
Shifted Flow Policy: Uncertainty-aware Time Reparameterization for
Visuomotor Learning

Dasom Ahn∗,1,Chanhyuk Jung∗,1,Joonki Baek2,Sungkeun Yoo2,Byoung Chul Ko∗∗,1

Abstract— Imitation learning for robotics often uses action
chunking to mitigate the compounding errors associated with
autoregressive policies. By predicting multiple future actions
simultaneously, action chunking limits the accumulation of
errors but introduces new difficulties. In particular, it relies on
outdated observations to predict future actions, which can lead
to inaccuracies. In this study, we propose Shifted Flow Policy
(SFP), a simple yet effective alternative to action chunking. The
SFP reparameterizes time by linearly shifting the time steps for
future actions, thereby capturing the natural increase in uncer-
tainty over time. This formulation allows each predicted action
to be conditioned on up-to-date observations. Experimental
results on the Push-T and MimicGen benchmarks demonstrate
that SFP outperforms state-of-the-art action chunking methods
across a variety of manipulation tasks by achieving higher
success rates and faster inference. These findings suggest that
shifted flow provides a robust and practical alternative to action
chunking in visuomotor policy learning. Our code is available
at https://shifted-flow-policy.github.io

I. INTRODUCTION

Recent advances in visuomotor policy learning [1–5] have
enabled robots to perform complex manipulation tasks by
using visual observations. These visuomotor policies aim to
map visual observations to low-level control actions, thereby
allowing robots to operate in unstructured environments
without requiring explicit intermediate planning or symbolic
reasoning. A wide range of approaches has been proposed
to learn such policies, including autoregressive sequence
models [6], diffusion-based generative models [1, 7, 8], and
more recently, flow-based methods [9, 10].

Early methods typically adopted behavioral cloning with
recurrent architectures [11] and predicted actions autoregres-
sively from expert demonstrations. Although these methods
are simple and effective for short-horizon tasks, these models
are problematic because they are afflicted by the well-known
compounding error problem. This problem, which involves
the accumulation of small prediction inaccuracies over time,
leads to significant deviations in long-horizon settings. Action
chunking has been proposed to solve this issue by predicting
multiple actions instead of one. This effectively reduces the
horizon of the task mitigating compounding errors.

Another important aspect of imitation learning in robotics
is that actions are inherently multimodal, where a single task
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Fig. 1: Comparison between action chunking and the pro-
posed shifted flow. (Left) Action chunking predicts a fixed-
length sequence of actions that all share the same timestep
and are executed in an open-loop manner by relying on a
single observation. In contrast, (Right) shifted flow assigns
linearly increasing timesteps to each action within the predic-
tion window to model future uncertainty by enabling updated
observations to condition each sampling step.

can be completed in multiple approaches. To better capture
the multimodal action distributions, implicit policies where
actions are predicted by generative models such as energy-
based models [12], diffusion models [1, 7, 8], and flow
matching [9, 10] has been used.

Although action chunking solves the compounding error
problem it introduces new issues. The predicted actions are
executed as an open-loop control system where additional
feedback or observations are not utilized. This causes actions
further into the future to be inaccurate causing local predic-
tion errors. Action chunking may have been able to reduce
global errors but this results in higher local errors. Several
approaches have been proposed to overcome this limitation.
One approach involves recomputing action chunks at every
execution step to combine past and present predictions for a
more accurate prediction [6]. Another line of work has im-
proved the expressiveness of generative models by replacing
diffusion models with flow-based models [9, 10]. In addition,
discretization of the action space into latent tokens using the
VQ-VAE [13] has been explored. These methods enhance the
modeling capacity, but they do not directly address the core
limitation: the reliance on outdated observations. This issue
remains prevalent, as recent vision-language-action (VLA)
models such as Octo [14] and π0 [15] continue to use action
chunking in their flow-based decoding heads.

Our key insight is that future actions predicted from
outdated observations should be regarded as inherently unre-
liable, because uncertainty naturally increases with prediction
horizon. To address this issue, we propose a simple time



reparameterization in which timesteps are linearly shifted
within the prediction window rather than being kept identical
for all predicted actions. This shifted timestep formulation,
termed the Shifted Flow Policy (SFP), explicitly models in-
creasing uncertainty while aligning each action with updated
observations. As a result, SFP enables actions to be gener-
ated at every sampling step, unlike chunking-based methods
that require multiple steps, and prevents local errors from
propagating into global errors by immediately correcting
deviations with fresh observations.

