Motivated by these challenges, Muninn is a training-free
caching policy that, at each diffusion step, either recomputes
£¢(7;,t,¢) or reuses a cached denoiser output to produce a
lower-cost trajectory 7' (c, £). It exposes two user-facing knobs:
a deviation tolerance 7, and risk level o, and aims to minimize

expected planning subject to P(d(ré“”, 7 > ntraj) <a.

A. Trajectory diffusion and sampler sensitivity

We begin by making precise how local errors in the

denoiser’s output at each diffusion step affect the final trajectory.
Reverse diffusion as a paired process: Recall that TéUIl(C, &)
is produced by evaluating the denoiser at every step. Caching
policies m modify this process by reusing denoiser outputs at
selected timesteps instead of recomputing them. To isolate the
effect of reuse, we analyze a paired run: the full and cached
chains share the same initial sample 7 and the sampler noise
sequence ¢ = (é7,...,¢1), and differ only in the denoiser
outputs ®,. Let 7, denote the cached trajectory at step ¢ and let
&; be the noise prediction actually used at step ¢ (recomputed
or reused). The cached chain evolves as 7,_1 = @, (%, &, &).
Muninn will choose &; by recomputing & = &€¢(7;,t,c) or
by reusing a cached prediction.
Error variables: We define two per-step errors: the trajectory
drift A, := 7! — # and the denoiser mismatch e, :=
e¢(T, t, ) — &., capturing divergence in trajectory space and
in the noise prediction, respectively. Unless stated otherwise,
||-|| denotes the Frobenius norm on R¥*". Our only assumption
on the sampler is a local Lipschitz property:

Assumption 1 (Sampler Lipschitzness). For timestep t, there
exist nonnegative constants K; and L; such that, for any trajec-
tories T, 7' € T, noise predictions g, &', and fixed sampler noise
én ||@i(r,6.6) — @ (7, )| < Kellr =7/l + Lille = &/1l.

For DDPM/DDIM-style samplers, ®, is affine in 7, and
&, s0 K; and L; follow directly from the update coefficients.
Conceptually, K; scales trajectory differences, while L; scales
sensitivity to noise-prediction error. Applying Assumption 1
to the full-compute and cached updates at step ¢ gives

1A 11l = ||@r (710, g0 (v 1, ¢), &) — @1 (71, &, &)||
< Kell 7 = 20+ Li|leo (717, 1, ¢) = & = Kol Ac | + LY llec |-

ey

This recursion decomposes the trajectory error at step ¢ — 1
into a part inherited from the existing trajectory mismatch A,
and a new contribution from the denoiser error e;.
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Fig. 3: Paired reverse-diffusion step. e; is the denoiser error from reusing

&; and A; is the induced trajectory mismatch; a Lipschitz bound splits A;_;
into propagated mismatch and injected error.

Unrolling the recursion: Both processes are initialized from the
same noisy trajectory, so A7 = 0. Repeatedly applying the local
bound (1) from ¢ =T down to ¢ = 1 yields a closed-form bound
on Ag. For t =T we have ||Ar—1]| < KrlArll + L |lerl

L’ |ler||. Continuing, a simple induction shows,
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Defining the pathwise sensitivity coefficients, L =
L HS 'K, j, we can rewrite (2) at r = 0 compactly as

ZL,uezn 3)

Each step’s denoiser error |e;| contributes additively to the final
trajectory deviation, weighted by L;, capturing how strongly

1Al <

errors at ¢ are amplified through subsequent diffusion updates.

From norm difference to trajectory deviation: The guarantee in
our problem statement is expressed in terms of a user-chosen
trajectory metric d : 7 X 7 — Ryo. We assume that d is
Lipschitz-equivalent to the norm ||-|| in the sense that:

Assumption 2 (Metric compatibility). There exists a constant
" > 1 such that for all ,7" € T, d(t,7") < ||t =7'||.

