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Abstract— Generalist robot models promise broad applica-
bility across domains but currently require extensive expert
demonstrations for task specialization, which is a costly and
impractical barrier for real-world deployment. In this article,
which summarizes the author’s presentation in the New Faculty
Highlights Track of the 39th annual AAAI Conference on
Artificial Intelligence,1 we present algorithms that enable non-
expert users to adapt and continually improve robot policies
through natural and lightweight feedback modalities, such as
preference comparisons, rankings, ratings, natural language,
and users’ own demonstrations, combining them with active
learning strategies to maximize data-efficiency. We further
introduce methods for leveraging real-time human interven-
tions as rich training signals, modeling both their timing and
absence to refine policies continually. Our approaches achieve
substantial gains in sample-efficiency, adaptability, and user-
friendliness, demonstrated across simulated and real-world
robotic tasks. By aligning robot learning with how humans
naturally teach, we hope to move toward autonomous systems
that are more personalized, capable, and deployable in everyday
environments.

I. INTRODUCTION

Robots are poised to transform many aspects of everyday
life, from helping with home chores and supporting patient
care in hospitals to improving agricultural productivity and
improving manufacturing. In home environments, for exam-
ple, robots have the potential to help people with routine
tasks like cleaning, laundry, and even self-care, which can
especially benefit older adults and individuals with disabili-
ties [2]. In healthcare, robots now perform roles ranging from
surgery and rehabilitation to socially assistive care and telep-
resence [3]. Agricultural robots can handle labor-intensive
jobs such as planting, weeding, and harvesting, addressing
labor shortages while increasing yields [4]. In industrial
settings, collaborative robots (cobots) are introducing new
flexibility by working safely alongside humans on assembly
lines and in warehouses [5].

Across these domains and many more, the ability to
adapt and learn is crucial. Robots must handle diverse tasks
and changing conditions, which motivates research in robot
learning. One promising avenue is the recent development
of generalist robotic models, often in the form of vision-
language-action (VLA) policies. These generalist models
are trained on extremely large datasets and can often be
specialized to be instructed with multimodal inputs (e.g.,
images and language) to perform specific tasks. For instance,
Octo [6] is a transformer-based policy pretrained on hundreds

1An abstract of the talk was published in [1].

of thousands of demonstrations, which is then fine-tuned to
different robots and tasks. Similarly, Google’s RT-2 VLA
model [7] leverages web-scale vision-language pretraining
to transfer knowledge into robotic manipulation.

The standard practice for specializing generalist mod-
els is to fine-tune them with a large number of expert
demonstrations for each new task or environment [6]–[13].
In practice, this means collecting hundreds of high-quality
demonstrations (usually teleoperated) per task to achieve
reliable performance. This reliance on large expert data poses
a major bottleneck outside of laboratory conditions: expert
demonstrations are slow and costly to collect [14], especially
in unstructured real-world environments with non-technical
users. Thus, there is a need for more data-efficient ways to
adapt robot policies to specific user needs and contexts.

Many researchers, including our research group, have
explored alternative feedback modalities that are easier to
obtain from everyday users, such as preference comparisons
[15]–[17] and rating-based feedback (e.g., bad vs. good vs.
very good) [18]–[21]. Rather than providing a full demon-
stration of a task, a human can simply choose which of
two robot behaviors is better, or rate the behavior. These
forms of feedback lower the bar for user participation. For
example, it is often easier for a person to select a preferred
trajectory than to kinesthetically demonstrate the task from
scratch [22]. Such feedback modalities have been quite useful
in other domains that adopted large pretrained models, and
we expect increasingly more interest and applications in
robotics, too. We present and discuss our contributions in
this direction in Section II.

The challenge, however, is that these lightweight feedback
modalities tend to provide information in small increments,
meaning the robot may require an even larger number of
interactions than demonstrations to learn an effective policy
[22], [23]. Therefore, preference- and rating-based feedback
can reduce the upfront burden of demonstration collection,
but often at the cost of needing many more rounds of
interaction, which is itself impractical for non-expert end-
users.

