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Fig. 1: Selective Flow Alignment (SeFA) is a visual imitation learning algorithm that utilizes rectified flow with
selective alignment, achieving superior effectiveness in diverse simulation and real-world tasks, with a significant inference
acceleration. (a) Accuracy on various domains. (b) Sampling flow from noise to action of SeFA and Diffusion Policy.

Abstract— Developing efficient and accurate visuomotor poli-
cies poses a central challenge in robotic imitation learning.
While recent rectified flow approaches have advanced visuo-
motor policy learning, they suffer from a key limitation:
After iterative distillation, generated actions may deviate from
the ground-truth actions corresponding to the current visual
observation, leading to accumulated error as the reflow process
repeats and unstable task execution. We present Selective Flow
Alignment (SeFA), an efficient and accurate visuomotor policy
learning framework. SeFA resolves this challenge by a selective
flow alignment strategy, which leverages expert demonstrations
to selectively correct generated actions and restore consistency
with observations, while preserving multimodality. This design
introduces a consistency correction mechanism that ensures
generated actions remain observation-aligned without sacrific-
ing the efficiency of one-step flow inference. Extensive experi-
ments across both simulated and real-world manipulation tasks
show that SeFA surpasses state-of-the-art diffusion-based and
flow-based policies, achieving superior accuracy and robustness
while reducing inference latency by over 98%. By unifying
rectified flow efficiency with observation-consistent action gen-
eration, SeFA provides a scalable and dependable solution for
real-time visuomotor policy learning. Code is available on SeFA
code.

I. INTRODUCTION

Imitation learning relies on accurate action predictions and
fast inference to successfully perform complicated real-world
tasks. Generative modeling techniques such as Diffusion
Policy [1] have recently achieved strong performance in
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complex manipulation tasks, but their reliance on multi-step
iterative denoising makes them computationally expensive
and unsuitable for real-time control. Flow-based models
have emerged as a promising alternative, enabling fewer-
step action generation [2] and rectification [3] by transporting
nearly straight from noise to action space, thus significantly
reducing inference latency.

Despite the efficiency, few-step sampling introduces dis-
cretization error, and rectification introduces inconsistency
between observation and action during distillation. When
applying rectification, the reflow policy [3] is trained upon
the noise-action pairs generated by a well-trained policy.
However, the generated actions are not the same as ground-
truth actions, i.e., the generated action and visual observation
pair could not exactly match. In terms of diffusion-based
models, the predicted action is distinct from the actions
reflected in the visual condition. Such inconsistency might
be tolerable in image generation where perceptual similarity
suffices, but in robotic control, even minor inconsistencies
between observations and actions can accumulate and lead
to task failures. This distillation-induced inconsistency there-
fore represents a fundamental barrier to deploying flow-based
policies in effective real-time visuomotor control.

To overcome this limitation, we propose Selective Flow
Alignment (SeFA), a flow-based visuomotor policy with a
selective alignment strategy. The straight paths in flow-based
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Fig. 2: Overview of SeFA. We train a visuomotor policy in an iterative manner to transport straight between noise distribution
and target action space, hence enabling lightning one-step sampling during inference. The action flow is selectively aligned
with observations, lowering the potential accumulated error brought by multiple reflows.

models are computationally efficient because they can be
sampled in a few or even one step. However, the straightening
process [3] often accumulates errors from the base model,
which leads to the observation—action inconsistency. SeFA
leverages expert demonstrations to align the sampling paths
with observations while maintaining the straightness of the
paths. Crucially, this alignment is applied in a selective
manner, preserving action diversity and multimodality while
eliminating harmful mismatches. By combining efficiency
in straight sampling paths with observation-consistent align-
ment, SeFA enables one-step action synthesis that is both
fast and reliable for real-time visuomotor control.
We summarize our main contributions as follows:

o Selective Flow Alignment (SeFA): We introduce a novel
visuomotor policy learning framework that improves
flow-based models with a selective alignment strategy to
address the observation—action inconsistency problem.

o Consistency Correction with Efficiency: Our method
achieves one-step action generation that is both
observation-aligned and computationally efficient, pre-
serving efficiency while ensuring robustness in control.

o Extensive Evaluation: We demonstrate SeFA ’s effec-
tiveness across diverse simulated and real-world robotic
tasks, where it consistently surpasses diffusion-based
and flow-based baselines in accuracy, robustness, and
inference speed.

