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Abstract—Diffusion-based policies have recently achieved re-
markable success in robotics by formulating action prediction as
a conditional denoising process. However, the standard practice
of sampling from random Gaussian noise often requires multiple
iterative steps to produce clean actions, leading to high inference
latency that incurs a major bottleneck for real-time control.
In this paper, we challenge the necessity of uninformed noise
sampling and propose Action-to-Action flow matching (A2A),
a novel policy paradigm that shifts from random sampling to
initialization informed by the previous proprioceptive action.
Unlike existing methods that treat proprioceptive action feedback
as static conditions, A2A leverages historical proprioceptive
sequences, embedding them into a high-dimensional latent space
as the starting point for action generation. This design bypasses
costly iterative denoising while effectively capturing the robot’s
physical dynamics and temporal continuity. Extensive experi-
ments demonstrate that A2A exhibits high training efficiency,
fast inference speed, and improved generalization. Notably, A2A
enables high-quality action generation in as few as a single infer-
ence step, and exhibits superior robustness to visual perturbations
and enhanced generalization to unseen configurations. Lastly, we
also extend A2A to video generation, demonstrating its broader
versatility in temporal modeling.

I. INTRODUCTION

Recent advances in imitation learning architectures have
significantly expanded the capabilities of robotic systems op-
erating in complex and unstructured environments [2]. Among
these, diffusion-based policies [14, 24, 7, 16] have emerged as
a powerful paradigm for modeling the intrinsic multi-modality
of human demonstrations. These methods formulate action
generation as a conditional denoising process: during training,
a neural network learns to predict injected noise, while at
inference time, executable actions are obtained by iteratively
denoising samples initialized from random noise.

Despite their strong empirical performance on high-
precision and multi-modal tasks, diffusion models suffer from
a well-known limitation: the “denoise-from-scratch” paradigm
incurs substantial inference latency [29]. Generating a single
action typically requires dozens of iterative denoising steps,
creating a major bottleneck for real-time robotic control,
where low cycle time and rapid feedback are essential for
stable execution. To mitigate this limitation, prior work has
explored improving the initialization of the diffusion process
to accelerate inference. For instance, Wagenmaker et al. [38]
propose an RL-trained policy to steer the initial sampling
distribution, while Scholz and Turner [33] employ warm-
start strategies to identify more informative starting points.
These approaches replace uninformed Gaussian noise with

priors closer to the data distribution, often through auxiliary
models that predict distributional statistics conditioned on the
current observation. While effective, such approaches still
rely on stochastic noise initialization and inevitably introduce
additional modeling complexity.

This observation raises a more fundamental question: do
robotic policies truly need to be generated by sampling
from random noise? Diffusion models were originally de-
veloped for high-fidelity image synthesis and video genera-
tion [14, 34, 31, 24, 26, 5], where generation typically begins
from uninformed noise due to the absence of meaningful
priors. Robot control, however, operates under a fundamentally
different regime. Modern robots are equipped with rich state
sensors that provide continuous, low-latency feedback about
the system’s configuration and dynamics [20, 21]. This struc-
tured feedback constitutes a strong and reliable prior, naturally
encoding the robot’s current physical state or recent execution
history, and thus offers a principled alternative to random noise
initialization for action generation [19].

However, as shown in Fig. 1 (a) and (b), most exist-
ing approaches adhere to either regression- or diffusion-
based paradigms that condition action generation on a sim-
ple concatenation of the current proprioceptive state/action
and visual observations. Such designs overlook the tempo-
ral continuity intrinsic to robotic motion and often dilute
low-dimensional proprioceptive signals when fused directly
with high-dimensional visual representations. Moreover, recent
studies show that explicit conditioning on proprioceptive states
can adversely affect spatial generalization [40]. Consequently,
rich historical information about system dynamics and action
trends remains largely underexploited in prevailing frame-
works. Notably, diffusion models define mappings between
probability distributions rather than individual states. This
perspective motivates a natural question: can the inherent
proximity between distributions of past executions and future
actions be exploited to reduce learning complexity, yielding a
shorter and more stable transport path for policy generation?

