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ABSTRACT

When a robot is deployed to learn a new task in a "real-word"
environment, there may be multiple teachers and therefore multiple
sources of feedback. Furthermore, there may be multiple optimal
solutions for a given task and teachers may have preferences among
those various solutions. We present an Interactive Reinforcement
Learning (I-RL) algorithm, Multi-Teacher Activated Policy Shaping
(M-TAPS), which addresses the problem of learning from multi-
ple teachers and leverages differences between them as a means
to explore the environment. We show that this algorithm can sig-
nificantly increase an agent’s robustness to the environment and
quickly adopt to a teacher’s preferences. Finally, we present a for-
mal model for comparing human teachers and constructed oracle
teachers and the way that they provide feedback to a robot.
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1 INTRODUCTION

Current I-RL models will not effectively and quickly learn from
multiple teachers, if those teachers have differing preferences that
they want to see reflected in the robot’s behavior. Furthermore,
much of the current research in Interactive Reinforcement Learning
(I-RL) adopts two flawed assumptions: first, that an agent that
has found only one good solution to a task is satisfactory; and
second, that using a “perfect” oracle that guides robot behavior
using feedback that exactly aligns with the optimal robot behavior
will result in the most effective robot learning. These assumptions
are flawed because different users may prefer different solutions
to the one the agent is using and, Under current I-RL models, a
perfect oracle teacher could cause the agent to get "stuck” in one
optimum as a solution. For example, consider a robot deployed in
a hospital which may be receiving feedback from many different
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patients and hospital staff. In that case, the robot should not only
quickly respond to the needs of its current user, but to do so even
if it means deviating from an already learned behavior. Thus, in
situations with multiple teachers, researchers can design agents
that are robust to complex, human-populated environments by
avoiding these assumptions.

We introduce an algorithm with the two key properties of quick
adaptation to teachers and long-term leveraging of feedback from
good teachers. The agent will quickly adapt to a new teachers
feedback/preferences, but will ultimately disregard that feedback if
it’s adversarial. In addition, when multiple teachers are providing
the agent feedback, the agent will weight such feedback greater
from one teacher if it agrees with the environmental reward more so
than that of other teachers. M-TAPS (Multi-Teacher Activated Policy
Shaping) is an algorithm that uses the differences between human
teachers on a given task to gain robustness to its environment. In
order to characterize the differences between teachers, we introduce
a novel and significantly more expressive and flexible paradigm to
model both human teachers and oracles.We show that in simulation,
M-TAPS significantly increases the environmental robustness of an
I-RL agent when being taught by biased, imperfect, oracles than
when being taught by a perfect oracle. This advances the state of
I-RL because, by exploiting more human-like feedback, it exposes a
limitation of perfect oracles.

2 BACKGROUND

It has been demonstrated that human teachers can outperform
oracles in certain tasks [24].Using this high-quality information
available from a human teacher, reinforcement Learning (RL) agents
can learn faster using input from such human teachers, through a
process called interactive reinforcement learning (I-RL). However,
for an agent to use feedback from a teacher, the agent must make
assumptions both about how to interpret that feedback and how to
use the information. Prior works in I-RL, for instance, have treated
feedback as a direct reward signal [11] or as advice about a policy [6].
These have greatly increased the learning speed of agents. However,
these models generally assume feedback from one fairly consistent
teacher and/or one optimal solution to each task and thus may
not preform well when that is not the case. Given that research
has also shown that human teachers do have preferences among
different, but still near optimal, solutions [14, 17, 4], there is a need
to modify prior I-RL approaches to handle for this phenomenon
when there are multiple teachers. If the differences among teachers
can be adequately handled by a learning algorithm, the feedback
from multiple teachers could both expedite learning and lead to
policies that are more robust to a potentially changing real-world
environment.
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Figure 1: Grid worlds with multiple optimal paths to differ-
ent goal states (flags). The agent receives a reward of 1 for
reaching a goal, -1 for falling into a hole (black), and -.5 for
every action taken. The agent moves deterministically.

A teacher can help an agent explore if that agent can quickly
adapt to the teacher’s feedback. However, given that feedback is
dependent on the agent’s current policy, in the multiple teacher
setting the agent needs to quickly adapt to each new teacher. An
agent that fails to do so may not only impact that teacher’s feedback
and preferences but also cause the teacher to become frustrated [15].
Such a failure could adversely impact performance of the agent
[3]. We propose that such adaptation can be achieved if the agent
can distinguish between multiple teachers and make use of such
information at the algorithmic level.