Combining Assumption 2 with (3) yields:

T
()" (¢, €), 7o(c,€)) < TllAoll < D TLlell. 4
t=1
Equation (4) is the key trajectory deviation bound. It exposes
that an error e, injected at step ¢ is scaled by L;, which
depends on all later sampler sensitivities {K;} ;. Early steps
can therefore have a larger impact than late steps. In our
experiments we use d(7,7’) := \/#ﬁll‘r —7'||p, with T = -=
We define the per-step trajectory cost associated with a ||e;||
as c;(e;) := T'L;||le;||. Then (4) simply states that the total
trajectory deviation is bounded by the sum of per-step costs,

T

D cilen. )

t=1

d(ti(c, &), To(c,€)) <

Muninn uses (5) as a budget rule: if each reuse step has a
high-probability upper bound on ¢, (e;) and the summed bounds
stay within 7y, then the final cached trajectory remains within
Ny Of the full-compute one with the same high probability.

Now, the challenge is that, during deployment, the actual
denoiser error ||e;|| is unknown for a reuse decision.

B. Probe features and per-step error scores

The sensitivity bound (4) quantifies how costly a step-t error
|le:]| would be, but not how large that error would be under
reuse. In order to do that, we introduce (i) a lightweight probe

F;, and (ii) per-step score s;. Fig. 4 summarizes this subsection.

Probe features: At step t, the denoiser g4 (-, 1, c) is evaluated
on the current noisy 7, and context c. In almost all modern
architectures, this evaluation can be decomposed into: (i) an
input processing or “stem” stage that maps (1,7, ¢) into an
intermediate representation k,, and (ii) a deeper, expensive

“core” that refines &, into the final noise prediction g4 (74,1, c).

We exploit this decomposition by defining a probe feature
F; that depends only on the cheaper part of the computation
and is therefore inexpensive to compute at every step.

Formally, we posit a probe function ¥ : 7 x{1,...,T}xC —
RY and define F, := Y(1,t,c). We require ¥ to satisfy two
design goals: (i) The cost of evaluating ¥ at a single step

should be negligible compared to a full pass through &g. (ii)
Architecture-agnostic: Any trajectory diffusion model provides
an intermediate representation between its input and its final
noise prediction. By defining ¥ in terms of this representation,
we ensure that Muninn can be applied to a wide range of
state-space diffusion planners without architectural changes.
Per-step error scores from probe dynamics: Intuitively, reuse
is safe when the denoiser’s output would not have changed
much when recomputed. We expect this to happen when F;
has stabilized: if the probe at step ¢ is similar to the nearby
steps, the model is likely to produce similar noise predictions,
and using a cached output should incur a small error ||e;]|.

To capture this intuition, Muninn maps the sequence of probe
features {F;} into a scalar error score s; € Rs( at each step ¢.
This score should be: (i) cheap to compute from probe features
we have, (ii) monotonically informative in the sense that smaller
scores tend to correspond to smaller denoiser errors.

Since reverse diffusion runs from ¢t = T to 1, the reuse
decision at step ¢ can use both the current probe F; and the
previously computed Fy4;. A effective choice of score is the
magnitude of the probe change between these two steps:

|1Fy = Fraall

sp = ¢(Fy, Fipn,t) = Ealh +w
t+

, te{l,...,T—1}, (6)

where w > 0. This design reflects two intuitions: (i) when #;
stabilizes, F; changes slowly and the denoiser output changes
little, so reuse yields small ||e,||; (ii) as sensitivity varies with
timestep (via L;), calibrating score-to-error bounds per ¢ adapts
reuse decisions to high-impact regions of the diffusion chain.
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Fig. 4: Probe features and per-step error scores. (Left) A denoiser evaluation
decomposes into a cheap stem and an expensive core; Muninn runs only the
stem to compute a lightweight probe. (Right) Large step-to-step changes (s;)
trigger recomputation, while small s; indicate stability and make reuse safe.

C. Conformal calibration of reuse error

Section I'V-A bounds trajectory deviation by a sum of per-
step costs. To use this bound online, Muninn needs a high-
probability upper bound on the (unknown) reuse error ||e;|| at
each step. We now show how to obtain these bounds.
Calibration data: Recall that the trajectory deviation bound (4)
depends only on its magnitude ||e;||. We therefore define the
scalar error € :=|le;|| € Rso and aim to predict ¢ from the
score §; introduced in (6).