To this end, we propose Action-to-Action Flow Matching
(A2A), a novel flowing matching-based policy paradigm that
shifts action generation from uninformed sampling to informed
initialization. Unlike prior approaches that initialize the dif-
fusion process with standard Gaussian noise, A2A directly
leverages a sequence of historical proprioceptive actions as
the starting point for action generation, as illustrated in Fig. 1.
To capture subtle motion patterns and temporal dependencies,



Fig. 1. Comparison of robotic policy paradigms. (a) Regression Policy: Deterministic mapping from multi-modal inputs to actions. (b) Diffusion Policy:
Generative modeling via iterative denoising from Gaussian noise. (c) A2A Policy: Informed action generation through a structured flow between historical
and future actions. Action-to-action allows for more efficient transport than noise-to-action, enabling one-step flow mapping feasible even with a lightweight
MLP architecture.

these low-dimensional action histories are embedded into a
high-dimensional latent space. By learning a flow that trans-
ports historical action distributions to future actions, A2A
bypasses the costly iterative denoising process from Gaussian
noise. We evaluate A2A extensively in both simulated environ-
ments and real-world robotic systems. Empirically, our method
exhibits remarkable training efficiency and consistently outper-
forms 8 state-of-the-art baselines. In particular, A2A achieves
significantly faster inference convergence, i.e., up to 20× and
5× faster than vanilla diffusion and flow matching methods,
respectively, while enabling high-quality action generation
in as few as a single inference step. Moreover, grounding
the generation process in proprioceptive history substantially
improves robustness to visual perturbations, and the history-
informed initialization enhances generalization to unseen con-
figurations by enforcing physical consistency over time.

In summary, we introduce a new diffusion-based robot pol-
icy paradigm that replaces stochastic noise initialization with
history-based proprioceptive initialization, enabling informed
action generation grounded in the robot’s own dynamics.
Leveraging latent state representations, A2A captures fine-
grained motion structure and supports efficient action-to-action
transitions without iterative denoising from random noise. Ex-
tensive experiments in both simulated and real-world robotic
environments demonstrate that our method achieves state-of-
the-art performance across training efficiency, inference speed,
robustness to visual perturbations, and generalization to unseen
configurations. Furthermore, we showcase the applicability
of A2A in robotic video generation, suggesting promising
potential for broader scalability.

II. RELATED WORK

A. Visuomotor policy

Visuomotor policy is a robot learning framework that maps
raw sensory observations, typically high-dimensional visual in-
puts and low-dimensional robotic states, directly into low-level
control actions. Early approaches, such as action chunking
(ACT) [42], utilized a conditional variational autoencoder with
Transformers [37] to learn fine-grained bimanual manipulation

by predicting future action sequences. Diffusion policy [7]
introduced a diffusion generative paradigm by modeling the
action distribution as a score-based gradient field [14, 35],
significantly improving stability in multi-modal environments.
Flow matching [24] used in Vision-Language-Action (VLA)
models, like π family [16, 17, 4], has sought to simplify
the generative process by learning straight-line probability
paths between noise and action distributions. More recently,
Pan et al. [29] suggest that the selection of advanced model
architectures (e.g., DiT [30] and UNet[7]) and action chunking
strategy [42] has a more significant impact on the success of
flow matching than the regression method.

Despite these successes, diffusion methods suffer from high
computational costs due to their iterative multi-step inference
nature and complex architectures. Conversely, the vision-to-
action model (VITA) [11] pursues architectural minimalism
by employing a lightweight Multi-Layer Perceptron (MLP)
backbone for direct vision-to-action mapping. However, VITA
relies completely on visual inputs, making it vulnerable to
environmental visual distractors. Furthermore, VITA exhibits a
dimensionality mismatch within its flow space. Recent efforts
such as MeanFlow-based policies [10, 13] and consistency
models [39, 23, 36] have begun to push one-step generation
into robotic action prediction by optimizing the theoretical
boundaries of the noise-to-action mapping. In contrast, A2A
exploits the physical continuity of actions to directly map pro-
prioceptive historical actions to future actions, fundamentally
shortening the generative path and enabling high-performance
single-step generation.

