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Abstract—Visuomotor policy learning has shown strong gener-
ative capabilities for complex action distributions, but diffusion
models remain computationally expensive at inference time,
posing challenges for real-time applications. We present the first
application of Inductive Moment Matching (IMM) to robotic
action diffusion and demonstrate that it enables single-step action
generation while preserving performance. Using the vision-based
Push-T manipulation task, we benchmark IMM against con-
ventional noise-prediction diffusion (DDPM/DDIM) and Flow
Matching (FM) across training epochs and inference steps. Our
results show that IMM achieves a normalized score of 0.6 in
just a single denoising step after 100 training epochs, while
both DDPM/DDIM and FM completely fail (0.0) in the one-
step setting. Even with minimal training (20 epochs), IMM
attains a 0.3 score in one step, when other methods show no
success. Furthermore, IMM maintains consistent performance
across different step counts, with scores between 0.6-0.8 at higher
training epochs, demonstrating its robustness. This allows IMM
to attain comparable success with 32 × fewer inference evalua-
tions, making it particularly well-suited for resource-constrained
robotic platforms where rapid decision-making is critical.

I. INTRODUCTION

Robotic manipulation tasks increasingly rely on generative
models capable of effectively mapping rich sensory inputs,
such as visual observations, to precise sequences of actions.
Among these generative approaches, Denoising Diffusion
Probabilistic Models (DDPMs) have demonstrated state-of-
the-art performance in diverse domains ranging from high-
quality image synthesis to visuomotor control tasks [3]. De-
spite their effectiveness, a significant limitation of DDPMs
is their reliance on iterative inference methods. Such methods
typically require tens to hundreds of denoising steps to produce
accurate outputs, which poses substantial challenges for real-
time control in robotics applications, particularly on embedded
and compute-limited platforms.

Recent advances like Flow Matching (FM) [9, 2] have par-
tially addressed this computational bottleneck by significantly
reducing the required inference steps. FM methods provide
improved computational efficiency by solving simplified Or-
dinary Differential Equations (ODEs), yet they still rely on
multi-step solvers, necessitating multiple inference iterations.

In contrast, Inductive Moment Matching (IMM) [20] pro-
vides a principled framework for training generative models
that support one- or few-step inference without the need for
iterative denoising. Rather than explicitly predicting noise or
velocity fields, IMM learns mappings between different noise
levels by aligning full marginal distributions using moment-
matching objectives such as Maximum Mean Discrepancy

Fig. 1. Push-T Task using IMM

(MMD). This enables IMM to generate samples in a single
forward pass while guaranteeing convergence to the target
distribution under a self-consistent interpolant framework.
While IMM has demonstrated state-of-the-art performance
in image generation tasks, its application to robotic policy
learning—particularly for efficient visuomotor control—has
not been previously studied.

Motivated by this gap, our work explores the feasibility
of using IMM for closed-loop robotic action generation. We
evaluate whether IMM can match or exceed the performance
of established baselines such as DDPM/DDIM and Flow
Matching (FM), while requiring significantly fewer inference
steps. Our experiments focus on the vision-based Push-T
benchmark, a manipulation task requiring accurate and reac-
tive control based solely on visual input.

Our primary contributions in this study are as follows:
• We propose the first IMM-based diffusion policy specif-

ically designed for robotic action generation tasks.
• We conduct a thorough empirical comparison of IMM,

FM, and DDPM/DDIM, carefully maintaining identical
training budgets and experimental conditions to ensure
fair evaluation.

• We demonstrate that IMM not only achieves superior or
comparable task performance relative to DDPM/DDIM
and FM but also uniquely requires only a single inference
evaluation. This characteristic positions IMM as an ex-
ceptionally suitable approach for real-time robotic appli-
cations, particularly those constrained by computational
resources.

Through these contributions, our work aims to broaden



the applicability of efficient generative modeling techniques
within robotics.

II. RELATED WORK

A. Policy Learning

Robot manipulation policies must effectively encode com-
plex relationships between visual observations and high-
dimensional action spaces while handling challenges such as
multimodality, temporal consistency, and precision require-
ments. Prior approaches to policy learning can be broadly
categorized into explicit and implicit policies.

Explicit policies directly map observations to action dis-
tributions using various parametrizations. Recent works have
explored mixture density networks [12] to capture multimodal-
ity and discretized action spaces [15]. However, these ap-
proaches often struggle with accurately representing complex
multimodal distributions in high-dimensional action spaces.