At deployment, &, is the noise prediction actually reused
by Muninn at step ¢, which depends on the entire history of
recompute vs. reuse decisions. For calibration, we fix a policy-
agnostic reuse rule that defines a potential reuse output at every
step, independent of the budget. We define a deterministic map
that, specifies which earlier denoiser output would be reused



if we chose to reuse at ¢. For e.g., we can always reuse the
prediction from the previous step that evaluated g.

Given this potential reuse rule, we build a calibration set by
running the full-compute chain alongside a paired ghost reuse
chain on N i.i.d. episodes from the deployment distribution.
For each episode i and each 1 € Tcyche, We record (i) the
probe-based score si’) computed from the ghost chain, and (ii)
the corresponding potential reuse error magnitude e,(i). The
resulting calibration dataset is the collection of score—error pairs
Sea = {(st(l),et(l)) ii=1,...,N, t € Teache }» Where Teache
is the set of timesteps at which reuse is allowed. Appendix E
and Figure 5 provide the full construction details.

Since the reuse pattern is fixed and independent of s,, we

can view each (st('), etm) as a draw from a common, unknown
joint distribution over scores and potential reuse errors induced
by the base planner and environment. Under the exchangeability
assumption—calibration and deployment episodes are sampled
i.i.d. from D—this is the setting where conformal prediction
provides finite-sample coverage guarantees.
Split-conformal regression: Given S¢,1, We construct a function
U : Ryp — Ry that maps each score s to a high-probability
upper bound on the corresponding potential reuse error e.
Concretely, we fit a regression model m(s) on a training split
of S¢a and apply split conformal prediction on a held-out split
to obtain an additive residual quantile g;-q,,,. This results
in the bound U(s) := max{m(s) + q1-ay,> 0}; Appendix E
provides the full construction.

By split conformal prediction, assuming exchangeability be-
tween calibration and deployment, we obtain per-step coverage:
for a new step with score s, and potential reuse error ¢,

P(ét < U(St)) > 1- Qstep- @)

This guarantee is distribution-free: it holds for any joint

distribution of (s;, €) as long as calibration and deployment
samples are exchangeable. The regressor m only tightens U;
even if m is misspecified, (7) holds by construction.
From per-step coverage to global risk: The per-step coverage (7)
applies to the latent potential reuse error €, at any timestep
t. Combining ¢;(e;) with the upper bound U, (s;) gives, for
any step t, I'L;e, < T'L,U;(s;) whenever ¢ < U(s;).
If we define the upper-bounded per-step cost at score s; as
¢:(s¢) :=TL,U;(s;), then with probability at least 1 — @gep,

®)

Crucially, the event {¢, > U,(s;)} depends only on the under-
lying data-generating process and the calibration procedure; it
is independent of the caching policy we will deploy later.

ci(er) =TLie < &4(sy).

D. & Muninn caching policy

Muninn uses the per-step bounds & (s;) to decide online,
per sample, whether to reuse or recompute. The idea is to
interpret (5) as a budget constraint: user specifies a maximum
allowable 7,j which is spent across reverse-diffusion steps.
Budgeted reuse rule: At deployment time, the true error |e;||
at ¢ is unknown. Let Tcache € {1,...,T} denote the set of
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Fig. 5: (Stages 1-3) From offline rollouts, we build a calibration set of
score—error pairs by running the full planner with a ghost reuse chain. (Stage
4) A regressor m(s) models the typical score—error relationship, and split
conformal prediction yields U (s). At test time, Muninn maps each score to
U (st), converts it to a trajectory-level cost, and spends it from the budget.

timesteps where reuse is permitted. We maintain a remaining
budget Brem and, for clarity, we summarize the algorithm below.

Algorithm 1 & Muninn caching policy for one planning call

1: Sample initial noisy trajectory 77 ~ pr.
2: Initialize: (i) Brem < My (il) 71— 7.

