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Abstract— Robots can incorporate data from human teachers
when learning new tasks. However, this data can often be
noisy, which can cause robots to learn slowly or not at all.
One method for learning from human teachers is Human-in-
the-loop Reinforcement Learning (HRL), which can combine
information from both an environmental reward and external
feedback from human teachers. However, many HRL methods
assume near-perfect information from teachers or must know
the skill level of each teacher before starting the learning
process. Our algorithm, Classification for Learning Erroneous
Assessments using Rewards (CLEAR), is a feedback filter for
Reinforcement Learning (RL) algorithms, enabling learning
agents to learn from imperfect teachers without prior modeling.
CLEAR is able to determine whether human feedback is
correct based on observations of the RL learning curve. Our
results suggest that CLEAR improves the quality of human
feedback — from 57.5% to 65% correct in a human study
— and performs more reliably than baselines by matching or
outperforming RL without human teachers in all tested cases.

I. INTRODUCTION

Many prior methods in Human-in-the-loop Reinforcement
Learning (HRL) work quite well with human feedback but do
not fully address human limitations, assuming that the robot
has a known prior on how correct the teacher’s feedback
is [1]. HRL gives robots two sources of information: an
environmental reward function and feedback from human
teachers. Learning robots can use one of these sources to con-
firm the performance of the other. To learn from inaccurate
teachers, we enable robots to decide which teacher-provided
information to trust, using additional sources of information
such as the reward function in HRL. This work is motivated
by circumstances in which people give consistently bad
feedback on some states and consistently good feedback on
others, which may happen if teachers are confused about the
task goal or how the robot functions.

We present an algorithm, Classification for Learning Er-
roneous Assessments using Rewards (CLEAR), that uses
achieved cumulative rewards to learn whether binary feed-
back (“good” or “bad” responses to actions) received from
a teacher is correct or incorrect over time. This work uses
a classifier to store predictions of the slope of the learning
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Fig. 1. CLEAR takes input from teachers and filters it for a robot learn-
ing using Human-in-the-loop Reinforcement Learning (HRL). Feedback is
passed directly through if trusted, inverted if not trusted, and withheld if
CLEAR is unsure. CLEAR can also give supplementary feedback over time.
The robot shown is the simulated robot environment that we use, created
using HIPPO Gym [3], MuJoCo [4], and OpenAI Gym [5].

curve based on observed state-action pairs and add supple-
mental binary feedback to the human teacher’s feedback.
The CLEAR algorithm filters feedback to a learning robot
and explores the feedback performance at the beginning of
the learning process. We test this algorithm against Policy
Shaping [2] and Q-Learning with varying scenarios of human
misunderstandings of a robot. The results suggest that using
CLEAR as a feedback filter matches or exceeds the perfor-
mance of Q-Learning over many levels of feedback quality,
while the performance of Policy Shaping varies considerably
based on feedback quality. This observation supports our
claim that CLEAR can help robots learn more dependably
than a baseline HRL method.

II. BACKGROUND

HRL supplements a Markov Decision Process (MDP)
framework with guiding information from a human teacher
[1]. HRL can take human data in many different forms. Some
prior work takes feedback on past actions, whether scalar-
valued or binary [6], [7], [2], [8]. Other work takes advice
on future actions, which lets the human guide an agent [9],
[10], [11], [12], or intervention on current actions into danger
[13]. HRL can also learn from full demonstrations from a
teacher [14], [8], [15], [16], [17] with the addition of a reward
function to speed learning, or it can allow users to compare
and rank trajectories demonstrated by a robot [18].

There is also prior work on algorithms that address the
possibility of incorrect feedback from users [14]. Some work
assigns trust or weight to human feedback, either using
a static weight to human input throughout learning [2] or
slowly decreasing the weight over time [7]. Kurenkov et al.
[19] uses multiple teachers to confirm performance. Srid-
haran [20] stores multiple policies from a reward function
and one policy learned from feedback. This method then
compares these policies with each other to calculate trust.
Work by Lin et al. [12] learns to estimate trust in the
teacher over time but relies on comparisons to the currently
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learned Q-values. As Q-values are likely incorrect near the
beginning of the learning process, this method may discount
good feedback at the beginning. Our prior work [21] also
learns whether or not to trust feedback over time with
the Revision Estimation from Partially Correct Resources
(REPaIR) algorithm. However, this algorithm begins filtering
feedback early in the learning process and requires storing
cumulative reward values for each observed state-action pair
rather than learning the quality of areas of the state space
over time. When state-action pairs are unobserved, REPaIR
has no data for them and thus cannot provide improved
feedback until later in the learning process. Some Inverse
Reinforcement Learning (IRL) methods estimate whether
input from people is correct [22], [23], [24]. However, these
require full demonstrations or external information like the
relative occurrence of incorrect demonstrations [23], [24] or
trajectory rankings [22].

