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Abstract— In contact-rich manipulation, action multimodal-
ity and reactivity dominate different stages of a single episode.
Before contact, multiple trajectories might be equally valid,
making it important to preserve diverse action modes. After
contact, geometric constraints and force limits narrow the
solution space, while successful execution demands rapid re-
sponses to force feedback. However, standard diffusion policies
use a fixed inference frequency and sampling steps throughout
the episode, forcing a fundamental compromise: low-frequency,
multi-step sampling better preserves pre-contact multimodality
but responds slowly to force feedback, whereas high-frequency
sampling improves reactivity but tends to collapse distinct pre-
contact modes. To resolve this tradeoff, we present FA-RDP,
a frequency-adaptive reactive diffusion policy. A shared multi-
frequency visual-force Transformer predicts action chunks at
both low and high frequencies, while a learned multimodality
indicator dynamically selects multi-step low-frequency sampling
before contact and one-step high-frequency sampling as action
ambiguity decreases. We further introduce Manifold Consis-
tency Distillation (MCD), which reparameterizes the diffusion
network to predict actions on the robot action manifold
while retaining DDPM-based residual supervision. Experiments
on three contact-rich manipulation tasks show that FA-RDP
achieves the highest success rate while preserving diverse pre-
contact trajectory modes. Code and demos are available at
fa-rdp.github.io.

I. INTRODUCTION

Contact-rich manipulation requires a robot policy to solve
two phase-dependent control problems: diversity before con-
tact and reactivity after contact [1]. As shown in Fig. 1, pre-
contact visual observations can admit several valid approach
or contact modes, requiring the policy to preserve diverse
pre-contact trajectory modes. By contrast, once contact is
established, the robot must maintain contact and regulate
the applied force under physical constraints, requiring rapid
action updates using measured wrench feedback.

Robot policies such as Diffusion Policy [2] predict tem-
porally coherent action sequences, but control within each
chunk still remains open-loop. After contact, the policy
cannot use newly observed force signals to update actions, so
small pose errors can quickly cause force spikes, slip, or con-
tact loss. Closed-loop execution shortens this feedback delay
by conditioning each executed action on immediate force
observations, maintaining contact before errors accumulate.
Previous works like RDP [3] realize closed-loop execution
using a hierarchical slow-fast design, but information can
be lost between its slow and fast policies because the fast
policy relies only on compressed latent actions. ImplicitRDP

1Shanghai Jiao Tong University 2Shanghai Innovation Institute
3Noematrix Ltd. *Equal contribution †Corresponding authors.

Contact-rich force response
Multimodality indicator ->

30 Hz distilled sampler

Multimodal pre-contact motion
Multimodality indicator ->

10 Hz diffusion sampler

Fig. 1. Multimodality-guided frequency adaptation across manipulation
phases. Before contact, low indicator value reflects multiple possible ap-
proach trajectories and selects the low-frequency diffusion sampler. After
contact, the indicator value rises as physical constraints reduce action
ambiguity, selecting the high-frequency distilled sampler for rapid force-
feedback response.

[4] removes this explicit hierarchy by learning visual and
force modalities in an end-to-end diffusion network. How-
ever, the multi-step diffusion sampling limits the closed-
loop inference frequency. These limitations motivate our
central question: Can an end-to-end visual-force diffusion
policy achieve high-frequency closed-loop response while
preserving pre-contact multimodality?

To raise the closed-loop frequency, the most direct ap-
proach is to reduce the number of denoising steps through
distillation [5, 6], which improves reactivity. But applying
a one-step sampler throughout the episode sacrifices multi-
modality: it can collapse the multimodal action distribution
needed before contact and degrade action smoothness, which
may break contact or violate force constraints. The policy
must therefore preserve multimodal sampling before contact
while producing smooth actions at a high control rate after
contact. This calls for adapting the inference frequency to
the manipulation phase, rather than fixing it throughout the
episode.