B. Noise optimization of diffusion

In image and video synthesis, optimizing initial noise is a
key strategy for enhancing generation quality and speed [1,
27, 32, 9, 33]. For example, Ahn et al. [1] eliminate the need
for computationally expensive guidance techniques by learning
to map standard Gaussian noise to a guidance-free noise
space through a lightweight LoRA module [15]. Similarly,
warm-start diffusion [33] utilizes a deterministic model to
provide an informed mean and variance of the initial Gaussian



distribution based on context, reducing the sampling path.
In robotics, however, noise optimization is rarely explored.
Wagenmaker et al. [38] adapts behavioral cloning policies by
running reinforcement learning over the latent-noise space,
allowing the agent to steer robot actions without altering the
base policy weights.

Departing from the long transport paths of the noise-to-
data paradigm, Chen et al. [6] leverage informative initial
distributions, yet remains constrained by its dependence on
heuristic or pre-trained models. Our A2A introduces an action-
to-action transport mechanism. By directly employing clean
historical data as the initial distribution, we leverage the
physical continuity of robotic motion to place the starting point
much closer to the target in the high-dimensional latent space.
This reduced distributional gap bypasses the need for multi-
step refinement, enabling high-fidelity single-step inference
optimized for real-time robotic control.

III. ACTION-TO-ACTION FLOW MATCHING

A. Flow matching

We adopt flow matching [24] as the algorithmic foundation,
given its widespread adoption in the robotics field [4, 16, 3].
Flow matching provides a simulation-free training objective
that learns to transform a source distribution p0 = N (0, I)
into a target data distribution p1 = pdata over Rd. Let pτ :
Rd → R>0 denote a time-dependent probability density for
τ ∈ [0, 1], defining a probability path that interpolates between
p0 and p1. This path is generated by a time-dependent vector
field v : [0, 1]×Rd → Rd via the ordinary differential equation
(ODE)

dxτ

dτ
= vτ (xτ ), x0 ∼ p0, (1)

where xτ ∈ Rd denotes the state at flow time τ .
The optimal transport displacement map [24] is adopted,

which is formalized as xτ = (1 − τ)x0 + τx1. The goal is
to train a neural network fθ(xτ , τ, c) parameterized by θ to
approximate the conditional vector field, where c represents
the external conditioning (e.g., visual observations and propri-
oceptive states). The flow matching loss is defined as

LFM = Eτ∼U [0,1],x0∼p0,x1∼p1
∥fθ(xτ , τ, c)− vτ (xτ )∥2 .

(2)
With the learned fθ(xτ , τ, c), sampling in the inference phase
is usually conducted via discretized Euler integration.

B. Action to action flow

Different from previous generative-based polices that de-
noise from Gaussian distributions [14, 24, 7], A2A aims to
learn a policy from a proprioceptive historical action space to
a future action space, as depicted in Fig. 1(c). The formulation
of the action a is task-dependent and can accommodate
various control modalities, including joint positions and end-
effector states. We chose the joint angles in simulation and

Fig. 2. Overview of A2A architecture. The framework consists of three
main components. 1) A condition path that encodes visual observations using
a ResNet-18 backbone and a linear projector to generate a global condition
c. 2) A source path that employs a CNN with a 5 kernel size to compress
the n-frame history actions into a latent starting point z0. 3) A flow-based
generation process. The flow net, built with AdaLN-MLP blocks, predicts
the vector field to transport z0 to the target latent z1 within a unified 512-
dimensional latent space. Finally, a residual MLP decoder transforms z1 into
the future action sequence.

the end-effector states in experiments. Given historical ac-
tions a≤t = {at−n+1, . . . ,at}1, visual observations I≤t =
{It−m+1, . . . , It}, next actions a>t = {at+1, . . . ,at+n},
where n and m represent the action and observation horizons,
respectively. The A2A framework transforms the distribution
of historical actions directly into the distribution of future
actions via a conditional flow in a shared latent space Z .

