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Abstract— Many solutions to address the challenge of robot
learning have been devised, namely through exploring novel
ways for humans to communicate complex goals and tasks in
reinforcement learning (RL) setups. One way that experienced
recent research interest directly addresses the problem by
considering human feedback as preferences between pairs of
trajectories (sequences of state-action pairs). However, when
simply attributing a single preference to a pair of trajectories
that contain many agglomerated steps, key pieces of information
are lost in the process. We amplify the initial definition of
preferences to account for highlights: state-action pairs of
relatively high information (high/low reward) within a preferred
trajectory. To include the additional information, we design
novel regularization methods within a preference learning
framework. To this extent, we present our method which is
able to greatly reduce the necessary amount of preferences, by
permitting the highlighting of favoured trajectories, in order
to reduce the entropy of the credit assignment. We show
the effectiveness of our work in both simulation and a user
study, which analyzes the feedback given and its implications.
We also use the total collected feedback to train a robot
policy for socially compliant trajectories in a simulated social
navigation environment. We release code and video examples
at https://sites.google.com/view/rl-polite

I. INTRODUCTION

Teaching with preferences [1] offers an alternative ap-
proach in the field of inverse reinforcement learning (IRL)
[2], [3], enabling humans to instruct robots by ranking differ-
ent trajectories generated by a robot. This learning approach
effectively relieves humans from the direct task of providing
demonstrations. Teaching with preferences incorporates the
essential elements of structural alignment [4], [5] and tra-
jectory variation, which is necessary for effective learning.
One major drawback of preference learning approaches stem
from the assumption that if a trajectory is preferred, the
entire trajectory is uniformly positively favored. However,
valuable information might be collapsed in this assumption.
Preferences are intertwined with their causality [6], [7], i.e.,
if one behavior is preferred over another, there may be a
reason for it. Neglecting this may generate a distributional
shift leading to causal confusion [8], [9], where additional in-
teractions with an environment can yield worse performance.
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Not taking causality into account can lead to situations where
one needs to over-query humans to pinpoint sparse goals.

To clarify our motivation, in Fig.1 we draw an example on

how to clarify causal confution by introducing additional tra-
jectory (sequences of state-actions pairs) information within
preferences. Consider trajectories X and Y (see Fig.1.A).
While trajectory X may be preferred over Y, the underlying
reasoning is valuable and could be used to avoid learning by
over-querying users. Consider additional trajectory highlights
(a) and (b) (see Fig.1.B) which could be given as an explana-
tion by a user, where highlight (a) is a high reward sequence,
e.g, reaching a pick-up point or a coffee machine; and (b)
is a low reward navigation sequence, passing inconveniently
between a group of people. In theory, it should be possible
for a human to provide a positive signal for (a) and a negative
signal for (b) for a more informative reward profile. However,
in the usual preference learning paradigm, there is no way
to inform the learning agent about which part of a favored
trajectory was responsible for their preference over another.
This problem becomes amplified the sparser the rewards get.
When a behavior is simply preferred, the entropy of the
sequence of state-action pairs with respect to their reward
value is maximum and represented by a uniform distribu-
tion. Consequently, we obtain a reward profile identical to
trajectory X (see Fig.1.C); in this case, both (a) and (b) have
the same relative value if the highlight information is not
considered. Our method addresses this challenge by offering
humans the option of choosing positive and negative parts
of a trajectory segment, reducing the entropy of their initial
preference; or maintaining said entropy, when the human is
unable to recognize a part of the trajectory as more important.
In this work, we explore the possibility of achieving higher
query efficiency within preference learning by introducing
trajectory highlights. Our contributions are as follows:

1) POLITE: Preferences COmbined with HighLIghts
in ReinforcemenT LEarning (see Sec. IV), a novel
preference learning algorithm which introduces novel
regularization methods, by allowing humans to provide
highlights in search of a causal relation.

2) We provide experimental results where we compare
our work to the current state-of-the-art and baseline
preference learning approaches.

