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Abstract—Humans often take longer to demonstrate a task
than a robot would need to execute it. Rather than learning to
replicate the demonstration at the same pace, many industrial
and practical applications require robots to perform tasks as
quickly as possible. In this paper, we investigate several hypothe-
ses for learning policies that operate faster-than-demonstrations.
Our experiments show that the most effective strategy is to
downsample recorded demonstrations and train the robot’s policy
on this accelerated data. However, uniformly downsampling an
entire trajectory can be problematic. Some parts of a task can
be safely sped up (e.g., unconstrained motion), while others
demand slower, more precise motion (e.g., object interactions
or fine manipulation). To address this challenge, we introduce
VOLT, a vision-and-language trajectory segmentation method
that reasons over video demonstrations, and leverages contextual
cues to determine when acceleration is appropriate and when
careful precision is required. VOLT identifies segments where
slow, deliberate motion is necessary, then selectively downsamples
the remaining segments. The resulting reformatted trajectories
can be used with standard imitation learning approaches, such as
diffusion policies. Our results highlight that segmentation quality
is critical—baseline methods often misidentify when acceleration
is possible, leading to overly cautious or unreliable policies.
Compared to state-of-the-art alternatives, VOLT allows robots
to execute tasks faster while maintaining strong performance.

I. INTRODUCTION

Robots should be capable of performing tasks with precision
and speed. Recent works have enabled robots to learn complex
tasks by imitating human experts [I1]. Since the quality of
demonstrations dictates the performance of imitation learning
approaches [2]-[4], operators tend to demonstrate tasks at a
lower speed to minimize errors. Indeed, even if the human
demonstrates at a normal speed — robots often learn to
perform tasks slower than demonstrated. But autonomous
systems are capable of completing tasks significantly faster
than human demonstrators, and this acceleration is beneficial
for industrial applications. So how can robots take a given
demonstration and speed-up their learned policy?

Existing works often attempt to accelerate learned policies
during either training or execution. For example, training
approaches include high-frequency controllers that reduce tele-
operation time [5], as well as data augmentation methods that
resample the provided demonstrations [0], [7]. At the other
extreme, execution approaches accelerate a learned policy
by leveraging high-fidelity controllers to precisely track the
original behavior at variable frequencies [8]. Both types of
approaches recognize two key problems. First, the robot needs
to decide how to accelerate its policy, and second, the robot
must determine which parts of its trajectory are appropriate
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to accelerate. Speeding up the motion often leads to failures,
particularly when the robot must perform precise subtasks.
(Figure 1).

In this work we seek a fundamental understanding of both
questions: (a) how do we determine which segments of a
demonstration to accelerate, and (b) what approaches are
most effective for accelerating those segments. We adopt an
experimental approach, and test a variety of hypothesis across
a standardized testing setup. Our insight — consistent with
prior works — is that downsampling the human’s demonstra-
tion provides an effective method for speeding-up the learned
policy. However, unlike prior works, we argue that high-level
task knowledge is often necessary to determine which parts of
the trajectory to accelerate. Specifically, we hypothesize that:

Reasoning over videos of the entire demonstration provides
the context cues needed to decide when to accelerate.

We accordingly apply vision and language models (VLMs)
to develop VOLT. The key idea for VOLT is that the robot
collects its standard visual demonstration, and then passes
that demonstration through a VLM to determine the correct
segmentation. After determining which parts the robot can
safely accelerate, VOLT then downsamples those segments
and passes the refined dataset to the given imitation learning
algorithm. This enables the robot to learn a policy that is faster
than the human’s demonstration (e.g., speeding up to quickly
reach the cup), but also effective at completing the task (e.g.,
slowing down to carefully grasp that cup). Overall, this work
makes the following contributions:

e We introduce VOLT, an algorithm for enabling faster-
than-demonstration policies. To the best of our knowl-
edge, VOLT is the first approach to use a high-level VLM
to holistically analyze human demonstrations without
explicitly defined features, segmenting them into regions
that can be safely accelerated and regions that require
precise execution.

