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Abstract—Human-in-the-loop (HitL) robot deployment has
gained significant attention in both academia and industry as
a semi-autonomous paradigm that enables human operators
to intervene and adjust robot behaviors at deployment time,
improving success rates. However, continuous human monitoring
and intervention can be highly labor-intensive and impractical
when deploying a large number of robots. To address this
limitation, we propose a method that allows diffusion policies to
actively seek human assistance only when necessary, reducing
reliance on constant human oversight. To achieve this, we
leverage the generative process of diffusion policies to compute
an uncertainty-based metric based on which the autonomous
agent can decide to request operator assistance at deployment
time, without requiring any operator interaction during training.
Additionally, we show that the same method can be used for
efficient data collection for fine-tuning diffusion policies in order
to improve their autonomous performance. Experimental results
from simulated and real-world environments demonstrate that
our approach enhances policy performance during deployment
for a variety of scenarios.

Index Terms—Human-in-the-loop policies, policy fine-tuning.

I. INTRODUCTION

Human-in-the-Loop robot deployment is a paradigm where
a human operator can intervene and assist the robot during
deployment. It has gained more usage in the field of robot
learning due to the difficulties of deploying learned models,
especially control policies, in the physical world. Although
recent advances in policy learning has shown significant im-
provements in robustness during deploy time, current methods
are still limited to constrained environments due to the lack
of robotics data. Even in the fields with massive data sets
(e.g. natural language processing and computer vision), large
models can still make errors in simple inference tasks due to
hallucinations [13]. This issue is particularly pronounced in
robotics, where available datasets are far smaller compared to
other domains. In robotics, hallucinations in action generations
can produce catastrophic results (e.g., breaking the robots and
human environment). To enable robots to operate effectively
in human environments, it is crucial for them to possess the
capability to collaborate with humans, especially to mitigate
or recover from decision-making errors.

To address this issue, researchers have explored leveraging
human input to enhance policy quality. The core idea is to
provide a small amount of high-quality data to align policies
with practical task requirements. Several key directions have
been investigated. One prominent approach involves human-in-
the-loop policies, a class of control strategies that prioritizes
not only task performance but also performance improvement
through human assistance.
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Fig. 1. Human-in-the-loop policies: We assume a human-in-the-loop robotic
agent that actively requests human assistance when necessary. In our method,
the robot uses an underlying diffusion policy for autonomous operation. During
deployment, we leverage the denoising process inherent to diffusion models
in order to identify states with high uncertainty (highlighted in red), where
the robot seeks operator intervention. We show that this approach allows for
task improvement with a small number of such operator calls. Furthermore,
the human-operated data can also be used to fine-tune the policy, improving
the robot’s autonomous execution performance in future deployment.

However, deploying human-in-the-loop (HitL) policies can
be labor-intensive due to the need for constant monitoring of
robot behavior and frequent, interruptive interventions. This
makes HitL. deployment both impractical and costly in many
applications. Previous works [31] have explored the use of
uncertainty estimation within reinforcement learning (RL)
frameworks as a metric to determine when human intervention
is necessary. While promising, these approaches often suffer
from instability and high sensitivity to the scale of rewards [10],
as they depend on learning a value function from reward signals
that can vary significantly across tasks and environments.

Recent works have adopted data-driven approaches for
policy learning to circumvent the challenges posed by reward
engineering. These approaches typically involve fitting a model
to human-collected data using supervised learning. However,
since human factors are often not considered during data
collection, these models primarily focus on replicating or
generating the training dataset, rather than accounting for
human interaction.

In this work, we propose a data-driven approach for generat-
ing human-in-the-loop policies. Our method leverages diffusion
models and eliminates the need for additional computation
during training. Instead, we utilize the intrinsic properties of
diffusion models — specifically, the denoising process. This
process allows the agent to compute its internal uncertainty
during deployment. When the uncertainty exceeds a certain
threshold, the agent proactively seeks human assistance. The
uncertainty can arise from various sources, and in this work, we
specifically investigate three key causes: data distribution shifts,



partial observations, and misalignment between generated
actions and user intents.

While distribution shifts and partial observability are well-
known challenges in robot learning [18], generative mis-
alignment has emerged as a new bottleneck when training
control policies with offline, human-collected data. This issue
arises from the inherent diversity in the data. For example,
humans may use different motions to achieve the same task.
However, because the model is only provided with the same
task specification, capturing this diversity becomes a significant
challenge for training policies. Even models that effectively
capture such diversity may generate trajectories that do not
necessarily align with human intent or expectations.