Implicit policies [4] reformulate the problem using energy-
based models (EBMs):

pθ(a|o) =
e−Eθ(o,a)

Z(o, θ)

where Z(o, θ) is the intractable normalization constant.
While theoretically capable of representing arbitrary distri-
butions, EBMs in practice suffer from training instability
due to the requirement for negative sampling to estimate the
normalization constant.

B. Diffusion Policy

Diffusion Policy [3] addresses these challenges by leverag-
ing a DDPM as the policy representation. Instead of directly
outputting actions, the policy infers the action-score gradient
to generate action sequences by an iterative denoising pro-
cess. Specifically, Diffusion Policy formulates a distribution
p(At|Ot) of future actions conditioned on visual observations.
This bypasses the challenges of estimating normalization con-
stants by learning the score function [1], providing stable train-
ing while maintaining distributional expressivity. The authors
highlight the following details to explain Diffusion Policy’s
impressive performance:

• Closed-loop action sequences: Combining high-
dimensional action sequence prediction with receding-
horizon control to balance long-horizon planning with
reactivity.

• Visual conditioning: Treating visual observations as
conditioning rather than part of the joint distribution,
enabling efficient inference.

• Architecture innovations: Specialized network architec-
tures like the time-series diffusion transformer to handle
complex temporal dependencies.

Other works have also shown successful application of
diffusion models in the context of robot learning; concur-
rently, [13, 14, 6] explored classifier-free guidance for goal-
conditioned policies, efficient sampling strategies, and integra-
tion with reinforcement learning methods.

Recently, [19] extends Diffusion Policy to more complex
3D observation representations, [11] introduces a hierarchical
scheme for long-horizon planning, and [5] deploy Diffusion
Policy for mobile manipulation on a quadraped, even demon-
strating zero-shot cross-embodiment of their policy. Despite
these advances, diffusion-based policies still face challenges in
inference efficiency, often requiring multiple denoising steps to
generate high-quality actions. This limitation not only affects
real-time control scenarios, it becomes a bottleneck wherever
DDPM is used in robotics, motivating the exploration of more
techniques that maintain the expressive power of diffusion
models while lowering inference time.

III. METHODS

To enable our research, we benchmark across three different
methods.

A. Diffusion Policy

Following [3], visuomotor policy is formulated as a De-
noising Diffusion Probabilistic Model (DDPM) [7]. First a
forward noising process is used to transform data samples
x0 ∼ q(x0) into Gaussian noise xT ∼ N (0, I) through
a sequence of Markovian transitions. The DDPM reverses
this trajectory, starting from xT ∼ N (0, I) and iteratively
denoising to produce x0:

xk−1 = α(xk − γϵθ(xk, k)) +N (0, σ2I)

where ϵθ is a learned noise prediction network, and α, γ,
and σ are hyperparameters controlled by a noise schedule. This
formulation can be interpreted as a discretization of Langevin
dynamics [18], effectively performing a gradient descent step
on an energy landscape [16]:

x′ = x− γ∇E(x)

where ϵθ(x, k) approximates ∇E(x), the gradient of the
energy function. This view connects DDPMs to score-based
generative models and enables theoretical analysis of their
convergence properties.

For visuomotor policy learning, where the model must
predict a sequence of actions based on recent observations
(images), the standard DDPM is modified to approximate
the conditional distribution p(At|Ot) where At represents
the action trajectory and Ot represents the observation. The
denoising process is thus:

Ak−1,t = α(Ak,t − γϵθ(Ot,Ak,t, k) +N (0, σ2I))

The training loss is similarly adjusted to:

L = MSE(ϵk, ϵθ(Ot,A0,t + ϵk, k))

In the robotics context, this means:
• The model observes the current state (e.g., robot position,

visual input)



• It generates actions by iteratively denoising from random
noise

• Each denoising step requires a forward pass through the
neural network

• The gradient field guides the denoising process toward
high-probability action trajectories conditioned on the
current observation

One key limitation is that diffusion policy requires multiple
iterations (typically 10-100 steps) to generate high-quality
actions, imposing significant computational overhead during
deployment.

Fig. 2. Diffusion policy architecture showing the gradient field during the
denoising process. The model takes observations and noisy actions as input
and predicts the denoising direction, effectively creating a gradient field that
guides random noise toward meaningful action distributions.