Moreover, none of these feedback types is natural: people
typically teach each other by using their own demonstrations
(without “teleoperating” their partner) or by talking in natural
language [24]–[29]. In Section III, we are motivated by this
mismatch between human-human and human-robot interac-
tions. We ask: can we develop algorithms that are accessible
to non-expert end-users by enabling robot learning from easy



Fig. 1: (left) We developed algorithms to learn from humans’ preference
comparisons [17], (right) which enabled learning the gait preferences of the
lower-body exoskeleton users [21].

and natural types of human feedback, such as natural lan-
guage and humans’ own demonstrations? These algorithms
will enable everyday people to fine-tune generalist models
with ease to achieve specific tasks.

Finally, once robots are deployed in real-world environ-
ments, they will inevitably make mistakes. But each mistake,
if handled well, is an opportunity for the robot to learn.
Consider a robot that is helping in a kitchen: if it reaches for
the wrong object or is about to spill something, the human
user will instinctively intervene or even correct the robot.
Traditionally, such interventions are viewed as failures to
be minimized, but an emerging perspective treats them as
valuable feedback signals [30]–[35]. When a user presses an
emergency stop or physically guides the robot away from an
error, the event carries information about undesirable actions
or states [36]. Prior works have incorporated these signals
in relatively heuristic ways, e.g., by assigning a negative
reward to the robot’s policy whenever the human intervenes
[34]. Another approach is to impose safety constraints on
the robot’s model upon intervention: for instance, an al-
gorithm might treat the trajectory segment that led to an
intervention as violating a constraint and adjust the policy
to downweight that behavior [35]. These intervention-based
techniques have shown improvements in sample-efficiency
and safety. However, they often treat the human input in a
simplistic way (e.g., every intervention is a uniform penalty),
losing nuance about how the human corrected the robot or
what the human’s goal was.

Moving forward, there is a need for a more principled
modeling of human interventions and corrections. Using
such computational models, the robot could extract far more
information per feedback than a binary penalty. In essence,
rather than hard-coding interventions as negative rewards or
constraints, the robot should learn from interventions in a
rich way, inferring the underlying intended lesson and gen-
eralizing it to future situations, which promises dramatically
higher data-efficiency. We present some preliminary results
in this direction in Section IV.

In summary, generalist robotics models stand to impact
a broad range of fields, but we must enable them to learn
effectively from everyday human feedback. Our research
thus points toward unifying various feedback types in a
way that leverages the strengths of each. By modeling the
human as a fallible but informative teacher and the robot as
an active learner, we can begin to bridge the gap between
human teaching and robot learning. Ultimately, our research
aims to allow robots to continually learn from the natural

interactions that occur as people use them, making robots
more personalized and adaptable [37].

II. LEARNING FROM PREFERENCE COMPARISONS

A core research direction we have worked on is
preference-based learning. More recently known as rein-
forcement learning from human feedback (RLHF) [16],
preference-based learning algorithms have been the standard
technique for aligning foundation models [38] with human
preferences and societal values [39]. In this framework, an
AI system presents (at least) two options to a human user
and asks “which one do you prefer?” This is visualized in
Figure 1(left). The human’s response to this question reveals
information about the objective function the AI system
should optimize. For example, we denote a pairwise compar-
ison question between two options (e.g., robot trajectories)
τA and τB as S = {τA, τB}. Without loss of generality,
when the user responds with q = τA, a Bayesian update is
performed for the parameters ω of the reward function the
AI agent is trying to learn:

P (ω | D, S, q) ∝ P (ω)
∏

(S,q)∈D

P (q | ω, S)

where D is the data collected from the human up to the
current iteration. On the right-hand side, the first term is
simply the prior belief about the parameters ω. The second
term is the likelihood, and different choice models are
adopted in the literature, such as Bradley-Terry model [40]
or Thurstonian model [41]:

Bradley-Terry: P (q | ω, S) ∝ expRω(q)

Thurstonian: P (q | ω, S) ∝ Rω(q) + ϵ−min
q̄∈S

Rω(q̄)

where ϵ ∼ N (0, σ2) is Gaussian noise added independently
to different options q′ ∈ S. In addition to these noisily
optimal models, we also studied models from behavioral eco-
nomics that aim to better capture human decision-making by
incorporating humans’ biases, such as cumulative prospect
theory [42], [43].