Fig. 2 details the A2A architecture. Concretely, the pro-
posed architecture leverages a Convolutional Neural Network
(CNN)-based autoencoder to map action trajectories into a
compact latent space Z . Specifically, the action encoder Ea

and decoder Da parameterize the mapping z0 = Ea(a≤t) and
the reconstruction â>t = Da(z1). Simultaneously, the visual
encoder EI extracts features from multi-modal image streams
I≤t, which are further projected via an MLP to form a global
conditioning vector c = MLP (EI(I≤t)). Finally, we define
the action-to-action flow in Z via a time-dependent vector field
vτ that satisfies the ODE dzτ/dτ = vτ (zτ ) for τ ∈ [0, 1].

Due to the physical consistency of sequential robot motions,
adjacent action chunks exhibit inherent similarity. By further
embedding these segments into a high-dimensional latent
space and training with flow matching, the distribution of the
starting point z0 is well aligned with the target z1 (see Figs.
8 and S6). This reduction in distributional distance drastically
simplifies the transport mapping, enabling a lightweight MLP
to attain strong performance even with single-step inference.

Note that historical actions a≤t can also be corrupted with
subtle noise to introduce stochasticity and preserve a certain
degree of multimodality (Fig. S8). In the presence of action-
level uncertainties, the performance of A2A is compromised
due to its inherent dependence on preceding action sequences.
Injecting subtle stochastic perturbations into the historical
actions before the encoding stage can substantially enhance
its generalization capability against such uncertainties. Section

1To enhance closed-loop robustness, a≤t denotes the history of executed
actions inferred from proprioceptive feedback, rather than previously com-
manded actions, accounting for imperfect low-level tracking.



Fig. 3. Simulational tasks. Simulations are conducted in the Roboverse platform [12]. Implementary tasks include Stack Cube and Pick Cube from
ManiSkill [28], Close Box from RLBench [18], Open Drawer and Pick-Place Bowl from LIBERO [25]).

IV-C2 provides empirical evidence supporting the effective-
ness of this mechanism.

C. Learning objectives

The total training objective Ltotal is formulated as a multi-
task loss to ensure generation accuracy and physical consis-
tency simultaneously.

a) Flow matching loss: The primary objective is the
regression of the time-dependent vector field fθ(zτ , τ, c) in
the latent space Z . This loss ensures that the model learns
the optimal transport path between the latent starting action
z0 and the latent target action z1, i.e.,

LFM = Eτ∼U [0,1],z0,z1
∥fθ(zτ , τ, c)− vτ (zτ , τ, c)∥2 . (3)

Eq. (3) is the specific A2A formulation of Eq. (2) in the action
latent space Z .

b) Autoencoder reconstruction loss: To ensure that the
latent space Z preserves the topological structure of the
action space, we apply an ℓ1 reconstruction loss to the action
autoencoder, i.e.,

LAE = Ea>t
∥a>t −Da(Ea(a>t))∥1 . (4)

This loss regularizes the encoder Ea and decoder Da to
maintain high-fidelity reconstruction of action chunks.

c) Inference consistency loss: To bridge the gap between
abstract latent generation and physical execution, inspired
by Gao et al. [11], we introduce inference consistency loss.
The inference consistency aims to align ODE-inferred and
ground truth actions in both the latent space and the original
action space, i.e.,

LIC =Eẑ1,a>t
∥ẑ1 − Ea(a>t)∥1

+ λ0Eẑ1,a>t
∥Da(ẑ1)− a>t∥1 ,

(5)

where ẑ1 is the latent vector obtained via ODE integration
and λ0 ∈ R>0 denotes a user-defined weight. This objective
ensures that the generated flow trajectories translate into phys-
ically meaningful and executable actions. Gao et al. [11] have
found that LIC is critical for avoiding latent space collapse.

