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Fig. 1: Training Algorithm for Ambient
Diffusion Policy. High-quality data can be
used during training at all diffusion times.
Suboptimal data is restricted to training at
low or high diffusion times t ∈ [0, tmax) ∪
(tmin, T ]. Task visualizations. We evaluate
Ambient Diffusion Policy on four types of
action suboptimality, six different tasks, and
scale to the Open X-Embodiment (OXE) [1].

I. INTRODUCTION

The training corpus of nearly every large-scale robot policy
spans different tasks, real and simulated environments, embod-
iments, and modalities [2, 3, 4, 5, 1, 6, 7, 8, 9]. High-quality,
task-specific data is expensive to collect, while suboptimal data
is abundant: real-world collection naturally produces failures
and trajectories of differing quality [10, 1, 8, 11], and out-
of-distribution sources (simulation, cross-embodied data, ego-
centric video) are plentiful [12, 13, 1, 14, 15]. Practitioners
routinely combine sources of varying quality into massive
pretraining sets [1, 8, 5, 16, 11], yet learning from arbitrary
suboptimal or shifted distributions remains underexplored in
robotics [5, 2, 12, 16].

Discarding the lowest-quality samples is wasteful since even
suboptimal samples contain useful learning signal [19]. The
most common alternative is to “co-train” on everything and
re-weight the contribution of each dataset [2, 3, 4, 5, 12, 13];
however, this trains the policy to sample from a mixture
with low-quality distributions and thus fundamentally biases
the policy [20, 10]. Finetuning is complementary but can be
insufficient alone (Appendix O).

Our key intuition is that suboptimal and high-quality sam-
ples differ in some features but align in others. For example,
non-expert teleoperators may share the same high-level plan
as experts but exhibit less precise manipulation; conversely,

pick-and-place data may be useful for grasping primitives
while encoding the wrong task. We turn this intuition into
an algorithm by observing that robot action data exhibits
a spectral power law [21], which induces a global-to-local
hierarchy in action diffusion and a locality property [22] in
the optimal denoisers. Concretely, Diffusion Policy [23] learns
high-level planning at high noise and motion primitives at low
noise. A policy can therefore selectively absorb useful features
from suboptimal data by using it only at noise levels where it
aligns with the target distribution. This reveals a new design
axis for co-training in robotics: noise-dependent data usage.

To this end, we propose Ambient Diffusion Policy, a
principled algorithm for training Diffusion Policies on subop-
timal robot data, in which each suboptimal sample contributes
only at the high or low diffusion times where it aligns with
the target. Our method extends the Ambient Diffusion Omni
framework [24, 19] (“Ambient” for short), previously applied
to vision and protein design [25]. Our contributions are:

• Properties of Robot Data. We show empirically that
robot action data exhibits a spectral power law, inducing
a global-to-local hierarchy and locality in action diffusion
that make Ambient well-suited for robotics (Appendix A).

• Ambient Diffusion Policy. A simple, principled method
for learning from suboptimal data that requires just a single
change to Diffusion Policy’s data sampler (Section IV).
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• Generality. Ambient outperforms baselines on three com-
mon types of action suboptimality: noisy demonstrations,
sim-to-real gap, and task mismatch (Appendix J).

• Scale. On Open X-Embodiment [1]—a large dataset
with mixed quality and unstructured distribution shifts—
Ambient beats co-training by up to 33% on two real-world
tasks, and keeps improving as the suboptimal data scales
while co-training plateaus (Section V).

• Theory. For a simple model, we prove the spectral power
law implies fast contraction through noise and locality
of the optimal policies, justifying our algorithm and ad-
vancing the theory of the broader Ambient framework
(Appendix B).

II. RELATED WORK

Re-weighting and Filtering. The prevailing approach to
heterogeneous robot datasets is to re-weight each dataset’s
contribution to the training loss [2, 3, 4, 5, 6, 7, 12, 13, 26],
i.e. minimizing Lco-training = αLDp

+(1−α)LDq
for a weight

α ∈ [0, 1]; we refer to this standard approach as “co-training.”
Beyond the difficulty of selecting weights [7, 5, 28, 29, 16, 30],
even with the optimal weights, co-training biases the policy,
since it is still trained to sample from a mixture containing
suboptimal distributions [20, 10]. A common alternative is
to filter suboptimal samples entirely [5, 2, 17, 31, 32], but
this is wasteful: even low-quality samples carry useful sig-
nal [19, 11, 10]. For example, Dexora [17] discards 80% of
its demonstrations and OpenVLA’s Magic Soup++ [5] uses
only 27 of the datasets in OXE [1]; our method instead
extracts useful signal from the discarded data (Appendix K,
Section V). It avoids both issues by training on suboptimal
samples only within specific intervals of the diffusion process.
Importantly, these intervals have precise interpretations and
can be automatically annotated.

Learning from Suboptimal or OOD Data. Prior works
on learning from corrupted data [33, 24, 34, 35, 36, 37,
38, 39, 40, 41, 42, 43, 44] often require multiple training
runs [45, 46, 47] or knowledge of the corruption, which is
unrealistic in robotics (e.g. the sim-to-real gap has no closed-
form description). In robotics, π0.7 [10] labels data quality and
LDA-1B [48] relegates low-quality trajectories to an auxiliary
objective; others learn invariant representations [49, 50] but are
hard to scale [12]. Robust imitation learning [20, 51] ignores
corrupted samples rather than learning from them, and needs
over half the data to be high-quality. Concurrent work explores
a similar idea for hand-tracking data [52]. In contrast, our
method learns from arbitrary mixtures of suboptimal action
data, scales to large real-world datasets [1], has theoretical
grounding, and is simple to implement.

III. BACKGROUND

A. Robot Imitation Learning and Diffusion Policy

Given a dataset Dp = {(O(i), A(i))}np

i=1 of observation-
action pairs, imitation learning trains a policy π(A | O) that
approximates the conditional p(A | O) [23], where A and
O are chunks of future actions and recent observations [53].

Diffusion Policy [23] samples from π(A | O) with a condi-
tional denoising process over the action space [54]. It learns
a family of denoisers {hθ(At, O, t)}t∈[0,T ] that predict the
clean action A0 from a noisy version At = A0 + σt Z
with Z ∼ N (0, I). Minimizing the denoising loss [54]
over t ∼ U [0, T ] and (O,A0) ∼ Dp yields the conditional
expectation h∗

θ(At, O, t) = E[A0 | At, O], from which one
samples by running the reverse process [23, 57].

B. Problem Setting

Suppose we have a (small) dataset Dp from a target
distribution p and a much larger dataset Dq from a shifted
or suboptimal distribution q. As discussed above, this is a
common setting in robotics.

Problem Statement: Our goal is to leverage the vast pool
of suboptimal samples in Dq to improve the estimation of
the denoisers, Ep[A0 | At, O], on the user-defined target
distribution.

The definitions of p and q are arbitrary; here Dp is expert
demonstrations on the target robot, environment, and task,
though any definition applies (e.g. heuristic measures [58]
or human labels [10]). We construct Dq from controlled
distribution shifts (Appendix J) and from Open X-Embodiment
(Section V) [1].

C. Ambient Diffusion Omni

This Problem Statement is not unique to robotics. Ambient
Diffusion Omni [19] addresses a similar problem in vision: it
allows suboptimal samples from q to be used only at certain
diffusion times. The algorithm assigns two parameters, tmin

and tmax, to samples from Dq , which may then contribute to
learning only at diffusion times t ∈ [0, tmax) ∪ (tmin, T ].

The key mechanism is noise as contraction: for any
p and q supported on a subset of Rd with diameter D,
dTV(pt, qt) ≤ dTV(p, q) ·D/(2σt), where pt = p⊛N (0, σtI)
and qt = q⊛N (0, σtI). Intuitively, noise erases distributional
differences: p and q contract toward one another, so there is
a sufficiently high time tmin above which noisy actions from
the two distributions are effectively indistinguishable and Dq

can safely contribute. The utility of q is highest when tmin is
small (fast contraction).

Section IV examines structural properties of robot action
data that make this method well-suited for robotics, then
presents our algorithm. Appendix A expands on these prop-
erties and Appendix B theoretically formalizes them, building
on prior work [19, 25]. Despite the in-depth motivation, the
method is remarkably simple: it requires a single change to
the Diffusion Policy [23] data sampler.

IV. AMBIENT DIFFUSION POLICY: METHOD

Ambient Diffusion is well suited for robotics due to the
structure of robot data. Most importantly, robot data exhibits
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Fig. 2: When scaled to OXE, Ambient Diffusion Policy
outperforms data filtering and co-training by up to 15%
on table cleaning and 84% on tower building (20 trials per
policy).

a spectral power law (Appendix A). This induces two prop-
erties that our algorithm exploits. The first is a global-to-
local hierarchy: Diffusion Policies learn high-level planning at
high noise and low-level motion primitives at low noise. The
second is locality of the optimal denoisers: at low noise, each
predicted action depends mainly on its temporal neighbors.
Together they justify noise-dependent data usage: suboptimal
data is safe at high noise, where noise contracts p and q
(Section III) and masks local suboptimality, and at low noise,
where locality lets the policy copy shared primitives without
inheriting incorrect global structure. We discuss details further
in the Appendix.

We now present our algorithm: Ambient Diffusion Policy.
It has two phases: a) dataset annotation, and b) training.

A. Phase 1: Dataset annotation

This phase annotates tmin (and optionally tmax) for the
suboptimal samples from Dq . The simplest method is a
hyperparameter sweep. A more principled solution trains a
classifier cϕ(At, t) that predicts whether a noisy action At

came from pt or qt: tmin is the smallest noise level at which
the classifier can no longer distinguish qt from pt (within a
tolerance τ ) [19]. If the classifier is well-trained, this guaran-
tees distributional closeness between pt and qt for t > tmin

(Appendix Theorem 4). The classifier can annotate at different
granularities (per dataset vs. per sample; Appendix R), and a
similar approach can annotate tmax.

B. Phase 2: Training

Training is identical to Diffusion Policy [23] with one
change: a custom data sampler. The sampler first draws a
batch of diffusion times t(i) ∼ U [0, T ], then draws admis-
sible samples from Dp ∪ Dq . Samples from Dp are always
admissible; suboptimal samples from Dq are admissible only
if t(i) ∈ [0, tmax) ∪ (tmin, T ]. Figure 1 visualizes these
intervals. Inference is unchanged. Full pseudocode, an optional
alternative loss [24], and a training-time rejection-sampling
variant are in Appendices H, G0a, and J.

V. SCALING EXPERIMENTS: OPEN X-EMBODIMENT

We show the generality of our approach across three con-
trolled distribution shifts in Appendix J. In the main body,
we choose to focus on our scaling experiments on Open X-
Embodiment (OXE) [1], a large collection of real-world data

with heterogeneous quality and unstructured distribution shifts.
The goal is to extract useful signal from as much of this
“suboptimal” data as possible, evaluated on two real-world
tasks.

1) Table Cleaning (Figure 1e): the robot opens a drawer,
places diverse (unseen) objects inside, and closes it; scored
by the rubric in Appendix Table XI. 2) Tower Building
(Figure 1f): the robot stacks blocks in alternating directions
and colors as high as possible, scored by the number of blocks
placed before toppling.

The training procedure is identical for both tasks. Dp is
a small number of task demonstrations; Dq is one of two
OXE subsets: Magic Soup++ (MS++), the 27 datasets used
by OpenVLA [5], or Custom OXE (COXE), a deliberately
inclusive 48-dataset superset of MS++. We annotate tmin and
tmax via Phase 1 (Appendix T).

Both methods re-weight each dataset’s per-timestep sam-
pling probability; for Ambient a dataset is only sampled at
times within its [0, tmax) ∪ (tmin, T ] interval (Appendix T).

A. Main Results

Table Cleaning (Dp with 50 demos): Filtering reaches
68.2% task completion; co-training adds only 2–3% and
plateaus as Dq scales from MS++ to COXE. The best Ambient
policy beats co-training by 12% and improves with the larger
COXE; locality (tmax > 0) helps further.

Table Cleaning (Dp with 150 demos): With more target
data, filtering improves to 80.1% and suboptimal data adds
less value, yet Ambient still beats co-training by up to 10%
(locality no longer helps, as the policy already learns the
primitives from Dp).