A key feature of our method is its dual utility: not only for
deployment but also for collecting additional data to fine-tune
the policy. For distribution shifts, our uncertainty metrics can
identify states that require additional data, enabling targeted
human supervision to improve the policy’s performance. In the
case of partial observability, humans can intervene to guide the
robot in making critical decisions necessary to complete tasks.
For action multi-modality, human guidance can help steer the
robot into states where mode selection becomes unambiguous,
allowing it to effectively execute one of its learned skills.

« We propose a simple yet effective method for building
human-in-the-loop (HitL) policies by leveraging uncer-
tainty estimation of a diffusion-based agent. Our approach
eliminates the need for human-robot interactions during
training and incurs minimal computational overhead
during deployment.

« We validate our method across three key types of de-
ployment challenges. Experimental results show that our
approach effectively requests for human assistance only
in critical states during deployment.

« We show that our critical state identification method can
be utilized to collect targeted fine-tuning data, yielding sig-
nificant performance improvements with smaller datasets
compared to collecting full-trajectory demonstrations.

o To the best of our knowledge, we are the first to use
uncertainty estimations with diffusion policies for human-
in-the-loop deployment.

II. RELATED WORK
A. Difficulties in policy deployment

While generalist real-world robot manipulation policies
have made remarkable progress recently [8, [26]], particularly
in home environments [21, [37], several critical challenges
persist in deploying these policies effectively. First, robots
must handle significant data distribution shifts when deployed
in novel environments. For instance, in the Amazon Picking
Challenge, robots need to perform retrieval tasks across varied
settings. Recent work SIMPLER [18]] demonstrated that even
minor changes, such as altering the robot arm’s texture, can
lead to a dramatic drop in success rate (over 20%). Second,
real-world deployment faces incomplete observations due to
environmental variables like lighting conditions and camera

setups, requiring robots to overcome challenges including
occlusion, clutter, and weak texture features [9]. Third, the
inherent complexity of modeling multi-modal distributions in
human demonstrations, combined with stochastic sampling
and initialization procedures, presents significant challenges
that have been extensively discussed in behavior cloning
literature [7, (L1} 24, 30].

Our work addresses these deployment challenges through a
novel approach: strategically incorporating human assistance at
critical moments. By identifying high-uncertainty states during
deployment, our method enables timely human intervention to
help the robot overcome distribution shifts, handle incomplete
observations, and navigate complex multi-modal action spaces
more effectively.

B. Human-in-the-loop policy

HitL approaches have been widely explored to enhance robot
manipulation policies through various forms of human feedback,
including interventions [24} [32]], preferences [17]], rankings [4]],
scalar-valued feedback [23], and human gaze [39]. Recent
works like HIL-SERL [22] and Sirius [20] further demonstrate
the benefits of human assistance - HIL-SERL achieves high
performance in vision-based real-world RL. At the same time,
Sirius optimizes behavioral cloning by incorporating human
trust signals. The human-in-the-loop paradigm is also a well-
recognized as a practically effective method in deploying self-
driving cars. For instance, ZOOX designs user interfaces [25]]
for human operators to intervene their self-driving cars when
they are stuck on the road.

However, these existing approaches primarily focus on incor-
porating human feedback during training without addressing
when human assistance is most needed during deployment.
They often require extensive human supervision throughout
the process, which can be inefficient and impractical in
real-world applications. In contrast, our work introduces an
uncertainty-aware diffusion model that can actively identify
critical moments requiring human expert intervention during
deployment. This enables more efficient utilization of human
expertise by requesting assistance only when the system’s
uncertainty is high, leading to a more practical and scalable
human-in-the-loop framework.

C. Diffusion models for policy

Recent works have demonstrated the remarkable success
of diffusion-based policies in robotics and decision-making
tasks [2, [7, 127, [29] 33) 35} [38]]. These policies excel at model-
ing complex behaviors and capturing multi-modal trajectory
distributions when trained on high-quality demonstration data.

However, collecting perfect demonstration datasets is often
impractical due to limitations in data collection and the presence
of suboptimal demonstrations. To address this challenge,
researchers have proposed various solutions. One line of
work focuses on guiding the diffusion denoising process
using external objectives, such as reward signals or goal
conditioning [1} 15, (14, [19, 34]]. Other approaches leverage
techniques like Q-learning and weighted regression, either



through purely offline estimation [6, 36] or with online
interactions [12, [15} [28]].