Finally, the total training objective Ltotal is formalized with
three weighting coefficients λ1, λ2, and λ3 ∈ R>0

Ltotal = λ1LFM + λ2LAE + λ3LIC . (6)

Fig. 4. Training efficiency test. Left: Success rates across varying training
epochs (using 100 demonstrations in Close Box task). Right: Success rates
across varying demonstration numbers (100 epochs in Stack Cube task).

IV. EVALUATION

We conduct a comprehensive evaluation of the proposed
A2A across 5 simulational tasks (Stack Cube and Pick Cube
from ManiSkill [28], Close Box from RLBench [18], Open
Drawer and Pick-Place Bowl from LIBERO [25]) in Robo-
verse platform [12] and 2 real-world tasks (Pick Cube and
Open Drawer) on Franka robot, as shown in Fig. 3, Fig. 5, and
Fig. 6. Our performance is benchmarked against eight state-
of-the-art baseline methods, including DDPM-UNet [7, 14],
DDPM-DiT [14, 30], DDIM-UNet [7, 34], FM-UNet [24],
FM-DiT [24, 30], Score-UNet [35], ACT [42], and VITA
[11]. To ensure a fair and rigorous comparison, we have
standardized the hyperparameters (e.g., chunk size, batch size)
and network scales across all evaluated methods to the greatest
extent possible. The evaluation primarily focuses on training
efficiency, inference cost, and generalization. We use λ0 = 0.5,
λ1 = 1, λ2 = 0.5, λ3 = 1, n = m = 8, and a batch size of
32 across all experiments (Appendix B).

A. Training efficiency

We first analyze the performance of A2A across different
training data sizes and epoch numbers. Fig. 4 illustrates the
training efficiency of all evaluated methods. As illustrated in
Fig. 4 (Left), A2A demonstrates superior convergence speed
compared to DDPM-UNet and FM-UNet, achieving a stable
100% success rate within significantly limited 40 training
epochs on the Close Box task.



TABLE I
SUCCESS RATES ACROSS 5 SIMULATION TASKS UNDER 9 DIFFERENT ALGORITHMS (100 DEMONSTRATIONS, 30 EPOCHS). THE BEST RESULTS ARE

HIGHLIGHTED IN BOLD, WHILE THE SECOND-BEST RESULTS ARE INDICATED WITH UNDERLINES.

Methods Steps Close Box Pick Cube Stack Cube Open Drawer Pick-Place Bowl
(%) (%) (%) (%) (%)

A2A 6 92 92 86 92 90
VITA 6 88 88 80 90 92
FM-UNet 10 82 70 28 34 68
FM-DiT 10 58 88 26 28 84
DDPM-UNet 100 72 60 36 64 66
DDPM-DiT 100 58 58 16 14 68
DDIM-UNet 40 70 56 36 64 82
Score-UNet 100 36 36 12 0 4
ACT 1 82 86 32 80 60

Fig. 5. Experimental results of Pick Cube task. (a) Policies are trained on a limited dataset of 30 trajectories for 100 epochs. During evaluation, each
method is tested over 10 trials. (b) Generalization capability is further challenged by replacing the target with an unseen glowing block. (c) Pick the cube
from different locations with a limited 10 training demonstrations.

Furthermore, the sampling efficiency results in Fig. 4
(Right) reveal that A2A quickly reaches and maintains a
high performance ceiling as the number of demonstrations
increases. In contrast, both DDPM-UNet and FM-UNet exhibit
noticeable fluctuations and lower stability. This discrepancy
likely stems from the increasing trajectory diversity in the
increasing dataset of the Stack Cube task, which may re-
quire higher model capacity or extended training epochs to
accommodate. To validate this hypothesis, we conduct further
evaluations on the DDPM-UNet and FM-UNet baselines. As
illustrated in Fig. S3, their success rates gradually converge to
100% as training epochs increase.