B. Flow Matching

Flow Matching [9] is deeply rooted in Optimal Transport
(OT) theory, which provides a mathematical framework for
finding the most efficient way to transform one probability
distribution into another. The Optimal Transport problem seeks
to find a mapping that minimizes the cost of moving mass
from a source distribution to a target distribution. In the
context of generative modeling, this translates to finding the
most efficient path between a simple prior distribution (e.g.,
Gaussian noise) and the complex data distribution. Unlike
DDPMs which focus on reversing a noising process, flow
matching directly parameterizes and learns the vector field
(conditional velocity) that guides the transformation between
distributions:

vt = α′
tx+ σ′

tϵ

where αt and σt define an interpolation between data and
prior. Flow matching trains a neural network to match these
conditional velocities, which can then be integrated via a
probability flow ODE to generate samples. The Flow Matching
loss is defined as:

LFM(θ) = Et,pt(x)∥vt(x)− uθ(x, t)∥2

where vt(x) is the ground truth velocity field at time t and
position x, and uθ(x, t) is the predicted velocity from the
neural network. This approach allows for more direct opti-
mization of the transport path between distributions, following
OT principles of minimizing the transportation cost.

Flow Matching can be viewed as learning a continuous
normalizing flow governed by an ordinary differential equation
(ODE):

dx(t)

dt
= vθ(x(t), t)

During inference, this ODE is solved using a numerical
integrator (like Euler or Runge-Kutta methods) to transform
noise samples into data samples. The OT formulation leads to
straighter, more direct paths between the noise and data distri-
butions compared to traditional diffusion paths, as visualized
in Figure 3.

The main advantages of Flow Matching for robotics include:
• More flexible sampling trajectories between noise and

target distributions
• Compatibility with higher-order numerical solvers (like

RK4) that can take larger steps
• Ability to generate reasonable outputs with fewer steps

(4-16 vs. 10-100)
• More direct paths between distributions due to the OT for-

mulation, leading to potentially more efficient sampling
While Flow Matching reduces the computational require-

ments compared to standard diffusion, it still requires multiple
inference steps. Also to note is that the generated actions
depend on both the accuracy of the learned velocity field and
the precision of the numerical integration, creating a trade-off
between step count and action quality.

Fig. 3. Flow Matching visualization showing the differences in trajectory
paths between diffusion (left) and optimal transport (right) approaches. Flow
Matching enables more direct paths between distributions, following OT
principles.



C. Inductive Moment Matching for Action Generation

We adopt the stochastic interpolant formulation of IMM
[20], and represent action sequences as mixtures of data a
and noise ϵ under a continuous-time interpolant:

qt(At) =

∫∫
qt(At|a, ϵ)q(a)p(ϵ) dadϵ

This is a continuous spectrum of action distributions, ranging
from the pure data distribution at t=0 to complete noise at t=1.
To enable conditional generation, we learn a mapping from a
noisy action At at time t to a less noisy action As at an earlier
time s < t, conditioned on the observation O:

pθs|t(As|O) =

∫∫
qs|t(As|a,At) pθs|t(a|At,O) qt(At) dAtda

Here, we use the DDIM interpolant [16], which ensures
consistent backward mappings, for the interpolant qs|t between
a and At.

The model is trained using the inductive bootstrapping
approach proposed in IMM. For time points s < r < t,
two distributions are formed at time s by running a one-step
process from times r and t, then, their divergence is minimized
using a Maximum Mean Discrepancy (MMD) loss:

L(θ) = Es,t

[
w(s, t)MMD2

(
pθ−s|r(As|O), pθs|t(As|O)

)]
(1)

Where r = r(s, t) is a well-conditioned mapping function
with s ≤ r(s, t) ≤ t, θ− denotes stop-gradient parameters,
and w(s, t) is a weighing function. For practicality, we use
the Laplace kernel as a simplification and define the model
transformation as fθ

s,t(At), yielding:

LIMM(θ) = E

w(s, t)

k(fθ

s,t(At), f
θ
s,t(A

′
t))+

k(fθ−
s,r (Ar), f

θ−
s,r (A

′
r))−

k(fθ
s,t(At), f

θ−
s,r (A

′
r))−

k(fθ
s,t(A

′
t), f

θ−
s,r (Ar))


 (2)

where fθ
s,t(A

′
t) is the action at time s, which is obtained

by applying our model to the action at time t.

IV. EXPERIMENTS

We empirically evaluate the effectiveness of IMM for
vision-based robotic manipulation on the Push-T task. Our
evaluation is designed to answer two core questions:

1) Can IMM achieve competitive manipulation perfor-
mance using a single inference step?

2) How does IMM compare to DDPM/DDIM and Flow
Matching (FM) when training and inference compute
are normalized?

A. Task Setup

a) Environment: We conduct experiments in a simulated
Push-T environment, first implemented in pymunk and later
validated in MuJoCo [17]. In each episode, the robot must
push a block from a randomized initial location to a fixed
goal zone using visual observations alone. Each episode runs
for up to 350 environment steps, terminating early if 95% goal
coverage is achieved.

b) Observation and Action Spaces.: The agent receives
96×96 RGB image observations at each timestep, with no
domain randomization or data augmentation applied. The
action space consists of low-level Cartesian positions over a
fixed horizon, predicted as a sequence of 16 future actions.
At execution time, only the first 8 actions are applied before
replanning.