Our work takes a fundamentally different approach by
leveraging the distribution modeling capability of diffusion
models. We observe that diffusion models’ ability to capture
the underlying data distribution can be utilized to quantify
the uncertainty in action modes for each state. This unique
perspective enables us to identify critical states with high
uncertainty where human assistance would be most beneficial,
leading to more targeted and efficient human-in-the-loop
intervention.

III. METHOD

Our method is designed to determine when the agent should
request expert assistance, ensuring optimal use of a limited
number of such calls during deployment. Additionally, we aim
to eliminate the need for expert intervention during the training
phase. This means that the agent has no knowledge about the
effect of an assistance except for the assumption that it would
improve its task performance.

To achieve this, our method leverages the agent’s internal
uncertainty. Specifically, we utilize diffusion models as our
policy class [7]. Diffusion policies offer two key advantages:
(1) they demonstrate robust performance in imitation learning
tasks, and (2) their generative process involves an iterative
denoising mechanism, which provides insights into the agent’s
decision-making process. Their ability to effectively capture
action multi-modality in human demonstration data contributes
largely in their success in robot learning. In this section, we
first introduce diffusion policies, then describe how our method
utilizes its generative process to compute an uncertainty metric,
and finally discuss how this metric can be applied to improve
policy deployment performance.

A. Background: Diffusion Policy

Diffusion policies generate actions through an action-
denoising process, leveraging denoising diffusion probabilistic
models (DDPM). A DDPM models a continuous data distri-
bution p(z°) as reversing a forward noising process from z°
to 2, which is defined as a Markovian chain with Gaussian
transition. The reverse process is to predict the transition (i.e.
noises added during each step) and map the data from 2 back
to 2V. Sampling begins with a random input and iteratively
refines it to produce a denoised output.

Specifically, the generative process of a diffusion policy
7(A|O) starts by sampling a random noise a and iteratively
remove noises by:

a1 = ab —reaon,ab ) + N(0,0°)

To train a diffusion policy, we learn a score function €y
using a MSE loss:

L= MSE(e,eq(o0r,ak k) (1)

Note that when we use a diffusion policy with task space
control, it can be seen as partial forward models that esti-

mate the end-effector pose in future time steps from current
observations and current poses.

B. Human-in-the-loop Diffusion Policies

In this work, we aim to enhance the deployment performance
of diffusion policies by incorporating human assistance. Our
approach estimates an uncertainty metric for the policy, which is
used during deployment to determine when human intervention
is most beneficial. Importantly, the policy is trained using an
offline dataset and does not rely on human assistance during
the training phase.

To estimate the uncertainty of a diffusion-based agent, our
method leverages the generative process inherent in the diffu-
sion policy. As described in Section [[II-A] a diffusion policy
generates actions by iteratively predicting the noise required
to reconstruct the training data distribution. When operating
in task-space control, where the action space represents end-
effector poses, the predicted noise can be interpreted as a vector
field pointing toward the target distribution in the training data.

Hence, in this work, we leverage this vector field to analyze
whether a diffusion-based agent is confident about its generative
target. In this work, we assume that our policy is operating
on task space control and a diffusion policy outputs absolute
end-effector (e.e.) poses and manipulator state. We also assume
that the current e.e. pose is available as an input for action
denoising. Our goal is to estimate an uncertainty metric
Uncertainty(o;) where o; is the observation at time step
t.

To compute this metric, we first sample a set of points
Asampled Within a distance 7 from the current pose. For each
sampled point, we feed the diffusion policy forward and predict
the noise vectors required to sample actions:

(@)

These predicted noise vectors represent the directions toward
the data distribution that the policy aims to recover. In this
work, we use these denoising vectors to estimate uncertainty,
defined as Uncertainty(o;) = f(V'), where V represents
the set of denoising vectors.

A critical characteristic of human demonstration is its multi-
modality, which means that naive variance estimation of
the vector field may fail to provide meaningful uncertainty
information. To address this, we leverage Gaussian Mixture
Models (GMMs) to capture the multi-modal nature of action
generation. As detailed in Algorithm [I] our method first fits
the collected denoising vectors with n GMMs, each using a
different number of modes. We then select the best-fit GMM
for uncertainty estimation:

1
D(U) = % Zl - Sc(giagj)
2,3

V= 69(0t7 Gsampled; 0)

where,
9i - gj

llgill - 1lg;]l
We also evaluate its variance as part of the uncertainty

Sc(giagj) =



Algorithm 1 HitL Policy Deployment

1: while rollout not done do
2:  Sample a set of points uniformly within the radius of r
3:  Feed forward the diffusion policy 7 to collect a set of
vectors V'
Estimate uncertainty in this state using Eqf]
if D> Dipreshota then
Execute an action apymqn from human input
Save intervention data (0;, Apuman) 0 Dint
else
Execute an action a; from the policy m(a¢|st)
10 end if
11: end while
12: if fine-tune then
13:  while fine-tuning not done do
14: Sample a batch of data from Dy; and Dirain
15: Optimize 7 using Eq. [I]
16:  end while
17: end if

R A A

estimation:

Varg(v) = Zp(vn)\/ar(vn) 3)
n

Putting them together, we can estimate the overall uncertainty

as:

Uncertainty(o;) = D(v) + aVary(v), )

where « is a constant.