Tower Building (Dp with 35 demos): Ambient policies
build up to 84% and 33% taller towers than the filtering and
co-training baselines, respectively (Figure 2); including Dq at
low diffusion times helps.

B. Ablations

Three ablations are detailed in Appendix U. Re-weighting
is optional for Ambient (a 3–9% gain) but necessary for co-
training, whose unweighted policies were too unsafe to run.
Finetuning on Dp gave no significant change (Appendix O),
and Ambient policies need 25–40% fewer grasps and less time
per object than co-training.

VI. CONCLUSION

High-quality, task-specific robot data is scarce, making
it essential to learn from suboptimal data—yet filtering is
wasteful, and co-training absorbs both the useful and the
harmful parts of suboptimal samples. Building on the power
of noise-dependent data usage in neighboring fields [19, 25],
our key insight is that this paradigm is well-suited for robotics.
Ambient Diffusion Policy makes no assumptions about the ac-
tion suboptimality, outperforms existing baselines, and greatly
expands the set of useful data sources for robot imitation
learning. The question shifts from which data sources should
be used, to when each should be used in the diffusion process.
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We empirically show that robot data exhibits a spectral
power law. This spectral structure is special for two reasons.
First, it is not universal: it is absent in natural audio [59, 60],
stellar spectra [61], and Poisson point processes [62]. Second,
we show that it makes Ambient Diffusion effective: it implies a
global-to-local hierarchy (Figure 3), fast contraction through
noise (Appendix Theorem 1), and a locality property (Ap-
pendix Theorem 2). Hence, Ambient Diffusion is well-suited
for robotics.

A. Spectral Power Law in Robotics

The power spectral density (PSD) of a signal measures its
energy at each frequency component, f . The signal exhibits a
spectral power law if its PSD decays approximately as |f |−α,
where α > 0. In other words, its energy is concentrated
in low-frequency components. A formal definition extended
to random vectors is presented in Appendix Definition 1.
Figure 4a and Appendix Figure 6 show that robot action data
exhibits a spectral power law.

Implications for Diffusion Policy [23]: When a spectral
power law exists, Dieleman [60] showed that denoisers gener-
ate low-frequency features at high noise, and high-frequency
features at low noise. Appendix Figure 5 illustrates that in
robotics, low frequencies encode global features (e.g. the
high-level plan), while high frequencies encode local features
(e.g. grasping primitives and smoothness). Thus, Diffusion
Policies exhibit a global-to-local hierarchy: they learn global
planning at high noise and local motion primitives at low
noise. Appendix G0a provides further experimental evidence.

This hierarchy unlocks a new design axis for co-training
algorithms in robotics: noise-dependent data usage. Diffusion
Policies learn different features of the actions at each noise
level; thus, suboptimal samples should only contribute to
training at noise levels where p and q align.

Implications for Ambient Diffusion Policy: Due to the
spectral power law, adding Gaussian noise to robot data
acts as a high-frequency mask (Appendix Figure 5). Thus,
if differences between p and q are concentrated in a high-
frequency tail (i.e. low-level actions), then tmin will be small.
We formalize this in Appendix Theorem 1. By only learning
from suboptimal samples when t > tmin, policies can learn the
useful global features in Dq and ignore the local suboptimality
(which is masked by noise).

Fortunately, the suboptimality in many robot datasets is
in the local actions. For instance, non-expert and expert
demonstrations may aim to achieve the same goal, but differ in
the quality of the low-level motions. Similarly, in sim-to-real
co-training or cross-embodied data, the high-level plan may be
shared while the precise contact dynamics or feasible motions
may differ.

B. Locality in Robotics

A denoiser exhibits “locality” if its output at each coordinate
depends primarily on a small receptive field in the noisy

input [22, 19].1 In robotics, this means that each action output
from the denoiser is most sensitive to its temporal neighbors
in the noisy input. In Appendix Theorem 2, we prove that the
spectral power law can imply locality in the optimal denoisers.
Indeed, Figure 4b empirically identifies this phenomenon in
robotics. Intuitively, this is because these denoisers focus on
resolving local motion primitives, so they do not need to attend
to distant actions in the input.

Now suppose that p and q share the same local motion
primitives but differ globally. Due to locality, there exists a
sufficiently small tmax such that for all t < tmax, p and q agree
within the receptive field of the optimal denoiser. Appendix B
formalizes this statement. Section N leverages locality to learn
local grasping primitives from data at low noise, even when
its task-level structure is incorrect.

Remark: A spectral power law and locality exists in all the
examined robot datasets (Appendix Table I). This suggests
that these are general properties of robot data. Section IV
provides methods for estimating tmin and tmax to leverage
these properties in Ambient Diffusion Policy.

We prove two theorems that extend the theoretical founda-
tions of Ambient Diffusion and rigorously justify our method
for robotics. Prior works [19] empirically identify the spectral
power law and locality as important properties. We prove that
for a simplified model, the former implies both fast contraction
through noise (Theorem 1) and locality of the optimal denoiser
(Theorem 2). This establishes the spectral power law as the
single fundamental property underlying the framework.

Both theorems are proved for zero-mean stationary Gaus-
sians. We adopt this setting for two reasons: 1) it simplifies
the bounds, and 2) it is a natural model for latent-space
diffusion, which has been proposed in robotics [63], and is
common in generative modeling more broadly [64]. Extending
the analysis to general distributions is left to future work.
Proofs are presented in Appendix D.

We begin by formally defining the spectral power law for
general random vectors.

Definition 1 (Spectral Power Law). Let X be a zero-
mean, stationary random vector on RN , and let SX(f) :=
E
[
|(FX)(f)|2

]
denote its power spectral density in the or-

thonormal Fourier basis. We say that the distribution of X
follows a spectral power law if there exist a constant C > 0,
a rolloff exponent α > 1, and a cutoff frequency f0 ≥ 1 such
that the high-frequency spectrum satisfies:

SX(f) = C|f |−α for all |f | ≥ f0.

The exact spectral behavior below the cutoff f0 is permitted
to be arbitrary but bounded.

C. Contraction Through Noise

Theorem 1 states that a spectral power law and low-
frequency alignment between p and q imply fast contraction

1As in Lukoianov et al. [22], “locality” is a property of the data which is
inherited by the optimal denoiser at low noise. We use the term “locality”
loosely as both a property of the data and the resulting denoisers.



Fig. 3: The spectral power law induces a global-to-local hierarchy in action diffusion. This is analogous to the “coarse-
to-fine” hierarchy in image diffusion [60]. (a) t ≥ t2 (global planning): the policy commits to a high-level path through the
maze. t < t2 (local refinement): it refines the plan to be collision-free at t1 and smooth at t0. (b) t3: the policy plans to move
a block to the right bin. t2: it plans which block to grasp. t < t2: it refines the grasping motion.

10 1 100

Frequency (Hz)

10 3

10 2

10 1

100

Po
we

r S
pe

ct
ra

l D
en

sit
y

S f , mean = 1.47

Average PSD (Delta Actions, Normalized)  OXE Mixture
x
y
z

Axis Angle (x)

Axis Angle (y)
Axis Angle (z)
Gripper
f 1.47 (fit)

(a) Spectral power law in robot action data. The power spectral
density for OXE [1], a collection of 2.4M robot episodes across 70+
datasets, follows a power law. Appendix Figure 6 shows that this
spectral power law is a more general property of robot data.

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Action Index i

0.2

0.4

0.6

0.8

1.0
h(8

) /
A

(i) t
F [

No
rm

al
ize

d 
Se

ns
iti

vi
ty

] Denoiser Locality: OXE
Target: i = 8

0

20

40

60

80

Di
ffu

sio
n 

Ti
m

e 
t

(b) Locality in robot action data. Visualizing the sensitivity of
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through noise. Moreover, this contraction is independent of the
original distance.

Theorem 1 (Spectral Power Law implies fast contraction
through noise). Let p0 = N (0,Σp) and q0 = N (0,Σq) be
zero-mean stationary Gaussians on RN with power spectra
Sp, Sq . Fix a cutoff frequency f⋆ ≥ 1, an exponent α > 1

2 ,
and a constant C > 0. Assume:

1) (Low-frequency agreement.) Sp(f) = Sq(f) for every
f ≤ f⋆.

2) (Power-law tail.) max(Sp(f), Sq(f)) ≤ Cf−α for every
f such that f⋆ < f ≤ ⌊N/2⌋.

Let pt := p0 ∗ N (0, σ2
t I) and qt := q0 ∗ N (0, σ2

t I). If

σ2
t ≥ C(f⋆)−α, (⋆)

then

dKL(pt∥qt) ≤
4C2

(2α− 1)σ4
t (f

⋆)2α−1

dTV(pt, qt) ≤
√
2C

σ2
t

√
(2α− 1)(f⋆)2α−1

.

In contrast, the general TV-contraction bound (Section III)
depends on the original TV distance (which can be arbitrarily
close to 1) and decays only as 1/σ. For our simple theoret-
ical model, the spectral power law enables fast contraction
and, consequently, high utilization of the suboptimal data in
Ambient Diffusion.



D. Spectral Power Law Implies Locality

The next theorem shows that the spectral power law implies
locality for the optimal denoiser at low noise levels.

Theorem 2 (Spectral Power Law implies locality of the
optimal denoiser). Let X0 ∼ N (0,Σ) be a zero-mean sta-
tionary Gaussian on RN whose power spectrum S(f) follows
a spectral power law with constant C > 0 and exponent
α > 1. Let Xt = X0 + σtZ be the variance-exploding noisy
observation, and h⋆

t (x) := E[X0 | Xt = x] denote the MMSE
optimal denoiser.

Let Mi be a circulant mask that sets to zero all coordinates
of the input x at a circular distance strictly greater than L
from index i. Then, for any mask size 1 ≤ L ≤ ⌊N/2⌋, the
absolute error in the i-th coordinate between the full optimal
denoiser and the masked denoiser is bounded by:∣∣∣∣(h⋆

t (x))i − (h⋆
t (Mix))i

∣∣∣∣ ≤ αN∥x∥∞
8L

.

In short, at low noise levels the optimal denoiser is function-
ally myopic: it can reconstruct the signal by observing only a
local spatial neighborhood, safely ignoring the global structure
of the input. This is precisely the property that Ambient
Diffusion Policy exploits to learn local action primitives from
suboptimal data, even when its global structure is incorrect
(Section N).

This appendix provides the proofs of the theoretical results
stated in Appendix B: the spectral power law implies both
fast contraction through noise (Theorem 1) and locality (The-
orem 2) of the optimal denoiser. We then formally justify the
classifier-based tmin annotation method from Phase 1 of our
algorithm (Theorem 4). The Spectral Power Law (Definition 1)
is stated in Appendix B, and the general TV-contraction bound
is stated in the main body (Section III).

a) Preliminaries.: Given distributions P,Q, we recall the
following information-theoretic divergences, used throughout
this appendix:

dTV(P,Q) = EQ

∣∣∣∣1− dP

dQ

∣∣∣∣ ,
χ2(P∥Q) = EQ

(
dP

dQ

)2

− 1,

LC(P,Q) = 2χ2
(
P
∥∥ 1

2P + 1
2Q

)
.

Pinsker’s inequality gives dTV(P,Q)2 ≤ 1
2KL(P,Q), and the

LeCam inequality gives dTV(P,Q)2 ≤ 1
2LC(P,Q). We refer

the reader to [77] for further background.

E. Spectral Power Law implies fast contraction through noise

Proof of Theorem 1: We start by making the observa-
tion that since the Discrete Fourier Transform (DFT) is an
invertible operation, it holds that:

dKL(pt∥qt) = dKL(F#pt∥F#qt). (1)

We denote with F the DFT-matrix. Multiplying with F vectors
that are distributed according to a zero-mean Gaussian gives
another zero-mean Gaussian distribution with covariance:

ΣF#pt
= Ex∼pt

[(Fx)(Fx)∗] (2)

= FEx∼pt [xx
T ]F ∗ (3)

= FΣptF
∗. (4)

We have that Σpt
= Σp + σ2

t I , where Σp is a circulant
matrix (stationarity assumption). Hence, Σpt

is also a circulant
matrix, and thus it can be diagonalized as follows:

Σpt
= F ∗(Λp + σ2

t I)F. (5)

Hence,

ΣF#pt
= FF ∗(Λp + σ2

t I)FF ∗ (6)

= Λp + σ2
t I. (7)

Similarly, ΣF#qt = Λq + σ2
t I .