II. RELATED WORK

Diffusion Models in Robotics. Diffusion models excel at
representing complex multimodal distributions with stable
training dynamics and hyperparameter robustness, gaining

traction across robotics applications including motion plan-
ning [4], [5], [6], [7], [8], imitation learning [9], [10], [11],
[12], [13], [14], [15], [16], [17], [18], [19], goal-conditioned
imitation learning [20], [21], [22], [23], and grasp prediction
[24]. However, their iterative denoising process renders them
impractical for real-time robotics applications. Our proposed
SeFA overcomes this limitation through rectified action flow,
enabling deterministic, fast action synthesis without compro-
mising accuracy.

Recent work has explored flow matching [25], a diffusion

variant, for representing complex continuous action distri-
butions. AdaFlow [2] introduces a variance-adaptive ODE
solver with adjustable step sizes, but only achieves one-step
generation for uni-modal distributions due to lacking reflow,
and hasn’t been validated on real robots or comprehensive
simulation domains. 7y [26] leverages pre-trained Vision-
Language Models with flow matching for high-frequency
action generation, but still requires 10 integration steps. In
contrast, our method maintains high precision even with one-
step prediction.
Accelerating Diffusion Models for Robotics. Efforts to
speed up diffusion models have been explored extensively
in both image generation [27], [28], [29], [30] and robotics.
However, these methods often require complex distillation
processes or introduce constraints, such as overly smooth
trajectories in Dynamical Motion Primitives (DMPs) [31].
Streaming Diffusion Policy (SDP) [32] and related ap-
proaches like Rolling Diffusion [33] and Temporally Entan-
gled Diffusion [34] improve speed through parallelization or
buffering, but they often incur significant memory overhead
or require intricate implementation.

Overall, while significant progress has been made in
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accelerating diffusion models for robotics, achieving real-
time performance without sacrificing accuracy remains a
challenge. Our work builds on these advancements by intro-
ducing SeFA, which leverages rectified flow to achieve fast
and accurate visuomotor control and introduces a selective
alignment strategy to mitigate potential accumulated errors
from multiple reflows. By replacing the iterative denoising
process with a deterministic coupling, SeFA offers a stream-
lined and efficient solution for real-time robotic applications.

III. METHOD

A visuomotor policy solves the task of observing a se-
quence of visual observations and predicts the next action to
execute in the environment. We formulate SeFA-Policy as a
flow-based model in §III-A. Then, we introduce our proposed
Selective Flow Alignment strategy to alleviate performance
degradation and improve the performance in §I1I-B.

A. Flow-based Model

We begin by formalizing our approach to action space
modeling. The fundamental objective is to establish a bi-
jective mapping between standard Gaussian noise a; € R?
and the target action distribution a; € R given the visual
observations O. During the initial training phase, we define
a drift vector field v : R? — R? that guides the flow along
trajectories approximating the direct linear path from ar to
ap. This is achieved by minimizing the expected squared
deviation between the drift and the ideal direction (ag —ar)
through the following least squares optimization problem:

v

1
HllIl/ E [||(a0 — aT) - v(at,t,O)HQ] dt, (1)
0

where a; is the linear interpolation of ar and ag, ie.,
a; = %aT + %ao, where ¢ € [0,7]. In the following,
we will omit the conditioning on visual observations O for
simplicity. Naturally, a; follows the ODE of da; = (ag —
ar)dt, where any update of a, requires the information of
the target clean action ay. By fitting the drift v with ag —arp,
the action flow causalizes the paths of linear interpolation ay,
relieving the burden of involving the target action (which is
unknown during inference) when simulating the ODE flow.

The solution to Equation (1) constitutes our base policy
network, denoted as v°¢. When provided with a noise
sample ar, the base policy generates the corresponding
action ay.