e We develop and test a variety of hypotheses for ef-
fective faster-than-demonstrator policies. These include
accelerating policy execution at test-time and learning
faster policies via train-time downsampling. Our results
suggest that train-time downsampling is a more consistent
approach, particularly when using diffusion policies.

o We compare VOLT to state-of-the-art baselines for faster-
than-demonstration policies across a diverse range of
tasks. Overall, we find that VOLT achieves up to a x2.57
speedup over policies trained on raw demonstrations
while maintaining similar success rates. We conclude
with practical guidelines for designers who want to
accelerate policies within an imitation learning context.
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Figure 1. (Left) A human shows the robot how to carry a cup full of water and then pour that water into a pot. (Middle) Naively accelerating the entire
demonstration causes the robot to move too quickly (faster motions shown in green), accidentally spilling as it moves. Alternatives slow down the robot in
segments (slower motions shown in red). But these segments are often imperfectly chosen, and the robot still accelerates and spills while carrying the water.
(Right) VOLT addresses this problem by using context cues from the entire video demonstration to only accelerate relevant parts of the trajectory.

II. RELATED WORK

Emerging work in imitation learning enables robots to
complete complex and long-horizon tasks [9]-[! 1]. In general,
these methods focus on matching the action distribution of the
human’s dataset. Recent research suggests that robots can im-
prove their performance and generalization abilities by learn-
ing task-relevant representations [12], leveraging language-
based reasoning for task planning [13], and reasoning over
large-scale robot datasets [14]. But these methods primarily
focus on task success — here we are interested in the task
speed. Human demonstrations are typically slow to avoid
mistakes; and even if the human moves quickly, for industrial
applications we often want to accelerate beyond the human’s
capabilities. Our VOLT algorithm is not tied to any specific
imitation learning algorithm. But to provide results that are
consistent with the state-of-the-art methods, we will leverage
diffusion policies in our experiments [15].

Unintentional Speed Up. Within the context of imitation
learning, several methods alter the given dataset to improve
data efficiency and mitigate compounding errors [16]—-[19].
The common theme across these works is to reduce the
prediction horizon required to complete a task. Although
accelerated execution is not the objective, the changes these
methods make to the demonstrations often result in a sped-
up policy. For example, Belkhale et al. [19] propose a hybrid
architecture that dynamically switches between waypoints and
dense low-level actions; the robot moves more rapidly between
the waypoints marked by the human teacher. Similarly, Shi ez
al. [17] introduce Automatic Waypoint Extraction (AWE), a
method to automatically extract waypoints from trajectories
via linear interpolation within a specified error threshold. A
different perspective is to decompose the trajectory into a set of
primitives, and then learn a policy to sequence these primitives
— again, reducing the prediction horizon [18]. The insight we
obtain from these works is that data alterations are an effective
way to reach faster-than-demonstration policies. In VOLT we
extend these ideas, while specifically focusing on how rapidly
the learned policy performs the entire task.

Intentional Speed Up. Recent works seek to maximize
the robot’s speed without significantly impacting its per-
formance [0]-[8], [20]. In reinforcement learning, existing
works include learning speed interpolation policies [20], and
performing online fine-tuning to select faster actions [6].
Although these approaches can capture complex speed-up

strategies, they typically require millions of online interac-
tions, making them impractical in most real-world tasks. Most
similar to our approach are offline imitation learning methods
that label each demonstration by classifying states suitable
for faster task execution. Guo et al. [7] learn a proxy
policy from the original dataset to estimate the conditional
action entropy distribution. They denote high-entropy actions
as “casual” segments and low-entropy actions as ‘“‘precise”.
By contrast, [8] estimates motion complexity via AWE [17]
waypoints and DBSCAN [21] clustering to identify precise
segments. We hypothesize that these approaches can be in-
accurate because they do not consider the high-level context
of tasks. Towards this objective, [22] explicitly defines 3D
gripper-object distances as high-level context extracted from
images. They estimate these features using VLMs, then parse
them into text for an LLM to label a single demonstration,
and propagate these labels via Dynamic Time Warping. But
there are human intents not encoded by these designer-chosen
features, for example, gripper-object interaction (e.g., grasping
vs. pushing), or manipulation of deformable bodies.In VOLT
we do not assign intermediate features; instead, we directly
use VLMs to reason over video demonstrations.