We propose FA-RDP, a frequency-adaptive reactive visual-
force diffusion policy for contact-rich manipulation, built
from three components. First, a single visual-force diffusion
backbone is shared across frequencies through frequency-
aware positional encoding, so the same network predicts both
low-frequency and high-frequency action chunks without
training separate models. Second, a learned multimodality
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indicator, computed from the visual input, estimates how
multimodal the current pre-contact behavior is, and selects
the low-frequency multi-step sampler while this ambiguity
is high and the high-frequency distilled sampler once con-
tact constraints reduce it. Third, because the selected high-
frequency sampler would still require multiple denoising
steps, we distill it with manifold consistency distillation for
one-step inference.

Experiment results show that FA-RDP achieves the highest
average success rate of 81.7%, 30.0 percentage points higher
than baseline. The component analyses further support the
phase structure in Fig. 1: FA-RDP preserves diverse pre-
contact modes, while a higher indicator value in lower-
multimodality contact-rich phases activates the distilled high-
frequency sampler.

The main contributions of this work are:
• We propose FA-RDP, a frequency-adaptive reactive

visual-force diffusion policy, which is guided by a mul-
timodality indicator and preserves pre-contact diversity
while enabling post-contact reactivity.

• We introduce manifold consistency distillation, which
reparameterizes the diffusion network to predict action
chunks on the robot action manifold, rather than noise-
like epsilon, score, or velocity targets, while retaining
DDPM-based residual supervision for stable one-step
high-frequency inference.

• We evaluate FA-RDP on three contact-rich manipulation
tasks, showing improved task success, preserved pre-
contact multimodality, and the benefit of higher-rate
closed-loop control in contact-rich tasks.

II. RELATED WORK

A. Robot Learning with Force Input

Vision-only policies such as Diffusion Policy [2], ACT
[7], and 3D Diffusion Policy [8] do not use immediate force
feedback, which limits their reactivity during contact.

To address this limitation, robot learning methods in-
creasingly incorporate force or tactile input for contact-rich
manipulation. DexForce [9] and 3D-ViTac [10] condition
action prediction on force or contact signals; other works
[11, 12, 13, 14] learn force-aware representations; and recent
works [15, 16] scale tactile and video-tactile data toward
generalist policies. Collectively, these methods show that
contact signals carry information unavailable from vision, but
action execution within each predicted chunk still remains
open-loop, limiting real-time reaction to force feedback.

Previous works implement high-frequency force reaction
in different ways: Compliant Residual DAgger [17] and
Force Policy [18] rely on a separate low-level force con-
troller, RDP [3] uses a hierarchical slow-fast design but
relies on a compressed latent interface, and ImplicitRDP
[4] learns visual and force modalities end-to-end but still
requires multi-step denoising. FA-RDP instead keeps an end-
to-end visual-force policy and makes the inference frequency
adaptive.

B. Multi-Frequency Policy Learning

Inference frequency is a key design choice for robot
policies. Low-frequency inference supports longer-horizon
and multimodal behavior, whereas high-frequency inference
improves force reactivity but increases sampling cost and
training difficulty. Prior work studies this tradeoff through
different mechanisms: HiPolicy [19] uses hierarchical multi-
frequency action chunking, high-frequency latent chunk
learning [20] moves dense actions into a latent space,
DVAC [21] adapts replanning from denoising variance, and
AHA-WAM [22] separates low-frequency world planning
from high-frequency action execution. ManipForce [23] uses
frequency-aware representations to fuse asynchronous visual
and force observations.

Existing multi-frequency policies are primarily motivated
by hierarchical control, latent action learning, adaptive re-
planning, or asynchronous sensing. FA-RDP is instead moti-
vated by the phase-dependent requirements of contact-rich
manipulation: multimodal pre-contact behavior and rapid
force-feedback response after contact. Accordingly, it uses
frequency-aware positional encoding in a shared visual-
force diffusion backbone to predict low-frequency and high-
frequency action chunks.