A. Q-Learning

Q-Learning [25] is an off-policy model-free Reinforce-
ment Learning (RL) algorithm that uses a Markov Decision
Process (MDP) to learn the relative values of states and
actions. The definition of an MDP is the tuple (S,A, T,R, γ):
S is a set of states, A is a set of actions, T (s, a, s′) is a
transition function giving the probability of transitioning to
s′ ∈ S when taking a ∈ A in s ∈ S, R(s, a, s′) is a reward
function for the transition from s ∈ S to s′ ∈ S using a ∈ A,
and γ is a discount factor.

Q-learning uses the discount factor γ from the MDP and
a learning rate, α. These, along with observed rewards, are
used to learn Q-values using a Bellman update over multiple
learning episodes, where each episode is a learning trajectory
of state-action pairs, where taking the state-action pair (s, a)
leads to state s′

Q(s, a)← Q(s, a) + α[r + γmaxa′∈AQ(s′, a′)−Q(s, a)].

We use Boltzmann exploration with Q-learning [26], [25] to
encourage a learning agent to explore new states and actions
rather than purely exploiting the currently learned Q-values.
Using Boltzmann exploration, the probability of taking any
action a in state s is

Pr
q
(s, a) =

e
Q(s,a)

τ∑
a′ e

Q(s,a′)
τ

where Q(s, a) are the currently learned Q-values, and τ is a
temperature parameter.

B. Policy Shaping

Policy Shaping is a method of HRL that takes binary
feedback on state-action pairs from human teachers [27], [2].
We use Policy Shaping as the underlying HRL algorithm for
our experiments. Rather than acting as a reward, the received
feedback shapes the robot’s policy. Thus the reward function
and Q-values are unaffected by the feedback. Instead, the
exploration of the robot is modified. For policy shaping, the

probability of taking each action given feedback is

Pr
c
(a|s) = C∆s,a

C∆s,a + (1− C)∆s,a
.

where ∆s,a is defined as the difference in positive and
negative values given by the teacher to action a in state s, and
C ∈ [0, 1] is a trust parameter, with 0 being complete distrust
in the human teacher and 1 being complete trust. Using ∆s,a

rather than the count of positive feedback on (s, a) allows for
slightly inconsistent feedback. When C = 0.5, PS reduces
to RL with no feedback.

The probability of taking any action using the Q-values
of the MDP is Prq(a|s). Using Prq(a|s) and Prc(a|s), the
probability of taking any action a ∈ A in state s ∈ S while
learning is

Pr
p
(a|s) = Prq(a|s) Prc(a|s)∑

α∈A Prq(α|s) Prc(α|s)
.

The Policy Shaping algorithm assumes that the teacher’s
skill level is known beforehand to set the parameter C. When
the C parameter does not match the teacher’s skill level,
Policy Shaping will underperform Q-learning [21].

III. METHODOLOGY

CLEAR uses an online learning classifier, CCLEAR, to
predict whether the RL learning curve will rise or fall based
on state-action pairs. CLEAR combines this information with
the environmental reward function R, which is assumed to
be correct, to filter feedback. The predictions from CCLEAR

determine whether to keep, invert, or discard feedback,
giving output similar to REPaIR. However, CLEAR’s method
of choosing when to keep, invert, or discard feedback does
not require thresholds that need to be set by an expert.

CCLEAR
1 takes in state features and actions and outputs

a prediction on whether the RL learning curve will rise, fall,
or stay the same after the current trajectory. In general, a
rising RL learning curve is a positive result, as the goal is
to find the highest-performing policy. Falling RL learning
curves, in the absence of local minima, suggest a decrease
in performance. CLEAR learns to predict the sign of the
slope of the learning curve rather than learning the resulting
scalar cumulative reward as is done in REPaIR. This problem
would require regression and is a difficult problem to solve
in larger and more complex state spaces.