Using the formula for the KL distance between two zero-
mean, diagonal, multivariate Gaussians, we get:

dKL(pt∥qt) ≤
1

2

N−1∑
i=0

(Λp)i,i + σ2
t

(Λq)i,i + σ2
t

− ln

(
(Λp)i,i + σ2

t

(Λq)i,i + σ2
t

)
− 1

(8)

=
1

2

N−1∑
f=0

Sp(f) + σ2
t

Sq(f) + σ2
t

− ln

(
Sp(f) + σ2

t

Sq(f) + σ2
t

)
− 1 (9)

≤
⌊N/2⌋∑
f>f⋆

Sp(f) + σ2
t

Sq(f) + σ2
t

− ln

(
Sp(f) + σ2

t

Sq(f) + σ2
t

)
− 1, (10)

where in the last inequality we used the fact that the spectrum
is symmetric around the Nyquist frequency and that p and q
agree on all frequencies up to f⋆.

Let’s consider the function: g(r) = r − ln r − 1. We will
start by showing that g(r) ≤ (r − 1)2 for all r ∈ [1/2,∞).

Let

h(r) = g(r)− (r − 1)2 (11)

= r − ln r − 1− r2 + 2r − 1 (12)

= −r2 + 3r − ln r − 2. (13)

We hence have:

h′(r) = −2r + 3− 1

r
(14)

=
−2r2 + 3r − 1

r
. (15)

The determinant of the nominator is ∆ = 1 and there are two
points that make h′(r) = 0, which are:

r1 =
1

2
, r2 = 1. (16)

We have that h′(r) is negative for r > 1 and for r ∈ (0, 1/2).
Hence, in [1/2,∞) the maximum of h(r) is h(1) = 0. Hence,
the function h(r) is ≤ 0 for all r ∈ [1/2,∞).



We now want to get some bounds on the quantity Sp(f)+σ2
t

Sq(f)+σ2
t

.
First, note that:

Sp(f) + σ2
t

Sq(f) + σ2
t

≥ σ2
t

max(Sp(f), Sq(f)) + σ2
t

. (17)

For all ⌊N/2⌋ ≥ f > f⋆, we further have (by Power-law tail
assumption) that:

max(Sp(f), Sq(f)) ≤ Cf−α, (18)

which gives that:

Sp(f) + σ2
t

Sq(f) + σ2
t

≥ σ2
t

Cf−α + σ2
t

. (19)

By assumption, we have that:

σ2
t ≥ C

1

(f⋆)α
. (20)

But:

C

fα
<

C

(f⋆)α
, ∀f such that f⋆ < f ≤ ⌊N/2⌋. (21)

Hence,

Cf−α < σ2
t . (22)

Plugging this into Eq. (19), we get:

Sp(f) + σ2
t

Sq(f) + σ2
t

≥ 1/2. (23)

By combining Eq. 23 and the fact that g(r) ≤ (r − 1)2 for
all r ∈ [1/2,∞), we can write Eq. (10) as follows:

dKL(pt∥qt) ≤
⌊N/2⌋∑
f>f⋆

(
Sp(f)− Sq(f)

Sq(f) + σ2
t

)2

(24)

≤
⌊N/2⌋∑
f>f⋆

(
2max(Sp(f), Sq(f))

σ2
t

)2

(25)

≤
⌊N/2⌋∑
f>f⋆

4
C2f−2α

σ4
t

(26)

=
4C2

σ4
t

⌊N/2⌋∑
f>f⋆

(
1

f

)2α

(27)

≤ 4C2

σ4
t

∫ ∞

f⋆

(
1

f

)2α

df (28)

=
4C2

σ4
t (2α− 1)(f⋆)2α−1

. (29)

The TV distance bound follows from a direct application of
Pinsker’s inequality.

F. Spectral Power Law implies locality

Proof of Theorem 2: Since X0 is distributed according
to a Gaussian distribution, the MMSE optimal denoiser is a
linear function, given as:

E[X0|Xt = x] = Σ(Σ + σ2
t I)

−1x. (30)

From the stationarity assumption, Σ is a circulant matrix and
so is the matrix Σ + σ2

t I . The inverse of a circulant matrix
is another circulant matrix, and multiplying two circulant
matrices gives another circulant matrix. Hence, the whole
matrix Σ(Σ + σ2

t I)
−1 is circulant.

Multiplication with a circulant matrix can be written as
a circulant convolution; hence, we can express the optimal
denoiser in the following equivalent way:

(E[X0|Xt = x])i =

N−1∑
j=0

kt((i− j) mod N)xj , (31)

where kt is the first column of the matrix Σ(Σ+σ2
t I)

−1. Let
us now analyze how the prediction of the optimal denoiser
changes when, instead of feeding the full input, we input a
masked version Mix of the input where Mi is a circulant
mask.

We have that:

errori =

∣∣∣∣N−1∑
j=0

kt((i− j) mod N)xj

−
N−1∑
j=0

kt((i− j) mod N)Mixj

∣∣∣∣ (32)

=

∣∣∣∣ ∑
j:dist(i,j)>L

kt((i− j) mod N)xj

∣∣∣∣, (33)

≤ ||x||∞
∑

j:dist(i,j)>L

∣∣∣∣kt((i− j) mod N)

∣∣∣∣, (34)

where dist(i, j) = min(|i− j|, N − |i− j|). Let m = (i− j)
mod N . First note that L + 1 ≤ m ≤ ⌊N/2⌋. Second, note
that for each value m, there are two indices j that can give
this value. Hence, we can rewrite the sum as:

errori ≤ ||x||∞
⌊N/2⌋∑
m=L+1

|kt(m)|+ |kt(N −m)|. (35)

We now need to analyze what the kernel kt is. We have
defined this vector as the first column of the matrix Σ(Σ +
σ2
t I)

−1. Because the matrix is circulant, we have that kt(m) =
kt(N −m). Hence,

errori ≤ 2||x||∞
⌊N/2⌋∑
m=L+1

|kt(m)|. (36)

By definition:

kt(m) = (Σ(Σ + σ2
t I)

−1e1)(m). (37)



The matrix Σ(Σ + σ2
t I)

−1 is circulant, and hence it is
diagonalized by the DFT. Hence, we have:

kt(m) = (F ∗WFe1)(m), (38)

where W is the diagonal matrix with diagonal entries Wf,f =
S(f)

S(f)+σ2
t

.
We observe now that kt(m) is exactly the Inverse Discrete

Fourier Transform of the Wiener filter. Hence, kt(m) can be
equivalently written as:

kt(m) =
1

N

N−1∑
f=0

Wf,fe
i 2πfm

N . (39)

Because the original signal X0 is real-valued, its power
spectrum and the resulting Wiener filter Wf = Wf,f are sym-
metric around the Nyquist frequency, meaning WN−f = Wf .
This conjugate symmetry perfectly cancels the imaginary sine
components, allowing us to write the kernel entirely in terms
of real cosines:

kt(m) =
1

N

N−1∑
f=0

Wf cos

(
2πfm

N

)
. (40)

To extract the spatial decay of this kernel as m increases,
let ωm = 2πm

N . We multiply both sides of the equation by the
phase-shifting factor 2(1− cosωm):

2(1− cosωm)kt(m)

=
1

N

N−1∑
f=0

Wf [2 cos(fωm)− 2 cos(fωm) cos(ωm)] . (41)

Applying the standard trigonometric identity
2 cos(A) cos(B) = cos(A + B) + cos(A − B) to the
second term gives:

2(1− cosωm)kt(m)

=
1

N

N−1∑
f=0

Wf

[
2 cos(fωm)− cos((f + 1)ωm)

− cos((f − 1)ωm)
]
. (42)

Because the discrete spectrum is periodic (WN = W0) and the
cosine function is periodic over N , we can shift the indices of
summation for the (f+1) and (f−1) terms to group them by
the common cos(fωm) factor. This perfectly regroups the sum
into the central second difference ∆2Wf = Wf+1 − 2Wf +
Wf−1:

2(1− cosωm)kt(m) = − 1

N

N−1∑
f=0

(∆2Wf ) cos(fωm). (43)

We now take the absolute value of both sides. For the left
side, we apply the half-angle trigonometric identity 2(1 −
cosωm) = 4 sin2

(
ωm

2

)
= 4 sin2

(
πm
N

)
. Since | cos(fωm)| ≤

1, it drops out of the right side:

4 sin2
(πm

N

)
|kt(m)| ≤ 1

N

N−1∑
f=0

|∆2Wf |. (44)

Crucially, the assumption that S(f) follows a spectral power
law dictates the structural behavior of this Wiener filter. For
high frequencies f ≥ 1, the power law S(f) = Cf−α ensures
that Wf monotonically and smoothly decays to zero. We
can bound the discrete slope of this filter by analyzing its
continuous extension W (f) = C

C+σ2
t f

α . Its derivative is:

W ′(f) =
−αCσ2

t f
α−1

(C + σ2
t f

α)2
. (45)

By the Arithmetic Mean - Geometric Mean inequality, (C +
σ2
t f

α)2 ≥ 4Cσ2
t f

α. Substituting this into the derivative gives
a strict bound on the slope:

|W ′(f)| ≤ αCσ2
t f

α−1

4Cσ2
t f

α
=

α

4f
≤ α

4
. (46)

The sequence of discrete first differences ∆Wf samples this
continuous slope. Over the positive half of the spectrum, the
slope starts near zero, reaches a maximum magnitude bounded
by α/4, and gradually returns to zero. Because the function is
convex in the tail, the second differences maintain a constant
sign, allowing the absolute sum to telescope perfectly. The
total absolute second variation for the positive half of the
spectrum is therefore exactly bounded by twice the maximum
slope, 2(α/4) = α/2. Due to the conjugate symmetry of
the spectrum, the negative frequencies contribute an identical
amount.

Therefore, the total absolute second variation over the entire
spectrum is strictly bounded by the power-law exponent:

N−1∑
f=0

|∆2Wf | ≤ α. (47)

Substituting this variation bound back into our inequality
yields:

4 sin2
(πm

N

)
|kt(m)| ≤ α

N
. (48)

For the spatial domain m ≤ ⌊N/2⌋, the argument πm
N falls

within the interval [0, π/2]. In this domain, we can apply the
linear lower bound for the sine function, sin(x) ≥ 2x

π , which
gives sin2

(
πm
N

)
≥ 4m2

N2 . Substituting this yields:

4

(
4m2

N2

)
|kt(m)| ≤ α

N
=⇒ |kt(m)| ≤ αN

16m2
. (49)

We have thus proven that the optimal denoiser kernel decays
spatially at a rate of O(1/m2). Returning to the error of the
masked denoiser, we substitute this polynomial decay bound
into the error sum:

errori ≤ 2∥x∥∞
⌊N/2⌋∑
m=L+1

|kt(m)|

≤ αN∥x∥∞
8

⌊N/2⌋∑
m=L+1

1

m2
. (50)



We can upper-bound this remaining discrete sum by the
corresponding continuous integral over the spatial tail:

⌊N/2⌋∑
m=L+1

1

m2
≤

∫ ∞

L

1

y2
dy =

1

L
. (51)

Hence, the approximation error of the masked denoiser is
strictly bounded by:

errori ≤
αN∥x∥∞

8L
. (52)

This demonstrates that as the mask size L increases, the error
drops off linearly, mathematically proving that the spectral
power law forces the MMSE optimal denoiser to be spatially
local.

G. Theoretical Justification of the Classifier-Based Annotation

We prove that the classifier-based tmin annotation method
introduced in Phase 1 of Section IV comes with a formal
guarantee: suppose the classifier, fθ,2 is ε-optimal and the
threshold is τ . Then annotating tmin using the method de-
scribed in Section IV bounds the LeCam distance between
the noisy distributions pt and qt (Theorem 4). Simply put,
it guarantees that pt and qt are similar (i.e. contracted) for
t > tmin.

a) Classifier threshold implies distributional closeness.:
Consider the population cross-entropy loss

LCE(f) = −Ec,x[(1− c) log(1− f(x)) + c log f(x)] ,

where we first sample c ∼ Bern(1/2) and then sample x ∼ P
if c = 1 or x ∼ Q otherwise. Let M = 1

2P + 1
2Q denote the

mixture. The optimal classifier is

f∗ = argmin
f
LCE(f), f∗(x) =

dP

dP + dQ
(x) =

1

2

dP

dM
(x).