C. Robot Policy Distillation

Predicting high-frequency action chunks alone is not suf-
ficient: closed-loop execution also requires the sampler to
be fast enough for real-time control. DDIM [24] provides
deterministic denoising trajectories for diffusion models,
and progressive distillation [5] reduces the number of sam-
pling steps by training a student sampler to match longer
teacher trajectories. Consistency Models [25] learn mappings
that support one-step or few-step generation. In robotics,
ManiCM [26], Consistency Policy [6], and Hybrid Consis-
tency Policy [27] adapt consistency-based acceleration to
visuomotor policies. Flow-based policies pursue the same
low-latency goal from another parameterization: MeanFlow
[28] learns average velocity fields for one-step generation,
Mean Flow Policy [29] applies mean-velocity objectives to
robot manipulation, and FreqPolicy [30] improves flow-based
visuomotor policies with frequency consistency.

These methods demonstrate effective one-step or few-step
inference, but epsilon, score, or velocity targets are difficult
to distill for robot action prediction. Inspired by JiT [31]
and Pixel Mean Flows [32], FA-RDP instead predicts action
chunks on the robot action manifold.

III. PRELIMINARY

We adopt the consistent reactive diffusion inference mech-
anism from prior end-to-end visual-force diffusion policies
[4]. This mechanism combines slow visual-proprioceptive
tokens and fast force tokens in one Transformer. Its structural
slow-fast learning separates observations into a slow part
for visual context and a fast part for dense force feedback.
During training, a causal action-force mask ensures that each
action token can attend only to current and past force tokens,



preventing future contact leakage while keeping parallel
diffusion training.

At inference, the consistent mechanism realizes closed-
loop force control within an action chunk. DDIM with
η = 0 makes the denoising trajectory deterministic for
a fixed initial noise AK . The policy therefore caches the
slow context and AK at the beginning of a chunk, then
refreshes fast force tokens at each control step, runs multi-
step denoising with the cached context and updated force
tokens, and executes the newest predicted action. However,
running multi-step denoising at each step limits the closed-
loop force-feedback frequency, restricting rapid correction
during continuous contact-rich interaction.

IV. METHOD

FA-RDP addresses the low force-feedback frequency of
prior end-to-end policies with a multi-frequency visual-force
diffusion backbone. It preserves multimodal pre-contact be-
havior while enabling high-frequency control through three
components: a multi-frequency visual-force Transformer
that supports multi-frequency action prediction (Sec. IV-
A), multimodality-based frequency selection that chooses
the appropriate sampling mode (Sec. IV-B), and manifold
consistency distillation (MCD) that stabilizes one-step high-
frequency action prediction (Sec. IV-C). Implementation
details are provided in Sec. IV-D.

A. Multi-Frequency Visual-Force Transformer

FA-RDP realizes frequency-adaptive visual-force control
through a shared multi-frequency visual-force Transformer.
The same backbone is used for both frequency modes. A
single forward pass is conditioned on one frequency mode
ν ∈ {ℓ, h} and predicts the action chunk for that mode.
This shared backbone is trained in Stage 1 with joint low-
frequency and high-frequency diffusion objectives.

The key design is frequency-adaptive positional encoding,
as shown in Fig. 2. The frequency mode is not embedded as
an extra token; instead, it selects temporal indices on a shared
temporal grid. The high-frequency mode uses consecutive
positions, whereas the low-frequency mode uses sparse po-
sitions, so both modes are expressed on the same underlying
clock. This design lets the backbone share weights across
frequencies while preserving each mode’s temporal layout.
We use causal action-force mask to avoid future-contact
leakage.