Regardless of the likelihood model used, this preference-
based learning framework allows the human to give feedback
to the system without controlling it themselves, i.e., without
giving a demonstration. It enables humans to train or adapt
AI systems simply by stating a choice between the presented
options. Therefore, preference feedback is considered easy-
to-collect.

In our research, we developed a family of algorithms
that convert preference feedback into reward functions and
control policies for robots. We have formalized pairwise
preferences, rankings, scalar ratings, and integrated them
with other feedback modalities, like demonstrations, in a
unified Bayesian learning framework [44], [45].
A. Pairwise preferences for reward learning

For preference-based learning to be useful in robotics, it
needs to be both data-efficient, so that users will not have
to interact with the robot for thousands of preference data
samples to teach it a single task, and user-friendly, so that
users will be able to train robots by reliably indicating their
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Fig. 2: The works we present in Section III and Section IV discuss different ways non-expert humans can train robots post-deployment. As opposed to
the common practice, we avoid fine-tuning with expert demonstrations, which are not accessible to everyday people.

preferences.
To increase both data-efficiency and user-friendliness, we

developed active learning methods that enabled the robot to
intelligently choose which preference comparison question
to ask to the user. Specifically, our information gain based
method [23], where the robot asks questions that maximize
the mutual information between the user’s response and the
parameters to be learned (e.g., the weights of the reward
function), uses the following acquisition function:

S∗ = argmax
S

I(q;ω | D, S) .

By maximizing the mutual information in this way, our
method has led to 10× improvement in data-efficiency over
the baselines at that time, e.g., volume removal [15]. This
formulation also enabled us to derive an optimal stopping
rule and to incorporate users’ “about the same” responses
[46]. Our information gain based active querying method for
preferences is still widely used as the state-of-the-art, and
our open-source library APReL [47] makes it convenient for
newcomers to start using different active learning algorithms
with different forms of feedback and likelihood functions.
We later extended our preference-based learning and active
querying algorithms to arbitrary objective functions (rather
than the specific case of minimizing uncertainty about the pa-
rameters ω) [48], to the cases where prior can be constructed
with expert demonstrations [17], and to nonlinear reward
functions, like neural networks [49] or Gaussian processes
[50], [51].

These improvements over data-efficiency and functional
forms of reward functions enabled us to deploy our
preference-based algorithms in many different application
domains, including minimizing congestion in traffic networks
by setting prices in ride-hailing services or taxi fares after
learning users’ price-latency tradeoff [52]–[54], recommen-
dation systems [55], and a lower-body exoskeleton platform
where we leveraged users’ preference data to optimize their
comfort and safety [21] (see Figure 1(right)).

While the use of active learning techniques like infor-
mation gain maximization improves data-efficiency, they
require solving an optimization problem for each and every
query, incurring a large computation overhead. Thus, we
developed batch-mode active preference learning to generate

diverse, informative sets of comparison queries at once,
enabling faster wall-clock progress without redundant ques-
tions [56]. We used determinantal point processes (DPP)
[57] to pick batches that balance information gain with
diversity, and showed on multiple robotic simulations that
these batches converge quickly while dramatically reducing
query-generation time [58], [59].
B. Beyond pairwise comparisons

Our research broadened feedback beyond pairwise com-
parisons in multiple major directions.
1) Multimodal rewards from rankings

When data come from multiple people (or a single user
with multiple goals) preferences are inherently multimodal.
We formulated reward learning as a mixture of Plackett–Luce
ranking models [60] and extended our active information-
gain objective for ranking queries [61].
2) Hierarchical queries for dynamic reward functions

People’s preferences change over time depending on their
interactions with the world and the AI system. To capture
this, we developed hierarchical preference queries where
scenarios follow each other based on the user’s choices
[62]. This enabled us to learn dynamically changing reward
functions from preferences.
3) Preferences with magnitude

After observing that the presence of “about equal” op-
tion improved both data-efficiency and user-friendliness, we
developed a user interface that allows users to not only
indicate their preference but also signal the magnitude of
their preference, i.e., how much more they prefer one option
over the other [63]. We also developed a likelihood model,
i.e., human choice model, for such feedback. In this way,
we significantly improved the information bandwidth of
preference feedback.
4) Attribute preferences

It is often useful for the system to know why a user
preferred one option over the other. To this end, we devel-
oped models of learning from attribute queries where the
system asks if the user prefers more or less of an attribute
(e.g., higher or lower speed) [55], decreasing the amount of
required interactions with the user by further improving the
information bandwidth.