SFP is trained on a novel shifted flow constructed using
these shifted time steps. First, we designed a specific shifting
function that allows the model to generate action trajectories
with temporally increasing uncertainty. This shifted flow
replaces flow matching in the previous study with minimal
architectural changes. With only minor modifications to
the timestep encoder, SFP achieves improved performance
compared to action-chunking methods and sets a new state-
of-the-art approach across several manipulation tasks. Our
method is designed to be broadly applicable and can be
integrated into existing flow-based policies that rely on action
chunking.

Contributions. The primary contributions of this work are
summarized as follows:
• We propose shifted flow, a novel flow-based generative

model that effectively replaces action chunking in vi-
suomotor policies by introducing the concept of shifting
time steps.

• We developed SFP, a visuomotor policy trained on top
of the newly designed shifted flow, which serves as the
underlying generative model for learning and executing
action sequences. Our experiments demonstrate that
SFP significantly increases sampling speed compared
to existing approaches.

• We conducted extensive evaluations across a range of
manipulation tasks on both the Push-T [1] and Mimic-
Gen [16] benchmarks. The results consistently show that
SFP outperforms state-of-the-art action chunking base-
lines in terms of accuracy, generalization, and runtime
efficiency.

II. RELATED WORKS

Action chunking has emerged as a key technique for
scalable and robust policy learning across imitation and
vision-language-action frameworks. Therefore, we focused
on related studies that leverage action chunking in visuomo-
tor policy learning.

A. Diffusion Models

Recent advances in diffusion models have revolutionized
generative modeling across a variety of domains, includ-
ing images [17–20], videos [21–24], audio [25–28], and
3D generation [29, 30]. Early work, such as Denoising
Diffusion Probabilistic Models (DDPM) [17], employs a
Markovian forward and reverse process to iteratively refine
noisy samples, whereas Denoising Diffusion Implicit Models

(DDIM) [18] accelerate generation by leveraging a non-
Markovian sampling strategy. Building on these foundations,
models such as latent diffusion models [31–33] and consis-
tency models [34, 35] have further improved efficiency and
scalability, thereby expanding the application of diffusion-
based approaches to different types of data. Recently, Rolling
Diffusion [19] introduced a sliding-window denoising pro-
cess that captures temporal dependencies and uncertainties
through progressive noise injection for video generation,
enabling it to maintain temporal consistency and flexibility
in sequential data.

B. Visuomotor Policies

The primary objective of imitation learning in robotics
is to mimic expert demonstrations. This is typically accom-
plished via behavior cloning, which formulates this problem
as a supervised learning problem by mapping observations
to the corresponding actions. Instead of predicting a single
action at each step, grouping multiple actions into chunks
has been shown to be highly effective in methods such as
action chunking with transformers (ACT) [6] and Diffusion
Policy (DP) [1]. ACT reduces the task horizon by predicting
multiple actions, thereby shortening the error accumulation
chain and mitigating the compounding error issues com-
monly observed in autoregressive models. Because action
chunks are executed sequentially without updated obser-
vations, ACT employs temporal ensembling; the model is
queried multiple times, and the resulting action chunks are
combined to produce the final prediction. In contrast, DP
generates actions through a diffusion process conditioned on
observations. Although action chunking is also used to group
a subsequence of predicted actions, unlike ACT, it relies
on outdated observations rather than incorporating updated
inputs during inference.

Building on action chunking, VQ-BeT [36] augments
behavior transformers (BeT) [37] by replacing k-means clus-
tering with a vector-quantized variational autoencoder (VQ-
VAE) [13] to tokenize action chunks into latent actions.
This framework enables the VQ-BeT to more effectively
capture the multimodal action distributions present in expert
demonstrations. Flow matching policy (FMP) [9] adopts flow
matching as an alternative to diffusion models to improve
the multimodal modeling capabilities. FMP inherits the im-
proved sampling efficiency of flow models rather than relying
on the slow sampling method of diffusion-based policies.
Streaming diffusion policy (SDP) [7], which preceded the
use of flow models, sought to accelerate diffusion-based
sampling by denoising partially noisy actions. Because the
actions are reused, an action buffer is used to track the
timesteps and noisy actions.

