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Fig. 1. Overview of the proposed approach. Human interaction data is used to train a predictive model of teaching behavior, which is deployed as a
simulated teacher. This simulated teacher provides teaching signals (demonstrations and evaluative feedback) to guide the learning agent.

Abstract— Human-Interactive Robot Learning (HIRL) often
relies on idealized oracle teachers, despite evidence that real
human teaching behavior is variable and imperfect. This paper
investigates whether human teaching behavior can be modeled
from interaction data and reused as a realistic simulated
teacher for robot learning. Using data from a prior human-
robot interaction study, we train classifiers to predict when a
human teacher intervenes and whether they provide evaluative
feedback or demonstrations. We compare a flat multi-class
classifier with a layered modeling approach that separates
intervention prediction from intervention type prediction. The
layered model achieves the best predictive performance under
severe class imbalance and offers improved interpretability.
When integrated into a Panda-gym environment, the simu-
lated teacher successfully guides learning across three tasks.
Although it provides fewer interventions and less variability,
learning efficiency in successful sessions remains comparable
to human teachers. These results show that human teaching
behavior can be modeled to create realistic simulated teachers
that enable scalable and repeatable evaluation of interactive
learning systems.

I. INTRODUCTION

Human-Interactive Robot Learning (HIRL) [1] has become
an important approach for training robotic agents through
real-time interaction with human users [1], [2]. By allowing
humans to provide guidance in the form of feedback or
demonstrations, learning agents can adapt more efficiently
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and align their behavior with human expectations. This
paradigm is particularly relevant in Human-Robot Interaction
(HRI) settings, where robots must learn not only task success
but also behaviors that are intuitive and compatible with how
people naturally teach.

Despite this, many HIRL studies rely on simulated oracle
teachers instead of human participants. Such oracles are a
practical and widely used tool, as they enable fast, scalable,
and repeatable experimentation without the time, cost, and
logistical challenges of recruiting human users, particularly
during early-stage development and benchmarking. However,
these oracles are typically derived from optimal or idealized
policies and do not reflect how humans actually teach. Recent
work on human feedback modeling highlights that commonly
used assumptions about human behavior in reinforcement
learning are overly simplistic and fail to capture the variabil-
ity and context-dependence of real human interaction [3]. As
a result, simulated teachers based on such assumptions risk
misrepresenting how humans provide guidance in practice.

This issue is closely related to the sim-to-real gap in
robotics, where systems developed in simulation often fail
to generalize to real-world conditions due to mismatches in
variability and system dynamics [4]. In HIRL, a similar gap
arises when simulated teachers fail to capture the temporal
and behavioral characteristics of human teaching. As a result,
conclusions drawn from such simulations may not generalize
well to studies involving real human participants.

These limitations highlight the need for simulated teachers
that prioritize realism over optimality, capturing how humans
actually behave rather than how they should behave. Such
models can serve as more faithful substitutes for human



teachers, enabling more reliable and human-aligned evalu-
ation in interactive robot learning research.

In this work, we investigate whether human teaching
behavior can be modeled from interaction data and reused
as a realistic simulated teacher for robot learning. We build
on a dataset collected by Christofi et al. [5], in which
human participants taught a virtual robotic arm using evalua-
tive feedback and demonstrations across three goal-reaching
tasks. Rather than modeling an optimal policy, our goal
is to capture how humans decide when to intervene and
which type of intervention to provide. Fig. 1 provides an
overview of the proposed system, illustrating how human
feedback data is used to train a predictive teaching model
that is deployed as a simulated teacher during reinforcement
learning. Specifically, this work addresses the following
research question:

• RQ To what extent can human teaching behavior be
modeled from interaction data to predict whether and
how teachers intervene during robot learning?

To address this question, we model human teaching behav-
ior at the level of individual decision steps and compare three
approaches: a logistic regression baseline, a flat multi-class
classifier, and a layered modeling approach that first pre-
dicts whether a human teacher intervenes and subsequently
predicts the type of intervention. The layered approach is
designed to reflect the structure of human teaching decisions
while improving interpretability under strong class imbal-
ance. We evaluate the trained models by integrating the best-
performing teacher model into the Panda-gym robotic arm
environment, replacing the human teacher during learning
and comparing its behavior and effectiveness to that of the
original human participants.