(53)

Theorem 3 (Optimal classifier threshold implies distributional
closeness). Let f∗ be the optimal classifier in Eq. (53). Then

EQf
∗(x) =

1

2
− 1

2
LC(P,Q).

In particular, EQf
∗(x) ≥ 1

2 − τ implies LC(P,Q) ≤ 2τ .

Proof: We compute

EQf
∗ =

∫
dP dQ

dP + dQ
=

1

2

∫
(dP + dQ)2 − dP 2 − dQ2

dP + dQ
.

Then

EQf
∗ = 1− 1

2

∫
dP 2

dP + dQ
− 1

2

∫
dQ2

dP + dQ
.

Noting
∫

dP 2

dP+dQ = 1
2 (χ

2(P∥M) + 1) gives

EQf
∗ =

1

2
− 1

2
χ2(P∥M)− 1

2
χ2(Q∥M).

2Section IV uses cϕ to denote the classifier. We switched notation to fθ
for the proofs since they use c to denote a Bernoulli random variable.

Using LC(P,Q) = 2χ2(P∥M) = 2χ2(Q∥M), we conclude

EQf
∗ =

1

2
− 1

2
LC(P,Q).

The threshold condition EQf
∗ ≥ 1

2−τ then immediately gives
LC(P,Q) ≤ 2τ .

We now extend this result to approximate classifiers trained
on the cross-entropy loss.

Theorem 4 (Approximate classifier threshold implies distri-
butional closeness). Suppose fθ : Rd → [0, 1] is an ε-optimal
classifier, i.e. LCE(fθ) ≤ LCE(f

∗)+ε. Then EQfθ(x) ≥ 1
2−τ

implies LC(P,Q) ≤ 2τ + 2
√
ε.

Proof: The cross-entropy loss admits the decomposition

LCE(f) = Ex∼M d(f∗(x)∥f(x)) + const,

where d(p∥q) = KL(Bern(p)∥Bern(q)) is the binary
KL divergence. The ε-accuracy condition implies
Ex∼Md(f∗(x)∥f(x)) ≤ ε, and by non-negativity
Ex∼Qd(f

∗(x)∥f(x)) ≤ 2ε. Applying Pinsker’s inequality
and dTV(p, q) = |p− q| for Bernoulli variables yields

Ex∼Q(fθ(x)− f∗(x))2 ≤ ε.

By Jensen, Ex∼Qf
∗(x) ≥ Ex∼Qfθ(x)−

√
ε, so

Ex∼Qf
∗(x) ≥ 1

2
− τ −

√
ε.

Applying Theorem 3 recovers the claim.
The paper presents Ambient Diffusion Policy from the

variance-exploding perspective of diffusion [55] to lighten
notation. Our implementation builds off the original Diffusion
Policy [23] work, which uses a variance-preserving implemen-
tation. We first show that the two perspectives are equivalent
up to a change of variables.

The variance exploding (VE) and variance preserving (VP)
forward processes are defined in Eq. (54) and (55) respectively
[55]:

Xt = X0 + σVE(t)Z, (54)

Xt =
√
1− σ2

VP(t)X0 + σVP(t)Z, (55)

where Z ∼ N (0, I), σVE(t) is an unbounded increasing func-
tion with σVE(0) = 0, and σVP(t) is an increasing function
with σVP(0) = 0 and σVP(T ) = 1. Without loss of generality,
we assume the data is normalized so that Var[X0] = 1.

Proposition 1. The VP and VE processes are equivalent up
to a time-dependent rescaling of space.

Proof: Given a VE schedule σVE(t), define

σVP(t) :=
σVE(t)√
1 + σ2

VE(t)
, c(t) :=

√
1 + σ2

VE(t). (56)

Under this mapping,

SNRVE(t) =
1

σ2
VE(t)

=
1− σ2

VP(t)

σ2
VP(t)

= SNRVP(t), (57)



so both processes have the same SNR at every t. The rescaled
VE variable, X̃t, satisfies

X̃t :=
XVE

t

c(t)
= XVP

t . (58)

Thus, the VP process is the VE process in normalized coor-
dinates xVE

t 7→ xVE
t /c(t) = xVP

t .

Proposition 2. The score functions of the VP and VE pro-
cesses are related by:

sVP(x̃t, t) = c(t) · sVE(c(t) x̃t, t) . (59)

Proof: Let pVP
t and pVE

t denote the marginal densi-
ties of XVP

t and XVE
t respectively. Given the change of

variables xVE
t = c(t)xVP

t , we have that pVP
t (xVP

t ) =
c(t)d pVE

t (c(t)xVP
t ), where d is the dimension. Taking the

gradient with respect to xVP
t :

sVP(xVP
t , t) = ∇xVP

t
log pVP

t (xVP
t )

= ∇xVP
t

log pVE
t (c(t)xVP

t ) +
�������:0
∇xVP

t
log c(t)d

= c(t) · sVE
(
c(t)xVP

t , t
)
, (60)

where the last line follows from the chain rule.

Proposition 3. Let h∗
VE and h∗

VP denote the optimal denoisers
for the VE and VP processes respectively. Then:

h∗
VP(x

VP
t , t) = h∗

VE

(
c(t)xVP

t , t
)
. (61)

Proof: By Tweedie’s formula, the optimal denoisers are
related to the scores via:

h∗
VE(x

VE
t , t) = xVE

t + σ2
VE(t) s

VE(xVE
t , t), (62)

h∗
VP(x

VP
t , t) =

xVP
t + σ2

VP(t) s
VP(xVP

t , t)√
1− σ2

VP(t)
. (63)

Substituting the score correspondence from Proposition 2 and
the definition of c(t) in (56) yields the desired result.

Therefore, any result derived in one framework translates to
the other via c(t) =

√
1 + σ2

VE(t).
In the original Ambient Diffusion work, Daras et al. [24]

propose an alternative loss function, known as the Ambient
loss. Unlike the denoising loss from DDPM [54], the Ambient
loss assumes no access to the clean samples, x0, and instead
uses xtmin

as the prediction target. Nonetheless, it is minimized
by the same denoiser as the DDPM loss. In the image domain,
the Ambient loss has been shown to improve generalization.
Daras et al. [24] derive the Ambient loss for VE diffusion. In
this section, we derive it for VP diffusion.

Proposition 4. The ϵ-prediction VP Ambient loss for t > tmin

is given by

L(θ) = E
[∥∥ϵθ(xt, t)−

σt(1−σ2
tmin

)

σ2
t−σ2

tmin

xt

+
σt

√
(1−σ2

t )(1−σ2
tmin

)

σ2
t−σ2

tmin

xtmin

∥∥2
2

]
, (64)

and minimized by ϵ∗θ = E[Z | Xt = xt].

Proof: Let Xt and Z be the random variables from the
forward process in VP diffusion, Eq. (55). Then:

E[Z | Xt = xt] =
xt −

√
1− σ2

t E[X0 | Xt = xt]

σt
. (65)

By the double Tweedie identity from Daras et al. [24]:

E[X0 | Xt = xt] =
σ2
t

√
1−σ2

tmin

σ2
t−σ2

tmin

E[Xtmin
| Xt = xt]

− σ2
tmin

√
1−σ2

t

σ2
t−σ2

tmin

xt. (66)

Substituting Eq. (66) into Eq. (65) and rearranging gives:

E[Xtmin | Xt = xt] = αt E[Z | Xt = xt] + βt xt, (67)

αt := −
σ2
t − σ2

tmin

σt

√
(1− σ2

t )(1− σ2
tmin

)
, (68)

βt :=
1− σ2

tmin√
(1− σ2

t )(1− σ2
tmin

)
. (69)

Define gθ(xt, t) := αt ϵθ(xt, t) + βt xt. Since t > tmin, we
have αt ̸= 0 and the map ϵθ 7→ gθ is a bijection. Thus,
minimizing

E
[
∥gθ(xt, t)− xtmin

∥2
]

(70)

over gθ is equivalent to minimizing over ϵθ. The minimizer
of Eq. (70) is g∗θ = E[Xtmin | Xt = xt], which by Eq. (67)
implies ϵ∗θ = E[Z | Xt = xt]. Rescaling the loss in Eq. (70)
by α2

t yields:

E

[∥∥∥∥ϵθ(xt, t) +
βt

αt
xt −

1

αt
xtmin

∥∥∥∥2
2

]
, (71)

which expands to the loss in the proposition.

Proposition 5. The x0-prediction VP Ambient loss for t >
tmin is given by

E


∥∥∥∥∥∥hθ(xt, t) +

σ2
tmin

√
1− σ2

t

σ2
t − σ2

tmin

xt −
σ2
t

√
1− σ2

tmin

σ2
t − σ2

tmin

xtmin

∥∥∥∥∥∥
2

2

 ,

(72)
and minimized by h∗

θ = E[X0 | Xt = xt].

Proof: Isolating E[Xtmin | Xt = xt] in the double
Tweedie identity Eq. (66) gives:

E[Xtmin | Xt = xt] = α̃t E[X0 | Xt = xt] + β̃t xt, (73)

α̃t :=
σ2
t−σ2

tmin

σ2
t

√
1−σ2

tmin

, β̃t :=
σ2
tmin

√
1−σ2

t

σ2
t

√
1−σ2

tmin

.

(74)

Define g̃θ(xt, t) := α̃t hθ(xt, t) + β̃t xt. Since t > tmin, then
α̃t ̸= 0 and the map hθ 7→ g̃θ is a bijection. Thus, minimizing

E
[
∥g̃θ(xt, t)− xtmin∥2

]
(75)

over g̃θ is equivalent to minimizing over hθ. The minimizer
of Eq. (75) is g̃∗θ = E[Xtmin

| Xt = xt], which by Eq. (73)



implies h∗
θ = E[X0 | Xt = xt]. Rescaling the loss in Eq. (75)

by α̃2
t yields:

E

∥∥∥∥∥hθ(xt, t) +
β̃t

α̃t
xt −

1

α̃t
xtmin

∥∥∥∥∥
2

2

 , (76)

which expands to the loss in the proposition.

Remark 1. Both losses reduce to the canonical MSE diffusion
loss [54] when tmin = 0.

Remark 2. For both the ϵ- and x0-prediction losses, the
rescaling factor, 1/α2

t (resp. 1/α̃2
t ), diverges as t→ tmin. This

can cause training instability. Following [19], we introduce a
buffer B: a sample from Dq is only used at diffusion times
satisfying t > tmin and 1/α2

t < B (resp. 1/α̃2
t < B). The

effect of B is studied in Figure 16e.

Spectral Power Law: Figures 4a and 6 visualize the
spectral power law for several robot datasets. These datasets
include human teleop vs algorithmically generated actions,
absolute vs delta actions, end effector vs joint space actions,
different parameterizations of SE(3) end-effector poses, and
data from different tasks. Remarkably, a spectral power law
existed in all the datasets we tested. Table I outlines the
characteristics of each dataset in more detail.

The average PSD for each dataset was computed as follows.
Given a dataset, we normalize the range of each action
dimension to [-1,1]. For OXE, we instead normalized the
2% and 98% quartiles to [-1,1]. We do not normalize the
rotation dimensions if they are represented in R9 format since
these values already lie within [0,1] by construction. All the
datasets were collected at 10 Hz; however, action frequencies
in OXE vary. To ensure consistency, we set the frequency of
OXE to 10 Hz by downsampling higher-frequency data and
artificially speeding up lower-frequency data. We chose an
action horizon of 100. For each action dimension, we compute
the periodogram along the time axis. Finally, we average these
periodograms across all action chunks in the dataset. Our plots
exclude the DC component, which is often close to 0 due to
the range normalization. These plots use a log-log scale; a
power law, f−α, manifests as a straight line of slope −α.

We fix the action frequency and horizon for consistency
across datasets, but remark that the spectral power law emerges
regardless of these choices. Concurrent work performed the
analysis using the discrete cosine transform and obtained
similar results [78].