Real-world test in Fig. 5 (a) and Fig. 6 (a) further shows
that with only 30 training trajectories, A2A-Flow achieves
a 100% in-distribution success rate, outperforming DDPM-
UNet and FM-UNet. Fig. 6 (b) further illustrates that in
the Open Drawer task, the proposed algorithm achieves a
shorter completion time, whereas DDPM-UNet and FM-UNet

exhibit significant hesitation during the operation. Moreover,
we further implement a pick-up location test. Two additional
pick-up locations are added (Fig. 5 (c)), each with only
10 demonstrations. A2A demonstrates rapid adaptation and
high success rates, showcasing its superior data efficiency in
novel scenarios. Even at the edge of the field-of-view (FOV)
(bottom-right location, Fig. S1), A2A sustains a viable success
rate, underscoring its robustness to suboptimal visual inputs.
These results indicate that A2A policy achieves superior
performance, particularly in regimes characterized by limited
training data and fewer training epochs.

The quantitative results across 5 different tasks and 9
algorithms are summarized in Table I. A2A consistently
achieves the highest success rates. VITA, which similarly
incorporates an inference consistency mechanism [11], also
achieves a competitively high success rate. Notably, we find
that given advanced transformer architectures and identical
hyperparameters, regression-based ACT achieves performance



Fig. 6. Experimental results of Open Drawer task. Policies are trained on a
limited dataset of 30 trajectories for 300 epochs. Time cost denotes the total
time elapsed during task completion. Success rate is evaluated over 10 trials.

comparable to generation-based methods. This observation
aligns with recent findings by Pan et al. [29].

B. Inference cost

Capitalizing on the inherent efficiency of flow matching, we
further examine the extreme inference speed achievable by the
A2A policy. We first evaluate the impact of sampling steps on
training performance. As shown in Fig. 7 (Left), increasing
the number of inference steps leads to a rapid improvement
in success rates; however, the marginal gains diminish signif-
icantly beyond 4 steps. Regarding Fig. 7 (Middle), when the
inference budget is restricted to only one step, the success rate
rises above 90% substantially after 32 training epochs.

Fig. 8 visualizes the convergence of latent space representa-
tions under the one-step inference during training. We employ
t-SNE to jointly embed history and future action latents, with
paired samples connected by lines to represent the learned
flow. As training progresses, the average distance between
the history and future action chunks decreased significantly.
Furthermore, the trajectories connecting these pairs increas-
ingly align into parallel paths. These phenomena provide
strong empirical evidence for the feasibility of single-step flow
mapping from history to future latents, while the emerging
parallelism underscores the rectilinearity of the learned flow.

Furthermore, we benchmark the mean inference time per
sampling step across various algorithms on identical hardware
(NVIDIA GeForce RTX 5090 GPU with 32GB VRAM),
as depicted in Fig. 7 (Right). Attributable to the extreme
compressibility of sampling steps and the efficient MLP-based
architecture, the inference latency of A2A is maintained below
1 ms. Notably, in the single-step inference regime, the latency
reaches an impressive 0.56 ms, indicating significant potential
for tasks that demand high-frequency decision-making.

Note that A2A and VITA [11] exhibit superior inference
speed compared to regression-based ACT [42]. Beyond the
reduced number of sampling epochs, this efficiency also stems
from the pure MLP operations in the latent space. Conversely,
ACT in this work utilizes a cost Transformer architecture with
self-attention and cross-attention mechanisms.

TABLE II
COMPARISON OF SUCCESS RATES ACROSS 4 DIFFERENT RANDOMIZATION

SCENES. ALL MODELS ARE TRAINED WITH 100 DEMONSTRATIONS FOR
200 EPOCHS IN LEVEL 0. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD,

WHILE THE SECOND-BEST RESULTS ARE INDICATED WITH UNDERLINES.