The contributions of this paper are threefold. First, we
demonstrate that human teaching behavior can be captured
using a data-driven model that reproduces key intervention
patterns observed in human teachers. Second, we show
that a layered modeling approach improves both predictive
performance and interpretability compared to standard flat
classification approaches. Third, we show that the resulting
simulated teacher can be used to evaluate reinforcement
learning agents across multiple tasks while preserving key
characteristics of human teaching behavior.

By modeling and simulating human teaching behavior, this
work contributes to the development of more realistic and
scalable evaluation frameworks for interactive robot learning.
Rather than relying on idealized oracle teachers, our ap-
proach enables repeatable experiments that better reflect the
variability and imperfections of human teaching, supporting
more reliable evaluation of interactive learning agents.

II. RELATED WORK

A. Human Teaching Behavior in Interactive Robot Learning

Human teaching behavior in interactive robot learning has
been shown to be structured, adaptive, and influenced by
the interaction context, rather than resembling static oracle-
like behavior. Early work by Thomaz and Breazeal [6]

demonstrated that people tend to provide more positive than
negative feedback when teaching robots, reflecting natural
human teaching preferences. Knox et al. [7] further showed
that human teachers adapt their feedback strategies over
time, providing more frequent evaluative input during early
learning phases and reducing interventions as the agent’s
performance improves. These findings highlight that human
teaching behavior is reactive and context-dependent, shaped
by the learner’s progress rather than fixed instructional rules.

More recent work has focused on how humans structure
their teaching behavior across different modalities and inter-
action contexts. Christofi et al. [8] show that human teachers
make strategic decisions when balancing demonstrations
and evaluative feedback, with clear patterns in both the
timing and frequency of interventions. Their findings indicate
that feedback is often provided earlier in the interaction,
while demonstrations are used more selectively, suggesting
that human teaching behavior is temporally structured and
influenced by task progression.

Subsequent studies have also emphasized the substantial
variability that exists between individual teachers. Ayub
et al. [9] reported the presence of diverse teaching styles
in a large-scale study on continual learning, identifying
differences ranging from proactive, feedback-heavy teaching
to more hands-off approaches. While these differences did
not strongly affect final task performance, they suggest that
human teaching behavior is far from uniform and cannot be
adequately represented by a single idealized model.

However, while prior work has characterized the structure,
timing, and variability of human teaching behavior, and
proposed evaluation methodologies using simulated users
[10], relatively little work has focused on learning predic-
tive models directly from human interaction data that can
reproduce these behaviors as realistic simulated teachers.

B. Human-Like Oracles and Simulated Teachers

To reduce reliance on continuous human participation,
many reinforcement learning studies employ simulated
teachers or oracles that provide feedback or demonstrations.
Early approaches often assumed perfect oracles that deliver
immediate and accurate guidance, simplifying experimen-
tation and accelerating training [11]. Techniques such as
the “Oz of Wizard” paradigm have similarly been used
to approximate human input during system development
without requiring real users [12]. While effective for early-
stage evaluation, such approaches oversimplify real human
teaching behavior.

Simulated teachers are commonly used as a practical
alternative to human participants, particularly during early-
stage development and evaluation of interactive reinforce-
ment learning systems. Human-in-the-loop experiments are
often expensive, time-consuming, and difficult to repeat
under controlled conditions, motivating the use of simulated
users that can approximate human interaction [10], [2]. Such
simulated users enable rapid experimentation, reproducibil-
ity, and systematic variation of interaction characteristics
such as feedback frequency and accuracy.



(a) Task 1 - Reach green sphere (b) Task 2 - Avoid red (right) sphere and reach
green (left) sphere

(c) Task - 3 Reach blue (right) sphere first and
then green (left) sphere

Fig. 2. Visual representation of the robotic arm in the Panda-gym environment executing the three tasks (adapted from Christofi et al. [5]).

While simulated users are not a replacement for real
human teachers, they provide an efficient and controlled
framework for evaluating learning algorithms under pre-
defined human-like constraints [10]. This makes them a
valuable tool for benchmarking and analysis, especially when
large-scale or repeated experiments are required.