This uncertainty estimation considers two aspects of our
diffusion-based policy: 1. the number of modes the policy may
generate and how diverged they are; 2. the internal variance of
each mode. Here, we use negative cosine similarity to evaluate
mode divergence.

C. Uncertainty-based human intervention and policy fine-
tuning

With estimated uncertainty, during deployment, we can set
a threshold to determine whether we are asking for human
assistance. In this work, we consider three types of deployment
issues that may cause uncertainty in the generative process:

« Data distribution shift. This is common for any learning
system. Specifically in robot learning, this distribution
shift can be caused by any data used in the robot system.
For example, visual observation distribution shift can be
caused by change of lighting condition. A special case
for robotics is the change of dynamics that is caused by
interacting with novel objects.

« Partial observability. This issue is present in almost all
the robotic systems. The common approach to solve it
can be redesigning sensors, adding sensors or changing
sensing locations. However, in this work, we argue that
it is impossible to have a sensor setup that provides full
observations for all the tasks. Hence, the aforementioned
solutions are limited by a specific task.
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Fig. 2. Simulated environments. We considers three major problems during
policy deployment. (a) Distribution shift; (b) Partial observability (c) Action
multi-modality.

o Mis-alignment between generated actions and human
intents. Human demonstrations are naturally multi-modal
since humans are not good at reproducing the same
trajectory. In some tasks, this diversity can produce action
trajectories that achieve different goals. This is actually a
data under-specification problem since the task description
is not detailed enough to describe the expected behaviors.

Although all of these issues can be alleviated by human inter-
vention, only data distribution shift and action multi-modality
are suitable for policy fine-tuning to get better performance in
a more autonomous manner. For partial observability, correct
decision making is impossible without changing the available
observation (e.g. use longer history of observations or change
hardware to get better observation).

During policy execution, these problems may not be present
in all states. In fact, many states are easy to make decisions.
For example, moving the arm in free space is usually easy and
does not require human attention to help the robot.

Our method uses the proposed uncertainty metric to deter-
mine whether to call for human assistance. In these states, a
human can take control of the robot and tele-operate it until
its uncertainty is low. Finally, our method can also be used
to collect data to further fine-tune the policy. This allows for
better performance in the next policy execution.

To fine-tune a policy, we save the observation and action
pairs {O, A} when a human operator is intervening with the
robot and use this data set to fine-tune a diffusion policy. To
avoid catastrophic forgetting [3], we sample from both the
fine-tuning dataset Dy; and pretraining dataset Dypq;pn. For
each mini-batch, we ensure 50% are from Dyy.

Putting all components together, the final pipeline contains
three main steps: 1. train a diffusion policy; 2. deploy it with
uncertainty estimation and employ human intervention; 3. if
the problem can be resolved by fine-tuning, use the human
intervention data to fine-tune the diffusion policy.

IV. EXPERIMENTS

We validate our method on three types of deployment
problems discussed in Section [III-C} conducting experiments in
both simulated environments and real-world robotic setups. In
this study, we assume that humans are capable of tele-operating
the robot to successfully complete tasks. Therefore, with
sufficient human intervention and assistance, the task success
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rate can theoretically reach 100%. However, a critical aspect
of human-in-the-loop deployment is the efficiency of human
intervention—the robot should request assistance conservatively,
minimizing unnecessary interruptions.

To evaluate the effectiveness of our method, we focus
on two key aspects across all experiments. First, we assess
the efficiency of human-robot interaction by measuring the
frequency and necessity of human interventions. Second,
we evaluate the improvement in task performance achieved
through human assistance and policy fine-tuning, quantifying
the benefits of integrating human feedback into the system.