Methods Level 0 Level 1 Level 2 Level 3
(%) (%) (%) (%)

A2A (1 step) 100 20 16 22
A2A (6 steps) 100 38 42 38
VITA 100 4 2 2
FM-UNet 96 6 6 4
DDPM-UNet 92 2 4 2
Score-UNet 94 0 2 0
ACT 86 8 2 0

C. Generalization performance

1) Visual uncertainty: We further evaluate the generaliza-
tion performance of the proposed A2A policy under various
visual uncertainties. Roboverse [12], the adopted platform,
categorizes the scene randomizations for the Close Box task
into four progressive levels of difficulty. Level 0 serves as
the training dataset, involving initial box pose variations (see
Appendix Fig. S4). Level 1 introduces significant background
textures randomization (see Appendix Fig. S5), while Level 2
adds illumination perturbations. Finally, Level 3 incorporates
camera viewpoint variations. Detailed randomization configu-
rations are provided in the Appendix A.

Table II presents the success rates of evaluated methods
across Levels 0 to 3. Notably, even when encountering Level
1-3 for the first time, A2A (6 steps) maintains a robust
success rate of 30-40%, consistently outperforming all baseline
methods. In the single-step inference regime, A2A continues to
exhibit superior generalization compared to other algorithms.
We also verified its visual generalization performance in real-
world tests, as shown in Fig. 5. We substitute the targeted
cube with an unseen glowing variant, inducing severe visual
distractors. The baselines fail entirely in this case, whereas our
algorithm sustains a robust 80% success rate.

We argue that the fundamental reason for this robustness is
our decoupled strategy, lightening the representation entangle-
ment problem [22]. Unlike conventional methods that simply
concatenate proprioceptive and visual features, we process
them through distinct strategies, preventing low-dimensional
proprioceptive signals from being overshadowed by high-
dimensional ones, thereby enabling the model to leverage the
complementary strengths of each modality more effectively.
Specifically, grounding the generation process in historical
actions can substantially improve robustness to visual per-
turbations, which enforces physical consistency over time.
Moreover, we find that injecting noise into historical trajec-
tories (0.02 standard deviation, STD) can further narrow the
generalization gap, from 20% to 52% on Level 1.

2) Initial state uncertainty: Given the temporal dependency
of subsequent action sequences on previous ones in A2A, a
natural question arises regarding its robustness to uncertainties
in the historical sequence. To investigate this, we randomize



Fig. 7. Inference cost test. Setting: Close Box. Left: Success rate over inference steps with fixed 30 epochs. Middle: Success rate over training epochs with
only one-step inference. Right: Mean inference time per sampling step for all evaluated models, benchmarked on an identical hardware to ensure fairness.

Fig. 8. Convergence of latent space representations during A2A training. Settings: Close Box, one-step inference. We apply t-SNE to jointly embed history
and future action latents, with paired samples connected by lines. Line colors indicate distances computed in the 512-dimensional latent space.

Fig. 9. Generalization test on different initiation. Left: Success rate under
varying levels of initial state uncertainty. Settings: Close Box, 30 epochs,
100 demonstration numbers. Noised A2A (N-A2A) refers to the initial action
distribution occupied by 0.1 STD Gaussian noise. Right: Success rate under
varying levels of initial noise. The initial state uncertainty is set as 0.08 rad.

the initial pose of the robot, as illustrated in Fig. S7. The
results in Fig. 9 (Left) indicate that the A2A, compared to
baselines, which generate actions from pure noise at each
step, is indeed more sensitive to uncertainties within the action
history. However, by injecting a small amount of Gaussian
noise (0.1 standard deviation, STD) into the historical actions,
it can be observed that a significant boost in generalization
performance is achieved. Fig. 9 (Right) further depicts the
relationship between the success rate and the intensity of the
injected noise. How to optimally fuse clean historical data

with Gaussian noise to balance determinism and stochasticity
remains a compelling direction for future research.

V. ABLATION STUDY

We further conduct ablation studies on the architectural
design to answer two fundamental questions: whether the
generative paradigm provides superior performance over the
deterministic regression baseline; whether performing flow
matching within the latent space is more effective than directly
in the raw action space.