C. Vision-Language-Action Models

The advancement of visuomotor policies has resulted in
the emergence of vision-language-action (VLA) models as
a promising approach for training policies capable of per-
forming multiple tasks. RT-2 [38] fine-tuned a visually con-
ditioned language model (VLM) on Internet-scale robotics



datasets by treating robot actions as another language. Subse-
quently, an open-source VLA model, OpenVLA [39], was in-
troduced. Although these models demonstrate multi-tasking
capabilities across diverse robotic platforms, their autoregres-
sive nature makes them susceptible to compounding errors.
Octo [14] overcomes this problem by delegating action
prediction to a diffusion-based decoder head using action
chunking to mitigate compounding errors. Building on this
progression, π0 [15] further improves sampling efficiency
and multimodal modeling abilities by replacing the diffusion-
based decoder with a flow-based alternative.

III. METHOD

We propose shifted flow, in which the uncertainty sur-
rounding future actions increases monotonically. Using this
flow, we train a policy named Shifted Flow Policy (SFP).
Unlike standard autoregressive policies that rely only on
the most recent steps, SFP reparameterizes time to model
uncertainty explicitly and aligns each action with updated
observations. This gives rise to an efficient sampling method
that can generate an infinite number of actions during the
sampling process.

A. Background: Flow Matching

The goal of generative models in imitation learn-
ing is to produce action trajectories that mimic expert
demonstrations. Given a dataset of demonstrations D =
{(Oi,Ai) | i ∈ {1, · · · ,N}}, where Oi is a sequence of obser-
vations and Ai is the corresponding actions, the aim is to train
a model to approximate the underlying data distribution over
actions conditioned on observations.

Flow matching [40] approaches this by defining a time-
dependent probability path {pt}t∈[0,1] that transforms a sim-
ple source distribution p0, typically a standard Gaussian, into
a complex target distribution p1 such as the data distribution.
This change in distribution can be defined by an ordinary
differential equation (ODE) determined by a vector field
whose solution is the flow which warps initial points sampled
from p0 to be distributed in pt . The vector field can be
regressed with a neural network and by solving the ODE we
can sample from p1. However, a naive regression objective,
flow matching, is intractable. Conveniently, conditioning the
vector field on data samples results in an objective whose
gradients are equivalent to the original flow matching objec-
tive. This is called the conditional flow matching objective.
A simple vector field corresponding to an affine gaussian
transformation can be defined with the flow

ψt(A) = σt(A)+µt(A1), (1)

where µt and σt is the mean and std. The conditional vector
field has the form

ut(A | A1) =
σ ′t (A

1)

σt(A1)
(A−µt(A1))+µ

′
t (A

1). (2)

Despite its advantages, standard flow matching assumes
a static time step formulation that fails to account for

the increasing uncertainty associated with predicting future
actions. This motivated our reformulation of the generative
process using shifted time steps, which enables a time-aware
representation of uncertainty and improves the expressive-
ness of the learned policy.

B. Shifted Timesteps

Let Ak ∈RW×D be a sequence of actions starting from the
action index k to k+W . We refer to this action sequence as
a window, where W is the window size, and D is the number
of features of the action representation. Our key idea is to
shift the time steps so that the window Ak includes time steps
t = [1,(W −1)/W, · · · ,1/W ]. The shifting of the time step t
can be expressed as

tw := clip(t− f (w)) , (3)

where time step t is shifted by a monotonically increasing
function f (w). We clip negative values to 0 to ensure that
tw remained in the range [0,1]. A special case arises when
time step t increases by 1/W and is also shifted by 1/W :

tw := clip
(

t− w
W

)
, (4)

t i =
i

W
, (5)

where i ∈ {0,1, · · · ,W}. We can show that t i
w = t i−1

w−1 if we
substitute t in Equation (4) with Equation (5) by combining
the indices i and w:

t i
w = clip

(
i−w
W

)
. (6)

By further substituting i with i− 1 and w with w− 1, we
obtain an interesting relation:

t i−1
w−1 = clip

(
(i−1)− (w−1)

W

)
= clip

(
i−w
W

)
= t i

w.

(7)

Using this property, we can show that tW
1:W−1 = tW−1

0:W−2. This
means that, after the final sampling step, we can shift the
window to the right by 1 to return to time t i

w = tW−1
0:W−2.