To benchmark our method, we compare it against two
baseline approaches that incorporate uncertainty estimation.
Unlike most offline learning methods, which lack uncertainty
estimation, these baselines serve as meaningful points of
comparison, as the absence of uncertainty estimation limits their
adaptability to a human-in-the-loop framework. The baselines
considered in this work are as follows:

o Gaussian Processes (GP) Imitation Learning. This
baseline uses Gaussian Processes as the policy class
for imitation learning, leveraging the natural uncertainty
estimation provided by GP. Visual inputs are encoded into
feature vectors using a pretrained CLIP visual encoder.

« HULA-offline [31]. HULA is a human-in-the-loop policy
learning method based on reinforcement learning. In this
baseline, we augment the dataset by labeling rewards:
each step receives a reward of 1 if it is the final step of
the trajectory and 0 otherwise. While the original HULA
method is designed for online RL, we adapt it to offline
RL by implementing an offline variant using Conservative
Q-Learning (CQL) [16], since only offline datasets are
available during training.

A. Environments

In this section, we briefly summarize the environments that
we test our method on in both simulated and real world setting.
Details about each environment and statistics of collected data
from them are included in the supplementary materials [ref].

Distribution shift: Lift-sim. we first consider the deploy-
ment problem of distribution shift. In this task, we ask the
robot to grasp and lift objects in a table-top setting. During
pretraining, demonstration data is collected using only a red
cube (see FigH). For testing, we rollout the pretrained policy to

Real robot experiments.

grasp unseen objects (round nuts, hammers, and hooks) during
training.

Partial observability: Cup Stacking. we then test our
method on problems with partially observable environments.
In this task, we ask the robot to grasp a green cup and place
it inside a red cup stably. In this task, we use three views
as our visual observation: a front view, a side view and a
wrist view. Successful execution requires the robot to infer
object alignment based on its observations. Misalignment can
lead to unintended collisions, resulting in catastrophic failures,
such as the red cup tipping over or becoming unstable. To
introduce variability and train a robust policy, cup positions
are randomized during data collection.

User intent misalignment: Open drawer. Here, the robot
is tasked with opening one of three drawers in the scene.
The collected dataset includes trajectories for opening each
drawer, with approximately 33.3% of the data corresponding
to each drawer. Importantly, the dataset does not specify which
drawer is being opened in a given trajectory, introducing under-
specification in the dataset.

B. Real robot experiments

Finally, we validate our method on real robot data collected
using tele-operation. In this work, we use a tele-operation
system to collect human demonstration data. The robot is
controlled by a trakSTAR electromagnetic 6DoF pose tracker
and a gripper control unit that provides continuous commands.
To meet the need for real robot deployment, we use de-
noising diffusion implicit models (DDIM) that allow for high-
frequency action generation. Since DDIM can be used with
a DDPM, our method can be directly applied to a DDIM
model. Unlike DDPM, our vector field sampling can be
parallelized and batched feed-forward with the model. Hence,
this additional computation does not add a big overhead during
policy deployment. Details about hyper-parameters used with
DDIM can be found in supplementary materials .

In this work, we evaluate our method on 4 real robot tasks
(see Fig. 3). Similar as the simulated experiments, we show
an example in each of the deployment problems.

Lift-real. This task extends the lift-sim setup to the real
world, where the robot is trained to grasp a set of objects
(Fig. 5) and tested on unseen objects to evaluate generalization.
Although some objects from train and test set are visually
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Fig. 5. Objects used for the Lift-real task. The left and right images show
training and testing objects respectively.

similar, the robot needs to learn different strategies to grasp
them. For example, the cup we use for testing has a higher
radius than the one in the training set, making it difficult to
cage with a gripper. The robot needs to learn to grip the rim
of the cup to achieve stable grasps.

3-Mode Pushing. In this task, the robot is required to push a
cup to three designated locations on the table, marked with blue
tape. The dataset used for training includes equal proportions
of pushing trajectories for each of the three locations, with
each mode a third of the full dataset. Notably, during training,
the specific target location (mode) for the push is not explicitly
provided to the robot.

Ramekin Stacking. In this task, the robot is required to
pick up one ramekin and place it on top of the other. The
success criterion for this task is achieving stable placement,
where the top ramekin is horizontally aligned with the bottom

one. This requires precise alignment between the two ramekins.

As shown in Fig. 9 a key challenge arises during stacking
because the bottom ramekin becomes occluded in the wrist
camera view, making it difficult for the robot to achieve proper
alignment for stable placement.

Nut Pick-and-Place. The final task evaluates our method on
a pick-and-place scenario where the robot must pick up a nut
and place it onto a lug. The success criterion for this task is
achieving a stable placement of the nut, ensuring it is properly
aligned for threading. This task demands high placement
precision, which is particularly challenging to achieve using
visual observations alone.