A. Regression or generation

There is a growing discourse regarding the relative merits
of generation versus regression in the context of robotic
control [29]. Here, we also attempt to substitute the flow
matching objective with a deterministic regression approach.
To ensure a fair comparison, all other architectural compo-
nents, including the encoder and the latent space configuration,
remain strictly identical. The results are presented in Fig.
10 (Left), where Flow-latent denotes the flow matching per-
formed within the latent space, i.e., our final choice. Reg-latent
represents deterministic regression performed within the latent
space. We found that both methods achieve high success rates
on the training distribution, which aligns with recent findings
by Pan et al. [29]. However, Fig. 10 (Right) reveals that the
generative approach exhibits significantly higher resilience to
environmental perturbations, whereas the regression variant



Fig. 10. Ablation study of model structure. Settings: Close Box, 30 epochs,
100 demonstration numbers, 6 inference steps for flow-based methods. Left:
Impact of learning objectives and representation spaces. Comparison of flow
matching and regression strategies implemented in both latent and raw action
spaces. Right: Generalization capability. Robustness comparison between
latent-space regression and flow matching under varying environmental per-
turbations.

fails to generalize to unseen scenarios. This gap might stem
from the decoupling of action and visual inputs. Direct combi-
nation with higher-dimensional visual representations for the
regression method may dilute the benefits of low-dimensional
proprioceptive signals.

B. Action space or latent space

We further evaluate flow matching performed without the
latent space, using both U-Net and MLP (same as A2A)
backbones. The results are shown in Fig. 10 (Left), where
Flow-action-UNet represents flow matching directly in the raw
action space using a U-Net architecture, and Flow-action-MLP
denotes flow matching directly in the raw action space using
an MLP architecture. It can be seen that flow matching in the
raw action space leads to inferior convergence performance
compared to the latent-space approach. This reason can be
attributed to the high-dimensional representation in the latent
space, which effectively aligns the initial and target distri-
butions of the flow. This structured alignment facilitates a
smoother learning process, enabling the model to achieve high
performance even within a single-step inference regime, as
shown in Figs. 8 and S6.

VI. APPLICATION TO VIDEO GENERATION

Similar to robotic manipulation, video generation in the
form of future frame prediction is inherently a temporal con-
tinuity task. High-fidelity future video prediction can enhance
the performance of VLA models [41, 8]. This work further
explores the transferability of the A2A paradigm to video
generation, hereafter referred to as Frames-to-Frames flowing
matching (F2F). The training dataset comprises 100 videos for
each level (Levels 0–4) of the pick cube task, while the test
set consists of four unseen scenarios in the same task. F2F is
designed to predict three future frames based on a history of
three consecutive frames. Both F2F and baseline are trained
with 500 epochs. See Appendix D for implementation details.
As illustrated in Fig. 11, F2F achieves significantly higher
generation quality compared to a regression-based baseline

Fig. 11. Video generation results. The predicted third frames in four different
unseen scenarios are visualized.

implemented under the same network configuration. While
these results are achieved with a small-scale model, the F2F
paradigm possesses significant scaling potential for larger
architectures. Future work will further pursue the integration of
predicted video into the policy architecture to further augment
the performance of A2A.

VII. CONCLUSION

This paper introduces A2A, an efficient generative paradigm
that replaces noise-based initialization with action-to-action
transport. By leveraging the physical consistency of sequential
motions, A2A aligns starting and target distributions, en-
abling a lightweight MLP to achieve high success rates with
minimal latency. Across diverse simulation and real-world
robotic benchmarks, A2A matches or surpasses state-of-the-art
diffusion and flow-based policies while reducing inference to
fewer steps. This approach effectively eliminates the computa-
tional bottlenecks typical of diffusion-based policies. Beyond
robotics and video generation, the framework is inherently
suited for diverse continuous temporal tasks, and its potential
in domains characterized by sequential continuity remains a
promising avenue for future exploration.

VIII. LIMITATION

A2A is grounded in the physical continuity of actions,
which makes it most effective for tasks dominated by smooth,
continuous control signals. For discrete or switch-like action
dimensions, such as binary gripper open/close commands, this
continuity prior provides limited benefit. Moreover, the current
objective requires manual tuning of several loss-weighting
coefficients. We leave adaptive loss weighting and support
for hybrid continuous-discrete action spaces as promising
directions for future work.
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