Another limitation of standard preference-based feedback
for robotics is its requirement for the user to watch multiple
trajectories of the system before deciding which one they pre-
fer. However, a more natural way to convey preferences is by
using language. As humans, we simply give instructions or
corrections in natural language, e.g., “cut the künefe in larger
slices.” Enabled by the advances in language models, we
formulated reward learning problem as a machine translation
problem where translation happens between trajectory and
language spaces. This led to preference learning algorithms
that are almost 2× faster in wall-clock time than even
learning from pairwise comparisons as the users now need
to observe only a single trajectory [64]. Besides, the fact
that the users themselves are choosing which aspect of the
robot’s behavior they give feedback about (e.g., slice size but
not the amount of syrup) further improved data-efficiency as
it also carries information about their preferences.
5) Learning from ratings

Finally, we developed algorithms that enable preference
data to be used with ratings, numerical scores humans
assign to options, which are abundant in some applications
like recommendation systems. Extending our information
gain based active querying method to this mixed ratings-
and-preferences setup allowed us to learn gait preferences
of lower-body exoskeleton users where data-efficiency is
extremely important [21] (see Figure 1(right)).

III. LEARNING FROM NATURAL TYPES OF FEEDBACK

While different forms of preference data paired with active
querying algorithms present a convenient way for users to
train/adapt robots, their information bandwidth is extremely
limited compared to expert demonstrations collected via
teleoperation. Expert demonstrations, on the other hand, are
not accessible to everyday users who are not technical experts
(see Figure 2).

To remedy these, we investigate how robots can learn from
the two most common and natural types of human feedback
[24]–[29]: natural language, and users performing the task
on their own without the robot. We develop techniques to
generate training signals for the robots from language by
tapping into pretrained models, or synthesize robot behaviors
from humans’ own demonstrations by retrieving relevant
robot skills. Ultimately, we aim to develop robots that learn
from multimodal human feedback, which include traditional
feedback types like teleoperated demonstrations and prefer-
ences, as well as natural types such as language, humans’
own demonstrations, gestures, eye gaze, interventions, etc.

To achieve robots that are useful in real-life environments,
such as homes, schools, small businesses, they need to
be easily adaptable by everyday people. Put another way,
people who are not experts in robotics must be able to
teach generalist robots new skills in a convenient way. The
most important component that will make this possible but
the current literature is missing is robot learning algorithms
that accept natural human feedback, i.e., feedback humans
naturally adopt while interacting with and teaching each
other, as input.
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Fig. 3: ReWiND [68] splits a demo at intermediate timestep i into for-
ward/reverse sections. Here, the forward section shows the robot approach-
ing the cup; the reverse section (oi−1, oi−2, . . .) resembles dropping it.

First, we ask: how do we have robots learn from open-
ended natural language instructions?
A. Learning from Natural Language

Our prior work and other state-of-the-art methods use large
pretrained models, e.g., video-language models in RoboCLIP
[65] or vision-language models in RL-VLM-F [66] and
IMPACT [67], to generate reward signals or cost functions
for robots. Since these models were trained mainly on human
data, i.e., videos of humans and not robots, these approaches
require these pretrained models to generalize from human
data to robot data.

Here, we discuss our recent method, ReWiND, which
attempts to solve this problem by fine-tuning a reward
model only by using existing demonstration videos, without
requiring new demonstrations of the target task [68]. The
key idea is to build a language-conditioned reward function
from a small, fixed set of demonstrations and then use it
to guide both offline pretraining and online adaptation. This
begins with a dataset in the target environment containing
only a handful of demonstrations per task. Importantly, these
tasks can be different from the target task. From them, we
train a reward model that predicts fine-grained task progress
for a video trajectory given a natural language instruction.
Unlike prior methods that rely on sparse success signals
(e.g., RoboCLIP [65]) or relative comparisons (e.g., RL-
VLM-F [66]), ReWiND directly regresses to normalized per-
frame progress, which naturally yields dense reward signals.
To help the reward model generalize and remain robust,
we incorporate additional diverse data from the Open X-
Embodiment dataset [69], augment the demonstrations with
synthetic language paraphrases, and create artificial “failure”
examples via a video rewinding procedure that simulates
the robot making and recovering from mistakes as shown
in Figure 3.