3) We conduct a user study in a social navigation scenario
to collect both human preferences and highlights, to
test the robustness of our approach. We also analyze
the highlights given and evaluate their effect on the
estimated reward function and final policy when com-
pared to just using preferences.
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Fig. 1. Jointly integrating preferences and trajectory highlights. (A): A user provides a preference over two trajectories X and Y. (B): A user may choose to
highlight part of the preferred trajectory either as good/bad or provide both highlights. (C): A reward function can be jointly updated both with preferences

and highlights improving the credit assignment of the favored trajectory.

II. RELATED WORK

Human-in-the-loop learning. Recent research in Hu-
man-robot interaction points to the direction that leveraging
human knowledge when learning is not only desirable but
extremely effective [10], [11], [12]. An interesting human-
centric form of learning is through human advice, and more
concretely, evaluative feedback [13]. Evaluative feedback can
be provided by humans in scalar form [14], natural language
[15], trajectory segmentation [16], or through commands
and/or buttons signaling preferred behaviors [14], [17], [18].
For example, robots should benefit from having an explicit
world model and acquire abstract reasoning [19], instead
of building a policy directly which fails to generalize [20].
Not only should robots learn implicitly from features [21],
but should be able to explicitly prompt humans for missing
information [22]. One solution could be to guide humans
through the decision-making process of the agent [23], or to
allow humans to correct the robot’s behavior during learning
[24]. Otherwise, by relying on simple mimicry, relevant
information related to causality may be collapsed and lead
to a distribution shift during learning [8]. Consequently,
learning internal and implicit representations by brute-force
when over-querying humans, will lead to failure scenarios,
lowering humans’ trust [25].

We obtained inspiration from the above ideas and set out
to design an algorithm that would take advantage of not
only the implicit knowledge of preferences but also allow
humans to explain their choice in search of a causal relation.
Several other approaches are in line with this hypothesis, e.g,
adopting divide-and-conquer strategies to simplify reward
design [26], and that most tasks can be often represented
by a simple reward function and additional constraints [27].
This decomposition property may enable robots to learn
tasks of arbitrary complexity through human feedback [28].
There are many works that aim at generalization, by doing
distillation of reward networks through demonstrations [29]
and extrapolating information beyond sub-optimal demon-
strations by learning a reward function from a ranked set

[30], [31]. Another interesting work considers trajectories to
be segmented by humans into contiguous parts in a Bayesian
IRL framework [16]. Most similar approaches in robot learn-
ing are also human-centric by design, e.g, including humans
in the loop when performing inference [32], or searching
for more optimal ways from learning with human teachers
in LfD [33], [34], [35], [36], [37]. While efficient, these
approaches can be challenging to design for non-experts [38].
Our work presents an alternative approach to include human
feedback through IRL with preferences and aims at reducing
the number of total queries needed when prompting non-
expert humans, leveraging a cause-and-effect relationship.

Learning from preferences. Considering Boltzmann ra-
tionals to account for large portions of trajectories, in order
to use human feedback in a more sample-efficient manner,
poses a promising research path [39], [40]. Consequently,
frameworks were proposed to generalize different types of
human feedback into Boltzmann rational feedback [41], [42].
Boltzmann noisily-rational decision models [43] have been
considered to infer human behavior from goals and pref-
erences, using trajectory distances instead of solely relying
on rewards, for additional information gain. Utilizing prefer-
ences for learning enjoys an ever-growing body of literature
[1]. However, there are many problems left to be solved, such
as query selection and employing information strategies on
the preferences selected. To address query selection, active
learning approaches selecting trajectory pairs in order to re-
move volume from the distribution of potential rewards have
been considered [44], [45]; when volume reduction would
lead the robot to ask preferences on similar trajectories,
information gain strategies were explored as alternatives [46],
[47]. Current preference learning approaches can also be seen
as a form of repeated inverse reinforcement learning [48].
The idea is to continuously learn a reward function by asking
for preferences on novel iterations of a policy. Approaches
that sequentially include humans in the learning loop when
inferring reward functions, exhibit improved robustness and
mitigate the possibility of humans providing heterogeneous
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feedback [36], [49], [50]. In this manner, a reward function
may be inferred from tabula rasa [49], or bootstrapped
through imitation learning [51]. An alternative idea is to train
a reward function from an initial set of queries gathered
from a pre-trained policy [52], [53]. While our approach
can be seen as a natural extension of the above works, our
contributions are substantial, and open a path of leveraging
the simplicity of using preferences; while exploring ways
to reduce the inherent entropy generated by grouping large
segments of state-action pairs.