The first action, which has completed its sampling steps,
is outside the window and ready for execution. The current
window lacks an action on the last index w =W −1. Since
the time step for the last action is

tW−1
W−1 = clip

(
(W −1)− (W −1)

W

)
= 0, (8)

we can set tW−1
W−1 as noise sampled from a standard Gaussian

distribution for the next sampling step. To obtain a new
sample, we repeat the sampling process from t = (W−1)/W
to t = 1. The timestep tW

w is reverted to tW−1
w , and this process

can be repeated infinitely, as shown in Fig. 2.
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Fig. 2: Sampling process of shifted flow. (Left) Shifted Timesteps. The timestep t is continuously shifted as the action
index k increases. By shifting t at the same rate as that at which it increases, a diagonal pattern emerges where noisy black
actions are pushed towards white valid actions. (Middle) Initlize Window. Following the shifted timesteps tw, the window
can be initialized from noise where the final actions have timesteps tw = [1,(W − 1)/W, · · · ,2/W,1/W ]. (Right) Shifting
Window. After retrieving the first action to execute on the environment, the window shifts to the right and adds noise to
the end as a new observation O1 is observed from the environment. This process is repeated to generate more actions.

C. Shifted Flow

Consider a Gaussian conditional probability path

pt(Ak|A1
k) = N (Ak|µt(A1

k),σt(A1
k)

2I), (9)

where the standard Gaussian distribution at p0 is transformed
into the data distribution q at p1. The shifted Gaussian
conditional probability path can be derived by shifting the
time step t according to Equation (4) such that µt(Ak)= twA1,
and σt(Ak) = 1− tw. Expanding tw shows that µt and σt can
be expressed as a function of t:

µt(Ak) = twA1 = clip
(

t− w
W

)
A1

k , (10)

σt(Ak) = 1− tw = 1− clip
(

t− w
W

)
. (11)

The corresponding flow has the form

ψt(x) = σtw(x1)x+µtw(x1). (12)

Substituting σtw and µtw with Equation (10) and Equa-
tion (11) gives us

ψt(Ak) = (1− tw)Ak + twA1
k

=
(

1− clip
(

t− w
W

))
Ak

+ clip
(

t− w
W

)
A1

k ,

(13)

where the flow follows a shifted Optimal Transport (OT)
path. Although timestep tw for w ≥ 1 does not reach t = 1,
we can reuse the flow ψt at time tW

1:W−1 as tW−1
0:W−2 to ensure

that all actions eventually reach t = 1. The missing action
where tw = tW−1

W−1 can be set to noise as tW−1
W−1 = 0. The shifted

conditional vector field takes the following form:

utw(Ak|A1
k) =

σ ′tw(A
1
k)

σtw(A
1
k)

(
Ak−µtw(A

1
k)
)
+µ

′
tw(A

1
k). (14)

We are mostly interested in tw when t −w/W > 0 where
tw ̸= 0. Therefore, the time derivative of tw, t ′w = 1. Then
σ ′tw(A

1
k) and µ ′tw(A

1
k) becomes trivial to solve:

µ
′
tw(A

1
k) = A1

k , (15)

σ
′
tw(A

1
k) =−1. (16)

Solving for the shifted conditional vector field in closed form
yields

utw(Ak|A1
k) =

A1
k−Ak

1− tw
. (17)

Using this shifted conditional vector field, we can modify
the standard CFM [40] objective as

LCFM(θ) =

Etw,A
tw
k ,A1

k
∥vθ (A

tw
k , tw,Ok)− (A1

k−A0
k)∥2,

(18)

where vθ is a neural network conditioned on observations
Ok. tw is sampled using Equation (4) with t ∼ U [0,1]. In
the case of shifted flow, most of the sampling time is spent
on tW−1

w . Therefore, we train with another term with time t
fixed to tW−1

w :

LWindow(θ) = EA1
k
∥vtW−1

w
(AtW−1

w
k )− (A1

k−A0
k)∥2. (19)

Overall, our training loss is

L (θ) = LCFM(θ)+LWindow(θ). (20)

Figure 2 shows the sampling process for the shifted flow.
First, the window is initialized from noise to a window with
increasing uncertainty. Then, the first action is executed in
the environment, the window is shifted, and noise is added
at the end of the window. Using the updated observations,
another action is sampled, and the process is repeated until
the task is complete. The detailed procedure for the SFP
sampling process is presented in Algorithm 1.