Region Classification Experiment (from Section A): We
test how well the global plan in A0 can be recovered from
At using a learned classifier. We train the classifier on 5000
trajectories generated by GCS trajectory optimization [65] in
the 2D maze. GCS decomposes the planning problem into
discrete decisions (which regions of space to move through)
and continuous decisions (the precise trajectory to follow
within each region). Thus, the set of regions a trajectory passes
through acts as a proxy for the global planning decisions, as
it captures the topological structure of the maze.

Concretely, we train a classifier cθ : A × R → R20 that

takes as input (At, t) and predicts the probability that A0

passes through each of the 20 convex regions3. Figure 7b
shows an example trajectory and its corresponding region
labels. Figure 7c plots the average prediction accuracy at each
noise level on a held-out test dataset: it saturates quickly as
the noise decreases. This implies that nearly all the global
planning information is diffused early in the backward process.
Altogether, this experiment supports our claim that action
diffusion exhibits a global-to-local hierarchy.

Related Work: Decomposing action generation hierarchi-
cally is a classic approach for solving problems in robotics
[79]. Recent works have begun incorporating this idea into
Diffusion Policy. Generally, these approaches factorize action
generation into a high and low level policy [2, 3]; however,
this factorization is often handcrafted and task-specific [80, 81,
82]. Our results show that a global-to-local action hierarchy
emerges naturally from the spectral structure of the data. Thus,
we hypothesize that with sufficient data, an end-to-end policy
could potentially learn the “correct” hierarchy in the diffusion
process without manual design.

Locality (Sensitivity Field from Figure 4b): Let h
(8)
θ

denote an x0-predictor’s estimate of the 8th clean action and
let A(i)

t denote the i-th action in the noisy action chunk At.
For each diffusion time t, the sensitivity field is defined as:

St(i) := E(O,A0)∼D

[∥∥∥∥∥∂h(8)
θ (At, O, t)

∂A
(i)
t

∥∥∥∥∥
F

]
, i ∈ [0, 15].

(77)
We normalize each sensitivity field so that maxi St(i) = 1 at
each diffusion time. Intuitively, St(i) measures the sensitivity
of the 8th action estimate to the i-th noisy action at diffusion
time t.

H. Ambient Diffusion Policy Pseudocode

Given Dp, Dq , and annotations from Phase 1 in the Method
section, we train an Ambient Diffusion Policy following
Algorithm 1. At each step, we sample a batch of diffusion
times t(i)

i.i.d.∼ U [0, T ] and then draw admissible samples from
Dp∪Dq . We update the policy parameters, θ, to minimize the
loss in COMPUTELOSS.

COMPUTELOSS executes the forward process and can use
two choices for L. The first is the standard denoising loss,
Ldenoising [54]. The second is the Ambient loss, Lambient,
discussed in Appendix G0a.4 We present two versions of
COMPUTELOSS for variance-exploding (Algorithm 2) and
variance-preserving diffusion processes (Algorithm 3).

I. Diffusion Policy Implementation Details

Unless otherwise noted, policies are trained to predict the
next 16 actions at 10 Hz with a fixed horizon for observations
and actions. We execute the first 8 actions and predict new

3We intentionally exclude the start and goal conditioning from the classifier
since those are sufficient for predicting the global plan.

4The Ambient loss was only used in the maze experiments (see Table II).
We tested the Ambient loss on the experiments in the OXE experiments and
found it made no statistically significant difference; thus, we continued using
the regular denoising loss for simplicity.



Fig. 5: The spectral power law makes Gaussian noise act as a high-frequency mask. (a) Noisy trajectory visualizations. (b)
PSD analysis for the noisy trajectories in the x-dimension at each diffusion time: the gray regions indicate masked frequencies,
which have low SNR. As t increases, adding Gaussian noise destroys the signal in the trajectory, starting from the local
(high-frequency) features first. This effect is visible in both the noisy trajectories and the PSD plots.
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(e) Dp from Section N
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Fig. 6: A visualization of the average PSD for a diverse range of robot datasets; a spectral power law exists in all of
them. Table I characterizes the datasets shown in (a)-(f) as well as the OXE dataset shown in Figure 4a.

actions in an MPC-like fashion. Policies are conditioned on
the 2 most recent observations. We consider a fixed horizon for

observations and actions and assume that the learned policy is
time-invariant, i.e. the conditional action distribution π(· | O)



TABLE I: Characteristics of the datasets analyzed via power spectral density (PSD) in Figures 4a and 6. Despite their differences,
all datasets exhibit a spectral power law.

Fig. Dataset Source Generation Action Space Action Type Rotation Rep. ᾱ†

Fig. 4a COXE [1] Dq (Sec. V) Mixed Task space Delta Axis-angle -1.47

Fig. 6a GCS [65] Dp (Sec. K) Algorithmic x-y Absolute N/A -1.82
Fig. 6b TrajOpt. Dp (App. Q) Algorithmic Joint space Absolute N/A -1.82
Fig. 6c Planar pushing [12] Dp (Sec. M) Human teleop x-y Absolute N/A -2.01
Fig. 6d Graesdal et al. [72] Dq (Sec. M) Algorithmic x-y Absolute N/A -1.88
Fig. 6e Block sorting Dp (Sec. N) Human teleop Task space Absolute R9 -2.27
Fig. 6f Table cleaning Dp (Sec. V) Human teleop Task space Absolute R9 -2.17

† ᾱ: mean fitted exponent across action dimensions, where S(f) ∝ fα
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(a) Convex decomposition of the
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(b) Visualization of the discrete deci-
sions in GCS.
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Fig. 7: The backward process commits to a global plan at high noise. By σt = 0.878, the global plan in A0 can already
be recovered from At with 95% accuracy. Accuracy plateaus afterward. This indicates that the start of the backward process
performs global planning. Figure 3 shows that the remainder of the backward process is devoted to local trajectory refinement.
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0.5− τ , which is crossed for tmin = 18.

depends only on the most recent observations and not on the
time t. The per-experiment observation and action spaces are
summarized in Tables II and III.

We use the U-Net architecture from [23], but add the
option for conditioning on a goal. When a policy is image-
conditioned, we use the ResNet18 backbone for the vision
encoder. We train the policy end-to-end with a cosine learning

rate schedule. The noise schedule σ(t) is a cosine schedule
with T = 100 diffusion steps. We apply EMA to the training
loop. Sampling is performed online using 10 steps of DDIM
[57]. Predicted actions are linearly interpolated into piecewise
linear trajectories and passed through a first-order low-pass
filter before being sent to the robot.



Algorithm 1 Ambient Diffusion Policy: Training

Require: Dp, Dq with (t
(i)
min, t

(i)
max), L ∈ {Lambient,Ldenoising}, noise

schedule σ(t), max time T , batch size B, policy parameters θ
1: repeat
2: Sample t(i)

i.i.d.∼ U [0, T ] for i = 1, . . . , B

3: Sample batch {(O(i), A
(i)
0 )}Bi=1 s.t. t(i) ∈ [0, t

(i)
max) ∪

(t
(i)
min, T ]

4: ℓ← 1
B

∑
i COMPUTELOSS(L, A(i)

0 , O(i), t(i), t
(i)
max, t

(i)
min)

5: Update θ on ℓ
6: until converged
7: return πθ

Algorithm 2 COMPUTELOSS (variance-exploding)

Require: L, A0, O, t, tmax, tmin

1: if t ∈ [0, tmax) or L = Ldenoising then
2: At ← A0 + σt Z, Z ∼ N (0, I)
3: return Ldenoising(At, A0, O, t) ▷ standard DDPM

loss [54]
4: else ▷ t ∈ (tmin, T ] and L = LVE

ambient

5: Sample Z1, Z2
i.i.d.∼ N (0, I)

6: Atmin
← A0 + σtmin

Z1

7: At ← Atmin
+
√
σ2
t − σ2

tmin
Z2

8: return LVE
ambient(At, Atmin

, O, t) ▷ VE Ambient
loss [24]

9: end if

J. Future Direction: Classifier-Based Rejection Sampling

This section proposes a similar algorithm to Ambient Dif-
fusion Policy based on rejection sampling. We provide theo-
retical foundations for this method, but do not experimentally
verify it. This is an exciting direction for future work.

Recall that we trained a classifier that outputs the probability
that a noisy action chunk came from pt (as opposed to qt).
Algorithm 4 samples (approximately) from P given only
access to samples from the mixture M = 1

2P + 1
2Q and

the classifier. Proposition 6 bounds the total variation between
the sampled distribution and P . By using the classifier for

Algorithm 3 COMPUTELOSS (variance-preserving)

Require: L, A0, O, t, tmax, tmin

1: if t ∈ [0, tmax) or L = Ldenoising then
2: At ←

√
1− σ2

tA0 + σtZ, Z ∼ N (0, I)
3: return Ldenoising(At, A0, O, t) ▷ standard DDPM

loss [54]
4: else ▷ t ∈ (tmin, T ] and L = LVP

ambient

5: Sample Z1, Z2
i.i.d.∼ N (0, I)

6: Atmin
←

√
1− σ2

tmin
A0 + σtmin

Z1

7: At ←
√

1−σ2
t

1−σ2
tmin

Atmin
+

√
σ2
t−σ2

tmin

1−σ2
tmin

Z2

8: return LVP
ambient(At, Atmin

, O, t) ▷ Eq. (64) (ϵ-pred) or
Eq. (72) (x0-pred)

9: end if

rejection sampling, we can train denoisers for P despite
leveraging data from an auxiliary source Q. In the proofs, we
use fθ to denote the classifier instead of cϕ from Section IV.

Algorithm 4 Rejection sampling via classifier

Require: Noisy classifier fθ(x, σ), mixture distribution M =
1
2P + 1

2Q, noise distribution ρσ
1: Sample σ ∼ ρσ
2: while True do
3: Sample X ∼M
4: Xσ ← ADDNOISE(X,σ)
5: Sample c ∼ Bern(fθ(Xσ, σ))
6: if c = 1 then
7: return (σ,Xσ)
8: end if
9: end while

Proposition 6 (Rejection sampling guarantee). Suppose fθ is
uniformly ε-optimal across σ:

LCE(f | σ) ≤ LCE(f
∗ | σ) + ε, ∀σ.

For any σ ≥ 0, let Pσ be the noisy distribution of X ∼ P ,
and let P̂σ be the distribution of Xσ output by Algorithm 4.
Then

dTV(P̂σ, Pσ) ≤ O(
√
ε).

Proof: We drop the subscript σ and write P ≡ Pσ , Q ≡
Qσ . Let m(x) denote the mixture density. The true distribution
P satisfies p(x) = 2m(x)f∗(x), while the rejection-sampled
density is

p̂(x) =
m(x)fθ(x)

Z
, Z = EX∼M [fθ(X)],

where Z is the acceptance rate. By Pinsker applied to the
cross-entropy gap, EX∼M [(f∗(X) − fθ(X))2] ≤ ε/2, so by
Jensen

δ ≜ EX∼M |fθ(X)− f∗(X)| ≤
√

ε/2.

This gives |Z − 1
2 | ≤ δ, hence Z ≥ 1

2 − δ. The total variation
between P̂ and P is

dTV(P̂ , P ) =
1

2

∫ ∣∣∣∣m(x)fθ(x)

Z
− 2m(x)f∗(x)

∣∣∣∣ dx
= EX∼M

∣∣∣∣fθ(X)− 2Zf∗(X)

2Z

∣∣∣∣ .
By the triangle inequality,∣∣∣∣fθ(X)− 2Zf∗(X)

2Z

∣∣∣∣ ≤ |fθ(X)− f∗(X)|
2Z

+
f∗(X)

2Z
|1− 2Z|.

Taking the expectation over M and using EX∼M [f∗(X)] = 1
2

and |1− 2Z| ≤ 2δ:

dTV(P̂ , P ) ≤ δ

2Z
+

2δ

4Z
=

δ

Z
≤ 2δ

1− 2δ
.



For ε < 2/9 we have 1− 2δ > 1/3, hence

dTV(P̂ , P ) ≤ 6
√
ε/2 = O(

√
ε).

Tables II and III summarize the datasets, distribution shifts,
observation and action spaces, hyperparameters, loss func-
tions, and evaluation details for all main experiments in
Sections J and V respectively; ablation parameters may differ.
Importantly, we swept hyperparameters for each baseline to
ensure a fair comparison.