For each mode ν, let Aν denote the normalized demon-
stration action sequence for sample n, conditioned on slow
observation os

n and force observation oforce
n . The forward

diffusion process samples a timestep k and noise ϵ ∼
N (0, I), then constructs

Aν
k =

√
ᾱkA

ν +
√
1− ᾱkϵ. (1)

Diffusion timesteps run from 0 to K, where K is the
initial-noise timestep; we omit the subscript 0 for clean
demonstration and predicted action chunks. Throughout, A
denotes a given or constructed action state, whereas Â
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Fig. 2. Multi-frequency visual-force Transformer. The frequency mode
selects frequency-adaptive positional indices on a shared temporal grid:
dense positions for high-frequency action chunks and sparse positions
for low-frequency action chunks. The causal decoder supports closed-loop
updates by preventing action tokens from accessing future action or force
tokens.

denotes an action state predicted by a network. We pa-
rameterize the network to predict the action chunk Âν =
πθ(A

ν
k, k,o

s
n,o

force
n , ν). The implied noise prediction is

ϵ̂ =
Aν

k −
√
ᾱkÂ

ν

√
1− ᾱk

, (2)

and we optimize the per-mode diffusion objective

Lν
ϵ = EAν ,k,ϵ

[
∥ϵ̂− ϵ∥22

]
. (3)

The shared backbone is trained with a joint multi-frequency
diffusion objective that applies the same loss to the low-
frequency and high-frequency targets,

LMF = Lℓ
ϵ + Lh

ϵ . (4)

Thus, the network predicts action samples, while the training
objective still uses epsilon supervision.

B. Multimodality-Based Frequency Selection

The multi-frequency Transformer provides both low-
frequency and high-frequency diffusion samplers, but the
policy still needs to decide which sampler to use at different
phases. We use a learned indicator that estimates local
multimodality instead of relying on a phase label.

Stage 2 trains the multimodality indicator head on an
independent calibration set. The Stage 1 visual-force policy is
frozen, so this training does not change the multi-frequency
backbone. For each calibration example, we fix the same
visual-force condition and demonstration target, indepen-
dently sample the low-frequency policy N = 8 times with
different initial diffusion noise, and compute an empirical
action residual:

e(on) =
1

N

N∑
m=1

∥∥∥Âℓ
m −Aℓ

∥∥∥2
2
. (5)

Here, Âℓ
m is the m-th action chunk sampled from the frozen

Stage 1 low-frequency policy, and Aℓ is the corresponding
demonstration. A Transformer indicator head maps slow
observation tokens to a scalar logit s(on), with σ(on) = 1+
exp(s(on)). Following the confidence-weighted regression
form of VGGT [33], we train the indicator with

LMM = Eon [γe(on)σ(on)− αMM log σ(on)] , (6)
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Fig. 3. Manifold consistency distillation for the high-frequency sampler.
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k to a less noisy state Ah
r . Both networks

predict action chunks on the robot action manifold. MCD aligns the student
prediction with the stop-gradient target prediction, while SRL regularizes
the student prediction to stay close to the demonstration action.

where γ and αMM control the error penalty and regularizer.
At inference time, FA-RDP computes the indicator value

from the current slow tokens and selects the sampler with
a fixed threshold. This makes execution frequency-adaptive,
but the selected high-frequency diffusion sampler still re-
quires multi-step denoising. We therefore distill the high-
frequency sampler for fast force-feedback response.

C. Manifold Consistency Distillation for One-Step Control

Manifold consistency distillation (MCD) turns the selected
high-frequency sampler into a one-step sampler. Directly
distilling a model that predicts epsilon, score, or velocity
requires the student to fit high-frequency, noise-like targets,
which makes stable action prediction difficult. Inspired by
the sample-prediction view of JiT [31] and Pixel Mean
Flows [32], we reparameterize the denoising model to predict
action chunks on the robot action manifold. The fixed DDPM
conversion in Eq. 2 retains residual supervision without
making the network predict a noise-like target, reducing the
student’s learning difficulty. Fig. 3 illustrates the resulting
distillation process.