Basic Tasks Contact-Rich Tasks Long-Horizon Tasks

Stack Stack Three Square Threading Coffee Three Piece
Assembly

Hammer
Cleanup

Mug
Cleanup Kitchen Nut

Assembly
Pick
Place

Coffee
Prep

DP 91.80±1.41 69.40±2.99 32.60±4.64 37.80±3.74 55.80±3.16 18.60±2.60 38.10±2.90 39.00±3.10 82.60±3.42 71.00±2.70 52.30±2.91 47.10±3.04

SDP 90.00±2.15 65.20±2.73 25.80±3.06 23.20±2.94 65.00±4.61 11.20±3.12 27.90±2.10 32.50±2.05 71.50±2.97 68.20±2.40 49.50±2.63 41.30±2.30

FMP 95.20±1.14 76.40±1.90 33.00±2.67 46.20±2.68 63.40±2.00 33.00±1.94 45.40±1.90 51.20±2.70 83.00±2.73 79.50±1.75 74.20±2.32 62.50±1.68

SFP 93.00±1.49 74.00±2.66 41.80±2.85 51.00±1.49 74.40±3.99 22.20±2.38 47.80±3.01 59.30±2.63 89.10±1.70 85.32±1.82 76.30±2.28 72.00±1.60

TABLE I: Quantitative results on MimicGen suite. We repeat the evaluation 10 times and compute the average. ± indicates
the 95% confidence interval.

Algorithm 1 SFP Sampling Process

Require: vθ ,W, with precomputed tw
k = 0
Sample A0 ∼N (0,I)
Ak← A0

for i = 0,1, · · · ,W −1 do
∆t← t i+1

w − t i
w // window-samplings interval

Ak← Ak + vθ (Ak, t i
w,Ok) ·∆t

end for
repeat

Â← Ak[0]
Execute Â
k← k+1
Get new observations Ok
▷ Shift window to the right
Ak[0 : W −2]← Ak[1 : W −1]
Sample A0 ∼N (0,I)
Ak[W −1]← A0

Ak← Ak + vθ (Ak, tW−1
w ,Ok) ·∆t

until Complete

Method Mean Score Success Rate Latency (ms) Throughput

DP 85.18±1.31 46.00±2.99 368.40 21.72
SDP 82.78±1.37 35.40±4.99 104.60 76.48
FMP 95.26±0.51 666555...666000±2.06 77.70 102.96

SFP 999666...444333±0.73 60.00±5.17 5.22 191.66

TABLE II: Quantitative results on Push-T. As in the
MimicGen suite we compute an average of 10 rollouts
with ± indicating the 95% confidence interval. Latency is
measured as an average of 50 rollouts with 10 rollouts used
for warmup.

IV. EXPERIMENTS

This section attempts to answer several key research
questions. First, we investigate whether shifted flow can
effectively serve as a viable alternative to action chunk-
ing, a method that has proven to be highly successful in
various applications. Second, we examine whether shifted
flow, despite its autoregressive nature, are susceptible to the
compounding errors commonly observed in such models.
Finally, we explore the robustness of the shifted flow in
real-world scenarios, considering that the absence of action
chunking often results in unstable or oscillatory behavior in
robotic control.

A. Experimental Setup

We chose the Push-T [1] dataset as a simple toy problem
for examining specific parts of our method. Although the task
itself is simple, it requires modeling contact-rich dynamics
to generalize to new settings. For general performance com-
parisons, we evaluated each baseline and our method on the
MimicGen dataset [16], which contains a diverse suite of
tasks, including basic, contact-rich, and long-horizon tasks.
Although several datasets with language task specifications
exist whose scene settings are more complex, the task itself is
similar in difficulty. Therefore it is redundant to evaluate on
these datasets. Each method was trained for 3000 epochs us-
ing the same observation encoder and optimizer with the best
hyperparameters for each method. The model architecture is
relatively similar, with the only difference being the timestep
encoder modified to support vectors instead of scalars. We
compute the mean scores and success rates for Push-T and
compute success rates for MimicGen with a total of 10 runs
to reduce stochasticity.

1) Baselines: We compared our method with three repre-
sentative baselines selected on the basis of their use of action
chunking and similarity to our method:
• Diffusion Policy (DP) [1] diffusion models to generate

action chunks.
• Streaming Diffusion Policy (SDP) [7], similar to

DP, predicts action chunks with partially noisy actions
tracked with an action buffer.

• Flow Matching Policy (FMP) [9] is a state-of-the-
art visuomotor policy that leverages flow matching for
improved multimodal action modeling.