Binary success metrics are reported with 95% Clopper-
Pearson confidence intervals. Otherwise, error bars are stan-
dard error intervals. For each training run, we save 5-10 check-
points and report the performance of the best-performing one.
While the initial exposition of our algorithm was presented
with variance-exploding diffusion, our implementation uses
variance-preserving diffusion (i.e. σ(T ) = 1).

We evaluate Ambient Diffusion Policy on three distribution
shifts in robot action data to illustrate its generality: noisy
trajectories, sim-to-real gap, and task mismatch. This section
compares our method against data filtering, co-training, and
finetuning. Appendix J provides experimental details.

K. Noisy Trajectories

Consider a 2D point robot that must navigate between
random start and goal positions in a maze environment (Fig-
ure 1a). A policy rollout is successful if it reaches an ϵ-ball
around the goal within a time limit without collision. We
measure a policy’s global understanding of the maze using
success rate, and its local smoothness using average squared
acceleration (Eq. (78)).
Dp contains 50 smooth trajectories from GCS [65]; Dq

contains 5,000 cheaper but jittery trajectories from RRT [66].
Appendix Figure 9 visualizes the datasets. This mimics real-
world sources of suboptimality, such as teleoperation with low-
quality hardware or noisy control stacks [67].

The policy trained with data filtering is smooth, but per-
forms poorly (Table IVa). Co-training and Ambient both
perform well (99.0%+ success), but the Ambient Diffusion
Policy is 2× smoother. This is because RRT’s jittery behavior
is a local property; thus, excluding it from training at low
diffusion times prevents the policy from learning its non-
smooth behavior. Figure 11 (Appendix P) visualizes the roll-
outs. Lastly, training on Dq trades smoothness for better data
coverage and success rates. Ambient’s Pareto frontier for this
trade-off strictly dominates the co-training baseline (Appendix
Figure 10a).

Ablation: We claim that pt ≈ qt for t > tmin. If this
were true, then we should be able to train an effective policy
without using Dp for t > tmin. To test this, we train a policy
that exclusively trains on Dq for t ∈ (tmin, T ] and Dp for
t ∈ [0, tmin]. Remarkably, it matches the performance of the
Ambient Diffusion Policy, with a success rate of 99.0% and a
squared acceleration of 29.9.

L. Neural Motion Planning

We extend the maze experiment to neural motion plan-
ning [68, 69, 70] with a 7-DoF robot arm in a cluttered
environment (Figure 1b). The setup and metrics are analogous
to the 2D maze, except that start and goal configurations are
sampled around objects and shelves, and the planner predicts
the entire plan open-loop. Appendix Table VII compares
the two setups. The main results in Table IVb and Ap-
pendix Figure 10b mirror the 2D maze experiments: Ambient
achieves the highest success rate while remaining substantially
smoother than co-training. The full experimental details and
ablations are in Appendix Q.

Implications for Neural Motion Planning (NMP). Most
neural motion planners [71, 69] are trained on large datasets
of sampling-based trajectories (akin to Dq) since they are
inexpensive to generate. Unfortunately, sampling-based trajec-
tories are non-smooth [66]; thus, these approaches choose to
prioritize data scale over quality. Our results suggest that an
NMP trained with Ambient can enjoy the best of both worlds:
augmenting the existing sampling-based datasets with a small
amount of high-quality data could yield planners that are both
general and smooth.

M. Sim-to-Real Distribution Shift

We evaluate Ambient Diffusion Policy on sim-and-real co-
training using the planar pushing setup from [12] (Figure 1c), a
canonical task in robot imitation learning. Our experiments use
the sim-and-target problem from Wei et al. [12] as a controlled
proxy for the sim-and-real problem.
Dp consists of 50 teleoperated demonstrations in the target

environment; Dq consists of 2000 trajectories generated by a
motion planner [72] in the simulated environment. We use the
same datasets from Wei et al. [12] to enable direct comparisons
with their method. A policy rollout is successful if it pushes
the T to the target pose within a time limit.

Table V reports the success rate for three variations of Am-
bient Diffusion Policy that annotate tmin at two granularities:
per dataset (with a parameter sweep) and per datapoint (with
the classifier approach). We explore intermediate granularities,
scaling laws, and more ablations in Appendix R. All Am-
bient variations outperform the best co-trained policy [12].
Annotating tmin per datapoint performs the best because even
within a single dataset, the utility of each datapoint can vary.
As before, Ambient learns from suboptimal simulation data
by leveraging the diffusion hierarchy. Dp and Dq share the
same high-level strategy; thus, Dq is safe to use at high noise.
Locality (tmax > 0) does not help since Dp and Dq exhibit
different low-level contact dynamics.

N. Task Mismatch

Ambient can leverage “locality” to learn local action prim-
itives (e.g., grasping) from data collected on a different task.
Consider the block sorting task in Figure 1d. The robot
must sort red and blue blocks into the left and right bins,
respectively. This requires two distinct skills: motion (grasping



and placing blocks) and logic (selecting the correct bin). We
design a metric to evaluate each skill:

• Motion metric: # blocks placed
# total blocks . This metric is independent

of logical reasoning because the numerator counts any
placed block, regardless of logical correctness.

• Logic metric: # blocks placed correctly
# blocks placed . This metric is indepen-

dent of pick-and-place ability because the denominator
only counts successfully placed blocks.

The overall success rate is # blocks placed correctly
# total blocks , the product

of the two metrics. Dp contains 50 demonstrations with the
correct sorting. Dq contains 200 demonstrations with the
opposite sorting. To isolate the effect of locality, we set
tmin = 0 and sweep tmax for Dq .

Table VI presents the results. Co-training performs poorly
because training on Dq at all diffusion times teaches the policy
both the useful motion primitives and the incorrect logic.
Ambient Diffusion Policy solves this problem by restricting
Dq to t ∈ [0, tmax). As illustrated in Figure 3 and Appendix
Figure 17, the policy learns motion primitives at low diffusion
times without attending to the (incorrect) task-level structure
of the demonstrations. This results in near-perfect scores on
both metrics simultaneously.

Ablations: We present two ablations in Appendix S. 1) we
add a one-hot encoding indicating the sorting direction to the
policies. Ambient still outperforms the co-training. 2) we train
a policy that exclusively uses Dq for t ∈ [0, tmax) and Dp for
t ∈ [tmax, T ]. This is the locality-version of the ablation in the
2D maze experiment. The resulting policy achieves a logic and
motion score of 97.9% and 93.8%, reinforcing our claim that
action diffusion is hierarchical.

O. Finetuning Comparison

Finally, we compare against the finetuning baseline. For
each experiment, we finetune the best co-trained policy and
the best Ambient policy on Dp; implementation details are in
Appendix V.

Appendix Figure 22 suggests three findings. First, finetuning
an Ambient base policy consistently outperforms finetuning
a co-trained base policy. Second, the Ambient base policy
can often outperform the finetuned co-trained policy. Third,
finetuning an Ambient base policy does not always help.
We hypothesize that the Ambient policies already ignore
undesirable features in the suboptimal data.

P. Noisy Trajectories: 2D Maze

Data Generation: The GCS [65] trajectories were gen-
erated using third-order Bezier curves, first-order continuity
constraints, and a maximum of 10 rounded paths. Both the
GCS and the RRT datasets were generated with a velocity
constraint of 1m/s in the x and y directions and 0.1m of
obstacle padding. The maze environment is 5m by 5m.

Evaluation: During each trial, we sample the start and goal
uniformly in the padded collision-free configuration space;
the robot is initialized at the start configuration. A trial is
successful if the robot can navigate to a 0.15m ball around the

Fig. 9: GCS (left) vs RRT (right) data. The high-quality GCS
[65] trajectories are smoother and shorter than their RRT [66]
counterparts.

end configuration without collision within 30s of simulation
time. We performed 1000 trials per policy.

We compute the smoothness metric as the average squared
acceleration of the policy’s rollout. Concretely, we fit a cubic
spline to the rollout and evaluate

Smoothness = 1
T

∫ T

0

∥a(t)∥22 dt, (78)

where a(t) is the acceleration of the spline at time t. We only
report smoothness for the successful rollouts, for three reasons:
1) failed rollouts have orders of magnitude higher accelerations
that disproportionally bias the results, 2) across 1000 trials,
most policies had less than 10 failed rollouts, 3) the overall
trend when averaging across all trials is the same.

Figure 12 shows the maze success rate as a function of
σtmin

, and Figure 11 visualizes representative policy roll-
outs for each training algorithm. The smoothness–success-
rate Pareto frontiers for the maze and neural motion planning
experiments are shown in Figure 10.

Q. Noisy Trajectories: Neural Motion Planning

This appendix provides the full experimental details for
the neural motion planning experiment in Section L, along
with best-of-100 results and a σtmin

sweep. The main results
(Table IVb and Figure 10b) are presented in Section L.
Table VII compares the 2D maze and 7-DoF NMP setups side
by side.

The environment in Figure 1b was generated using a pro-
cedural method [85] and the assets are from Pfaff et al. [86].
Start and goal configurations are determined by sampling a
random end-effector target point p ∈ SE(3) and then solving
the optimization inverse kinematics problem

find q ∈ R7

s.t. FKpos(q) = p,
SDF(q) ≥ 0.01,

(79)

where FKpos is the position forward kinematics,
returning the position of the gripper as a function
of the joint angles, and SDF returns the clearance
(in meters) between the robot and any obstacles. The
constraint SDF(q) ≥ 0.01 is implemented via Drake’s
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(b) 7-DoF neural motion planning.

Fig. 10: The “smoothness vs success rate” Pareto frontier for Ambient (blue) dominates co-training (red) in both the
(a) maze and (b) neural motion planning experiments. This trade-off is controlled by σtmin

for Ambient and α for co-training.

Fig. 11: Policy rollouts from the same start and goal pairs
for different training algorithms. a) The policy trained with
data filtering (i.e. GCS-only) has not seen enough data to learn
the maze. Its rollouts frequently collide with obstacles. b) The
policy trained with RRT-only has memorized the maze, but
exhibits non-smoothness. c) The co-trained policy’s behavior
is similar to the RRT-only policy. d) The Ambient Diffusion
Policy is smooth and understands the structure of the maze.
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Fig. 12: Maze success rate vs σtmin
. For small σtmin

, the
Ambient Policies are smooth and achieve high success rate
(see Figure 10a). As σtmin increases, the RRT data is used
less during training, which reduces success rate.

MinimumDistanceLowerBoundConstraint. Targets

are sampled 1) within shelves, 2) in bins, 3) near objects, and
4) uniformly in the free space. We sample from all 4 classes
of target configurations with equal probability. (79) is solved
using SNOPT [87].

Given a start and goal configuration q0, q1 ∈ R7, we use
BiRRT [88] to produce the suboptimal data. To produce the
high-quality data, we first run randomized shortcutting [89]
to slightly simplify the path. We then solve the trajectory
optimization problem

minq(s)
∫ 1

0
||q̇(s)||2 ds

s.t. q(0) = q0, q(1) = q1,
SDF(q(s)) ≥ 0, ∀s ∈ [0, 1]

(80)

with Drake’s KinematicTrajectoryOptimization,
using its standard B-spline discretization [90]. We use
the shortcut trajectory as an initial guess and solve with
IPOPT [91], with solver options tuned aggressively to maintain
feasibility.

The collision-free constraint SDF(q(s)) ≥ 0, ∀s ∈ [0, 1]
is applied at 200 points evenly spaced along the trajectory.
Collision checking with finer granularity is performed after
trajectory optimization to filter trajectories with collisions. In
principle, the discarded trajectories could be added to Dq and
used at sufficiently high diffusion times during training.

Each trajectory in Dp and Dq is subsampled to 100 way-
points, equally spaced in time. This subsampling procedure
acts as a low-pass filter which reduces some of the non-
smoothness in the BiRRT data.

Evaluation: Instead of rolling out the model closed-loop (as
in the maze experiments), we train the planner to predict the
entire plan at once. Start and end configurations are sampled
from the 4 classes described above. Each trial is successful
if the planner predicts a collision-free trajectory with up to
2cm of penetration. We allow 2cm of padding because the
training trajectories were generated with 0cm of padding and
frequently pass very close to obstacles. Both the first and last
waypoints of the predicted plan must be within a 0.2rad ball
of the start and end configurations respectively.