Architecturally, the reward model uses frozen pretrained
vision and language encoders: DINOv2 for images [70] and
a compact MiniLM variant for text [71], feeding into a
lightweight cross-modal sequential transformer. By freez-
ing the encoders, we avoid overfitting to the small in-
domain dataset while leveraging the generality of large-
scale pretraining. A positional embedding is applied only
to the first frame to capture necessary temporal cues without
allowing the model to “cheat” by relying solely on frame
indices. During training, we mix real demonstration tra-



jectories with mismatched instruction–video pairs (assigned
zero progress) and rewound sequences (assigned decreasing
progress), thereby teaching the model to assign appropriate
low rewards to off-task or failing behaviors it may encounter
during online learning.

Once trained, the reward function is used to label the
original demonstration data with dense progress-based re-
wards, and we pretrain a language-conditioned policy using
offline reinforcement learning. This step gives the policy a
reasonable initialization for interacting in the environment,
even on tasks it has not yet seen. For new tasks, the robot
needs only a language description; it executes the pretrained
policy, receives reward labels from the frozen reward model,
and fine-tunes online. Because the reward model has learned
to handle diverse instructions, unseen objects, and failure
modes, it can guide the policy toward successful behavior in
a sample-efficient manner.

Empirically, ReWiND’s design yields reward functions
that align more consistently with task progress, better dis-
tinguish between levels of success in policy rollouts, and
remain stable across varied language inputs compared to
existing baselines. In simulated Meta-World experiments
[72], policies fine-tuned with ReWiND achieve much higher
success rates on unseen tasks in low data regime, and in
real-world bimanual manipulation, an hour of online training
with ReWiND improved pretrained policies by a factor of
five. These results suggest that carefully modeling progress,
incorporating synthetic diversity, and grounding learning in
both limited in-domain and broad out-of-domain data can
make reward functions an effective bridge between natural
language task descriptions and practical robot learning with-
out the constant need for new demonstrations.

B. Learning from Humans’ Own Demonstrations

While fine-tuning online via natural language instructions
creates an easy interface for non-expert users, it requires
either real-world reinforcement learning training or closing
the sim-to-real gap, both of which are difficult problems that
have been around for many years. Imitation learning, on
the other hand, is significantly more data-efficient compared
to RL [73]–[80]. Indeed, humans often teach one another
not through verbal instruction alone, but by physically per-
forming the task themselves. In human-robot interaction,
this form of feedback has been underutilized due to the
embodiment gap between human and robot morphologies,
which makes direct imitation difficult. To overcome this, we
developed an approach that translates human demonstrations
into robot behaviors by leveraging retrieval-based imitation
from existing pre-deployment robot data.

As an example, suppose that a user wants to teach their
robot how to put a tablecloth on a table. The user may
perform this task themselves while the robot is simply
observing with its cameras. While it is difficult for the robot
to directly imitate the human due to the embodiment gap, it
may retrieve relevant trajectories from its memory to learn
the task efficiently via imitating that specific task from its
memory. For example, if its pre-deployment data include

Fig. 4: Visualizations from [81] that shows HAND’s top sub-trajectory
match on two out-of-domain demonstrations recorded from an iPhone
camera, showing approaching a K-Cup and putting it into the machine.

some (sub-)trajectories of making bed, these demonstrations
carry important information for the target task of putting
tablecloth due to the similarities between the tasks. In our
recent work HAND [81], we investigate filtering and retrieval
methods to identify tasks similar to the target task.