To make a distinction, v is trained with the random
noise and the groundtruth action pairs (ar,ag), and the
derived coupling is denoted as (a5, al®¢). The action flow
induced between N(0,I) and A is:

base base [, base
da)™® = v°%°(a)™c, t)dt,

base

t€[0,T], 2

which converts the noise a3 € N(0,1) in the coupling

(ahe, af™*) to the action aj®® which follows the conditioned
expert action distribution.

Reflow. After the drift vP*€ is estimated, we can accelerate
inference by training a reflow policy [3] that straightens the
sampling paths. In our settings, we first randomly sample

noise af®™ ~ N/(0,I) and then forward generate af™
following Equation (2). This coupling (a4, aj®°) ensures
optimal transport efficiency—specifically, it guarantees that
the transport cost remains lower than that of any arbitrary
(actionxnoise) pairing across all convex cost functions,
a property that follows directly from Jensen’s inequality.
Through this formulation, we establish a principled determin-
istic mapping between the action space A and the standard
Gaussian distribution A(0, ).

Following [3], we train the reflow policy network using
the optimal coupling (a3, aj®°) as the substitution of the
former pairs. The reflowed action flow v™1°% satisfies:

dal;eﬂow _ Ureﬁow (aieﬁow, t)dt,

t€[0,T], 3)

where aeflov base base

is the linear interpolation of a7*** and ag™*, i.e.,
afflov = Labwse Totabase where ¢ € [0, 7). This procedure
straightens the paths of the flows. The straighter the paths
are, the smaller the time-discretization error in numerical
simulation will be. Perfectly straight paths can be exactly
simulated with a single Euler step. This addresses the very
bottleneck of high inference cost in existing continuous-time
ODE-based models, such as the Diffusion Policy [1] built

upon Probability Flow ODE [35].

B. Selective Flow Alignment

It is noteworthy that v™1°% is trained upon the couplings

generated by v°*¢. However, the generated actions a¥®" are
not always the same as ground-truth actions, i.e., the gen-
erated action and visual observation pair could not exactly
match. In terms of diffusion-based models, the generated ac-
tion could be distinct from the actions reflected in the visual
condition. Therefore, although reflow process can accelerate
inference, it introduces inconsistency between observation
and action. Unlike image generation where minor output
variations are acceptable or sometimes even desired, even
slight discrepancies in the generated actions can lead to task
failures in robot learning, and the error could accumulate as
the reflow procedure repeats.

To address this performance degradation introduced by
reflow, we introduce a selective flow alignment strategy. For
each generated action af°, we methodically search the
ground-truth action dataset to identify its nearest neighbor.
When the Euclidean distance between these actions falls
below a predetermined threshold €, we replace the generated
action with its ground-truth counterpart. We select ¢ heuris-
tically to balance refinement capability and efficiency: too
small values limit available expert actions for refinement,
while excessively large values increase computational cost
without improving selection quality. Since action spaces are
conditioning-dependent, this approach maintains fixed condi-
tioning while identifying the optimal coupling. This strategy
effectively addresses two critical scenarios: (1) When a
suitable nearest neighbor exists within the threshold, the
prediction error attributable to the reflow process is rectified,
thereby preserving the least transport costs property; and
(2) When the reflow model generates a viable alternative
solution that significantly differs from the expert policy, we
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intentionally preserve this inherent multimodality to maintain
the richness of the action distribution.

After the selective alignment, we obtain a new coupling
(ag?FA aSe™). This coupling should maintain the property
of optimal transport efficiency, while the actions aj™ are
aligned with expert demonstrations. We can train the SeFA-

Policy network using (a3, aSef):

da*fA = SFA(QSFA pydt + < [0,T), )
where aj°fA is the linear interpolation of a5 and aj™,
ie. a?eFA ajth + I-Ladef where ¢ € [0, 7). The drift

should follow the ODE of daS"‘FA = (affA — a5 dt.