3:fort=T,T-1,...,1do

4:  Compute probe F; = ¥(7,1,¢).

5: ift < T then

6: Retrieve previous probe Fyyj // stored at step ¢ + 1.

7: Compute score s; = ¢ (Fy, Frip,t)

8: Compute upper-bounded cost & (s;) = UL U (s¢).

9:  endif

10:  if =T ort & Teache or (¢ < T and &;(s;) > Brem) then
11: Recompute:

12: gV — g9 (74,1, ¢)

13: Update cache with (7, £]°V) as most recent recompute.
14: & — gV

15:  else

16: Reuse:

17: Set & to the cached denoiser output specified by the potential reuse rule.
18: Brem < Brem — €1 (s¢r)

19:  end if

20:  Apply sampler update: 7;_j «— @, (7;, &, &)
21:  Store F; // for use at step ¢ — 1.

22: end for

23: return 7

This policy is: (i) budget-safe by construction: enforcing

Biem > 0 ensures that the sum of upper-bounded costs over
reuse steps satisfies 3;cg &/ (8;) < nua; (ii) sample-adaptive:
reuse locations and counts depend on the realized scores s;
(and thus on the context, noise, and trajectory).
Global risk guarantee: Under the conformal calibration guar-
antee (7), for each 7 in a planning episode we have P(e <
Ut(St)) > 1 — agep. Define the failure event at step ¢ as
¥ .= {e > U;(s;)}. By construction of U,

P(F;) < agep for each 1.

€))



Recall that ¢, is defined w.r.t. the potential reuse rule, and
at reuse, Muninn uses the same rule to choose which cached
output to apply. Thus, whenever Muninn reuses at step , the
realized denoiser error magnitude ||e; || coincides with the latent
potential reuse error €; for that step.

Now consider a single planning episode. If none of the failure
events ¥, occur at any timestep in cache, then for all reuse
steps t € R we have ¢,;(e;) = ULy, < TL,U(sy) = é4(s¢),
and thus the total trajectory deviation satisfies

(™, %) < )" ci(er)  (from (5))
terR
< Z &:(sy)  (since no failure event occurs) (10)
teR
< Mg (by the budget rule).

Therefore, the only way for the trajectory deviation to exceed
Muaj i if at least one failure event occurs: {d(‘ré““,fo) >
Miwaj} C Ureq. F7- Taking probabilities and applying a

union bound over timesteps yields

P(d(tg", %) > Muaj) < P( U T;)

tE(];ache (11)
< Z P(F7) < |Tcachel Qstep-
te%ache
If we choose aep = ﬁ then (11) simplifies to
P(d(y", 70) > 1heaj) < @, (12)

which is exactly the risk guarantee from the problem statement.

This guarantee does not require timestep independence: it
follows from the per-step bounds (9) and a union bound. It
holds for any adaptive reuse set R, provided the reuse rule used
to define ¢, in calibration matches the rule used at deployment.

E. Practical considerations and engineering choices

In practice, Muninn is implemented with a few simple
engineering choices: (i) forbidden regions—we disallow reuse
in a short prefix (large ¢, highly noisy and sensitivity-
amplifying) and suffix (small ¢, where small changes in 7,
can directly affect executed motion); (ii) batched sampling—
when multiple trajectories are denoised in parallel, we maintain
an independent remaining budget By, per trajectory and apply
the same reuse rule independently, so the guarantee (7) and
bound (12) apply per trajectory; (iii) model instantiations—for
Transformer trajectory denoisers we take W as a short prefix of
attention/MLP blocks and mean-pool tokens to obtain F, € R,
while for MLP denoisers we use the penultimate hidden layer
as Fy, in all cases computing (F;, s;) before the reuse decision
at step ¢ and making them available during both calibration
(to label ||es||) and deployment (when ||e,|| is unknown).