Other RL domains with human teachers have already shown
that drawing from a human’s sub-optimal policies can be an ef-
fective way to learn a task. Inverse Reinforcement Learning and
Behavior Cloning use demonstrations rather than feedback to learn
a teacher’s underlying reward function or clone the demonstrated
behavior [1, 20, 16, 9]. Preference Learning, on the other hand, uses
an annotating method wherein a teacher ranks potential action tra-
jectories then the agent fits a policy that best matches the teacher’s
preferences [23, 2]. In Inverse Reinforcement Learning in particular,
even sub-optimal demonstrations can lead to decent agent behav-
ior [8, 18]. Research that either combines these two techniques or
explicitly makes use of sub-optimal teachers has been successful in
outperforming agents with one "optimal” teacher [7, 13, 22]. Also,
recent advancements in deep learning have greatly reduced the
amount of time needed to teach agents across these domains [21,
3, 10, 25]. Our goal is to translate concepts exploiting sub-optimal
teaching into the I-RL domain. I-RL puts the least amount of burden
on human teachers, as they neither have to provide demonstrations
nor necessarily be constantly attentive [5], yet still naturally allows
for the agent to learn from its environment and not just a human
teacher.

3 DISCRETE MULTI-TEACHER ACTIVATED
POLICY SHAPING

Using Griffith, Subramanian, Scholz, Isbell, and Thomaz’s Policy
Shaping (PS) algorithm, we investigated the performance and prop-
erties of an I-RL agent with both perfect and biased oracle teachers
on discrete grid worlds with multiple optimal solutions (i.e. equal
environmental reward; Figure 1). Since prior work has shown that
human teachers do have preferences among paths even in simple
grid world domains [17], we constructed 3 oracles. We implemented
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a traditional "perfect” oracle which provides the agent with positive
feedback with a certain probability if the agent’s action was optimal,
and negative otherwise. We also implemented two "biased" oracles,
one oracle who prefers paths to the right and is adverse to paths to
the left, and vice versa for the other oracle. We then compare the
perfect oracle against the two biased oracles. In the "naive" baseline
and the perfect oracle baseline, the PS algorithm is left unchanged.

Algorithm 1: Discrete Multi-Teacher Activated Policy
Shaping (DM-TAPS)

initialize Qglobal
while True do
if New Teacher then
initialize Qy, Fp
while Teacher n is present do
| PoLICYSHAPING(Qp,Fp)
if n == 1 then
‘ leohal = On, Fglobal =Fy
else
UPDATEQ(Qyi0bal-Qn)
UpDATEF(FyioparsFn)

Given that the agent is aware the teacher has changed, we test our
algorithm Discrete Multi-Teacher Activated Policy Shaping (DM-
TAPS). The general DM-TAPS algorithm is presented in Algorithm
1. DM-TAPS, introduces two novelties to the PS algorithm. One is
the initialization of a new Q-table (Q,) and a new feedback table
(Fn) for each teacher that interacts with the agent. These tables are
distinguished from a "global Q-table" and a "global feedback table"
which the agent uses while not attended. The other is UpDATE
functions that dictate how the individual teacher’s Q-table and
feedback table should be integrated into the global tables when that
teacher leaves. In the version of DM-TAPS used in Figure 2, the Q-
table for the nth teacher, Qp, is the same as Qjop4 however their
feedback table, Fy, is newly initialized on arrival. In the case where
the two update functions are the identity function and Q, and F,
are initialized to the global versions of the Q table and feedback
table, respectively, the algorithm reduces to regular Policy Shaping.
Finally, the UpDATEF function can also vary. An example is shown
in Algorithm 3 where wj, is a weight that depends on how good
the teacher was.