III. BACKGROUND
A. Preference Learning

In this work, we consider RL environments with con-
tinuous state spaces S € R™,n € N, and action spaces
A CRY,v € Ny. The main purpose of preference learning
is to infer a reward function 7y from human feedback, which
models the true unknown reward function of the environment
r: SxA — R . To learn a preference-based reward function,
we build upon the work of Christiano et al. [49]. Preference
learning is an interactive learning paradigm that enables
humans to give structurally aligned [4] feedback by providing
their preference amongst pairs of trajectory segments. Firstly,
a trajectory 7 is defined as sequences of states and ac-
tions, such that 7 = ((sg, ag), (s1,a1),---, (Sk—1,aK-1)) €
(S, A)*, where k € N represents the length of the trajectory
from initial state sq to end state, obtained by following policy
m, S — A. Trajectories are collected into a trajectory
dataset D, = {7, ..., 71}, where [ denotes the number of tra-
jectories collected. From D, we sample trajectory segments
(or just segments for simplicity) o which are composed
of partial trajectories, i.e., 0 = ((S0,a0),- -, (Sm,0m)) €
(S, A)™, m € N, where we define the length of a segment
by m,0 < m < k. Subsequently, the collected segments
form a segment dataset D,. Moreover, pairs of segments
(01,02) € D, are randomly sampled, to form queries to
be filled by humans for preferences. We denote > as a
preference operator as in [49]. We assume if a segment
o1 is preferred over oo, i.e., o1 > 09, then the sum of
rewards across segment o is higher than segment o, i.e.,
D sy T(8:@) > D0 yeq, T(8,a). A preference i is a
2-D tuple of the form p € {(1,0),(0,1),(0.5,0.5),(0,0)}
specifying which segment was preferred. One segment is
preferred over the other in the case p = (1,0) or p =
(0,1); if both are of equal value then p = (0.5,0.5); or
w = (0,0) if unrelated. Thus, a query ¢ is defined as a
triple ¢ = (01, 02, ). Queries are stored in a query dataset
D, which is used to sample and train the reward model
7. We model the reward function as a preference predictor
between segment pairs. The reward model 7, is represented
by a neural network with parameters . The probability of a
user preferring a trajectory over another can be seen as the
exponential sum of the rewards of the preferred trajectory
divided by the total amount of rewards of both trajectories:

) ) exp (¥, #u(5,a))
Ploy =03]= exp (Zo‘l f‘¢($,a)) + exp (202 72/1/)(5,(1))

(D

The reward model 7y is optimized as a binary classifier,
where the loss function is based on the user feedback,
measuring the error between the predicted and the actual
judgment.

Loret(Py) == p(1)logPloy 0] + p(2)logPlos = a1]
(Jl,Uz,M)EDq
(2)

IV. POLITE

In this section, we formally present POLITE: Preferences
COmbined with HighLIghts in ReinforcemenT LEarning,
a preference learning algorithm which aims at improving
query sample efficiency by asking humans for the causal
reason of their preferred choice. While preference learn-
ing has plenty of potential, one of many drawbacks is
related to the indetermination of which state-action pairs
were categorically responsible for a human preference. The
indetermination is more generally known in RL as the
temporal credit assignment problem [1]. The temporal credit
assignment determines which state-action pairs maximize the
sum of expected returns. In a more typical RL setting, an
agent explores the environment in a sequence of state-action
pairs following policy 7. Through discounted rewards, credit
is trickled down the sequence leading up to the reward.
However, in preference learning, once a preference has been
attributed, the credit is uniformly associated with the entire
trajectory segment. We developed POLITE to address this
issue and propose an alternative formulation for preferences,
to include relevant additional information. We present our
approach threefold from the foundation to the final algorithm:

1) In Sec. IV-A we define highlights, an auxiliary and
optional feedback signal in the context of preferences,
and introduce highlighted queries.