III. PROBLEM STATEMENT

We consider visual imitation learning from offline datasets
of human demonstrations, where a robot arm is teleoperated
by a human while the system records environment states
and actions. Because the quality of the learned policy is
correlated to demonstration fidelity, experts typically perform
demonstrations slowly and cautiously to avoid mistakes. This
results in policies that can achieve high task success but
execute behaviors at relatively low speeds. The central problem
we address is how to improve execution efficiency, specifically,
increasing task execution speed without degrading task per-
formance or safety. To this end, we aim to (a) autonomously
identify which portions of a task can be safely executed at
higher speeds, and then (b) develop a strategy for accelerating
those segments without degrading overall performance.
Policy. Let z 2 X represent the robot joint and gripper
position, and let y 2 Y denote the environment state observed
through RGB cameras. We combine both the robot state and
RGB images into observation oy = (xt,y¢). The robot’s
learned policy m maps these observations into actions:
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where Ay = fag, ags1, ..., ar+H1 0 is a sequence of actions with
horizon H, and each action a¢ is a commanded robot joint and
gripper position. The observation history Oy = fot_m, ..., 010
is composed of the most recent M observations.

In our experiments we will instantiate Equation (1) as a
diffusion policy [!5]. To match state-of-the-art performance,
we will apply the Denoising Diffusion Implicit Models ap-
proach [23]; this requires fewer iterations during inference
(as compared to training) for faster action generation. The
inference process is defined by the following equation:

AL = (AKX e (O, A k) +0), o N(0,0%) (2)

where ¢ is the noise prediction network with learnable
parameters 6 that are optimized to predict the noise added to
each sample. Here k represents the denoising iteration, o and
7 are the noise scheduler hyperparameters, and ¢ N (0, 021
is Gaussian noise added at each iteration.

Labeling Dataset. To train 7 the human provides a dataset of
task demonstrations D = &g, &1, ..., {n 0. Each demonstrated
trajectory £ is a sequence 7T of observation-action pairs:
¢ = f((zo,y0),a0), ..., ((z1,9y7),a7)9. As we will show,
learning a policy directly from D limits the robot’s speed to
that of the human teacher. One potential way to accelerate
the learned policy is to first relabel each demonstration £ =
f(70,10), -, (Tk, lk)Q into ordered non-overlapping segments
ﬂ:(zl 7i = ;. The labels lj 2 L = fspeed-up, maintain-speedg
denote whether the given segment can be executed faster than
demonstrated, or whether the segment requires precision or
dexterity (e.g., grasping, insertion) and therefore the policy
should match the human’s original speed.

Hierarchical Control. Actions « indicate the desired joint
position and gripper state. To execute the policy quickly, the
robot must select control inputs that rapidly perform these
actions. In our experiments we update the target robot position
at 20 Hz (e.g., we output 20 actions at¢ per second). We
then reach these target positions using a low-level velocity
controller that operates at 1 kHz. The specific controller
depends on the robot used (in our experiments we tested
with a Franka Emika robot arm). But we generally focus on
problem settings where the robot has a high-level diffusion
policy — outputting desired positions a — and then a low-
level controller — which can accurately track those targets.