V. EXPERIMENTS

We evaluate Muninn on two trajectory-diffusion families
covering the dominant uses of diffusion in robotics.
Trajectory diffusion planners (offline RL and motion planning)
[6,51, 21,2, 62,29, 35, 48] use diffusion as a planner over full

state-action or configuration-space trajectories, implemented as
an iterative reverse-diffusion process (optionally with guidance).
Diffusion policies (imitation and visuomotor control) [9, 71]
use diffusion as a policy that generates short-horizon action or
pose segments, conditioned on high-dimensional observations,
and executed repeatedly in a receding-horizon control loop.

A. Quantitative Results: Simulation and Benchmarks

We evaluate Muninn on trajectory centric benchmarks and
report standard metrics as defined in the prior literature for each
benchmark. See Appendix A for details on the environments,
datasets, training, and metrics (Appendix C). All experiments
are run on an NVIDIA A10 GPU (24GB VRAM) and averaged
on 150 previously unseen episodes.

Offline RL / trajectory planning. We first consider the D4RL
offline RL suite [11] for continuous control, where models act
as trajectory optimizers/conditional policies over state-action.

Benchmark Model Task metr. T

Full +&

#Evals/t | E[d]] Pvioll
Full +&

Latency |
Full +&

MuJoCo locomotion (D4RL)

HalfCheetah Diffuser [21] 59.3 58.8 580 145 100 17.0 0.056 0.045

Dec. Dift. [2] 629 619 116 40 20 54 0.042 0.038
B Diff QL [62] 63.7 63.6 20 10 10 4.4 0.030 0.028
P AdaptDiff[29] 59.6 59.5 353 101 60 124 0.050 0.041

Hopper Diffuser [21]  65.1 647 523 138 100 18.0 0.058 0.046
Dec. Diff. [2] 70.6 69.8 105 39 20 6.0 0.045 0.040
Dift.-QL [62] 7577 75.6 20 11 10 47 0.032 0.030
AdaptDiff[29] 63.8 63.6 310 97 60 142 0.052 0.043

Walker2d Diffuser [21] 77.8 772 783 224 100 20.6 0.062 0.048
Dec. Diff. [2] 84.0 837 157 63 20 6.7 0.048 0.042
Diff.-QL [62] 80.8  80.7 25 14 25 12.7 0.034 0.032
AdaptDiff[29] 83.3 83.0 403 119 60 129 0.057 0.045

Goal-reaching navigation (D4RL)

Maze2D Diffuser [21] 119.5 119.0 733 175 100 153 0.065 0.047
Dec. Diff. [2] 130.8 129.6 147 46 20 4.7 0.055 0.044

E Diff.-QL [62] 105.6 104.8 25 12 10 42 0.040 0.035
AdaptDiff[29] 144.3 1439 347 99 60 124 0.060 0.046
CompDiff(35] 160.2 159.2 1100 275 150 25.0 0.070 0.049
AntMaze Diffuser [21] 58.7 583 950 207 100 13.0 0.072 0.049
Dec. Diff. [2] 722 71.8 190 53 20 4.0 0.060 0.046
n Diff.-QL [62] 59.6 594 25 10 25 88 0.045 0.038
AdaptDiff[29] 63.0 627 550 145 60 109 0.065 0.047
CompDiff(35] 759 745 1400 342 150 24.0 0.075 0.049

Long-horizon manipulation (D4RL)

FrankaKitchen Diffuser [21]  53.4 53.0 800 235 100 21.6 0.058 0.045
Dec. Diff. [2] 55.0 549 160 62 20 6.3 0.045 0.040
AdaptDiff[29] 58.1 577 450 167 60 18.0 0.050 0.042

Robot block stacking (Kuka)

Kuka Diffuser [21] 523 51.8 1200 400 100 259 0.055 0.044

stacking Dec. Diff. [2] 604 60.0 240 100 20 7.0 0.045 0.040

£y

-

TABLE I: Offline RL and trajectory planning. Task metric is the benchmark
metric (D4RL normalized score for D4RL tasks; success rate for Kuka stacking).
d(-,-) is the trajectory deviation metric used for risk accounting and pyio =

B(d(r™, 70) > 7).

Motion planning in configuration space. We then test Muninn



on classical motion planning problems where trajectories are
represented in joint space rather than as RL episodes.