IV. SIMULATION EXPERIMENTS

We systematically evaluate SeFA-Policy on 66 tasks
from 5 benchmarks in simulation, including Adroit [36],
RoboMimic [37], Meta-World [38], Franka Kitchen [39], and
Push-T [40].

A. Algorithm

We first elaborate the training procedure of reflow in Al-
gorithm 1 and our Selective Flow Alignment in Algorithm 2.

B. Effectiveness

Comparison with State-of-the-Art Methods. We bench-
mark SeFA-Policy against two leading baselines: Diffusion
Policy [41] and the flow-based AdaFlow Policy [2]. To
ensure a rigorous and fair comparison, all experimental
settings, including training epochs, random seeds, learning
rate schedules, and image resolutions, are held constant
across all methods. A summary of the results is presented
in Table I. We deliberately avoided tuning hyperparameters
for each task to maintain a fair experimental protocol. We
observe that SeFA-Policy achieves a success rate exceeding
80% on 31 tasks, whereas Diffusion Policy surpasses this
threshold on only 16 tasks. The average success rate of SeFA-
Policy attains 62.3%, substantially outperforming Diffusion
Policy, which achieves only 38.9%. The policies trained on
Franka Kitchen are only given low-dimensional conditioning
to test our method without visual inputs. Even under these
conditions, SeFA-Policy attains 100% accuracy across all
tasks, outperforming the state-of-the-art baseline and demon-
strating strong robustness to the modality of conditioning.

Algorithm 1: Reflow and coupling generation

Input: Base policy with velocity estimation v,

Number of couplings N.
Procedure:
// Coupling generation
1fori=11t N do
Sample noise a5#¢ ~ N(0,1).
Generate action aj®° following
da; = v®®¢(ab®e ¢)dt starting from noise abe.
4 | Construct couplzng (abe, afase).
5 end
// Training
Initialize parameters of v
while terminal condition do
Sample timestep ¢ ~ Uniform([0, 1]).
Compute ab®¢ = ta5®® + (T — t)al™*.
Evaluate E [l ‘abase _ al,l)gse _ Ureﬂow( ba%e7
Update parameters of vV,
end
Output: Reflow policy. Coupling (a’}.

reflow base

=0

e e N &

t)l1%].

12

reflow reflow )

) g

The superior performance of our method compared to Dif-
fusion Policy can be attributed primarily to the nature of the
sampling trajectories induced by the underlying integration
schedule. Diffusion Policy often generated unstable, oscilla-
tory motions and unnecessary deviations from the optimal
path. This observation is consistent with prior findings [41],
which highlight that the integration schedule must be well-
matched to the underlying data distribution. In robotic control
tasks, where action distributions are typically concentrated,
flow matching schedules facilitate straighter sampling tra-
jectories and reduce integration error. By capitalizing on
this property, our approach achieves greater accuracy and
stability in robotic control compared to variance-preserving
diffusion schedules. Compared to AdaFlow, the state-of-the-
art flow-based policy, our method reduces the discretization
error by introducing the SeFA strategy. Besides, AdaFlow
utilizes adjustable integration steps that are typically greater
than 1, resulting in lower efficiency compared to our one-step
prediction approach.

Comparison with more baselines. We also include
Consistency Policy [42] as our baseline. Due to the time-
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Algorithm 2: Selective Flow Alignment (SeFA)

Input: Target action af®" and corresponding visual

observation sequence O. Action distance
threshold 6.

Procedure:
1 Find the nearest ground-truth condition to O, with its
corresponding action ajy"*""*.
2 if ||a6€ﬂ0w, affﬂ ¥ < then
3 ‘ a(s)eFA - aBEﬂOW’*
4 else
5 ‘ a(S)eFA - aBeﬂow
¢ end

Output: Selectively Aligned target action aj.

consuming procedure of training a teacher model and then
distilling it into a student model in Consistency Policy
pipeline, we only evaluate its performance on a few randomly
selected tasks across various domains. In RoboMimic tasks,
we follow the original settings in its paper. For Push-T and
Meta-World tasks, we run its pipeline using our settings. The
results are reported in Table II. SeFA-Policy shows consistent
improvement on all benchmarks.