IV. How Do WE ENABLE
FASTER-THAN-DEMONSTRATION POLICIES?

Our goal is to develop robot policies that maximize task
speed while maintaining optimal performance. However, sim-
ply training a policy 7 on collected trajectories D will
inherently limit the robot’s motion to the pacing of the
human demonstrator. In this section, we therefore test different
methods that designers might intuitively consider for speeding
up the robot’s actions. We divide these methods into two
groups: accelerating the policy during execution (i.e., reducing
the number of high-level actions to shorten the task), or
accelerating the policy during training (i.e., downsampling the
dataset to emulate a faster demonstration). Our experiments in
Sections and suggest that the training paradigm is

more effective for retaining the policy’s success rate. We find
that naively speeding up all the robot’s actions exacerbates
failures, particularly when the robot requires precise motion.
We address this problem through our proposed VOLT algo-
rithm in Section . VOLT reasons over video demonstra-
tions and segments these trajectories into sections that should
either be accelerated or left at the demonstrated speed. We
downsample the marked segments and train the robot; our
resulting policies yield faster execution while maintaining task
performance. However, we note that there are practical limits
on how much the robot can accelerate, even after correctly
identifying these segments. In Section we discuss the
practical factors for maximizing speed.

Evaluation Setup. We perform all experiments on a Franka
Emika robot arm on a tabletop setup as shown in Figure 2. We
collect all demonstrations using a GELLO [24] to teleoperate
the arm at 20 Hz. For each timestep, we record the robot’s joint
position, including the gripper state z, the commanded joint
and gripper state at, and RGB images y from three RealSense
D435 cameras. Two cameras are fixed in the environment,
and one is directly mounted on the robot’s end-effector. Each
paradigm is tested on the following manipulation tasks:
e Pick and Place: The robot grasps a blue cup located on
the table and places it on top of a red plate.
o Push Cup: The robot pushes a red cup beside a white
bowl, only making contact with the outside of the cup.

Baseline Policy. We train diffusion policies using the original
dataset (Normal Speed) as our baseline for performance and
task speed. Diffusion policies are capable of accurately
learning action chunks, which are crucial for speeding up
execution. In our experiments, inference delay is about 0.1
seconds because the inference time is greater than the desired
20 Hz high-level control frequency. We eliminate sensing-
inference delays through asynchronous inference, and enforce
temporal consistency via Error-Adaptive-Guidance [8]. We
utilize reached states z¢+1 instead of the commanded actions
ay to mitigate action tracking errors. These additions to the
standard diffusion policies were made to facilitate acceleration.

Acceleration. Within this section we will test two paradigms
for faster-than-demonstration policies. These paradigms per-
form acceleration during either execution or during training:
e Action Downsampling (Action-D): uniformly downsam-
ple the predicted action chunk A with a fixed factor n.
Instead of performing actions a1, az, etc., here the robot
performs actions a1, a1+n,etc. This shortens the task into
fewer steps and thereby accelerates the robot’s execution.
e Demonstration Downsampling (Demo-D): uniformly
downsample each demonstration by factor n. Instead of
training on trajectory ¢ = f(o01,21), (02,22),...0, here
the robot trains with £ = (01, ©14n), (01+n, T1+2n), ---0.
Downsampling makes the demonstration shorter, result-
ing in a faster learned policy.

A. Acceleration During Execution

Given a trained policy on the original dataset, the first
strategy we consider is speeding up its execution. We take



Figure 2. Real-world manipulation tasks used in our experiments. The manipulated objects are randomly initialized in each task, and the target object location
is xed. (Top) In Pick and Place and Push Cup the robot manipulates a cup, while in Tower Transfer the robot to interact with a stack of blocks. (Bottom)
Plug Insertion a challenging assembly task, and Table Sorting a long-horizon task where the robot sorts fruits on a plate and containers in a basket.

Figure 3. Experimental results for Section |\V. Results are averaged across 3 training runs. Normal Speed is the policy trained with the default data. In
Action-D action sequences are downsampled at run time to accelerate task execution. By contrast, in Demo-D actions are downsampled at training time to
emulate a human with faster teaching motions. VOLT is similar to Demo-D, but it uses a VLM to determine which segments of the trajectory should or
should not be downsampled. The downsampling rate is captured by n; i.e., in 2 the robot skips every other action. We nd that speeding up the policy
during execution (Action-D) degrades performance as n increases, since the policy misses critical actions (e.g., aligning the grippers). Similarly, speeding up
the entire policy during training (Demo-D) lowers the success rate. VOLT is able to maintain its success by only accelerating the parts of the task that do not
require precise motion. However, the performance of VOLT still degrades if the human increases n to a level where the low-level controller is unable to track
the commanded actions (i.e., there are still practical limitations). The dotted lines in Time denote the lower bound for VOLT if the robot could instantaneously
complete the accelerated segments. An denotes statistical signi cance, and error bars indicate standard error.