Fig. 6. Qualitative results for uncertainty estimation of the learned policy
with the simulated task. The color of the trajectory represents the uncertainty
estimation of the agent. Each dot represents a action prediction from the policy.
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Fig. 7. Multi-modal demonstrations and learned modes from diffusion policy
in the 3-Mode Pushing task.

V. RESULTS

A. Task performance

As a sanity check, we first evaluate the task performance
of the diffusion policy on each task under the training data
distribution. For the Lift-sim task, diffusion policy achieves a
100% success rate with the training object but fails completely
(0% success rate) when tested on unseen objects.

In the Pick and Insert Cup task, the robot consistently picks
up the green cup (100% grasp success rate) but fails to place
it into the red cup due to alignment difficulties, resulting in an
overall success rate of 0% without human assistance. We also
note that this task is sensitive to observation selection—training
with only side and front views causes the robot to fail at
grasping the green cup.

For the Open Drawer task, the diffusion policy successfully
learns to open a drawer with 100% success if the specific drawer
is unspecified. Interestingly, despite the under-specified training
(i.e., no conditioning on which drawer to open), the policy
captures the multi-modalities of the training distribution. As
shown in Fig.[7] during 100 rollouts, the robot opens the middle
and bottom drawers in 15% and 85% of trials, respectively,
but never opens the top drawer with random sampling.



TABLE I
AVERAGE # OF HUMAN ASSISTANCE STEPS FOR SIMULATED TASKS

Lift-sim  Cup stacking Open drawer
HULA-offline 56 54 22
Denoising Uncertainty (ours) 20 5 8
Full-trajectory length 80 147 115
TABLE I

HITL CONTROL EFFICIENCY FOR REAL ROBOT TASKS: AVERAGE # OF HUMAN ASSISTED STEPS DURING POLICY DEPLOYMENT

‘ Lift-real Ramekin stacking 3-Mode Pushing Nut PnP

Denoising Uncertainty (Ours) ‘ 7.2 6.8 6.5 8
Full-trajectory length ‘ 80 112 99 49
B. Efficiency of human interaction 0.6 -~ HitL fine-tuning (Ours)
We then evaluate human-in-the-loop deployment perfor- ~o- Full-trajectory fine-tuning
mance of these tasks. As mentioned in Section the policy 051
deployment can always achieve 100% success rate with human 2 041
assistance. Hence, in this evaluation, it is important to look ﬁ
into the number of human assistance steps used to complete 8 Q.3
the task. é 0.2+
As shown in Table [} for all simulated tasks, our results
show that the policy can achieve the task with small number el
of human steps. Compared to the baseline, our method can 0.01

consistently complete the task with less human interventions.
In all tasks, HULA-offline requires many steps to assist the
robot because of its mis-estimation of uncertainty of the agent.
For instance, for the open drawer task, it assign high but very
similar uncertainty values to all states whose z-axis is lower
than the middle drawer. This make threshold difficult — if
threshold is too high, we cannot complete the task; if the
threshold is too low, more human assistance is needed.

In contrast, our method can identify crucial states that
allows for successful task completion using small number of
human steps. For the Lift-sim task, the robot only seeks human
assistance when its gripper is close to the object, allowing the
human to pose the gripper to locations that leads to successful
grasp. After the human assist the robot to grasp the object, it
can lift it without any human intervention. For the Pick and
insert cup task, our method identify states where the agent fails
to align the two cups as high uncertainty. In a similar case,
where the robot needs to pick up the green cup, since it has a
full observation to complete the grasping, it has low uncertainty.
This shows that our uncertainty estimation can capture how
partial observation affect an agent’s decision making. Finally,
for the open drawer task, we shows that we allow users to
choose one of the modes that is learned. The policy asks for
assistance when it is reaching to one of the drawer. Once the
human operator steers it to a certain height, the robot can
autonomously complete the open drawer tasks. We also want
to mention that the robot can stably open all the drawers stably
with human assistance.

C. Fine-tuning performance

A key feature of our method is its ability to identify states
where the policy exhibits high uncertainty. These states are

0 100 200 300 400

Fine-tune data size (# of time steps)

Fig. 8. Average success rate of fine-tuning the Lift task with different number
of human demonstration samples.

particularly valuable as they highlight areas where the policy
can benefit from additional data collection for fine-tuning. By
addressing these high-uncertainty states, the policy can achieve
improved autonomous performance and greater robustness in
future deployments.