2) In Sec. IV-B we propose how to use highlights as
regularization terms in the learning objective of a
reward model.

3) Finally, in Sec. IV-C we outline in great detail our
contribution in the context of a preference learning
framework.

A. Extending preferences with highlights

A highlight represents a rolling attention window that con-
stitutes part of the preferred segment (see Fig.2). Consider
the initial definition of a segment as a sequence of length
m in Sec. III-A. Mathematically, we define a highlight h
as a subsequence of a preferred segment. More concretely,
highlights are subsequences of segments such that, h; ; =
045 = ((Si, ai), ey (sj,aj)) S (S,A)jii,i,j € N+ with
0 < ¢ < j < m. The length of a highlight j —¢ = L,
where L represents the maximum considered length for a
highlight. Additionally, we include a third option in case a
human does not wish to highlight any part of the segment.
Thus a highlight can be represented by:
if j <L,

if j>1L 3)

(SO; ao)a ey (Sj7aj)7
(Sj—Laaj—L)a--'a(Sjvaj)7
(), if no highlight

h =
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Fig. 2. Representation of highlights within a segment. The segment o
outlined by a curve contains two highlights, a negative in red h~ and a
positive in green ht. Both highlights have length L.

Furthermore, we define h™ as a positive highlight yield-
ing a positive sum of rewards, i.e., >, ,)ep+ 7(8,a) >
0. Likewise, we define h~ as a negative highlight with
> (s.yen- T(s,a) < 0. When humans are queried for pref-
erences, they have an additional option to signal either a
positive highlight AT, a negative h~, both, or none. A query
as defined in Sec. III-A, constitutes a human preference u
alongside a pair of trajectory segments and is represented by
q = (01,02, ). We extend this definition with positive and
negative highlights h™, h~, and refer to the new quintuple
as highlighted queries hq = (01,02, 1, k™, h™). In POLITE
highlighted queries are collected in a dataset denoted by Dj,,.

B. Regularizing the reward model with POLITE

The strategic application of regularization has been em-
pirically demonstrated as an important factor in shaping
state representations through the augmentation of the initial
learning objective [54]. Auxiliary tasks refer to secondary
tasks that are semi-related to the primary task but provide
valuable training signals that can guide the learning of
shared representations. These tasks are incorporated into
the learning process to leverage the inherent structure and
regularities present in the data. Integrating auxiliary tasks
alongside the primary task has demonstrated an enhancement
in learning and data efficiency [55], [56], [57], [58], [59].
Enhancing the loss function through regularization can be
viewed as introducing an inductive bias, thereby constraining
the search space over potential solutions. Recent work has
revealed that utilizing human natural language to shape
representations can lead to the development of human-like
inductive biases and behaviors [5], [60]. In POLITE, we
create a novel state representation task to reduce the entropy
of preferred segments by including causal reasoning from
a human teacher. We thereby learn a more informative
representation that better distinguishes between high and
low-value state-action sequences. By extracting more infor-
mation from each preference we can effectively reduce the
total amount of preferences p. We specify the new task as
additional regularization terms added to Eq.2. The purpose
of the regularization is to better shape our reward function in
order to detect valuable states and reward them accordingly.
To put it simply, the objective is to maximize the reward of
positive highlights h*, and minimize the reward of negative
highlights A~. As in similar works which predict future
rewards, we also apply a discount to states leading up to
the last state s;, to underline the importance of the highlight
given by humans:

L
Ly =—-Ep+op,, [Z Ny (sj-1, aj—l)‘| “4)

=0

L
L_ =Ep-p,, [Z Aoy (sj-1, aj—l)] &)