Recent work has further explored the use of imperfect
simulated teachers for scalable evaluation. Lee et al. [13]
introduced B-Pref, a benchmark for preference-based rein-
forcement learning that models different forms of teacher
irrationality rather than assuming perfect preferences. How-
ever, these simulated teachers are based on predefined behav-
ioral assumptions, whereas the present work aims to learn
teaching behavior directly from observed human interaction
data.

Human feedback in practice is often delayed, sparse, and
inconsistent, and this mismatch limits the extent to which
simulation results transfer to studies involving real human
teachers [10], [11], [14]. Huang et al. [11] proposed a
parametric model that captures variability in human feedback
along dimensions such as frequency, delay, strictness, bias
and accuracy. Their findings revealed discrepancies between
self-reported teaching preferences and observed behavior,
illustrating the complexity of accurately modeling human
instruction. These efforts demonstrate the value of simulated
teachers that reflect human imperfections, enabling scalable
evaluation while remaining grounded in realistic interaction
patterns.

C. Teaching as a Decision-Making Process

Another line of research has examined teaching itself as a
structured decision-making process. Torrey and Taylor [15]
introduced a teacher-student reinforcement learning frame-
work in which agents provide advice under a limited budget,
showing that the timing and strategy of interventions play a
critical role in learning efficiency. Related work on policy
shaping interprets feedback as probabilistic guidance rather
than direct reward, allowing agents to learn effectively even
when feedback is noisy or sparse [16].

Layered and hierarchical learning approaches further sup-
port the idea that learning and by extension teaching, can
be decomposed into structured stages [17]. Together, these
studies suggest that teaching decisions can be modeled in
terms of when to intervene and how to intervene. Building on
these insights the present work develops a predictive model
of human teaching behavior based on observed interaction
data. Rather than optimizing teaching strategies, we aim to
capture and simulate how humans naturally teach, bridging
descriptive analyses of human instruction with practical
implementations of realistic simulated teachers for interactive
robot learning.

III. METHODOLOGY

Our approach builds on prior work in interactive robot
learning by Christofi et al. [5] and aims to model and
simulate human teaching behavior in a virtual robotic arm
environment. The proposed system consists of three compo-
nents: (1) extracting behavioral features from human-robot
interaction data, (2) training predictive models of human
teaching decisions, and (3) integrating the best performing
model into a reinforcement learning environment as a sim-
ulated human teacher to a reinforcement learning agent. To
support reproducibility, the implementation used in this work
is publicly available.1

A. Learning Environment and Tasks

All experiments are conducted in a Panda-gym simulation
environment using a virtual Franka Emika-Panda robotic arm
[18]. The agent is trained on three goal-reaching tasks of
increasing complexity (see Fig. 2): a simple reaching task, a
reach task with an obstacle, and a sequential task requiring
the agent to reach two targets in order. The learning agent
uses Q-learning combined with policy shaping, allowing it
to integrate evaluative feedback and demonstrations into its
action selection process [16]. Environmental rewards are
sparse, with a penalty of -1 per action until task completion,
reflecting the original human teaching setup.

1https://github.com/mwk207/modeling-teacher-behavior-hirl



Fig. 3. Comparison between the flat and layered modeling approaches.
The flat model directly predicts one of three teaching labels from the feature
vector. The layered model decomposes this decision into two stages: first
predicting whether an intervention occurs, and subsequently predicting the
type of intervention, resulting in the same three possible outputs.

1) Human Teaching Dataset: We use a subset of interac-
tion data from Christofi et al. [5], consisting of 30 partici-
pants (21 male-identifying, 9 female-identifying; age range
22–59 years) who taught the robotic arm using evaluative
feedback and demonstrations. Participants were allowed to
intervene using two teaching modalities: binary evaluative
feedback “good” / “bad”) and demonstrations consisting of
short action sequences. Teaching budgets were limited to 150
demonstration steps and 75 feedback signals per session.

Each participant interacted with the robotic arm in a single
session consisting of multiple episodes. An episode is defined
as a single attempt by the agent to complete the task, ending
either when the goal is reached or when the time limit
is exceeded. A session therefore represents a sequence of
episodes under the guidance of a single human teacher.

Each timestep in the dataset is labeled as one of three
teaching behaviors: no intervention, demonstration, or feed-
back. The dataset is highly imbalanced, with approximately
85% of timesteps corresponding to no intervention, 9% to
demonstrations, and 6% to feedback. This imbalance poses
a challenge for predictive modeling and motivates the use of
specialized classification strategies.