B. Evaluation Protocol

Policies are deployed in a receding horizon control loop:
at each step, the agent encodes the latest observation history,
predicts a full 16-step action plan, executes the first 8 actions,
then re-queries the policy. This setup balances long-horizon
planning with short-horizon reactivity and enables robust
closed-loop behavior.

We report coverage at early exit as our primary perfor-
mance metric, defined as the percentage of the goal region
covered by the object when the episode ends. Additionally,
we assess:

• Inference step efficiency: Performance as a function of
the number of test-time sampling steps {1, 2, 4, 8, 16, 32}.

• Training compute efficiency: Performance as a func-
tion of FLOP-normalized training epochs (EEPOCHs)
{20, 40, 60, 80, 100}.

All metrics are averaged over 100 evaluation episodes with
randomized initial conditions.

IMM requires two forward passes (one with gradients,
one without gradients) and one backward pass per training
iteration, amounting to a 1.33× increase in per-step com-
pute compared to standard DDPM and FM. To ensure a
fair comparison, we normalize all evaluations in terms of
Equivalent Epochs (EEPOCHs). An EEPOCH is defined as
one unit of compute-equivalent training. Thus, IMM models
are trained for 0.75× the number of wall-clock epochs relative
to baselines. For instance, at 60 EEPOCHs, IMM models are
trained for 45 epochs, while DDPM/FM models are trained
for the full 60.

C. Baselines and Model Configuration

All methods use an identical architecture: a ResNet-18
visual encoder (with GroupNorm) followed by a 1D temporal
convolutional policy network with FiLM conditioning on the
observation features. No domain randomization, augmentation,
or auxiliary losses were used.

We compare the following methods:
• IMM (Ours): A single-step generative model trained via

moment matching using the DDIM interpolant. Actions



are generated in one or more direct transitions without
iterative denoising.

• DDPM/DDIM: Standard diffusion models trained with
MSE loss and evaluated with both stochastic (DDPM)
and deterministic (DDIM) sampling.

• Flow Matching (FM): A transport-based model trained
to match conditional velocity fields along a continuous
interpolant using an ODE solver for sampling.

During inference, we test each model using
{1, 2, 4, 8, 16, 32} sampling steps. IMM is evaluated
primarily in the single-step setting but can also operate
in multi-step mode via intermediate interpolants. For FM
and DDPM/DDIM, we use standard sampling schedules; FM
trajectories are integrated using fixed-step Euler integration.

D. Implementation Details

All models are trained using the AdamW optimizer with
a cosine learning rate decay schedule and a batch size of 64.
Training is conducted on a single consumer-grade Nvidia GPU
[10].

V. RESULTS

Figures 4 and 5 break down model performance at
two training budgets—20 and 100 Equivalent Epochs (EEP-
OCHs)—while Figure 6 provides a full heatmap of results
across all training and inference step settings.

Fig. 4. Performance at 20 EEPOCHs across inference steps. IMM shows
early success in one step, unlike DDPM and FM.

Fig. 5. Performance at 100 EEPOCHs across inference steps. IMM maintains
top performance with minimal steps.

A. IMM Enables Effective Single-Step Inference
IMM consistently outperforms DDPM and FM in the one-

step setting. Even with only 20 EEPOCHs of training, IMM
achieves a normalized score of 0.3, while DDPM and FM
both fail to register any success (0.0). At 100 EEPOCHs,
IMM reaches 0.6 in a single step, still with the competing
methods remaining at 0.0. This demonstrates IMM’s unique
ability to converge to meaningful action policies in a single
inference evaluation, making it highly suited for low-latency
robotic applications.

B. Robustness Across Inference Steps
Whereas FM and DDPM improve gradually with additional

inference steps, IMM achieves competitive performance even
with only 2–4 steps and shows only marginal gains with
more. At 100 EEPOCHs, IMM achieves scores of 0.6–0.7
using 2 to 32 steps, showing little variance across this range.
Notably, performance saturates or slightly decreases beyond
8 steps—suggesting that IMM effectively captures the target
distribution in just a few forward passes. This is consistent
with observations in prior image synthesis work [20], where
IMM demonstrated strong convergence characteristics even
with few steps.

However, we observe that IMM’s task performance under
32 diffusion steps at 100 EEPOCHs is weaker than normal
diffusion. Also, where the performance of normal diffusion
significantly increases with diffusion steps, IMM’s does not.
We leave exploring the reasons and solutions for this occur-
rence to future work.