B. Comparisons with Action Chunking

Table I presents the quantitative evaluations of the Mimic-
Gen benchmark, covering a range of manipulation tasks cat-
egorized into basic, contact-rich, and long-horizon settings.
Overall, the results demonstrate that SFP consistently out-
performs existing approaches that rely on action chunking.
For basic tasks, although FMP achieved the highest success
rates, SFP delivered comparable performance, indicating that
the proposed formulation maintained high reliability, even
in straightforward settings. However, the performance gap
becomes more pronounced in contact-rich tasks, in which
physical interactions introduce greater variability. In these
tasks, SFP surpasses both diffusion-based (DP, SDP) and
flow-based (FMP) methods but also demonstrates stronger
generalization to complex dynamics. Notably, on long-



horizon tasks, which are the most challenging owing to
their extended planning requirements, the SFP exhibits the
most significant improvements. Structured temporal mod-
eling enabled by shifted time steps allows the policy to
more effectively manage uncertainty and execute multistage
manipulation without degrading performance.

These findings highlight that SFP is particularly well
suited to complex, temporally extended tasks, offering both
improved task success rates and higher modeling capacity.
The superior results across all task categories, particularly
in challenging settings, validate shifted flow as a compelling
alternative to conventional action chunking strategies.

Table II compares the performance of SFP with that
of three baseline methods (DP, SDP, and FMP) on the
Push-T task by evaluating the mean score, success rate,
latency, and throughput. Despite the simplicity of Push-T,
which involves pushing toy blocks, the task itself is difficult
due to non-trivial manipulation where specific parts of the
block needs to be pushed to translate the block without
rotation. SFP achieved the highest mean score of 96.43±0.73,
outperforming all baselines including FMP (95.26±0.51), in-
dicating more accurate and efficient trajectory generation.
Although the success rate of SFP (60.00±5.17) is slightly
lower than that of FMP (65.60±2.06), it remains significantly
higher than that of DP and SDP by maintaining a strong
balance between quality and robustness. SFP demonstrated
remarkable sampling efficiency, with a latency of merely
5.22ms substantially faster than all baselines including FMP
(77.70ms). In terms of throughput, SFP also leads with
191.66 actions per second, far exceeding the performance
of action chunking based models.

These results demonstrate that SFP not only delivers high
task accuracy but also achieves exceptional computational
efficiency. Its closed-loop design and use of shifted flow
effectively mitigate the accumulation of errors while enabling
real-time robotic control in complex environments.

C. Trajectory Visualization Analysis

We analyzed the intermediate trajectories predicted by
each model to compare the effectiveness of shifted flow
and action chunking. Figure 3 illustrates these trajectories
across all methods. In general, the trajectories can be grouped
into three categories. First, DP and FMP exhibited clean
trajectories because they were trained to generate complete
action chunks. In contrast, SDP displays a mix of clean and
noisy chunks, reflecting the partially noisy nature of its action
buffer. Notably, because of the use of action chunking, most
SDP trajectories remained clean. SDP takes advantage of the
fact that action chunking in DP discards the last few actions
of each chunk and instead repurposes them to initialize the
next denoising step. SFP further exploits this mechanism by
predicting only the first action in a chunk as clean, while
deferring the remaining actions to future sampling steps.
Because the majority of the trajectories of the SFP were
noisy, we sampled 16 additional trajectories to analyze the
evolution of noise over time. The later time steps, visualized
as darker actions, show greater spread, whereas the earlier

(a) DP (b) SDP (c) FMP (d) SFP

Fig. 3: Visualization of intermediate trajectories. Each
method exhibits distinct trajectory characteristics. DP and
FMP produce clean and complete action chunks. SDP gen-
erates mostly clean trajectories with occasional noise due
to its partially denoised buffer. Proposed SFP yields highly
noisy trajectories by design, predicting only the first action
cleanly and using the rest for future sampling. Black circles
represent actions in the more distant future, indicating in-
creased dispersion, while blue circles indicate earlier, more
plausible actions.

time steps, shown as brighter actions, remain closer to a
plausible trajectory.

These findings validate shifted flow as a promising alter-
native to action chunking. Importantly, SFP outperformed
FMP, despite the only architectural difference being the use
of shifted flow instead of action chunking. In the following
section, we analyze whether compounding errors is an issue
during sequential predictions in SFP.