Ablation study on reflow and SeFA. Some works argue
that although the distillation of the diffusion process can
be used to accelerate policy synthesis, it is computationally
expensive and can hurt both the accuracy and diversity of
synthesized actions. In this paper, we show that although
this statement holds true in some circumstances, we can still
neutralize the drawbacks of reflow by our SeFA method. Here
we test the performance of base policy, reflow policy, and
SeFA-Policy. We choose 3 tasks with significantly different
base policy accuracy on Meta-World and Adroit to prove
our point. As presented in Table IV, on tasks with low
success rate, such as pen and assembly, reflow may lead to
worse performance. However, the SeFA-Policy retains high
score when it comes to base policy 100% accuracy tasks,
such as the plate-slide-side task. It proves our hypothesis
that the performance degradation brought by reflow is a
kind of error accumulation. Fortunately, our proposed SeFA
technique compensates for accuracy loss and achieves a
much higher score, sometimes even better than base policy.
Note that 7y [26] is equivalent to the first policy in Table IV.
Although it is also trained via the flow matching loss, 7 does
not involve any reflow or Selective Flow Alignment, which
effectiveness is underlined by the numbers in the last row in
Table IV. This means that vanilla flow-based policies can be
strengthened with our proposed methods, since ours can be
implemented upon 7y or any other policy that utilizes flow
matching loss.

Ablation study on 1-step solver. A 1-step Euler solver
works well in the default SeFA-Policy inference settings. To
further explore it effectiveness, we replace it with a 100-
step solver. Intuitively, a solver with more steps contributes
to a higher accuracy since the truncation error introduced
by using an approximation is decreased in every denoising

loop. We also evaluate the performance of the Runge-Kutta
method of order 5(4) from Scipy [43], denoted as RK45. The
number of steps is adaptively decided based on user-specified
relative and absolute tolerances, with its minimum no less
than 1. As shown in Table V, the RK45 solver reports the
highest accuracy for reflow policy. For SeFA-Policy, the 1-
step solver is on a par with the 100-step one. Notwithstanding
the comparable success rates, a 1-step solver exceeds its 100-
step counterpart in inference efficiency by approximately two
orders of magnitude. Since the number of sampling steps of
RK45 is not fixed to 1, it still lags behind SeFA-Policy with
respect to efficiency.

C. Efficiency

We evaluate inference latency on an NVIDIA RTX 6000
Ada GPU on the Meta-World assembly task. SeFA-Policy
requires only a single denoising step per action prediction,
while Diffusion Policy requires 100 steps as per original
settings and AdaFlow 20. With observation encoding con-
suming negligible time compared to sampling, SeFA-Policy
achieves dramatic speedup.

After a 200-iteration warm-up, we measure average la-
tency over 800 rollouts, excluding the upper and lower
duration quartiles. Table IIT presents wall clock times for
each algorithm. SeFA-Policy achieves 98.7% and 97.3% ac-
celeration compared to Diffusion Policy and AdaFlow Policy
respectively, while maintaining superior accuracy across all
domains. Consistency Policy achieves comparable inference
speed with its 1-step sampling approach but requires extra
training computation when distilling its teacher model. Con-
sistency Policy underperforms compared to SeFA-Policy de-
spite similar inference speed. 1-step DDIM inference shows
comparable speed to SeFA-Policy but significantly sacrifices
performance, failing in nearly all tasks.

D. Robustness

During evaluation, we observed that SeFA-Policy shows
more robustness than Diffusion Policy and AdaFlow Policy.
Take Adroit door and pen as examples. Evaluated on one
checkpoint iteratively using different inference seeds, our
algorithm sees a lower variance in accuracy than that of
baselines. This is an extremely important attribute since in
diffusion-based algorithms, different noise latent initializa-
tions are heavily related to the final performance. A well-
generalized algorithm should maintain a steady success rate
among different initial noise samples to avoid fluctuation
in performance during random evaluation. The robustness
of SeFA-Policy may be mainly attributed to the straight
and stable sampling trajectories of rectified flow modeling.
Results are shown in Figure 4.