Specifically, HAND is a method we developed for rapidly
adapting robots to new manipulation tasks using only a single
human hand demonstration, without requiring teleoperated
robot demonstrations. The core idea is to leverage large, task-
agnostic play datasets and retrieve a subset of trajectories
that resemble the human-provided demonstration. To do
this, HAND first tracks the motion of the human hand in
the demonstration video using a simple 2D point-tracking
pipeline, producing a relative hand path that abstracts away
starting position and background details. The same process
is applied to the robot’s gripper in the play dataset. To avoid
retrieving similar motions in completely irrelevant settings, a
visual filtering step uses features from a pretrained DINOv2
model [70] to retain only robot trajectories involving similar
environments and objects. Finally, HAND compares the fil-
tered candidates to the demonstration path using subsequence
dynamic time warping [82], retrieving those with the most
similar motion patterns as shown in Figure 4.

Once relevant sub-trajectories are retrieved, HAND fine-
tunes a policy that was pretrained on the entire play dataset.
This fine-tuning is done with parameter-efficient LoRA
adapters [83] inserted into the transformer-based policy,
allowing the model to adapt to the demonstrated task with
only a small fraction of its weights updated. To emphasize
the most relevant retrievals, HAND weights each imitation
loss term according to the similarity score between the
retrieved trajectory and the hand demonstration. This ensures
that the fine-tuning process focuses on the closest motion
matches while still benefiting from some diversity in the
training examples. By using retrieval instead of collecting
new robot data, HAND reduces both data collection time
and the technical skill needed from users.

In simulation via CALVIN benchmark [84] and on a
real WidowX-250 arm, HAND achieves significantly higher



success rates than retrieval baselines that rely solely on visual
similarity or optical flow, and it remains robust even when
hand demonstrations are recorded in different environments.
Real-world trials show that HAND can learn complex, long-
horizon tasks in under four minutes from a single hand
demonstration, with demonstrations being about five times
faster to collect than robot teleoperation data. This approach
makes it possible for non-expert users to adapt a generalist
robot to new, specific tasks in real time, using the kind of
natural, example-based teaching that people already employ
with one another.

IV. CONTINUAL LEARNING FROM INTERVENTIONS

Even after a robot is deployed and adapted to its specific
tasks via preference data (Section II) or natural human feed-
back (Section III), it will inevitably encounter new situations,
make occasional mistakes, or face uncertainties the user
wishes to preempt. Rather than viewing these instances as
failures, we should treat them as key learning opportunities
for the robot. In real-world settings, non-expert users often
correct the robot in intuitive ways: stopping it before a
mistake occurs or kinesthetically intervening after an error.
These interventions and corrections are rich, underutilized
signals that can drive continual learning.

This section focuses on converting such post-deployment
interactions into a framework for continual robot learning.
We develop computational models and algorithms that go
beyond treating corrections as additional demonstration data.
Our goal is to ensure that every corrective interaction a user
makes (or even does not make, as long as the robot knows the
human has the chance to intervene) helps the robot become
more aligned with the user’s needs.

Specifically, we developed both robot-gated and human-
gated algorithms: in robot-gated algorithms, robots proac-
tively pause and query the user with a question during task
execution. For example, we extended our preference-based
learning works to this setting where the robot asked the
user between alternative actions [85]. By employing expected
value of information (EVOI) [86], [87], we optimized both
when the robot should pause to ask a question and what
action alternatives it should present.

Unfortunately, this method is mostly limited to the settings
where the robot’s action alternatives can be visualized in a
way that is easily understandable by the user. And akin to
preference comparisons, this online feedback also has very
low information bandwidth. Similar to how demonstrations
are more informative than preferences, human interventions
where the user takes over the control are more informative
than robot asking preferences between action alternatives.

To this end, we developed human-gated methods to learn
from preemptive interventions. In this framework, the robot
operates with its policy and the human can intervene any
time at will to take over the control, which can be used as a
training signal. Our method named MILE [88] has shown that
these feedback signals encode nuanced information, partic-
ularly in their timing and context. For example, the moment
at which a human intervenes reveals implicit thresholds for

failure and may signal critical decision boundaries in the
policy space.