D. Compounding Errors

As our model predicts actions in a single step, it can
be considered autoregressive. Although the proposed model
predicts future actions, compounding errors may become
a major issue in the absence of chunking. We evaluated
SFP with tasks with longer horizons to examine whether
compounding errors became an issue. The planning horizon
is relatively short for basic and contact-rich tasks. Therefore,
we evaluated SFP for long-horizon tasks of the MimicGen
benchmark. Long-horizon tasks consist of many subtasks that
must be executed sequentially. Additionally, the rollout steps
are much longer, where the maximum number of steps for
basic and contact-rich tasks at 300, long-horizon tasks goes
up to 800 steps. Based on the results in Table I, SFP generally
outperforms the other methods, consistent with the results of
the basic and contact-rich tasks. This confirms that although
shifted flow is similar to autoregressive methods, SFP does
not suffer from compounding errors.

E. Ablation Studies

Window Size Analysis: We conducted an ablation study
to assess the effect of sampling window size (i.e., the action
horizon) on model performance. As shown in Table III,
a window size of 16 offers the best trade-off between
capturing meaningful temporal dependencies and avoiding
overfitting. Shorter horizons (e.g., 4 or 8) fail to encode
sufficient temporal context, while excessively long horizons
(e.g., 32) introduce redundant or noisy signals that degrade
performance. Notably, this validates a central design choice
in our SFP, which benefits from temporal structure without



Window Size Mean Score Success Rate

4 76.10±1.96 38.00±4.29

8 77.21±1.78 33.20±5.18

16 94.78±1.02 62.60±4.11

32 94.52±1.21 49.40±4.61

TABLE III: Effect of the sampling window size on model
performance. Evaluation of SFP performance across various
window size on Push-T. Metrics are computed with 10
rollouts with ± indicating the 95% confidence interval.A
window size of 16 offers the best trade-off between capturing
sufficient temporal context and avoiding overfitting, leading
to superior performance in terms of both mean score and
success rate.

relying on fixed action chunks. Based on these results, we
fix the window size to 16 across all experiments to ensure
robust and consistent performance.

F. Real World Manipulation Tasks

We reproduced the “three-piece assembly” task from the
MimicGen suite on a real robotic platform. This task consists
of multiple subtasks and involves the assembly of three
blocks in a specific orientation and sequence. For the exper-
iments, we used a serial robotic arm with an R-P-P-P-R-P
joint configuration in which the three axes were aligned in
parallel.

Fifty demonstration trajectories were collected to train the
policy. Although simulation environments often provide ideal
conditions such as clean visuals and deterministic physics
engines, the real world poses additional challenges owing
to sensor noise, mechanical inaccuracies, and environmental
noise.

Figure 4 shows the real-world deployment of SFP on the
Three-Piece Assembly task from the MimicGen suite. The
task involves sequential manipulation of three blocks with
precise alignment and ordering. Each subfigure shows a key
stage in the assembly process. Despite real-world challenges
such as sensor noise and mechanical imperfections, SFP
demonstrates smooth and reliable execution without signs
of compounding error or instability. The consistent perfor-
mance highlights the benefit of SFP’s closed-loop control and
shifted timestep formulation, enabling robust generalization
from simulation to the physical environment.

V. CONCLUSION

We introduced shifted flow, a novel flow-based generative
model that operates over shifted time steps, offering a new
perspective on action sequence modeling for visuomotor con-
trol. Building on this formulation, we developed SFP, which
generates actions in a manner similar to auto-regressive
models yet mitigates the compounding error typically as-
sociated with such approaches. By conditioning future time
steps and leveraging inherent uncertainty, SFP captures the
multimodal nature of expert demonstrations more effectively
than prior methods. Experimental results on the MimicGen

(a) (b)

(c) (d)

Fig. 4: Qualitative results of real-world manipulation
using SFP on the Three-Piece Assembly task. The robot
completed all subtasks reliably, with no visible compounding
error.

benchmark confirms that SFP outperforms existing state-of-
the-art policies not only in terms of the success rate but
also in sampling efficiency. In particular, SFP demonstrates
superior generalization to unseen configurations, benefiting
from its temporally structured prediction mechanism.

Overall, our findings position shifted flow as a compelling
alternative to action chunking, capable of serving as a drop-
in replacement for flow-based visuomotor policies. Future
research could explore the extension of this architecture to
integrate language and visual signals, paving the way for
more general-purpose robotic agents.
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