Our experimental results demonstrate that leveraging our
uncertainty metrics effectively reduces the amount of data
required for fine-tuning while still achieving significant per-
formance improvements. In this evaluation, we utilize human-
assisted trajectories to fine-tune the diffusion policy. To mitigate
the issue of catastrophic forgetting during fine-tuning, we
adopt a balanced sampling strategy. Specifically, for each
mini-batch, data is sampled equally from both the pretraining
dataset and the fine-tuning dataset, with each comprising 50%
of the batch. This approach ensures that the policy retains
knowledge acquired during pretraining while incorporating new
information from the fine-tuning process, thereby maintaining
robust overall performance.

As shown in Fig. [§] our policy performance improves by
63.3% on average if we collect 160 time step of data whereas
it only improves the policy by 28% success rate if we collect
the full trajectory. This shows that our method can identify
states that the policy needs more information. Compared to the
baseline, our method also consistently achieves higher success
rates with the same amount of fine-tuning data. Note that



TABLE III
FINE-TUNING PERFORMANCE OF THE Lift-real TASK.

Train  Test

Zero-shot 1 0.16

HitL fine-tuning 1 0.63
t=23 t=70 t=73 t=75

ja.s

Initial state Reaching to grasp Aligning two cups to stack

Fig. 9.
The top row shows image frames from one of the side cameras and the bottom
row shows the view of the wrist camera.

the data used for each fine-tuning experiments are collected
independently (i.e. the human-in-the-loop fine-tuning data set
is not a part of the full-trajectory data set). For the HitL
fine-tuning, the fine-tuning dataset only consists of actions
when the robot is operated by human operators, instead of full
trajectories.

D. Evaluation on real robot experiments

Finally, our results on real robot experiments shows that our

method can be used with policy trained with real world data.

With human-assisted deployment, the robot can complete all
four tasks. On average, our method only requests help from
the human for approximately 8.3% of time steps during policy
execution (see Table [[I). Since we are using action chunking
during real robot deployment, we allow the human to control
the robot four steps, the same as the diffusion policy. For
all tasks, the robot asks for assistance for less than 6 times
(each assistance with 3 human control steps). Details about
the evaluations protocol (e.g. the number of rollouts for each
evaluation) are included in supplementary materials.
Qualitatively, our method identify crucial states during policy
execution. For example, in the Lift-real task, the robot ask for
assistance when the gripper is close the the object. Using
human-collected data, we can fine-tune the diffusion policy to
improve 47% success rate on average. In the 3-Mode Pushing

Fig. 10. Rotation of the gripper around z axis while grasping the nut with
the same initial pose of the nut. The background nut image is used only for
visualization, not observations.

Examples of observations for Ramekin Stacking in different stages.

Top mode
| — Middlemode |

Bottom mode

Random rollout Policy steering

Fig. 11.
steering.

Object trajectories visualization: policy random rollout vs policy

task, the robot can autonomously reach to the other side of the
object and transfer control to the human operator for posing the
gripper to different relative poses to push to different regions.
Another common case in this task is that the robot ask for
assistance while it is in the center of 3 modes. As shown in
Fig. [[T] with policy steering, we can stably achieve different
goals whereas policy random rollouts can only reach 2 out
of 3 goals. In the Ramekin Stacking task, our method asks
for assistance during stacking. As shown in Fig[J] the bottom
ramekin is visually occluded, making alignment difficult.

Finally, in the Nut Pick-and-Place task, our method assigns
high uncertainty to two critical stages of execution. The first
stage occurs during the positioning phase for grasping, where
the dataset contains diverse strategies for aligning the gripper
with the nut’s edge. Interestingly, when rolling out the policy
multiple times with identical initial nut configurations, the
robot exhibits varying rotations around the z-axis to grasp the
nut (see Fig. [I0). This highlights the ability of our uncertainty
metrics to capture critical decision points during execution. The
second stage of high uncertainty arises during the placement
phase, where precise positioning of the nut is required. The
visual observations from the wrist camera and the two side
cameras fail to reliably determine the stability of the placement,
resulting in elevated uncertainty during this stage.

VI. ABLATION STUDY

TABLE IV
ABLATION STUDY: EFFECT OF SAMPLING RADIUS ON FINE-TUNING
PERFORMANCE OF THE Lift-sim TASK.

Radius of sampling 0.01 0.03 005 0.1
# of fine-tuning steps (}) | 60.3 31.6 20 463
Success rate (1) 046 055 0.63 0.53

In this section, we investigate how hyper-parameters affect
the performance of our HitL agent. The choice of these
hyper-parameters plays an important role of our uncertainty
estimation, and hence can affect how the robot ask for human
assistance.