Algorithm 2: UppATEQ Function Example

for s, a in Qgjopal do
if Quiobai (s, @) < 0 and Qn(s,a) < 0 then
‘ leobal(s: a) = min(leobul(s’ a), On(s, a))
else
‘ leobal (s,a)= maX(leabal (s,a), Qn(s, a))

We ran a series of experiments to determine both how quickly
a PS agent’s Q-table converges to the true Q-table and how the
rewards that agent receives vary under the guidance of different
oracles. The environments used are presented in Figure 1. Between
conditions, we varied 6, the constant exploration rate parameter
in PS, the oracle parameter L which dictates how likely the ora-
cles are to provide feedback, and the oracle parameter A, which is
how likely the oracle’s feedback is to be accurate/consistent. Fur-
thermore, the biased oracles used in Environment B, only have a



Late-Breaking Report

HRI ’21 Companion, March 8-11, 2021, Boulder, CO, USA

-1.0
w w w 73
2 B -15 e
@ © M
8 5 g
4 e —2.0 -4
g g g -5
g g -2.5 DM-TAPS g —— DM-TAPS
o o —— single g\_ﬁ —— single
Z Z -3.0 naive < 5 —— naive
Q P © & & '\96 Q o o & & '\90 Q 2 ® & & '\90
Episodes Episodes Episodes
Env.A:0=.01,L=9A=1 Env.A:0=.01,L=9A=1 Env.B:0=.01,L=.7,A=.8
g g 8 180
g —— DMTAPS g% —— DMTAPS & .
E 35 — single E 35 — single £
a 30 —— naive g 30 naive g 140
E 25 -‘E 25 -E 120
o 20 < 20 < 100 DM-TAPS
& 15 > & — single
& g15 g 8 '9
& 10 & 10 8 ol — naive
z z z
N o ® & & '»QQ o o © & & \90 N o © & & \9()
Episodes Episodes Episodes

Env.A:0=.01,L=9A=1

Env.A:0=.1,L=9A=1

Env.B:0=.01,L=.7,A=.8

Figure 2: Top row: Average reward over 40 trials. Bottom row: Average Q-table difference (see Section 3) over 40 trials with the
shaded areas being the standard deviation. 0 is the constant exploration rate used in Policy Shaping. L dictates how likely the
oracles are to provide feedback while A dictates how often that feedback is accurate. The Q-learning and PS parameters where
set as follows: Ir=0.7; max moves per episode = 40; C=1, which represents the confidence the agent has in their teacher.

directional preference in the first two rows of the grid-world be-
cause, unlike in Environment A, there are multiple valid paths to
either direction. During each trial we calculated the "Q-table differ-
ence", mean squared error between the agent’s Q-table and the true
Q-table as a measure of the agent’s robustness to the environment,
and the cumulative reward (Figure 2).

Algorithm 3: UppATEF Function Example

for s, a in Fyopq; do
‘ Fylobal = Fglobal(s’ a) + wp * Fn(s,a)

We present four key results. First, the perfect oracle will do better
in terms of reward than the two biased oracles. This is largely due
to the agent having to "readjust” to a new teacher half-way through
the trial with the biased oracles. Second, as the agent explores more
on its own (as 0 approaches 1), the differences between teachers
decreases (though DM-TAPS will always be more robust and the
perfect oracle will always cumulatively lead to more reward). Third,
DM-TAPS becomes significantly more robust to the environment
than the perfect oracle and does so much more reliably (the lower
the exploration rate, the more likely a perfect oracle will have the
agent stuck in an optima). Finally, there is a trade off between en-
vironmental robustness and a temporary sacrifice in reward, that
occurs when teachers change, which becomes greater as environ-
ments become more complex. Other notable results are that the
naive approach suffers less in terms of reward when teachers switch
because the second teacher must provide enough feedback to the
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agent for it to behave according to the preference, and, besides 0,
these results seem very robust to parameter changes.

4 A PARADIGM FOR TEACHER MODELING
AND ORACLE CONSTRUCTION

Here we present a general way to model both the human and
oracle teachers providing feedback to an agent. With this model we
hope I-RL researchers can: construct more human-like oracles for
testing their algorithms in simulation; provide a means to compare
and contrast different teachers and/or different oracles to test how
their algorithm performs with different kinds of teachers; and create
models of how humans may provide feedback for a given task
so that model can be used as a prior when learning from a new
human teacher. Currently, most oracles differ only in how often they
provide feedback (likelihood) and the probability that they provide
feedback to the contrary of the environment’s reward function
(consistency/accuracy), which does not necessarily capture how
humans give feedback [12, 24].