A. Algorithm

CLEAR saves the state action pairs of the current episode’s
trajectory, traje, and the trajectory that has received the
highest cumulative reward, trajm. The cumulative reward for
episode e is Re =

∑T
t=0 rt where T is the total number of

time steps in an episode, and rt is the reward received at each
time step. The trajectories are composed of (st, at) tuples,
where st is the state at time t, and a is the action taken at time
t. The current and maximum cumulative rewards are saved:
Re, Rmax. CLEAR uses this information to preprocess data

1Implemented as the scikit-learn multinomial Naive Bayes classifier [28],
training performed by partial fit()
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Fig. 2. CLEAR algorithm: this classifier predicts the slope of the RL
learning curve based on the current action and state features.

and determine whether the classifier should predict a rising,
falling, or stagnating learning curve, as shown in Figure 2.
Cclear takes as input state features expected to influence the
quality of human feedback (e.g., x-y gripper position, joint
configuration, etc.) along with the current action. The output
is one of three choices: rise, stagnate, or fall.

At the end of each trajectory, CLEAR trains CCLEAR.
Each training sample is given with a weight equal to the
current episode count squared, weighting samples more
heavily as learning continues and observed total rewards are
more likely to be incorrect. CCLEAR as follows for each
(s, a) ∈ traje, where featst is the features of state st:

• If Re > Rmax

CCLEAR[(featst , at)] = rise

• Else if Re ≤ Rmax− current episode count
maximum episode count ∗|(Rmax−

Rmin)|
CCLEAR[(featst , at)] = fall

• Else CCLEAR[(featst , at)] = stagnate if
(st, at) ̸∈ trajm

We note that CCLEAR is trained with a “fall” label
only if Re ≤ Rmax−(episode count/max count)∗|(Rmax −
Rmin)), not simply Re < Rmax. We found this setting to
work best in practice, giving a small but widening range to
define stagnation, as the current episode count gets closer
to the maximum number of episodes the experimenter is
running.

CLEAR then keeps, discards, inverts, or supplements feed-
back based on the predicted learning slope. That is, feedback
is either directly passed through to the learning algorithm,
not passed through at all, inverted by calculating −∆s,a

as used in Policy Shaping [2], [27], or added by CLEAR.
When an HRL algorithm requests feedback, the state-action
pairs are given to CLEAR, which then filters feedback by
predicting the upcoming slope of the learning curve, preds.
Using the predicted probabilities of C 2, where probs =
C.predict proba([s, a]), Pr[preds = fall] = probs[fall],
Pr[preds = stagnate] = probs[stagnate], Pr[preds =
rise] = probs[rise]. We define the current feedback input
as f , and the total feedback received for a state as ∆s,a.
Recall that Policy Shaping measures ∆s,a as the difference in
positive and negative feedback, so that a negative ∆s,a means
that the teacher disapproves of the state-action pair, and a

2Predicted using the predict proba() function [28]

Fig. 3. The state space used for the reaching task, in which the robot must
reach the true goal location while ignoring a distractor goal. The placements
of the distractor goals are shown in orange for |S| = 225

positive ∆s,a means that the teacher approves of the state-
action pair. If there is no feedback (∆s,a == 0), CLEAR
supplements feedback f proportional to the probability of
the slope direction: +f if preds == rise, and −f if
preds == fall. In this work, we set f = probs[pred]

2 , but this
setting could be tested further in future work. Specifically,
CLEAR returns feedback as follows (assuming feedback is
input to a Policy Shaping baseline algorithm 3):

• If ∆s,a < 0 and preds == fall, or ∆s,a > 0 and
preds == rise, KEEP

– Return ∆s,a

• Else if preds = rise and ∆s,a < 0, or preds = fall
and ∆s,a > 0, INVERT

– Return −∆s,a

• Else if ∆s,a == 0 and preds == rise, ADD
– Return probs[rise]

2

• Else if ∆s,a == 0 and preds == fall, ADD
– Return −probs[fall]

2

• Else, DISCARD
– Return 0

IV. EXPERIMENTS

For these experiments, we compare CLEAR to baseline
RL with no feedback and to Policy Shaping with varying
settings of the trust setting C ∈ [0, 1]. C is set to 0.1, 0.25,
0.75, 0.9, and the true percentage of correct feedback p∗.
In the result graphs (Figure 4), PS-1 denotes C = p∗. For
CLEAR, C = 0.8, as this trust setting shows a moderate trust
in the teacher (0.5 < C < 1.0). The baseline algorithms
for these experiments use Q-Learning with Boltzmann ex-
ploration, with α, γ, τ = 0.9. The parameter τ is annealed
by multiplying by 0.999 at the end of each episode. Each
algorithm is run 100 times for a length of 750 episodes,
with each episode ending after 2∗

√
|S|, where |S| gives the

total number of states.