2) Feature Extraction: To model human teaching deci-
sions, we extract a set of behavior-based features at each
timestep. These features are designed to reflect both task
progression and interaction history that may influence hu-
man teaching decisions, including normalized cumulative
demonstrations followed, normalized cumulative feedback
followed, elapsed time within the episode, and the Euclidean
distance to the goal. All features are computed consistently
across tasks and episodes to support generalization.

3) Teaching Behavior Models: We frame the prediction of
human teaching behavior as a three-class classification prob-
lem, where each timestep is assigned one of the following
labels: no intervention, demonstration, or evaluative feed-
back. These labels represent the possible teaching decisions

available to the teacher at each decision point.
For all models, the dataset was split into a training and test

set, with 80% of the data used for training and 20% reserved
for evaluation. This split was applied consistently across all
modeling approaches to ensure fair comparison of predictive
performance. The input to the model consists of a feature
vector, i.e., a set of behavior-based features describing the
current state of the interaction.

We compare three modeling approaches: a logistic regres-
sion baseline, a flat Random Forest classifier predicting all
three labels directly, and a layered Random Forest model.
The flat model directly maps the feature vector to one of
the three teaching labels in a single prediction step, without
explicitly modeling the intermediate decision of whether to
intervene. The layered model decomposes the prediction into
two stages and can be interpreted as a hierarchical decision
process.

Fig. 3 illustrates the difference between the flat and
layered modeling approaches. While the flat model directly
predicts one of the three teaching labels from the feature
vector, the layered model decomposes this decision into
two sequential stages of intervention detection followed by
intervention type prediction. The first stage predicts whether
an intervention occurs at a given timestep, corresponding to a
binary decision between doing nothing and doing something.
If an intervention is predicted, a second stage model is
applied to determine the intervention type: demonstration
or evaluative feedback. The final prediction of the layered
model is therefore one of the same three teaching labels:
doing nothing, demonstration, or evaluative feedback.

This hierarchical structure addresses class imbalance by
allowing each stage to focus on a simpler decision and
improves interpretability by separating intervention detection
from modality selection.

4) Model Integration as Simulated Teacher: To evaluate
whether the modeled teacher can function as a realistic
substitute for human input, we integrate the trained model
into the Panda-gym environment, replacing the human teach-
ing during learning. At each timestep, the agent queries
the model for a teaching decision based on the current
feature vector. When feedback is predicted, an evaluative
signal (“good” / “bad”) is injected into the policy shaping
module. If there exists historical feedback for the current
discretized state, the model draws on the majority label from
the recorded human teacher dataset by Christofi et al. [5]. If
no historical feedback is available, a fallback feedback signal
is generated. The agent’s step() function then incorporates
this feedback by adjusting its action-selection probabilities
via a softmax blend of Q-values and feedback strength.

When a demonstration is predicted, the agent’s policy
is temporarily suspended and a short action sequence is
executed in place of the agent’s policy. The system first
checks whether a matching demonstration for the current
state exists in the same recorded human teacher dataset [5]; if
found, it replays it. If no matching demonstration is available,
it samples a sequence length from the Gaussian distribution
fitted to human demonstration lengths and generates actions



(dataset-derived or random) that reduce the discretized dis-
tance to the goal. During playback, the agent’s policy is
still paused, and each demonstrated action is logged. Once
the demonstration sequence completes, control returns to the
agent’s Q-learning policy.

This setup results in a fully automated human-in-the-loop
simulation, allowing direct comparison between learning un-
der human teachers and learning under the modeled teacher
in a controlled and repeatable manner.

IV. RESULTS

A. Prediction of Human Teaching Behavior

We first evaluated the performance of three models in
predicting human teaching behavior from interaction data: a
logistic regression baseline, a flat Random Forest classifier,
and a layered Random Forest classifier. Performance was
assessed using precision, recall and F1 score for each in-
tervention class (no intervention, demonstration, feedback).
Table 1 reports the precision, recall and F1 scores for all
models across the intervention classes.

TABLE I
CLASSIFICATION PERFORMANCE (PRECISION, RECALL, AND F1 SCORE)

OF THE THREE MODELS ACROSS ALL INTERVENTION CLASSES.