V. REAL WORLD EXPERIMENTS

To comprehensively evaluate our method in the real world,
we select 7 representative manipulation tasks, as shown in
Table VI. The tasks cover a variety of motions, including
twist, pick, place, push, pull, and sweep, posing challenges
in terms of precision, dexterity, and long-horizon.
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TABLE I: Main simulation results. Averaged over 66 tasks, SeFA achieves 50.1% relative improvement compared to

Diffusion Policy.

Algorithm \ Task Adroit  RoboMimic  Kitchen  Push-T  Meta-World Meta-World ~ Meta-World Meta-World Average

g ; 3) 5) (@) (€)) Easy (28) Medium (11) Hard (6) Very Hard (5) (66)
SeFA 41.3 95.4 58.1 80.0 78.1 34.5 42.2 41.4 62.3 (1 50.1%)
Diffusion Policy 25.0 93.2 57.1 78.0 38.3 19.5 16.7 32.0 38.9
AdaFlow Policy 33.7 95.0 49.2 72.0 46.2 26.7 17.8 12.0 41.5

TABLE II: Comparing SeFA with more baselines in
simulation.

Algorithm \ Task ‘ Agrmt ‘ Push-T ‘ RoboMimic Average
en Square

SeFA 5248 80+2 97+5 76.3

Diffusion Policy (100-step) 20+7 78+1 83+2 60.3

Diffusion Policy (1-step) 0+o0 70+0 0+o0 23.3

Consistency Policy (1-step) 3248 T1+2 89+2 64.0

AdaFlow Policy (20-step) 37+9 72+0 90+3 66.3

TABLE III: Inference latency for one action prediction
step in simulation (ms).

Algorithm | NFE | Inference Latency (ms)
SeFA 1 16.72
Diffusion Policy 100 1287
Consistency Policy 1 18.35
AdaFlow Policy 20 629.0
1-step DDIM 1 16.16

TABLE IV: Ablation on the selective flow alignment.

. Adroit Meta-World
Designs \ Task ‘ #Steps Pen | Assembly Plate Slide Side Average
Base Policy 100 | 43+6 27+9 100+o0 56.7
Reflow Policy [3] 1 4048 T+9 100+0 49.0
SeFA 1 5248 3349 100=+o0 61.7

A. Experimental Analysis

Real-world manipulation results. Table VI presents a
comparative analysis of success rates between SeFA-Policy
and Diffusion Policy across various real-world robotic ma-
nipulation tasks. The empirical evidence demonstrates that
SeFA-Policy consistently outperforms Diffusion Policy in
tasks demanding high precision, dexterity, and long-horizon
sequential manipulation. Diffusion Policy exhibits inferior
performance primarily because it is inherently unstable, with
success rates substantially varying across different noise

Success Rates of Adroit Pen and Door (%)
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Fig. 4: Success Rates on Adroit (%).

TABLE V: Ablation on solver choices. We compare the
effectiveness of the 1-step Euler solver with a 100-step solver
and a RK45 solver with adaptive timesteps.

Adroit Meta-World

Task\ Solver ‘ Pen ‘ Assembly  PlateSlide Ave.

Base 1-step solver 43+6 27+9 100+0 57+5
Policy 100-step solver 4547 30+te6 100+0 58+4
RK45 solver 46+7 30+9 100+0 5915

Reflow | 1-step solver 40+8 7+9 100=+0 49+6
Policy 100-step solver 40+4 25+9 100+0 55+4
RK45 solver 45+6 30+8 100+0 58+t5

SeFA- 1-step solver 5248 33+9 100+0 6246
Policy 100-step solver | 52+6 33+t6 100+0 62+4
RK45 solver 50+4 3144 100+0 60+3

TABLE VI: Main results for real robot experiments. The
first 3 and last 4 tasks are evaluated with 10 and 20 trials
each, respectively.