3If the baseline algorithm is not Policy Shaping, replace ∆s,a with the
feedback function for the baseline HRL algorithm.

9416



(a) Distractor goal (0,0) (b) Distractor goal (|S| − 1,0)

(c) Distractor goal (|S| − 1,|S| − 2) (d) Distractor goal (0,|S| − 1)

(e) Distractor goal (|S| − 2,|S| − 1) (f) Distractor goal (|S| − 1,|S| − 1)

Fig. 4. CLEAR simulation results with varied feedback correctness over 750 learning episodes

9417



A. Simulation

The simulation task is a robot moving its gripper to touch
a goal object on a flat surface. The discretized state space is
15x15 (|S| = 225, with the true goal at (

√
|S|−1,

√
|S|−1).

The robot arm can take cardinal and diagonal actions, one
square at a time, or choose not to move. The robot arm starts
at a random location at the beginning of each episode. There
is also a distractor goal. In this task, the human confusion
pertains to the goal; that is, of two possible goals (the true
and distractor), the teacher believes the distractor goal to be
the true goal. As shown in Figure 3, the distractor goal is
placed at the various locations indicated with an orange dot:

1) (0,0)
2) (0,

√
|S| − 1)

3) (
√
|S| − 1,0)

4) (
√
|S| − 2,

√
|S| − 1)

5) (
√
|S| − 1,

√
|S| − 2)

6) (
√
|S| − 1,

√
|S| − 1).

At the beginning of each episode, the robot gripper starts
at a random, non-goal, non-distractor-goal state. The goal
and distractor goal remain the same over each iteration. We
model the simulated human feedback as an oracle that gives
perfect feedback to the distractor goal. When the distractor
goal is in the same space as the true goal, the simulated
human gives perfect feedback to the true goal. The simulated
human gives feedback 80% of the time. The sparse reward
function is +10 at the true goal, +0.1 at the distractor goal,
and -0.1 for all other states. There is a reward at the distractor
goal to demonstrate that CLEAR can recover even if there
is a local maximum on the human’s incorrect goal.

B. Human Study

We ran a human study on Amazon Mechanical Turk with
10 participants. We used a simulated Fetch robot to run a
modified version of the FetchReach-v1 task [5] that spans a
6x6 space over a table. This task is equivalent to the reaching
task used in the full simulation studies, except that the robot
begins at state (0,2) every time rather than a random starting
location. The reward function is +10 at the goal state, +0.1
at the distractor state, and -0.1 at all other states. The state
features are the x and y coordinates of the robot gripper.
The task still requires the robot to reach a goal object with a
distractor object present. For this study, the simulated robot
had a single true (2,1) and distractor goal object location
(2,3). The Amazon Mechanical Turk participants viewed four
videos of the robot reaching towards the different objects,
taking the following paths (shown in Figure 5):

• Paths to true goal
– (0,2),(0,1),(1,1),(2,1)
– (0,2),(1,2),(2,2),(2,1)

• Paths to distractor
– (0,2),(0,3),(1,3),(2,3)
– (0,2),(1,2),(2,2),(2,3).

These are example paths that the robot could take to the
true goal and the distractor. Since the paths have the same

DISTRACTOR CLEAR Q PS-min PS-max

(0,0) 65290 59076 3015 70708
(|S| − 1,0) 64528 53131 18426 42057

(|S| − 1,|S| − 2) 67682 56605 18970 44423
(0,|S| − 1) 65626 5780 1376 88052

(|S| − 2,|S| − 1) 57267 53706 1415 481616
(|S| − 1,|S| − 1) 58851 52618 1211 124943

TABLE I
THE MEAN AREA UNDER THE CURVE (AUC) FOR CLEAR,

Q-LEARNING (Q), AND MINIMUM AND MAXIMUM PERFORMING POLICY

SHAPING (PS-MIN, PS-MAX), GATHERED IN SIMULATION.

length, the two paths to the goal have an equal reward and
the two paths to the distractor have an equal reward. Each
participant recorded their feedback for each action.