A. Sampling Radii v

The radius parameter determines the neighborhood size for
collecting denoising vectors used in uncertainty estimation. We



evaluate its impact in two experiments: fine-tuning performance
on unseen objects for the Lift-sim task and human-robot
interaction efficiency with the Cup Stacking task.

In HitL fine-tuning for Lift-sim (see Table , we test radii
ranging from 0.01 to 0.1. A radius of 0.05 achieves the best
balance between intervention steps and success rate, requiring
only 20 interventions while improving the success rate by 0.63.
This efficiency results from accurate uncertainty detection when
the gripper approaches unseen targets but fails to grasp them.
Smaller radii (0.01, 0.03) and larger radii (0.1) yield less precise
estimations, leading to interventions that are either premature
or delayed, reducing success rates despite more interventions.

In the cup pick-and-place task, where occlusion affects
the final placement phase, an optimal radius (0.03 — 0.05)
detects high variance during critical moments (steps 137 — 139),
accurately identifying challenges caused by partial observability.
Larger radii (0.2 — 0.5) shift high-variance detection earlier
in the trajectory (steps 47 — step 29), introducing noise and
obscuring uncertainty patterns.

Overall, a radius of 0.05 consistently achieves optimal
performance by balancing local and global uncertainty estima-
tions. Smaller radii miss key trajectory patterns, while larger
radii incorporate irrelevant vectors, reducing the accuracy of
uncertainty estimation in robotic manipulation tasks.

B. Scaling constant « in uncertainty calculation

The alpha parameter serves as a scaling factor in our
uncertainty calculation, balancing two components: mode
divergence and overall variance. Mode divergence captures
directional differences between action modes using cosine
similarities, while overall variance measures spread within
each mode.

Directional differences typically provide stronger uncertainty
signals, and small « values (0.01 — 0.1) emphasize mode
divergence, effectively identifying critical occlusion phases
(e.g., step 139). This highlights mode divergence as a reliable
indicator of uncertain states.

As « increases (0.3 — 0.5), the overall variance term
gains more weight, raising both maximum (0.93 - 1.13)
and minimum (0.075 —-0.101) variance values. However, this
added emphasis on within-mode spread does not significantly
enhance uncertainty detection, supporting the dominance of
mode divergence as the more informative component.

The variance term remains essential for distinguishing
states with single action modes, where mode divergence
alone would yield identical scores. While « affects absolute
uncertainty values, it has minimal impact on identifying critical
steps (consistently around steps 137-139). This robustness
demonstrates that our method effectively captures task-relevant
uncertainties primarily through mode divergence, with « fine-
tuning the signal.

VII. LIMITATIONS

Our work investigates methods for seeking human assistance
in a non-interruptive manner. However, a key limitation of
this approach lies in the lack of problem identification. This

limitation restricts our method from transferring full control of
the robot to human assistance when necessary. While human-
in-the-loop policies present a promising direction for deploying
robots, it is crucial to identify the root causes of deployment
problems to enhance autonomous performance in the future. In
this work, there is no mechanism for autonomously classifying
deployment issues. Nonetheless, we empirically observe that
analyzing uncertainty from different dimensions of the denois-
ing vector can sometimes provide insights into the problem’s
source. For instance, high uncertainty in position compared to
rotation may indicate distinct underlying challenges.

VIII. CONCLUSIONS

In this work, we propose a novel method that enables a
robot actively and efficiently requests for humans’ assistance
during deployment. By utilizing an uncertainty-based metric,
our method identifies situations where human intervention is
most beneficial, thereby reducing unnecessary monitoring and
intervention. Experimental results demonstrate the versatility of
our method across various deployment scenarios, significantly
improving policy performance and adaptability in real-world
conditions. This work addresses one of their key challenges in
human-in-the-loop robot deployment, minimizing human labor
while maximizing robot autonomy and reliability. Additionally,
our approach highlights the potential for using such interaction-
driven methods to refine and fine-tune policies through targeted
data collection.

For future work, we aim to further automate this process by
exploring what types of information most effectively facilitate
human-robot communication. Specifically, we will investigate
how to design interpretable feedback that allows robots to
convey their uncertainty and intent in a manner that is intuitive
for human operators. Furthermore, we will study advanced
control mechanisms that enable humans to seamlessly intervene
and guide the robot when necessary. These efforts will help
bridge the gap between fully autonomous systems and human-
in-the-loop deployment, enabling more efficient and scalable
solutions for real-world robotic applications.
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