The consistency objective follows the general goal of
reducing diffusion NFEs via progressive distillation [5] and
is related to Consistency Models [25] and Consistency Policy
[6]. Under the shared condition chn, let Âh

θ ≡ πθ(A
h
k , k, c

h
n)

and Âh
θ̄
≡ πθ̄(A

h
r , r, c

h
n) denote the two action predictions.

In Stage 3, the student is trained with

Ldistill =λMCD

∥∥∥Âh
θ − sg[Âh

θ̄ ]
∥∥∥2
2

+ λSRL

∥∥∥Âh
θ −Ah

∥∥∥2
2
.

(7)

Here, k > r are adjacent grid timesteps for the noisy state
Ah

k and less-noisy teacher state Ah
r , conditioned on chn =

(os
n,o

force
n , h). θ and θ̄ are the student and EMA target pa-

rameters, sg[·] stops gradients through the target prediction,
and Ah is the demonstrated high-frequency action chunk.
λMCD and λSRL weight the MCD and sample regression
loss (SRL) terms. After distillation, FA-RDP uses the multi-
frequency checkpoint for the low-frequency sampler and

Algorithm 1 FA-RDP Consistent Frequency-Adaptive Infer-
ence
Require: Policy networks πθℓ and πθh , slow observation encoder Eslow,

fast observation encoders Eℓfast and Ehfast, slow observation horizon ho,
execution horizons hℓ

e and hh
e , latency steps lℓ and lh, multimodality

indicator σ, threshold τ
1: Initialize step t← 0
2: // slow loop: action chunk modeling
3: while Task not done do
4: // cache slow context and noise and select frequency
5: Oslow ← GetSlowObservation(len = ho)
6: Zslow ← Eslow(Oslow)
7: q ← σ(Zslow)
8: if q > τ then
9: ν ← h, he ← hh

e , l← lh

10: π ← πθh , Efast ← Ehfast
11: else
12: ν ← ℓ, he ← hℓ

e, l← lℓ

13: π ← πθℓ , Efast ← Eℓfast
14: end if
15: Aν

K ← N (0, I)
16: // fast loop: closed-loop control within the horizon
17: for i← 0 to he − 1 do
18: // update fast context
19: Ofast ← GetFastObservation(ν, len = ho + i+ l)
20: Zfast ← Efast(Ofast)
21: // get a noisy action sequence of a certain length
22: Aν

pre ← Prefix(Aν
K , i+ ho + l)

23: // consistent denoising with cache
24: if ν = h then
25: Âν ← π(Aν

pre,K,Zslow,Zfast, ν = h)
26: else
27: Âν ← DDIM(π,Zslow,Zfast,A

ν
pre, ν = ℓ, η = 0)

28: end if
29: // execute the current step action
30: at ← Âν [−1]
31: Execute at

32: t← t+ 1
33: if Task done then
34: break
35: end if
36: end for
37: end while

the distilled checkpoint for the high-frequency sampler. The
final inference procedure follows ImplicitRDP’s consistent
inference mechanism [4] and is summarized in Alg. 1:
cache slow context and initial noise at chunk start, select
the frequency using the indicator, refresh wrench tokens at
each step, run multi-step DDIM for the low-frequency mode
or direct one-step action prediction for the high-frequency
mode, and execute the newest valid action.

D. Implementation Details

100 Hz force compensation. Our demonstrations record
robot states rather than commanded targets. During deploy-
ment, impedance control can therefore create a tracking gap
between a policy-predicted state and the robot’s realized
motion. To compensate for this execution error, all methods
share a 100 Hz command layer that linearly interpolates
policy outputs and adjusts each command using the latest
measured world-frame external force:

pcmd = ppolicy − λfext, λ = 10−4. (8)

This translation-only compensation is applied before sending
targets through the Flexiv Cartesian motion-force interface;



unlike ImplicitRDP, which additionally finetunes the low-
level controller for precise position tracking, all methods
here share the same default control layer; this controller-level
difference causes the performance gap.