a policy and modify its action outputs so that the robothe performance of the learned policy degrades, particularly in
completes the task in less time. The way we modify thesasks where the robot needs consistent, ne-grained motions.
actions depends on the policy structure. Referring back We observed that the robot was skipping actions, and some of
Equation (1), our diffusion policy outputs a sequence A dhese skipped actions were critical to the task. For example,
actions, where each action is a commanded joint positigshen moving to push the cup, the robot needed to align its
and gripper state. We can accelerate the robot's motion bsipper behind the cup before initiating the push motion; if the
skipping actions within the sequence, i.e., downsampling A lagcelerated actions%kip these steps, then the robot failed the
a xed rate n. After downsampling, the new sequenc®has a task. A more fundamental issue, however, was the mismatch
reduced horizon; thus, the execution time of a single predictibetween the robot's speed during training and testing. The
decreases linearly as n increases. Since the prediction horizdrservation history ©= fo {yy ;:::;0,g used to train was

has xed length H, the downsampling rate n is constrainedbtained at the human's teaching speed. When we accelerate
to at most executing one action (n H 1). Note that during execution, the robot collects observations O with larger
omitting parts of the predicted actions makes the scheduleations between images, pushing the robot's policy farther
trajectory lose ne-grained details, and the low-level contraut-of-distribution as n increases. This mismatch between
has to apply larger control signals to track the desired statashaviors the policy has been trained upon and the behaviors
in A% Considering that completing a task may not requirexpected at test time limits acceleration during execution.

the robot to visit all states that the human demonstrated, this

uniform acceleration could potentially speed up task executiqf). accelerating During Training

Figure 3 compares the performance of Normal Speed againsiVith these issues in mind, we next explore methods that
test-time downsampling (Action-D) at rates n = 2 and n = 4downsample the human's of ine dataset. The core idea here is
As expected, the total time decreases as n increases. Howetreat — by reducing the number of datapoints — we effectively



make the human's demonstration faster. Policies trained on thsk-invariant guidelines. We provide a few in-context exam-
accelerated dataset expect rapid movement during executioles of diverse tasks (excluding the target task) to enhance
and thus do not have the out-of-distribution challenge facedasoning and encode optimal strategies. The model outputs an
in Section . In practice, we perform downsampling byrdered set of segments ; lo); :::; ( «;lk)g, where denotes
dividing a single trajectory into n non-overlapping versionghe start and end index for the segment, and | is the label.
The rst version is * = (0 1;a1); (01+n ;814n );:::0, the During training, the robot now has access to a dataset
second version is? = f(0 2;ay); (02+n ;@24+n );:::0, and so D with samples f(x;y;)g and user's chosen downsampling
on. Similar to before, we train new policies with n = 2 andfactor n. The robot then trains its policy on the resampled
n = 4, and test their performance in Figure 3. We nd thadataset. We apply downsampling only for observatiops o
Demo-D has the potential to signi cantly reduce executiowhen label { = speed-up. To directly compare against the
time, and performs the task faster than equivalent versiopevious approaches, we use downsampling factors n = 2
of Action-D. But this speed comes at a cost: increasing &amd n = 4. Our results compare VOLT to the alternatives in
n = 4 sharply reduces the success rate, signi cantly undeFigure 3. For the pick and place task we nd that models
performing the alternatives. Observing the robot's motion, weained with VOLT maintain or achieve a higher success rate
nd that Demo-D fails because the robot is trying to completthan Normal Speed, while for the cup pushing task there is
segments of the task too rapidly. For example, in the pick amdslight decrease in performance, usually due to errors in
place task the robot often misses the cup, and in the pushgripper placement behind the cup. As expected, only speeding
task the robot often knocks the cup instead of sliding it acroep in the segments identi ed by VOLT yield polices that are
the table. The policy tries to address these mistakes — kalbwer than naively downsampling the entire trajectory. But
by the time the robot moves to x errors, the end-effector ighis approach ensures the robot completes the task faster than
already far from the cup and out-of-distribution. Acceleratinthe Normal Speed policy without sacri cing its success rate.
during training has potential, but naively downsampling the

entire motion results in critical failures. D. What Limits VOLT's Acceleration?