In order to test CLEAR’s performance on human feedback,
we began with pretrained classifiers. In order to obtain 100
classifier instances, we ran CLEAR 100 times on the human
study task with a simulated teacher giving incorrect feedback
to the distractor object. Each CLEAR episode ends after
seven actions. We used these pretrained classifiers to classify
the human data collected on Amazon Mechanical Turk, in
order to determine how well our CLEAR classifier would
perform on potentially messy human data.

V. RESULTS

A. Simulation

The simulation study results are shown in Figure 4 and
Table I. We measured the area under the learning curve
(AUC) using the composite trapezoidal rule for CLEAR, Q-
Learning, the C value that produces the minimum performing
PS, and the C value that produces the maximum performing
PS, averaged over all 100 iterations. The average AUC
shows us the total rewards gather over time on average for
each algorithm. Higher AUCs indicate that an algorithm
achieved higher total rewards on average. Using a one-
way ANOVA and a Tukey posthoc test, CLEAR performs
significantly better than Q-Learning (p < 0.05) for distractor
placements (|S| − 1,0) and (|S| − 1,|S| − 2). However, the
PS performance varies by large amounts based on the C
parameter. Since the simulated teacher gives feedback based
on incorrect knowledge of the robot’s true goal state, PS is
subject to wide variances in performance without a model of
how well the teacher performs. This is likely due to the fact
that the parameter C enables the robot to weight incoming
feedback against state values appropriately, as long as it is
adequately matched to the feedback quality. However, if the
C parameter and feedback quality are mismatched, PS will
discount correct feedback too much or put too much weight
on incorrect feedback.

These results suggest that CLEAR performs more depend-
ably than Policy Shaping with simulated human feedback.
However, this does not test its performance with real people
and messy feedback. We hypothesize that, even if trained on
simulated human feedback, CLEAR could determine what
feedback from real human teachers was correct or incorrect.
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Fig. 5. Videos in simulated robot environment, created using HIPPO Gym [3], MuJoCo [4], and OpenAI Gym [5]. Each row shows a video clip of the
robot moving toward one of two goals, using two different trajectories.

Fig. 6. Simulated performance prior to Amazon Mechanical Turk data.

B. Human Study

Although the participants were instructed to give correct
feedback to the blue distractor object, the feedback was
not clean, with some participants giving incorrect feedback
to both the true and distractor object. Before filtering, the
human data was 57.5% correct. After training, 65% of the
kept feedback was classified correctly by CLEAR, suggesting
that CLEAR can improve human data through filtering, even
when the algorithm is trained on incorrect simulated data.

The algorithm did discard some feedback, determining
that it was of unknown quality. There were a total of 120
instances of feedback collected on Amazon Mechanical Turk.
For each one out of ten participants, we tested over each
run (100 total) and all states visited in the human study (12
total). Thus we overall examined 12000 feedback instances.

For these states, over 100 runs, 3420 feedback instances
were discarded, while 8580 were kept. CLEAR learned
more quickly than Policy Shaping and Q-Learning, as shown
in Figure 6, which shows the pretraining in simulation to
achieve fully trained classifiers before testing the human
data. Furthermore, CLEAR keeps learning after PS and Q-
Learning have settled on a sub-optimal policy.

VI. CONCLUSIONS AND FUTURE WORK

In this work, we propose Classification for Learning
Erroneous Assessments using Rewards (CLEAR), a feedback
filter for HRL algorithms. Our results show that when HRL
algorithms do not have prior knowledge of the correctness
of a feedback source, using CLEAR to estimate better
quality feedback improves performance. CLEAR performs
similarly over different levels of feedback quality, while
Policy Shaping is quite sensitive to the feedback quality. Ap-
plying this feedback filtering algorithm can improve expected
performance when the robot does not know the quality of
feedback ahead of time, which is likely in the wild.

Future work in this area should test how CLEAR performs
with real human teachers without the addition of simulated
feedback. On large tasks, CLEAR should be tested to deter-
mine how much human feedback is needed. Even inexpert
human feedback can be expensive to obtain, so methods that
require smaller amounts of data can be more effective in
the real world. CLEAR could also be tested in much larger,
continuous state spaces, using more complex methods than
Q-Learning as a baseline. In this case, the classifier CCLEAR

could be replaced with a neural net classifier if needed.
Finally, testing CLEAR on a non-simulated robot with noise
in the learning process would further cement the applicability
of this work to the real world.
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