Algorithm settings. Frequency-adaptive execution re-
quires the low-frequency and high-frequency modes to span
the same prediction horizon at different temporal resolutions.
We therefore use a low-frequency mode at 10 Hz with
Hℓ = 16 and a high-frequency mode at 30 Hz with Hh = 48,
so both modes cover the same 1.6 s horizon with different
action densities. Camera observations are recorded at 10 Hz,
and the force/torque stream used by the policy is recorded at
30 Hz. During execution, the slow loop refreshes every 1 s,
corresponding to hℓ

e = 10 for the low-frequency mode and
hh
e = 30 for the high-frequency mode. The diffusion process

uses 100 training timesteps, indexed from 0 to 99. To make
the high-frequency mode fast enough for closed-loop use, we
distill it on the six-timestep grid G = {99, 79, 59, 39, 19, 0}.

Hardware settings. We run policy inference on an Intel
Core Ultra 9 285K CPU and NVIDIA GeForce RTX 5090
GPU. The policy inference latency is below 30 ms for high-
frequency execution and below 50 ms for low-frequency
execution.

V. EXPERIMENTS

We evaluate FA-RDP on three real-world contact-rich
manipulation tasks to answer four key questions:

• Q1: How does FA-RDP compare against visual-only
diffusion policy, hierarchical visual-force policy, fixed-
frequency end-to-end visual-force policy, and a non-
diffusion regression baseline?

• Q2: Does FA-RDP preserve multimodal ability?
• Q3: Does the multimodality indicator improve perfor-

mance by switching between frequency modes?
• Q4: Does our distillation perform better than other

distillation methods?

A. Experimental Setup

Our hardware setup uses a Flexiv Rizon 4R leader arm for
teleoperation and a Rizon 4s follower arm for task execution.
We collect kinematic demonstrations through TDK-enabled
teleoperation, record contact forces from the follower’s end-
effector F/T sensor, and capture visual observations with a
wrist-mounted iPhone fisheye camera [34] and a fixed third-
view USB camera. Fig. 4 shows the hardware setup and task
objects used in our experiments.

We design three contact-rich manipulation tasks to eval-
uate multimodality and reactivity jointly. In each task, two
front blocks create multiple valid approaches, requiring the
policy to choose a collision-free trajectory before contact
and then apply reactive control during a force-sensitive flip,
toggle, or press:

1) Dual Box Flipping: The robot chooses a valid side
approach and pushes a box against the fixture while
maintaining contact.

2) Dual Switch Toggling: The robot reaches the correct
switch contact location, maintains directional contact

iPhone Camera

Fixture

Box

Switch

Block

End-Effector

USB Camera

Button

Flexiv Rizon 4s

Fig. 4. Robot workspace and task objects. The Rizon 4s follower arm
executes tasks using observations from a wrist-mounted iPhone camera and
a fixed third-view USB camera, while the workspace contains the target
box, switch, button, front blocks, and fixture.

along the switch motion, and applies sufficient force
to complete the toggle.

3) Dual Button Pressing: The robot aligns with the
button axis at a nearly fixed contact point and applies
force along the button axis until the actuation threshold
is reached, with little tangential motion.

For each task, we collect 60 demonstrations and evaluate 20
trials per method.

B. Baselines

We compare FA-RDP against the following main baselines
in Q1:

• Diffusion Policy (DP): vision-only CNN diffusion pol-
icy with open-loop action chunks.

• Reactive Diffusion Policy (RDP): hierarchical slow-
fast visual-force policy.

• ImplicitRDP: fixed-frequency end-to-end visual-force
diffusion policy.

• Regression Policy w/ Force: non-diffusion visual-force
regression policy that predicts high-frequency action
chunks using the same backbone as ImplicitRDP and
an MSE objective.