Scen. Model Success(%)T Collis. (%) | Lat. (ms) |  Pvioll
Ful & Ful & Ful &

Arm planning easy MPD [6] 99.0 988 1.0 1.2 180 120  0.040
in clutter EDMP[51] 99.5 994 05 0.6 120 92  0.035
med. MPD [6] 940 935 6.0 6.4 200 118 0.045

EDMP[51] 96.5 962 35 3.7 135 95  0.040

hard MPD [6] 82.0 812 18.0 18.8 230 121 0.048

EDMP[51] 88.0 875 120 124 160 107 0.044

TABLE II: Configuration-space motion planning. Scenarios correspond to
increasing clutter/difficulty under the EDMP [51] evaluation protocol. Colli-
sion/violation includes obstacle collisions and any hard constraint violations.

Visuomotor imitation and manipulation. Finally, we evaluate
Muninn on visuomotor policy diffusers that generate pose
trajectories conditioned on images (2D) or 3D observations.

Benchmark/Metric RLBench [20] Meta-World[70] DP3
Reach Target pick-place-v2 Pour
Diff. Policy [9] Diff. Policy [9] DP3 [71]
sﬁi Yy
: o
N /I _—
Success (%)T Full 99.0 92.0 98.0
& 98.8 91.5 97.6
Latency (ms)] Full 25 30 45
& 15 18 27
E[d] | 0.035 0.040 0.038
Pviol | 0.040 0.045 0.043

TABLE III: Visuomotor imitation and manipulation. Latency is measured
per policy inference/control call. d(-, -) is defined on the trajectory segment.

B. Quantitative Results: Hardware Evaluation

We further validate Muninn in real-world, previously unseen,
closed-loop deployment on robotic platforms spanning naviga-
tion and manipulation. (i) 2D marine navigation: a SeaRobotics
Surveyor ASV performs waypoint-following in an open-water
lake under partial observability. (ii) 3D aerial navigation: a
Crazyflie quadrotor performs 3D waypoint navigation. (iii)
Manipulation: a SO-ARM100 tabletop arm executes pick-
and-place, stacking, and peg insertion. Complete platform
specifications are given in Appendix B.

Fig. 6: Qualitative results. Full-compute trajectories (GC-Diffuser and B-COD
teacher) are shown in red; Muninn-accelerated trajectories are shown in blue.

Lat. Suce. Coll.

Pl Method ms) | (%) 1 (%) |

BCOD; [48] 12 940 24

BCODp, [48] 60  97.0 1.6

% BCODw +& 24 968 17

< GCDIff. [21] 70 955 22

GC-Diff.+& 28 953 23

> GC-Diff. [21] 75 930 3.0

S GC-Diff+& 30 928 3.1
g

< Diff. policy [9] 40 820 6.0

2 DP+& 24 815 62

TABLE IV: We compare the Full (teacher) models
against the baselines and Muninn on the waypoint
navigation and manipulation (averaged over three
tasks) tasks. (Average of 150 hardware runs).

Fig. 7: Angle of attacks (hard
peg insertion) Red: Diffusion
Policy; blue: Muninn.

C. Key findings, analysis, and ablations

As can be seen from the results in sections V-A and V-B,
Muninn consistently reduces denoiser evaluations and wall-
clock latency across all evaluated policies while preserving task
performance. We now report key findings (KF) and summarize
ablations of Muninn’s internal design choices, with further
breakdowns deferred to Appendix D.