For any given state s, let there be a function AE that represents
the favorability or action evaluation, from the teacher’s perspective,
of taking an action x; in state s. Let there also be a feedback func-
tion F of AE, a threshold function T, and some noise €. Together,
these functions determine whether or not the teacher will provide
feedback and the value of that feedback. This formulation can be
written as a function composition of the form:

Feedback = F(AE(s),T(s),¢€) (1)
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In the case of binary feedback, F amounts to a discretizing piecewise
function. An example is shown below:

Xip; ifAE(s,x;) = T(s) 2 0

. (@)
~Wip; ifAE(s,x;) = T(s) <0

Feedback = {

X; and —W; are Bernoulli random variables, with p = p;, represent-
ing the value of feedback after taking action x;. One may assume
that for a non-random teacher, p; is a function of AE(s, x;). In this
example, the noise € is implicit due to the probabilistic nature of
X; and W;. The two reasons for distinguishing between so called
action evaluations and the probability of providing certain feedback
are because teachers may provide feedback more or less often as
they become more aware of its impact [19] (while the probability a
teacher provides feedback may change, an action may be equally
favorable), and because one may want to use scaled feedback in
which case the scale can be a function of an action evaluation (a real
number) more intuitively than a probability (a number between 0
and 1). These functions may both change over time and may not
have any discernible relationship with the environmental reward
(e.g. a random teacher). Thus, this model allows for a great degree
of flexibility for modeling teachers, without groundlessly assuming
how teachers will provide feedback for a given task.

With this model of teachers in mind, we can define three ways
a different teacher providing feedback may differ in both the dis-
crete and continuous case: teachers may have a different ranking
of actions, i.e. the function AE may differ; they may have a dif-
ferent threshold/T(s) for when they provide positive or negative
feedback; they may differ in how likely they are to provide feed-
back for certain actions (i.e. the relationship of AE(s, x;) and p;).
Notions of good and bad teachers may be described in terms of
these differences and the relationship of these functions to the en-
vironmental reward function. Good teachers rank actions that lead
to high environmental reward more highly and whose threshold
for providing positive feedback is near the boundary between ac-
tions that yield positive environmental reward and those that yield
negative environmental reward (see Figure 3 b). Note that with this
paradigm we can now model certain phenomenon in teachers such
as diminishing returns.

5 DISCUSSION AND CONCLUSIONS

We propose an important idea for I-RL and HRI researchers to
consider, namely that just the knowledge that an I-RL agent is inter-
acting with a different teacher can be leveraged in various ways to
improve agent performance and/or environmental robustness. This
aligns with the common sense notion that different people may
offer different but valid strategies. In discrete environments, this
equates to using different teacher’s preferences as a means to guide
exploration. For robots deployed in socially interactive contexts, en-
vironmental robustness and the ability to adapt to different teachers
may be as, if not more, important than the environmental reward
for a given task. In particular, in real-world scenarios, human teach-
ers may value a robot that is both personalized and effective. Thus,
we propose a general purpose algorithm based on Policy Shaping
that in discrete state spaces can gain environmental robustness
leading to favorable behavior in the long term, while also readily
adapting to new teachers. Importantly, DM-TAPS has a high degree
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Figure 3: (a) Example of teachers and their feedback mod-
els. The more green an action, the more environmentally
rewarding. The more red an action, the more environmen-
tally punishing. The threshold for human teachers is yellow
meaning that it is a soft threshold. For the oracle, it is black
meaning it is a hard threshold. (b) Showing the relationship
between AE and the environmental MDP reward for a "good"
teacher. The more green an action (represented by dots) is,
the more likely positive feedback is given while the more
red an action, the more likely negative feedback is given.

of customization, so researchers can tailor it to a certain task or to
certain teachers. In the near future, we plan on preforming a study
with human participants to investigate the implications of multiple
teachers in a continuous state-space using general Multi-Teacher
Activated Policy Shaping (M-TAPS), a deep I-RL model.

We also attempted to fill a void in the I-RL literature, namely
that there is not a formal method for modeling human teachers
mathematically nor a way to construct more varied and unique
oracles for simulation. This model opens future areas of research,
including: cognitive science/psychology research that investigates
how humans provide feedback in various scenarios and then fitting
their behavior to the paradigm described (through techniques such
as ML); create priors about how teachers may provide feedback in a
given task such that they can be more quickly modeled and under-
stood from the learning agents perspective; and defining difference
metrics between teachers such that we can better understand the
differences between naive and expert teachers in terms of how they
provide feedback in a given task. This model, and models like it,
can further bridge the gap between computer science and cognitive
science/psychology in the field of HRI
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