Model Class Precision Recall F1 Score

Logistic Nothing 0.87 0.37 0.52
Regression Demonstration 0.09 0.62 0.16

Feedback 0.13 0.33 0.19

Flat Random Nothing 0.99 0.96 0.97
Forest Demonstration 0.75 0.81 0.78

Feedback 0.97 0.96 0.97

Layered Random Nothing 0.97 0.97 0.97
Forest Demonstration 0.98 0.97 0.98

Feedback 0.77 0.80 0.78

The logistic regression baseline performed substantially
worse than both Random Forest approaches, particularly for
the demonstration and feedback classes, with most misclas-
sifications occurring between feedback and demonstration.
The no-intervention class was predicted with high accuracy
in all models, reflecting the class imbalance in the dataset.

Although the flat Random Forest achieved comparable,
and in some cases slightly higher classification scores than
the layered model, the layered approach was selected for fur-
ther use due to its improved interpretability. Feature impor-
tance analysis revealed that cumulative reward and elapsed
game time were the strongest predictors of whether an inter-
vention occurred, while cumulative feedback followed and
elapsed time were most influential in distinguishing between
feedback and demonstration interventions. This separation
allowed the layered model to provide insight into different
aspects of human teaching decisions.

B. Simulated Teacher versus Human Teacher Performance

Next we evaluated the layered model as a simulated
human-like teacher by integrating it into the Panda-gym envi-
ronment and comparing learning outcomes to those achieved

(a) Success rate per session (b) Mean time until success per
session

(c) Mean demonstrations per session (d) Mean feedback per session

Fig. 4. Performance comparison between simulated teacher agents and
human teachers. (a) Success rate per session, divided into completed sessions
(“Done”) and those exceeding the time limit (“Time”); (b) mean elapsed
time until goal completion in successful sessions; (c) mean demonstrations
per session; (d) mean feedback interventions per session.

under human teachers. Performance was compared across
three tasks using success rate, task completion time, total
reward, number of interventions, and number of attempts
until success. Fig. 4 summarizes these performance measures
for both teacher conditions.

Human teachers achieved a significantly higher overall
success rate than the simulated teacher. However, among
successful sessions, no significant difference was observed
in task completion time or number of attempts until success.
This suggests that when the simulated teacher successfully
guided the agent, learning efficiency was comparable to that
observed under human teaching.

Human teachers provided significantly more teaching in-
terventions than the simulated teacher did, particularly in
the form of evaluative feedback. Despite this, the simu-
lated teacher achieved comparable learning performance with
fewer interventions. While the simulated teacher yielded
higher overall total rewards across all sessions, this differ-
ence was not statistically significant when considering only
successfully completed sessions.

C. Intervention Timing and Teaching Patterns

To further examine differences in teaching behavior over
time, Fig. 5 shows the cumulative mean number of teaching
interventions plotted against normalized task progress for
each task. Across all tasks, the simulated teacher exhibited
a more conservative and stable intervention pattern, with
lower cumulative counts and reduced variability compared
to human teachers.

In the first task, both teacher types showed low interven-
tion levels early in the task, after which human teachers
intervened more frequently as task progress increased.



(a) Interventions progress task 1

(b) Interventions progress task 2

(c) Interventions progress task 3

Fig. 5. Cumulative mean interventions over normalized task progress for
each task. Shaded regions indicate standard deviation, showing that the
simulated teacher exhibits more stable and consistent behavior, while human
teachers display greater variability.

In the second and third tasks, which involved obstacles or
sub-goals, the timing of interventions produced by the sim-
ulated teacher closely aligned with those of human teachers,
despite consistently lower intervention rates. Human teachers
displayed greater variability, particularly in later stages of the
tasks.

Overall, these results indicate that while the simulated
teacher intervenes less frequently than human teachers, it re-
produces key temporal patterns of human teaching behavior,
especially in tasks with increased structural complexity.

V. DISCUSSION

A. Modeling Human Teaching Behavior

The results demonstrate that human teaching behavior can
be captured using a data-driven predictive model trained
on interaction data. The layered Random Forest classifier
achieved strong performance despite severe class imbalance
and provided improved interpretability by separating the de-
cision of whether to intervene from the decision of how to in-
tervene. Feature importance analysis revealed that cumulative
reward and elapsed time were most influential in predicting
intervention occurrence, while cumulative feedback followed
and elapsed time were key in distinguishing between feed-
back and demonstrations. These findings support the view of
teaching as a structured decision-making process rather than
a static policy.