• FA-RDP (Ours): multimodality-guided selection be-
tween the low-frequency diffusion sampler and high-
frequency distilled sampler.

For Q2–Q4, we further evaluate sampler and distillation
variants:

• High-frequency alone policy: high-frequency diffusion
policy without MCD or multimodality-guided selection.

• High-frequency distilled alone policy: high-frequency
manifold-distilled policy without multimodality-guided
selection.

• MeanFlow Policy: one-step policy whose backbone
predicts mean and instantaneous velocity fields and
updates the noisy trajectory with the mean velocity to
predict an action chunk [29].



• Consistency Policy: one-step policy that uses consis-
tency distillation and EDM preconditioning to predict
an action chunk from the raw network output [6].

C. Results and Analysis
1) Comparison with Baselines (Q1): As illustrated in

Table I, FA-RDP achieves the highest success rate on all
three tasks compared with visual-only diffusion, hierarchical
visual-force, fixed-frequency end-to-end visual-force, and
direct visual-force regression baselines.

TABLE I
MAIN SUCCESS RATES. BOX, BUTTON, AND SWITCH DENOTE THE

THREE CONTACT-RICH TASKS.

Method Box Button Switch Avg.
DP 0/20 2/20 4/20 10.0%
RDP 5/20 7/20 9/20 35.0%
ImplicitRDP 8/20 11/20 12/20 51.7%
Regression Policy w/ Force 2/20 4/20 6/20 20.0%
FA-RDP (Ours) 14/20 18/20 17/20 81.7%

The failure cases in Figs. 5–7 reveal where each baseline
breaks down. DP and ImplicitRDP both lose contact in all
three tasks, separating from the box during flipping, leaving
the switch before the toggle completes, and slipping off the
button before the press finishes. DP fails because its visual-
only open-loop chunks cannot use new force feedback, while
ImplicitRDP predicts visual-force actions end to end but
updates too slowly to keep pace with the changing wrench
after contact.

RDP reaches the task objects but contacts the wrong
location, pushing the wrong box region, reaching an incor-
rect switch point, and pressing away from the button axis.
These failures are consistent with spatial information loss
through its compressed slow-policy interface during precise
approach.

Regression Policy w/ Force averages the multiple valid
pre-contact approaches under its MSE objective and cannot
commit to a single collision-free mode, so it knocks down
the front block during target approach.

In contrast, FA-RDP separates the two phases: it keeps
the multimodal low-frequency sampler for a collision-free
approach and switches to the distilled high-frequency sam-
pler after contact to react quickly to force feedback. This
preserves pre-contact diversity while maintaining contact
through the flip, toggle, and press.
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Fig. 8. Pre-contact mode distributions across the three tasks. The high-
frequency distilled alone policy collapses to one dominant approach mode,
whereas FA-RDP and ImplicitRDP preserve multimodal distribution over
pre-contact approaches.

2) Multimodal Preservation (Q2): We count the observed
pre-contact trajectories in the right, middle-right, middle-left,
and left modes; the resulting distributions are visualized in
Fig. 8. For the multimodality study, we run 80 trials per task;
ImplicitRDP and FA-RDP cover all four modes, whereas
the high-frequency distilled alone policy concentrates in one
mode. This indicates that FA-RDP preserves the multimodal
capability of multi-step diffusion before contact while en-
abling high-frequency force response after contact.
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Fig. 9. Multimodality indicator value and force curves on the three contact-
rich tasks. The indicator value remains lower before contact and during
target approach, then rises with the force response in contact-rich phases,
supporting the switch from the low-frequency sampler to the high-frequency
distilled sampler.

3) Indicator Accuracy (Q3): Q3 evaluates whether the
multimodality indicator improves performance by switching
between the low-frequency sampler and the high-frequency
distilled sampler. We compare FA-RDP with the high-
frequency distilled alone policy in Table II. The latter always
uses the distilled high-frequency policy, whereas FA-RDP
uses the low-frequency sampler before contact and during
target approach, then switches to the high-frequency distilled
sampler when contact-rich feedback becomes informative.