Real Robot Benchmark (7 Tasks)

Task Diffusion Policy SeFA
Putting Apple in the Bowl 100% 100%
Moving Object Picking 60% 70%
Flower Insertion 20% 80%
Coffee Bean Sweeping 35% 70%
Drawer Close 40% 60%
Rice Pouring 0% 30%
Knob Pull 0% 40%

initializations. In the Putting Apples in the Bowl task, both
policies achieve perfect success rates (100%), indicating
comparable capabilities in handling basic pick-and-place
operations with irregularly shaped objects. However, the
performance gap widens significantly in favor of SeFA-
Policy as task complexity increases. For the Moving Object
Picking, which involves handling a rubber duck on a dynamic
water surface, SeFA-Policy achieves a 70% success rate
compared to Diffusion Policy’s 60%. This superiority can be
attributed to the continuous rectification mechanism in SeFA-
Policy, which facilitates more robust and adaptive visuomotor
control when managing complex interactions between the
gripper, floating objects, and water surface. In the most chal-
lenging tasks—Flower Insertion and Rice Pouring—which
involve long-horizon sequential manipulation consisting of
precise grasping and delicate wrist twisting, SeFA-Policy
achieves 80% and 30% success rate, substantially outper-
forming Diffusion Policy’s 20% and 10%. This marked
improvement underscores the efficacy of SeFA-Policy in gen-
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(c) Rubber duck.
Fig. 5: Grasping different objects with one policy. SeFA
trained on the apple can generalize to other objects (cube,
rubber duck) with similar sizes and locations.

Fig. 6: Floating object manipulation. SeFA dynamically
adjusts its action trajectory to approach and grab the moving
rubber duck on the water, which demonstrates generalization
ability to different object locations.

erating consistent and accurate action sequences for multi-
stage, fine-grained continuous manipulation scenarios.

Handling different object appearance. As shown in
Figure 5, while trained on grasping one object, the policy
successfully generalizes to others in various appearances,
suggesting that SeFA-Policy can leverage learned visuomotor
patterns to handle variations in object appearance while
maintaining successful grasp execution.

Manipulating dynamic objects. Figure 6 illustrates how
SeFA-Policy adjusts its action trajectory to approach and
grasp a moving rubber duck on water. Unlike static object
grasping, this task requires the policy to continuously refine
its motion based on the ever-changing real-time position.
The sequential images indicate that SeFA-Policy can generate
high-frequency visuomotor actions to compensate for object
drift, allowing successful execution even towards unfixed
location. This highlights its suitability for real-world tasks
involving dynamic objects.

Precise manipulation. Flower Insertion and Rice Pouring
involve multi-stage manipulation, i.e., first grasping and then
performing twists in one or several joints. Rice Pouring
is more demanding, which requires an exact wrist twisting
whilst other joints remain still to ensure the rice grains fall
within the bowl. Knob Pull and Drawer Close require the

Fig. 7: Precise manipulation. SeFA successfully performs
Rice Pouring, Knob Pull, Coffee Bean Sweeping, and Flower
Insertion (from top to bottom).

end effector to perform a pull/push towards a straight line,
otherwise the drawer would stuck by friction. Also, Knob
Pull includes precise grasping before the smooth pull action.
In Coffee Bean Sweeping, the robot arm should apply a force
onto the tabletop, which needs precise height control.

VI. CONCLUSION

In this work, we presented SeFA, visuomotor policy learn-
ing framework that supports efficient and accurate inference.
SeFA is a flow-based model that facilitates single-step ac-
tion synthesis and addresses the performance degradation
by introducing a novel selective flow alignment strategy.
Through rigorous real-world and simulation evaluations,
SeFA exhibited remarkable performance across tasks de-
manding high precision, dexterity, and extended temporal
planning horizons. Comparative analyses demonstrate that
SeFA substantially outperforms state-of-the-art approaches,
achieving superior success rates while concurrently reducing
inference latency by 98.7%, thereby enabling significantly
more responsive and stable robot execution. These empirical
findings underscore the efficacy of SeFA as a computa-
tionally efficient and highly effective solution for real-time
visuomotor control in sophisticated manipulation tasks, with
promising implications for future deployments in dynamic
robotic applications.
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