B. Simulated Teachers versus Human Teachers

When deployed as a simulated teacher, the layered model
successfully guided the reinforcement learning agent to task
completion across all three goal-reaching tasks. Compared
to human teachers, the simulated teacher intervened less
frequently, particularly through evaluative feedback, and
exhibited lower variability. While this resulted in a lower
overall success rate, learning efficiency in successful ses-
sions, measured by completion time and number of attempts,
was comparable between teacher types. This suggests that
the modeled teacher captures essential aspects of human
teaching behavior without behaving as a perfect oracle. The
remaining gap between the simulated and human teachers
may stem from only modeling the decision of whether and
how to intervene, but not the quality of the intervention
itself. While the classifier predicts when demonstrations or
feedback should be provided, the content and duration of
these teaching signals are only approximated. This may
introduce additional suboptimality beyond the prediction
task itself. Interestingly, comparable learning efficiency was
achieved with fewer interventions, suggesting that human
teachers may provide redundant or overly frequent guidance,
consistent with prior findings that human teaching behavior
is not necessarily optimal, but shaped by heuristics and
interaction preferences [7], [6].

C. Temporal Patterns and Human-Likeness

Analysis of cumulative interventions over normalized
progress revealed that, although the simulated teacher was
more conservative, its intervention timing closely aligned
with human teaching patterns, particularly in tasks involving
obstacles or sub-goals. Human teachers showed greater vari-
ability, especially in later task stages, whereas the simulated
teacher followed more stable intervention trajectories. These
results suggest that the model captures not only aggregate
teaching frequency, but also key temporal dynamics of hu-
man instruction.

D. Implications for Interactive Robot Learning

The ability to simulate human-like teaching behavior
has important implications for interactive robot learning



research. Behavior-based teacher models enable scalable and
repeatable experimentation without continuous involvement
of human participants, reducing experimental cost while
preserving key aspects of human teaching behavior. By mov-
ing beyond idealized oracle teachers, such models provide
a more realistic setting for evaluating interactive learning
algorithms and help narrow the gap between simulation-
based evaluation and real human interaction.

E. Limitations and Future Work

Several limitations should be considered. Differences in
temporal granularity between the human-teacher dataset and
simulated environment complicate direct comparisons. Fur-
thermore, the small, imbalanced dataset may bias predictions
toward non-intervention. The evaluation was also limited to
a single robotic platform and a small set of tasks. Finally,
the simulated teacher does not explicitly model individual
differences between human teachers, which may limit its
ability to capture the full diversity of teaching strategies
observed in real-world settings.

Future work could address these limitations by collecting
larger and more diverse datasets and evaluating the approach
across additional robotic platforms, task domains, and user
populations. Prior research has shown that human teachers
exhibit diverse teaching styles when using demonstrations
and feedback [8]. Future studies could therefore investigate
personalized, clustered, or parameterized teacher models that
explicitly represent different teaching behaviors. Future work
could also model the characteristics of the teaching signals
themselves and explore inverse RL to infer underlying teach-
ing objectives rather than solely reproducing observed teach-
ing behavior. Finally, incorporating cross-teacher validation
and additional baseline comparisons could provide a more
comprehensive assessment of robustness and generalization.

VI. CONCLUSION

This paper investigated whether human teaching behavior
can be modeled and reused as a simulated teacher for
interactive robot learning. Using human-robot interaction
data, we trained predictive models to estimate when teachers
intervene and which teaching modality they use. A layered
Random Forest model proved strong performance and im-
proved interpretability. When integrated into a Panda-gym
reinforcement learning environment, the simulated teacher
achieved performance comparable to human teachers, despite
providing fewer interventions and exhibiting less variability.
Although it does not fully capture the adaptability of human
instruction, the close alignment with human intervention
timing demonstrates that key aspects of human teaching
behavior can be modeled successfully.

By focusing on realism rather than optimality, this work
provides a foundation for developing simulated teachers that
can serve as effective evaluation tools for interactive robot
learning research. This enables scalable and repeatable exper-
imentation under human-like teaching conditions, supporting
more reliable assessment of learning algorithms, while reduc-
ing the need for costly human-subject experiments.
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