TABLE II
INDICATOR-GUIDED SWITCHING COMPARISON. BOX, BUTTON, AND

SWITCH DENOTE THE THREE TASKS.

Method Box Button Switch Avg.
High-frequency distilled alone policy 12/20 14/20 11/20 61.7%
FA-RDP (Ours) 14/20 18/20 17/20 81.7%

The multimodality and force curves in Fig. 9 show the
temporal behavior of the indicator. The indicator value
stays low before contact, when multiple collision-free ap-
proaches remain valid, so FA-RDP keeps the low-frequency
diffusion sampler active for smooth target approach before
contact. The indicator rises with the force response after
contact, when the robot must maintain contact and limit
the applied force, so FA-RDP selects the high-frequency
distilled sampler for reactive execution. Compared with the
high-frequency distilled alone policy, this indicator-guided
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Fig. 5. Dual Box Flipping failure-case comparison. DP and ImplicitRDP can lose contact during the flip, RDP can contact the wrong box region, and
Regression Policy w/ Force can knock down a front block before completing the task. FA-RDP keeps contact and completes the box flipping task.

ImplicitRDPRDPFA-RDP (Ours) DP

Keep Contact Success Lose Contact Lose ContactWrong Contact Point

Regression w/ Force

Knock Block

Fig. 6. Dual Switch Toggling failure-case comparison. DP and ImplicitRDP can lose contact during the toggle, RDP can contact the wrong switch region,
and Regression Policy w/ Force can knock down a front block before completing the task. FA-RDP keeps contact and completes the switch toggling task.
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Fig. 7. Dual Button Pressing failure-case comparison. DP and ImplicitRDP can lose contact during the press, RDP can contact the wrong button region,
and Regression Policy w/ Force can knock down a front block before completing the task. FA-RDP keeps contact and completes the button pressing task.

switching improves the average success rate from 61.7% to
81.7%.

4) Distillation Method Comparison (Q4): Q4 evaluates
whether our distillation performs better than other distillation
methods. All methods in Table III use the high-frequency
mode, and multimodality-based selection is not used. The
high-frequency alone policy is the original policy before
distillation, and the other rows use the one-step objectives
defined in Sec. V-B.

TABLE III
HIGH-FREQUENCY DISTILLATION COMPARISON. BOX, BUTTON, AND

SWITCH DENOTE THE THREE TASKS.

Method Box Button Switch Avg.
High-frequency alone policy 4/20 3/20 5/20 20.0%
MeanFlow Policy 0/20 0/20 1/20 1.7%
Consistency Policy 0/20 0/20 1/20 1.7%
High-frequency distilled alone policy 12/20 14/20 11/20 61.7%

Without distillation, running the original multi-step high-
frequency policy with one-step sampling results in insuffi-
cient prediction accuracy, causing performance degradation.
MeanFlow Policy and Consistency Policy each achieve only
1.7% average success, whereas our high-frequency distilled

policy reaches 61.7%. These results indicate the effectiveness
of manifold consistency distillation with SRL regularization
for one-step high-frequency control.

VI. CONCLUSION

We presented FA-RDP, a frequency-adaptive reactive dif-
fusion policy that addresses the phase-dependent tradeoff
between pre-contact diversity and post-contact reactivity.
Its shared multi-frequency visual-force Transformer predicts
multi-frequency action chunks, the multimodality indicator
guides frequency selection, and manifold consistency distilla-
tion provides one-step high-frequency prediction on the robot
action manifold. Across the three tasks, FA-RDP combines
broad pre-contact mode coverage with the highest average
success rate of 81.7%, demonstrating the effectiveness of
our method. However, the current evaluation is limited to
visual-force input without testing other sensing modalities,
uses single-task policies rather than multi-task learning, and
requires a three-stage training procedure.
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