Training Algo. Success Rate ↑ Smoothness ↓
(Eq. (78))

Data Filtering 73.9+2.7
−2.8 % 3.7

Co-train
(α∗ = 0.091) 91.3+1.7

−1.9 % 32.6

Ambient
(σt∗min

= 0.025) 91.9+1.6
−1.9 % 20.2

TABLE VIII: Neural Motion Planning Best-of-100 Re-
sults (1000 trials). Ambient retains the highest success
rate while achieving lower squared acceleration than the
co-trained baseline.
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Fig. 13: Figure 10b repeated with best-of-100 evaluation. The
overall trends are the same, but the success rates are higher and
the gap between the two Pareto frontiers is smaller.
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Fig. 14: Neural motion planning σtmin sweep. (a) For small σtmin , the policies are smoother, which results in fewer accidental
collisions and increases success rate. For large σtmin

, the RRT data becomes under-utilized, which decreases the success rate.
(b) Increasing σtmin

improves smoothness.

Previous works in neural motion planning adopt a best-of-
N approach when evaluating their planners [71]. We present
the results using N = 1 (Table IVb and Figure 10b) and
N = 100 as in [68] (Table VIII and Figure 13). Concretely,
for each trial, we generate 100 plans and pick the one with the
least collisions. The general trends for both choices of N are
the same, but the success rates are significantly higher. The
Ambient policy continues to be smoother than the co-trained
policy in both cases.

R. Sim-and-Real Co-training: Planar Pushing

Data Generation: We use the datasets from Wei et al.
[12]. Dp contains human teleoperated demonstrations in their
“target” simulation environment andDq contains automatically
generated demonstrations [72] from their “source” simulation
environment.

Table IX shows the distribution shift between the source and
target simulation datasets. For more details and visualizations
of the environments, see Wei et al. [12].

Evaluation: The slider is randomly initialized within the
robot’s workspace. A trial is successful if the robot returns to
its default position and the slider’s pose is within 1.5cm and
3.5o of the goal. The time limit is 75s. The evaluation criteria
exactly match Wei et al. [12] to ensure a fair comparison.

Ablations: We use these experiments as a test-bed for
evaluating key design decisions in Ambient Diffusion Policy.
Figure 16 consolidates eight ablations; the results suggest the
following:

• Per-datapoint tmin (Figure 16a): Labeling σtmin per
dataset improves over co-training, and labeling σtmin

per
datapoint performs the best. The distribution of tmin

assigned by the best classifier is shown in Figure 15.
• σtmax sweep (Figure 16b): Using locality (σtmax > 0)

does not appear to improve or hurt performance in sim-
and-real co-training until σtmax

is larger. Sim and real
data do not share the same local action structure (e.g.
due to differing contact dynamics); thus, policies should
not train on sim data at low diffusion times.



• Classifier robustness (Figures 16c and 16d): Policy
performance is insensitive to the classifier checkpoint and
threshold τ ; the classifier merely needs to be sufficiently
trained.

• Ambient loss buffer (Figure 16e): The Ambient loss is
highly sensitive to the buffer size from Appendix G0a. In
most experiments (Table II), we avoid this sensitivity by
training with the regular denoising objective [54].

• tmin granularity (Figure 16f): Assigning tmin at in-
termediate granularities (one tmin per partition of Dq)
appears to be a promising direction. We split Dq into N
partitions and annotate one σtmin per partition. N = 1
corresponds to assigning a single tmin to all of Dq , and
N → ∞ corresponds to annotating a tmin per sample.
Given a partition Pi, we annotate

tmin = inf{t : E(O,A0)∼Pi,At|A0
[cϕ∗(At, t)] > 0.5− τ}.

We compare three partitioning strategies: (1) randomly
partition the action chunks (blue); (2) randomly partition
the trajectories – each partition contains the action chunks
of its trajectories (red); (3) find tmin for each action
chunk using the classifier and sort the chunks according to
these values. Then form the partitions in increasing order
(orange). For this task, Strategy (1) with N = 10,000
performed best.

• |Dq| scaling (Figures 16g and 16h): As Dq scales,
Ambient consistently outperforms co-training via re-
weighting at both |Dp| = 10 and |Dp| = 50 (except
at |Dq| = 4000 in the latter). The co-training baseline
results (green) are from [12].
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Fig. 15: Distribution of tmin labels. This histogram shows the
distribution of tmin ∈ [0, 100] assigned to each action chunk
by the classifier for the sim-and-real experiments.

S. Task Mismatch: Block Sorting

Data Collection: Both datasets were collected using VR
teleoperation.

Evaluation: On each trial, 1-3 red blocks and 1-3 blue
blocks are randomly initialized in a pile between the bins.
The time limit is 20s per block. This allows trials with more
blocks to have a longer time limit. Each policy is evaluated
on 200 trials (∼800 blocks).

Figure 17 shows the performance of the Ambient Diffusion
Policy on each metric during the σtmax

sweep. Figures 18a

and 18b show the average number of grasp attempts and time
required per block of the policies trained with different σtmax

values. Both can be viewed as additional motion metrics and
improve (decrease) with higher σtmax .

Ablation 1 (Task-Conditioned): A standard solution to
handling the incorrect data is to add a one-hot encoding
that indicates the sorting direction. This is analogous to task
or quality conditioning [10]. Even with task conditioning,
the Ambient Diffusion Policy performs the best (Table Xa).
Note that Ambient Diffusion Policy and task-conditioning are
complementary.

Ablation 2 (Dq only at low noise): Locality implies that
the denoisers at t < tmax are insensitive to the global task
structure. If so, we should be able to train an effective policy
without using any “correct” data at low noise. We train a
policy (without task-conditioning) that exclusively uses Dq

for t ∈ [0, tmax) and Dp for t ∈ (tmax, T ]. This policy still
achieves a logic accuracy of 97.9% and a motion score of
93.8% (Table Xb). This reinforces our claim that the backward
process factorizes into a planning and a local refinement
regime.

T. OXE Experiments

Dataset Curation: We collected demonstrations for Dp

with VR teleoperation. For each demonstration, 3-5 objects
are placed on the table. These objects are selected among a
set of 31 objects in the training distribution. The teleoperator
opens the drawer, moves the objects into the drawer, and closes
the drawer.

These experiments used two different subsets of the Open
X-Embodiment (OXE) for Dq: Magic Soup++ (MS++) and
Custom OXE (COXE). MS++ is a collection of 27 datasets
that was taken directly from the OpenVLA paper [5].

Custom OXE is a collection of 48 datasets. All 27 datasets
from MS++ were included in COXE. Afterward, any dataset
that met the following criteria was included:

• Robot morphology: single arm or mobile manipulator
• Action space: EEF position or EEF velocity
• Has a known control frequency
• Observation space: has proprioception and contains at

least one non-depth camera
• Accessible: a few datasets that met the criteria above were

not accessible, contained ambiguous features and action-
space labels, or bugs. These datasets were excluded.

Dataset Weights: Weights for MS++ were taken from
OpenVLA [5]. For COXE, we reused weights for the MS++
subset. For the remaining datasets, we assigned weights that
were proportional to their size except for the two largest
datasets. For those, we halved their relative weight. Following
the “50/50 co-training” in previous literature [92][26], we
normalize the total weight of Dq to be 0.5, and assign Dp

a weight of 0.5. This is equivalent to assigning α = 0.5 in the
co-training case. In the unweighted case, the weight of each
dataset is proportional to its relative size. See Figure 19 for a
visualization.
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Fig. 16: Sim-and-real co-training ablations. Eight ablations covering the key design decisions of Ambient Diffusion Policy.
See Appendix R for the per-panel analysis.



0.0 0.2 0.4 0.6 0.8 1.0
Logic Metric

0.5

0.6

0.7

0.8

0.9

1.0

M
ot

io
n 

M
et

ric

Motion vs Logic Pareto Frontier

Locality ( tmax sweep)
Co-training (  sweep)

p Only

q Only
Better

0.0

0.2

0.4

0.6

0.8

1.0

t m
ax

0.0

0.2

0.4

0.6

0.8

1.0

Fig. 17: Left: Performance metrics vs σtmax . The logic metric plateaus before σt∗max
= 0.46 and deteriorates rapidly afterwards;

the opposite is true for the motion metric. Thus, the policy learns local motion-level features for t ∈ [0, t∗max) and global
logic-level features for t ∈ (t∗max, T ]. Right: Unlike co-training, Ambient achieves a near-optimal trade-off between logic and
motion metrics.

0.0 0.2 0.4 0.6 0.8 1.0
tmax

2.00

2.25

2.50

2.75

3.00

3.25

3.50

3.75

4.00

Gr
as

ps
 P

er
 B

lo
ck

Grasps Per Block vs tmax

Grasps Per Block
High-quality Only
Co-training

(a) Grasp attempts per block vs σtmax .

0.0 0.2 0.4 0.6 0.8 1.0
tmax

8

10

12

14

16

18

20

Ti
m

e 
Pe

r B
lo

ck

Time Per Block vs tmax

Time Per Block
High-quality Only
Co-training

(b) Time per block vs σtmax .

Fig. 18: Additional motion-level metrics for the block sorting experiment (Section N). (a) Grasp attempts per block
improves as σtmax

increases but plateaus after σt∗max
= 0.46. (b) Time per block improves as σtmax

increases.

Annotating tmin: For each sub-dataset in COXE (e.g.
DROID [92]), we train a classifier to discern samples from Dp

and the sub-dataset. We use this classifier to assign a single
tmin value to all action chunks within this sub-dataset. This
required us to train 48 classifiers for the 48 sub-datasets in
COXE. Although in principle, we could have accomplished
this using a single classifier cϕ(At, t, l), where l ∈ {0, 1}48
is a one-hot encoding indicating the source dataset of At.
Figures 19 and 20 show the distribution of tmin assigned to
the sub-datasets of COXE for both the table cleaning and the
tower building task.

Annotating tmax: We simply set tmax = 10 for the table
cleaning and tmax = 5 for tower building. We did not perform
a sweep. These values are unlikely to be optimal, especially
since adding locality showed mixed results for table cleaning.
Lowering tmax in the tower building experiments appears to
help.

Daras et al. [19] present a method to automatically label
tmax using a similar classifier-based approach. Their approach

assigned tmax = 0 to nearly all datasets in MS++ and COXE.
A full hyperparameter sweep on real hardware would have
been prohibitively time-consuming. Hence, we selected values
that are small enough to be conservative, yet large enough for
a meaningful evaluation of locality.

Table Cleaning Evaluation: During each trial, 3 random
unseen objects were placed on the table. The robot’s task
completion is measured according to the rubric in Table XI.
The time limit is 90s. Each policy was evaluated on 20 trials.

The results include a minor camera resolution bug that
lowers the policy performance across all table cleaning exper-
iments. The image data was collected at 640 by 320 pixels and
resized to 224 by 224 for training. Due to a bug at inference
time, the image streams were 128 by 128 and upscaled to 224
by 224 for the policy; thus, the images during inference were
effectively lower resolution than the images during training.

Tower Building Evaluation: The performance of each trial
is the number of correct blocks placed before the robot topples
the tower or requires human intervention. Correct indicates
that the blocks follow the correct alternating direction and
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Fig. 19: Table Cleaning: Dataset re-weighting and tmin visualization. These plots show the sampling ratio for Dp (shown
in blue) and each dataset in COXE at different diffusion times for the table cleaning task. Left: Co-training uses the same
sampling ratio at all diffusion times. Right: The sampling ratio for each dataset varies at each diffusion time. Notably, at
intermediate diffusion times, only data from Dp can be used (the “Donut paradox” from Daras et al. [19]). The histogram
shows the distribution of tmin values assigned by the classifiers to each dataset in COXE.
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Fig. 20: Tower Building: Dataset re-weighting and tmin visualization. See Figure 19 for the equivalent plot descriptions.
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color shown in Figure 1f. Each policy was evaluated on 20
trials.

The camera resolution bug from the table cleaning experi-
ments was resolved for the tower building experiments.