=0

The final goal is to minimize £, (see Eq.4) and L_
(see Eq.5) while maintaining the baseline preference learning
loss Lprer (see Eq.2). We use highlighted query samples hq
sampled from Dy, to optimize 7. Hyperparameters o, and
a_ serve to weight both regularization terms, and thus the
resulting learning objective is of the form:

LpoLrte = Lpret + Ly +a_ L (6)

C. Preference learning with POLITE

Similarly to other preference-based RL methods [49],
[52], POLITE (refer to Alg. 1) interleaves policy learn-
ing with reward learning. In step A (see Fig.3), policy
7, interacts with an environment, generating (s¢, at, St+1)
alongside estimations of 7, (s¢, a;). We collect the resulting
transitions (s, a;, S¢+1, 7y (s¢, a;)) (arranged in trajectories)
in a provisional buffer which is used to perform gradient
descent on 7,, with respect to w following PPO [61]. After
training 7,,, we collect a large number of trajectory segments
and store them in D,. Next, in step B (see Fig.3) we perform
a feedback session. We sample N € N trajectory segments
o to acquire query preferences from humans. Afterward,
we prompt humans for their desire of providing either
positive h* or negative A~ highlights and store them in
the highlighted queries dataset Dy, . In step C, we iterate
our reward model 7, by performing gradient descent on
parameters ¢ with Lpoprrg as the learning objective. Finally,
after obtaining a new iteration of #;, we resume to step A
and repeat the algorithm to convergence.

Algorithm 1: POLITE

1 Dy <0 Dpg <0

2 m, < train(m,, fy, env)

3 D, + sampleSegments(7,,)

4 while |Dp,| < N do

5 (01,02) < samplePairs(D,)
w < collectPreference(o1, 02)
(h4,h_) « collectHighlight (o, 02, 1)

Dhq — Dhq U (0’1,0’2, M, h+, h_)

for each gradient step do

10 Sample minibatch from Dy, > // Step C
1 Optimize 7y, LporLrte With respect to v in Eq.(6)
12 return 7y, > // return fy

> // Step A

>// Step B

o e 9 &

V. EXPERIMENTAL EVALUATIONS

To determine the efficiency of POLITE we run simulated
experiments to validate the hypotheses:
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Fig. 3. Macroscopic representation of POLITE. Step A: We train policy .,
and sample rollouts which are stored in Ds. Step B: We sample trajectory
segments o to query humans and collect both preferences and highlights.
Step C: The highlighted queries are collected to form dataset Dy, and
update the current reward model 7.

o H1: POLITE has better sample efficiency than the cur-
rent state-of-the-art, by prompting humans fewer times
while gathering additional information per preference
given.

o H2: POLITE significantly outperforms other approaches
by converging faster under the same settings.

We chose to run simulated experiments on two standard
MuJoCo environments using OpenAl Gym [62]. We simulate
human feedback using a synthetic oracle with access to the
true reward function. Preferences of the synthetic oracle work
as explained in Sec. III-A, where a segment is preferred over
another if the cumulative reward over that segment is higher.
We emulate a noisy human teacher by mislabeling 10% of
the preferences received.

For POLITE, we extend our oracle to provide additional
highlight feedback by keeping track of sequences of state-
action pairs with the highest and lowest cumulative rewards
for each preferred segment. If the rewards exceed a specific
threshold, the oracle will highlight that part of the trajectory.

We evaluate the performance of POLITE against the
current state-of-the-art. In addition, we vary the number of
queries used to evaluate the sample efficiency. We compare
three algorithms:

e POLITE (Our method): using highlighted queries as

described in section IV.

o« PEBBLE [52]: a state-of-the-art preference learning

approach, results are obtained using the author’s code.

o Preference Learning (Baseline): Preference learning

based on the work of Christiano et al. [49], which can
be considered an ablation of POLITE without highlights
and exclusively using Eq.2 for the learning objective.