Our previous experiments show that we can leverage VOLT

C. VOLT: Vision and Language Trajectory Segmentaﬁon to aCCUratEIy estimate when to accelerate. But what limits the

downsampling factor n? Here we discuss the practical factors

Now that we have a method for accelerating the robottﬁat prevent designers from achieving even faster motions.

policy, we will determine when to speed up the robot's

motion. Our intuition is that the videos included within thd ©licy Inference Delay. The robots high-level policy
demonstration provide the context necessary for segmentfRJIVers its observations into actions. To prevent unintended
the trajectory. For instance, through these videos we cRAuses during evaluation, these actions must be readily avail-
separate between a robot moving close to a cup unintentiGig/€ to the robot. However, when using diffusion policies the
ally, and a robot moving towards a cup to grasp it. BasdRfeTeNce process —i.e., reasoning over images and generating
on this insight, we propose to separate each demonstratfBf ction sequence — is computationally expensive and typ-
into trajectory segments of types (1) maintain-speed: subtadf@!ly €xceeds the high-level control frequency. We mitigated
requiring precision or dexterity, and (2) speed-up: simplél?'s challenge by performing policy inference and action exe-

motions that a robot can exploit to complete a task in |e§§tion asynchronously. But there still remains a fundamental
time than the human demonstrator restriction on the control frequency f as a function of the

. . i . . .
We speci cally leverage Qwen3-VL-32B-Instruct-FP8 [ ]|nference delayitterence< 7. Although increasing horizon H

to autonomously generate the labels for the entire dataset. ‘ﬁl’8ws us to also increase f,_executmg Iong_er action hOI’IZOﬂS
VLM is directed to generate a concise reasoning before selddevents the robot from reacting to changes in the environment.
ing a label for each segment. We manually adjust inferen@en-Loop vs. Closed-Loop. When the robot's pacing
hyperparameters to balance accuracy, and throughput_ O’]ﬁtChes the human demonstrator, it can ConSiStently Update its
hyperparameter values and prompt can be found here: actions in response to errors, and make corrections to improve
. We evaluate the computational cost for segmentitg performance. But if the robot maintains the same control
for all the tasks shown in Figure 2 using a single H2otiequency — and accelerates its motions — then the robot may
GPU. We observe that VOLT generates the labels for all 25@ve large errors before it queries its policy for a correction.
demonstrations in our dataset in 32 minutes with batcHaken to an extreme, if we increase n such that each segment is
inference. To further assess VOLT's applicability to largdust the start and goal waypoints, then the robot loses its ability
scale datasets, we label the 10 longest demonstrations frighieason over any changes in the environment. Designers must
DROID [26], where each selected demonstration contains oJ&pe n to trade-off between faster, open-loop execution and
3500 frames: in this case VOLT requires 12:5 minutes §&Ower, closed-loop corrections.
segment all demos. With demonstrations over 3000 framesHgperiment Results. To test these concepts we increased n
best to downsample the video or separate it into chunks famtil the low-level controller was unable to track the reference
parallel segmentation over shorter context windows. positions output in A. The results are summarized in Figure
The VLM's input (V; p) consists of an entire video demonas VOLT xLarge. Compared to the VOLT alternatives, VOLT
stration V. = fyo;y1;:;yrg along with a text prompt p xLarge has signi cantly lower success rates in both tasks
describing the trajectory segmentation objective with genei@ecreasing performance for Pick and Place by 29:7% and
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