C. Training Efficiency and Convergence Behavior
IMM also converges significantly faster than both DDPM

and FM. At 40 EEPOCHs, IMM achieves performance compa-
rable to DDPM and FM models trained for 80–100 EEPOCHs
with 16+ inference steps. We also observe that IMM policies
exhibit smoother and more goal-directed motion trajectories
during evaluation—likely a byproduct of its global moment-
matching objective. In contrast, DDPM and FM tend to
generate less coherent trajectories in the low-step regime, often
requiring many steps to refine viable action sequences.

Fig. 6. Full performance heatmap across EEPOCHs and inference steps for
all methods. IMM achieves high scores consistently with fewer steps.

In Figure 7, we show sample rollout snapshots comparing
the one-step trajectories of IMM and DDPM. IMM exhibits
smoother, more direct paths to the goal, while DDPM fre-
quently fails to generate coherent movement. These behaviors
reinforce the quantitative results, highlighting IMM’s capacity
to generalize effectively even under extreme inference con-
straints.



Fig. 7. Rollout snapshots comparing IMM (top) and DDPM (bottom) in
single-step settings. IMM yields smooth, goal-directed trajectories; DDPM
often fails to produce coherent motion.

D. Summary

IMM achieves state-of-the-art efficiency among single-stage
generative models for robotic action generation. Across all
tested training regimes:

• IMM is the only method with meaningful single-step
performance.

• IMM maintains stable performance across different num-
bers of inference steps.

• IMM converges faster than baselines, reaching compara-
ble or superior performance with fewer training epochs.

VI. CONCLUSION

Our results demonstrate that Inductive Moment Matching
(IMM) offers a highly effective approach for action generation
in robotic manipulation tasks, particularly when inference effi-
ciency is a key constraint. IMM not only outperforms standard
diffusion (DDPM/DDIM) and Flow Matching (FM) methods
in the single-step setting, but it also maintains strong perfor-
mance with minimal increases in inference steps. This posi-
tions IMM as a practical candidate for real-time robotic control
systems, especially in resource-constrained environments such
as embedded platforms or edge devices. Unlike other few-step
generative models (e.g., consistency models), IMM exhibits
stable convergence behavior without requiring pretraining,
distillation, or extensive architectural tuning. This robustness
is consistent with results in the original IMM work on image
generation [20]. Our study confirms that this advantage car-
ries over to robotics domains, where reliable optimization is
particularly valuable due to limited simulation throughput or
real-world data. Additionally, state-of-the-art vision-language-
action (VLA) models—such as Google’s OpenVLA [8] and
Physical Intelligence’s Pi0 [2]—have adopted diffusion-based
architectures to enable flexible, multimodal policy generation.
These models often require non-trivial architectural modifi-
cations, such as action chunking, parallel rollouts, or coarse-
to-fine decoders, to reduce inference overhead to manageable
levels. Even then, they typically run at 8–16 denoising steps
per action decision. Reducing this requirement to a single
step would yield an order-of-magnitude speedup in inference,

enabling the deployment of larger and more expressive VLA
models in latency-sensitive or compute-constrained settings.

While IMM shows impressive performance on Push-T,
our evaluation is limited in several respects. First, we fo-
cus on a single robotic manipulation task with a relatively
low-dimensional control space and modest scene complexity,
which may not reflect the challenges of more diverse or dy-
namic environments. Second, IMM’s reliance on MMD intro-
duces sensitivity to kernel choice and sample variance, which
may affect stability in higher-dimensional or highly multi-
modal distributions. Third, although IMM enables compute-
efficient inference, its training cost is slightly higher per step
than DDPM or FM, and may require careful tuning or batching
strategies for large-scale applications. Finally, IMM currently
operates as a flat policy model; it remains an open question
how well it integrates with hierarchical or goal-conditioned
planners in long-horizon or task-decomposed settings. Future
work should explore IMM’s generalization to more complex
manipulation scenarios involving:

• High-dimensional control spaces, such as 6-DOF arms or
legged robots.

• 3D perception, point cloud observations, or multi-camera
inputs.

• Real-world deployment on embedded hardware to test
runtime efficiency.

Additionally, IMM’s training formulation involves slightly
higher per-step compute than DDPM or FM, which may
require tuning for large-scale training or deployment pipelines.
Finally, it remains an open question how IMM might be
integrated into hierarchical or hybrid planning schemes. For
example, one could envision combining IMM with learned
value functions, classical planners, or graph-based scene un-
derstanding to support longer-horizon behaviors or task-level
reasoning.
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