Existing methods for learning from human corrections
typically treat interventions as simple labels, either nega-
tive rewards [34] or surrogate demonstrations [32], without
modeling the nuanced reasoning behind when and how users
intervene or correct the robot. This approach overlooks a
critical insight: interventions and corrections are deeply
contextual and shaped by the human’s understanding of
the robot’s behavior and the perceived risk of failure. For
example, a user may preemptively stop the robot not because
an error has occurred, but because they anticipate one. Prior
work lacks a principled model of these dynamics, resulting
in inefficient learning and limited generalization. Our key
insight is to treat interventions not as isolated data points,
but as probabilistic, strategically chosen signals that reflect
users’ mental models of the robot’s capabilities and intent.

To model how robots can learn from preemptive human
interventions, we developed a probabilistic framework that
captures the decision process behind such interventions. Let
Qθ(s, a) be the true but unknown state-action value function
of the task and πθ the corresponding policy of the robot. We
model the human’s belief about the robot’s objective and
the policy using a pair (Q̂ξ(s, a), π̂ξ). This model allows
us to express preemptive interventions as a discrete choice
problem: given a state s, will the human prefer to let the
robot continue acting, or take over control, e.g., by physical
interaction?

We quantified the probability of a human intervention as
follows. The human has an action a ∼ πθ(· | s) in their
mind about what the robot should do, and compares it to
what they believe the robot will do a′ ∼ π̂ξ(· | s). Then, the
intervention probability is:

p(ν = 1 | s) = (1)

Ea∼πθ(·|s)
[
Φ
(
Ea′∼π̂ξ(·|s) [Qθ(s, a)−Qθ(s, a

′)− c]
)]

,

where Φ is the cdf of the standard normal distribution, and c
represents the cost of intervening (e.g., physical or cognitive
effort). This model encodes the idea that the human will
only intervene when the expected value of their own action
exceeds that of the robot by more than the intervention
cost. Because this model is fully differentiable with respect
to θ, which represents optimal parameters for the task,
we conveniently used it to optimize the robot’s policy πθ.
Under Boltzmann rationality assumption, we further wrote
Equation (1) in terms of the policies instead of Q-functions,
thereby eliminating the need for policy optimization, which
increased the time-efficiency and feasibility of training (see
Figure 5).

This computational intervention model represents a sig-
nificant departure from traditional approaches that treat in-
terventions merely as surrogate demonstrations. Rather than
using human interventions only to overwrite the robot’s
actions with direct labels, this model enables robots to learn
not only from when the human intervenes, but also from
when they choose not to. In situations where the robot acts
autonomously and the human, who is present and able to



Fig. 5: Starting from an initial policy πθ , MILE [88] jointly trains the mental model π̂ξ , and the policy using our computational model of preemptive
interventions. āh denotes what the human would do if they were controlling the system, and ah is their realized action, which may be a non-intervention.

intervene, opts not to intervene, the robot can infer that its
behavior was within the acceptable range of performance (Q-
value) according to the mental model of the human. Thus, the
absence of intervention becomes implicit positive feedback,
helping to refine the robot’s policy and expand its confidence
in similar situations. This richer interpretation of human
interventions enabled more data-efficient, context-aware, and
continuous adaptation over time.

V. CONCLUSION

In conclusion, advancing robot learning hinges on making
adaptation accessible, efficient, and natural for everyday
users. By unifying diverse feedback modalities, from pref-
erence comparisons and natural language to human demon-
strations and real-time interventions, our work attempts to
bridge the gap between how humans naturally teach and how
robots currently learn. Through active learning strategies,
multimodal feedback integration, and principled modeling
of human input, our approaches dramatically improve data-
efficiency and user-friendliness. Ultimately, these methods
pave the way for robots that not only adapt to novel tasks
in real-world environments but also evolve continuously
through intuitive human interaction, fostering more capable,
personalized, and trustworthy autonomous systems.

Moving forward, we envision that future robots and au-
tonomous systems will need to tap into a much more diverse
set of human feedback to address data limitations [37]. To
this end, our research group now works on incorporating
natural and almost-no-effort human feedback into robot
learning pipelines. For example, we develop algorithms that
track humans’ eye gaze to understand the causal and salient
parts of the robot’s environment [89], [90], improving the
data-efficiency of imitation learning for more than 25% with
no extra human effort. We believe, in addition to gaze, hand
gestures [91], facial expressions [92], tone of voice in speech,
and many more implicit cues are underutilized feedback
signals in robot learning which may be useful as we deploy
robots in real-world.
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