(KF#1) Muninn dominates inference-time acceleration base-
lines on the task—latency—risk Pareto frontier. A common path
to real-time diffusion planning is training-free inference-time
acceleration, i.e., reducing denoiser work without retraining.
Most such methods are compute-centric: they skip calls without
modeling how errors propagate through the sampler or impact
the final trajectory. We compare Muninn against three such
baselines (Fig. 8, Table V): (i) FEwSTEPS[47]: run the same
pretrained denoiser with a reduced diffusion horizon 7’ < T.
(ii) FixepSkip: evaluate the denoiser every k steps and reuse
the last predicted noise for skipped steps. (iii) PROBETHRESH:
reuse if the probe-change s, falls below a tuned threshold 6.

similar D4RL

sc compute' much Method Task T E[d]] ﬁ\'inll
earlier than the baselines
Full 68.7 0.00 0.00
g FewSTEPS 56.1 0.12  0.17
& FIXEDSKIP 425 010 0.14
§ - PrOBETHRESH 48.0 0.09 0.10
g | =y A
: 50 % *ébq o 27 e oo & + Full 67.6 007 0.04
“©9 L0 ,Q""” %me TABLE V: We compare the Full (un-
g T ' (" DFewsteps modified T-step sampler) model against
: the baselines and Muninn on the D4RL

T T T T T
200 400 600 800 1000

Latency (ms)

AntMaze task. The results above cor-
respond to allowing Full to run for
957 ms, at which point it achieves the
maximum possible D4RL score. The
baselines and Muninn are capped at 250
ms (approximately 1/4th of the runtime).

Fig. 8: We plot the D4RL score vs. wall-clock
latency for D4RL AntMaze. Muninn achieves
the same task success rate as Full model 2x
quicker than the baselines.

Considering the offline RL domain (averaged across bench-
marks in Table I), we find that Muninn yields a strictly better
operating curve: at the same latency it preserves task success
more reliably, and at the same py;, it achieves lower latency.
This happens because FEwSTEPs and FixepSkip implicitly
allocate approximation error uniformly in diffusion time, even
though the sampler’s sensitivity profile L; is highly non-
uniform. PRoBETHRESH adapts to probe dynamics, but without



calibrated error envelopes it violates risk in hard contexts
or becomes overly conservative when tuned for safety. The
baselines inherently produce small latent errors that become
large deviations after downstream sampler mixing. Muninn is
the only inference-time method in this set that (a) estimates
reuse error with distribution-free coverage and (b) accounts for
step-dependent error amplification through I'L;.

(KF #2) Muninn closes much of the gap to training-time
accelerations without retraining. A second path to real-time
diffusion planning is training-time acceleration. These methods
can achieve very low latency, but require additional training
compute, careful hyperparameter sweeps, and often task- or
architecture-specific redesign. We compare Muninn (Fig. 9,
Table VI) against: (i) DisriLi-1step/Distiii-Kstep[63, 66]:
one/few-step distilled planners, (ii) SMALLNET:[66] a smaller
denoiser trained from scratch or fine-tuned (fewer layers /
width), (iii) LEarnepExir[71]: a trained controller that predicts
early stopping.

Method Extra Extra Arch.

train. data change 5, | "%
Full multi-step D s
(teacher) [ I
DisTiLL-1sTEP A O v B a8 Qo
DistiLL-KsTEP 2100 4 earegonr CJeno
(K=4) A O v E
SMALLNET £
(0.6x width) A x V3
LeEARNEDEXIT A v v T T T T T T
Teacher + &% X X X o L:‘incy (msso) 00
DistiLL-Kstep + & X X X

Fig. 9: Scatter plot summarizing the
TABLE VI: Columns report whether each practical acceleration spectrum on the
method requires extra training compute, addi- DP3 Pour diffusion policy. We also report
tional data (beyond the original training set), the average success percentage of these
or architectural changes for the DP3 Pour models during inference. GPU-hours are
benchmark. We include DistiLL+Muninn to normalized to A10 24GB-hours equiv-
show composability. Legend: X = none, v/ = alent. More details about the training
yes, O = often, A = moderate, Ao = high. procedure is available in the Appendix.

We find that Muninn provides a deployment-friendly point
on the spectrum: it recovers a large fraction of the achievable
latency reduction immediately, while preserving the behavior
of the original planner. Moreover, Muninn is composable:
applying Muninn on top of a distilled or compact model yields
additional speedups, because Muninn targets redundant per-step
computation that remains even in fewer-step samplers.

(KF#3) Muninn induces difficulty-adaptive compute.