U. OXE Ablations

1) Qualitative Performance: The qualitative gap between
the Ambient and co-trained policies is larger than the task
completion metric would suggest. The 90s timeout artificially
inflates the task completion rates of weak policies: they can fail
repeatedly without penalty as long as they eventually succeed.
To capture this, we recorded the number of grasp attempts
and time required per object for each policy. Tables XII
and XIII show that the Ambient Diffusion Policies require
25-40% fewer grasps and time per object than their co-trained
counterparts.

Figure 21 shows the dataset re-weighting ablation, which is
discussed in the main body (Section V-B).

V. Implementation

To finetune the base policies, we reduce the learning rate
by 10x to 20x. Checkpoints are saved frequently since fine-
tuning a model for too long can degrade performance. In
the simulated experiments, we evaluate every checkpoint and
report the performance of the best policy. In the real-world
experiments, we perform a preliminary evaluation of each
checkpoint with 5-10 trials, and perform a full set of trials
on the best checkpoint.

Figure 22 shows the controlled finetuning comparison,
which is discussed in the main body (Section O).

W. Table Cleaning (OXE)

Figure 23 compares finetuning the best co-trained and
Ambient OXE policies on Dp in the table cleaning task;
neither produced a statistically significant gain. The results
are consistent with the controlled experiments in Section O.

Ambient Diffusion Policy does not yet handle distribution
shifts in the observation space. We explore two initial attempts
in Appendix W. The classifier-based annotation method for
tmin and tmax is theoretically grounded, but does not always
outperform a (costly) hyperparameter sweep. Better annotation
methods could improve performance. Lastly, our method is

more computationally expensive than data filtering since it
trains on more data, but in most cases, its benefits are
worthwhile.

Ambient Diffusion Policy requires the user to partition their
data into Dp and Dq . The algorithm itself poses no restrictions
on this partitioning, but it is an important design decision
for downstream performance. This paper defines Dp as data
from the target task and environment, but the right choice
depends on the goal. For task-specific training or finetuning,
our definition is appropriate; for pretraining a generalist policy,
prior work suggests that Dp should contain diverse and high-
quality demonstrations [74, 58]. We have not yet tested our
method in the latter setting.

We explore two algorithms for handling suboptimality in the
observation space. Other approaches exist – such as jointly de-
noising actions and observations. We note that “suboptimality”
in the observation space can be ill-defined: an image from a
different task is not necessarily suboptimal. In fact, it could
increase the diversity of the dataset which is desirable.

Although Ambient Diffusion Policy only addresses action-
space distribution shift, its results are already strong. Whether
observation-space shift presents a fundamental problem and
possible solutions remain open directions.

X. Noising the Observations

Ambient Diffusion Policy contracts distributional differ-
ences in the actions by adding noise. We explore the same
solution for the observations. During training, we add noise
to the observation input (images, proprioception, etc) for half
of the samples using the same noise schedule as the actions.
The model takes in the noise level for both the actions and the
observations. At inference time, the model performs inference
with clean observations. This ablation is conceptually similar
to concurrent work that noises observations [93]; however,
their goal was to expand the sampling distribution of a base
policy for RL finetuning. Figure 24a presents the results; it
did not appear to help for table cleaning.

Y. Classifier-Free Guidance

In classifier-free guidance, the model learns to denoise
the actions both unconditionally (i.e. without observations)
and conditionally (with observations) [94]. We use the same
training implementation as [94]. At sampling-time, we use the
denoiser in (81) where w is the guidance weight. We explored
classifier-free guidance as a potential solution since it trains
an unconditional denoiser which is unaffected by corruptions
in the observations.

h̃θ(At, O, t) = (1+w) · hθ(At, O, t)−w · hθ(At,∅, t) (81)

Figure 24b shows that classifier-free guidance does not
improve performance for all swept values of w.
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TABLE II: Experimental configurations for the four generality experiments. Parameters vary for the ablations.

Maze Neural
Motion Planning

Sim-and-Real
Co-training

Block
Sorting

D
at

as
et

D
et

ai
ls Dp GCS [65] Trajectory

Optimization [83]
Joystick

Teleop [12] VR Teleop

Dq RRT [66] BiRRT [84] Contact-Rich
Planner [72] VR Teleop

|Dp| (Num. Demos.) 50 100,000 50 50
|Dq | (Num. Demos.) 5000 1,000,000 2000 200

Nature of shift Low-quality/
noisy trajectories

Low-quality/
noisy trajectories

Sim-to-real
gap

Task
mismatch

Po
lic

y
I/

O Observation space Proprio Proprio
EE position

Scene camera
Wrist camera

EE pose (xyz, R9)
Gripper state
Scene camera
Blocks camera
Wrist camera

Action space x-y position
Joint angles

R7
x-y pusher

position
EE command

(xyz, R9, gripper)

Pa
ra

m
et

er
s

σt∗min
∈ [0, 1]

0.074
(sweep)

0.025
(sweep)

varies
see Table V

N/A
(sweep)

σt∗max
∈ [0, 1] N/A N/A 0

(sweep)
0.46

(sweep)

α∗ ∈ [0, 1] for co-training 0.019
(sweep)

0.091
(sweep)

0.25
(sweep)

0.9
(sweep)

L
os

s Loss prediction target x0 ϵ x0 ϵ

Loss function Lambient Ldenoising Ldenoising Ldenoising

E
va

l.

Num. trials 1,000 1,000 200 200
( 800 blocks)



TABLE III: Experimental configurations for the two OXE
scaling experiments. Parameters vary for the ablations.

Table
Cleaning

Tower
Building

D
at

as
et

D
et

ai
ls Dp VR Teleop VR Teleop

Dq
OXE
[1]

OXE
[1]

|Dp| (Num. Demos.) 50 & 150 35

|Dq | (Num. Demos.) 1,279,774 (MS++)
1,402,606 (COXE) 1,402,606 (COXE)

Nature of shift Unstructured Unstructured

Po
lic

y
I/

O Observation space

EE pose (xyz, R9)
Gripper state
Table camera

Drawer camera
2x Wrist camera

EE pose (xyz, R9)
Gripper state
Table camera
Tower camera

2x Wrist camera

Action space
Delta pose

(xyz, axis-angle,
gripper)

Delta pose
(xyz, axis-angle,

gripper)

Pa
ra

m
et

er
s

σt∗min
∈ [0, 1]

See Figure 19
(classifier)

See Figure 20
(classifier)

σt∗max
∈ [0, 1]

0.167
(no sweep)

0.09
(no sweep)

α∗ ∈ [0, 1] for co-training 0.5
(no sweep)

0.5
(no sweep)

L
os

s Loss prediction target ϵ ϵ

Loss function Ldenoising Ldenoising

E
va

l.

Num. trials 20
(60 objects) 20



TABLE IV: Maze and Neural Motion Planning results (1000 trials each). In both settings, Ambient Diffusion Policy
achieves the highest success rate and is substantially smoother than co-training.

Training Algo. Success Rate ↑ Smoothness ↓
(Eq. (78))

Data Filtering 57.5+3.1
−3.1 % 31.9

Co-train
(α∗ = 0.019) 99.4+0.4

−0.7 % 62.2

Ambient
(σt∗

min
= 0.074) 99.5+0.3

−0.7 % 31.0

(a) 2D maze.

Training Algo. Success Rate ↑ Smoothness ↓
(Eq. (78))

Data Filtering 46.0+3.1
−3.1 % 3.9

Co-train
(α∗ = 0.091) 59.9+3.1

−3.1 % 42.7

Ambient
(σt∗

min
= 0.025) 65.9+2.9

−3.0 % 31.4

(b) 7-DoF neural motion planning.

TABLE V: Main planar pushing results (200 trials). All
Ambient variations outperform co-training [12].

Training Algorithm Success Rate ↑

Data Filtering 56.5+7.0
−7.2 %

Co-training [12] 84.5+4.7
−5.8 %

Ambient
(tmin per dataset) 87.0+4.3

−5.5 %

Ambient
(tmin per datapoint) 93.5+3.0

−4.4 %

Ambient + Locality
(σtmax = 0.025) 92.0+3.4

−4.7 %



TABLE VI: Main block sorting results (∼800 blocks). Only Ambient Diffusion Policy (Locality) performs well on all
metrics.

Training Algo. Data Filtering Dq Only Co-train
(α∗ = 0.9)

Locality
(σt∗max

= 0.46)

Logic ↑ 98.6+0.8
−1.5 % 3.0+1.6

−1.2 % 26.0+3.4
−3.2 % 98.2+0.8

−1.2 %

Motion ↑ 61.9+3.4
−3.5 % 83.0+2.5

−2.8 % 87.2+2.2
−2.5 % 95.0+1.4

−1.7 %

Success Rate ↑ 61.0+3.4
−3.5 % 2.5+1.3

−1.0 % 22.7+3.1
−2.9 % 93.3+1.6

−2.0 %

TABLE VII: Comparison between the 2D maze and 7-DoF
neural motion planning experiments.

2D Maze 7-DoF NMP

Dp Source GCS [65] Trajectory Optimizer [83]
Dq Source RRT [66] BiRRT [84]
|Dp| 50 100,000
|Dq | 5,000 1,000,000
Output Type Action Chunk Full Plan
Rollouts Closed-Loop Open-Loop
Penetration Threshold 0cm 2cm
Output Space 2D (x, y) 7D (Config. Space)

Start & End Goals Uniformly Random Around points of interest
(See Appendix Q)

TABLE IX: Sim-to-target gap along three axes. The sim-
to-target gap in the environments from [12] was designed to
mimic the sim-to-real gap. See [12] for visualizations.

Gap Simulation Target Sim

Visual

White spectrum light
Different object colors
Different camera pose

No shadows

Warm spectrum light
Different object colors
Different camera pose

Shadows
Physics Quasistatic Drake physics [90]
Action Motion planning Human teleop



TABLE X: Block sorting ablations (200 trials, ∼800 blocks). (a) Ablation 1 (Task-Conditioned): Ambient outperforms
co-training. (b) Ablation 2: the Ambient Diffusion Policy performs well despite training on no logically correct samples for
t ∈ [0, t∗max).

(a) Ablation 1: Task-Conditioned (b) Ablation 2
Training Algo. Co-train Locality Locality

(# Blocks: ∼800) (α∗ = 0.5) (σt∗max
= 0.89)

Dq only below
σt∗max

= 0.24

Logic ↑ 98.6+0.7
−1.1 % 98.5+0.7

−1.1 % 97.9+0.9
−1.3 %

Motion ↑ 91.5+1.8
−2.2 % 94.2+1.5

−1.8 % 93.8+1.6
−1.9 %

Success Rate ↑ 90.3+2.0
−2.3 % 92.8+1.7

−2.0 % 91.9+1.8
−2.1 %

TABLE XI: Table cleaning evaluation rubric. The maximum
score per trial is 1.0.

Subtask Points
Open drawer 0.1
Clean object (per object, 3 total) 0.8/3 ≈ 0.267
Close drawer (after table cleaned) 0.1
Max score per trial 1.0

TABLE XII: Average grasp attempts per object. The error bars
on the Average row report the standard error of the mean
across per-object values in each column (n = 10 objects).

MS++ COXE

Object Co-train Ambient +
Locality Co-train Ambient +

Locality

Apple 2 1 2 2
Figurine 4 2 2 2
Eraser 4 2 2 1
Play-Doh 2 2 2 2
Robot Gripper 3 2 2 2
Yarn 2 2 2 2
Camera Mount 1 1 1 2
3D Printed Object 2 2 3 1
Mustard 3 1 2 2
Garbage Bag Box 1 1 3 1

Average 2.4± 0.3 1.6± 0.2 2.1± 0.2 1.7± 0.2

TABLE XIII: Average cleaning time per object. The error bars
on the Average row report the standard error of the mean
across per-object values in each column (n = 10 objects).

MS++ COXE

Object Co-train Ambient +
Locality Co-train Ambient +

Locality

Apple 21s 9s 30s 19s
Figurine 44s 20s 30s 20s
Eraser 39s 16s 18s 8s
Play-Doh 20s 20s 19s 20s
Robot Gripper 31s 19s 19s 20s
Yarn 22s 19s 20s 20s
Camera Mount 12s 8s 8s 20s
3D Printed Object 19s 20s 29s 8s
Mustard 33s 9s 18s 19s
Garbage Bag Box 8s 8s 30s 7s

Average 24.9± 3.6s 14.8± 1.7s 22.1± 2.3s 16.1± 1.8s
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