Eval bin Fraction eps. Success Min. clearance Avg. evals Success

10-12 0.20 0.99 0.1 22 0.84
13-15 0.30 0.97 0.3 20 0.90
16-18 0.25 0.94 0.5 18 0.94
19-21 0.15 0.90 0.7 15 0.97
22-25 0.10 0.87 0.9 12 0.99

TABLE VII: Left: Episode fraction and Muninn success binned by
#evaluations: low-eval bins are easier (higher success), high-eval bins are
harder (lower success). Right: Compute and success vs. minimum-clearance
difficulty: Muninn uses more evals. in harder and fewer in easier regions.

A hidden cost of fixed accelerations is that they spend
the same compute on easy and hard situations. In robotics,

difficulty varies across time (e.g., open-space navigation vs.
tight corridors).

Muninn’s decision rule is inherently state- and context-
adaptive. Taking the example of cluttered 7-DoF arm planning
(averaged across EDMP and MPD) (Table VII), we analyze the
distribution of denoiser evaluations per episode and correlate it
with environment difficulty proxies. The left panel in Table VII
should be read as a distribution over Muninn’s actual compute
usage: episodes that require only 10—12 denoiser evaluations
are typically easier and succeed more often, while episodes that
consume 22-25 evaluations are harder and have lower success.
The right panel Table VII makes this difficulty axis explicit
using minimum clearance: as clearance decreases from open-
space to tight-clutter settings, Muninn automatically recomputes
more often instead of applying a fixed skip pattern. We find
that Muninn naturally allocates more compute to high-risk or
high-uncertainty regimes, and aggressively reuses outputs when
the diffusion trajectory stabilizes.

(KF#4) Muninn’s budget accounting produces a usable
runtime certificate that correlates with downstream safety. Most
acceleration methods are opaque: they reduce compute, but
provide no introspection about when approximations become
dangerous. Muninn is different because its internal quantity D
is an explicit, online-tracked upper bound proxy (Fig. 10) for
how far the cached trajectory might drift from full compute.
This yields two practical benefits: (i) Post-hoc explainability:
we can attribute most deviation risk to specific timesteps and
contexts where L, is large and the probe indicates instability.
(ii) Runtime escalation: in a closed-loop controller, we can
treat low remaining budget Bi.n, or large D asa trigger to (a)
temporarily run full compute, (b) reduce the action magnitude,
(c) switch to a conservative safety controller, or (d) request
more samples. We present an extended study of the runtime
escalations in the Appendix D.

Budet D

UAV operating in a cluttered section of the en n
where chances of collision are high

0.08

0.06 Control (yde (normalized times teps)

0.04

0,02

Realized deviation (ground truth)

002 004 006 008 o1 UAV operating in an comparatively open space

Predicted budget

Fig. 10: Left: Reliability plot: predicted D vs. realized deviation d; Muninn is
monotone and conservative (below the diagonal). Right: GC-Diffuser+Muninn
on 3D UAV navigation: D over control cycles, with spikes aligning to near-
collision/contact events (red); callouts show the UAV pose at those instants.

Ablations. We ablate Munin’s key design choices and report
a detailed summary in Appendix D. Overall, (i) increasing
the trajectory deviation budget 7, yields a smooth speed—
fidelity knob (more reuse equals higher speedup with minor
performance loss); (ii) split-conformal calibration is necessary



to reliably achieve a target violation probability pyiol ~ @, while
heuristic rules miscalibrate; (iii) sensitivity-aware budgeting via
sampler coefficients {L, } improves the speed—safety trade-off 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/suffix
further reduces collisions/violations with modest speed loss;
and (vi) calibration is sample-efficient, with risk and speed
stabilizing after a modest number of rollouts.

VI. CoNCLUSION

This work introduces 4% Muninn, a training-free caching
wrapper that accelerates trajectory diffusion models without
modifying model weights or the sampler. Muninn leverages two
signals that are present in trajectory diffusion planners: (i) a
cheap probe of how the model’s internal representation evolves
across denoising steps, and (ii) analytic sampler sensitivity
coefficients 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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