A. Synthetic Benchmark Results

In Walker2d, POLITE using 200 highlighted queries,
outperforms baseline preference learning with 800 queries,
effectively reducing the query count by 75% (Fig. 4a).
Doubling the queries to 400 results in nearly double the
performance compared to 800 queries from the baseline.
Despite PEBBLE’s improvements over the baseline, POLITE
outperforms it with half the queries. These results show
support for both HI and H2 as we reach higher convergence
with a greater query sample efficiency. Similarly, POLITE
outperforms PEBBLE and baseline preference learning using
equal queries in Cheetah (Fig. 4b). POLITE achieves near-
baseline convergence with 75% fewer preferences, support-

ing H1 further. With 400 queries POLITE achieves higher
convergence than baseline and PEBBLE, corroborating H2.

To understand the effect of combining highlights and
preferences we performed an ablation on the Cheetah en-
vironment where the agent was given either preferences,
highlights, or both. We observe a non-linear synergistic effect
when combining preferences and highlights which allow the
agent to learn more efficiently (see Fig. 4.c).

B. Evaluation with Real Human Feedback

In this section, we use a simulated robot performing
social navigation to analyze how highlights provided from
real human feedback effectively build a more informative
reward function. To this extent, we validate the following
hypotheses:

o H3: POLITE derives a substantially different reward
function and policy compared to baseline preference
learning.

o H4: POLITE is more effective at identifying and re-
warding sparse goal states in the environment through
the additional shaping of its reward function.

We run two conditions between-subject, POLITE and
baseline preference learning, collecting 400 preferences each.
Both conditions start from the same pool of segments and
preference pairs generated from the same policy 7. The dif-
ferences stem from how differently humans rate preference
pairs and the addition of highlights in POLITE. In total, we
recruited 40 (20 for POLITE, 20 for baseline) participants
from AMT. All participants were from the United States and
were paid a rate equivalent to $10 per hour.

To collect data, we use a social navigation environment in-
troduced in [63]. The environment simulates a social scenario
where a Pepper robot navigates through a corridor crowded
with moving humans to reach a target destination. In the
corridor, one intermittent goal and one end goal are placed,
and three humans move around. The task of a participant is
to observe pairs of videos with different robot behaviors and
pick the preferred one. In the POLITE condition, they are
also able to provide highlights.

C. High-level analysis of the resulting reward models

POLITE’s curvature shows a more complexly shaped
reward function that succeeds at distinguishing the positions
of goals and humans (Fig 5a). We can explain the curvature
by pointing out the location of the objects in the simulated
environment: The first human is located around z = —10;
the intermittent goal is around z = —2.5; two humans are
around z = [4,15]; the end goal is around z = [10,14]; a
final wall is located at z = 15. In contrast, the baseline has
a relatively flat distribution throughout the corridor.

The KL-divergence increases (see Fig. 5c) the longer we
train both reward functions. An increasing KL-divergence
signifies an increase in discrepancy in the reward distribution
between POLITE and baseline. The reward spread over
the corridor alongside the increasing KL-divergence shows
apparent differences in the reward functions supporting H3.
POLITE shows its capability to identify and appropriately
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(a-b) The reward distribution for POLITE and baseline based on location inside the corridor and distance to goal shows clear distinctions. (c) The

KL-divergence validates that both reward models diverge. (d) POLITE thereby achieves higher convergence.

reward sparse goal states (Fig 5b). POLITE shows a non-
linear relationship between distance to the goal and the corre-
sponding reward received: the reward increases more rapidly
the closer to the goal. The additional variance helps better
distinguish the real value of highlighted states. POLITE’s
reward function displays a broader range of values, nearing
1 close to the goal and approaching O further away (Fig.5b).
This spread is not observed in the baseline, which can hinder
precise goal identification. The ability to better detect goals
can be verified in Fig. 5d where POLITE outperforms the
baseline, validating H4. In the baseline condition, partici-
pants didn’t prefer any segment 16.5% of the time, while
this decreased to 7% in the POLITE condition. Pearson’s x2-
test affirmed a significant relationship between the number
of non-preferences and condition (y? = 16.5,p < 0.001).
Participants were also willing to provide highlights in the
POLITE condition, with positive and negative highlights
given 63.44% and 47.31% of the time, respectively.

Finally, to obtain a sense of human effort, we inspect the
time participants spent rating the queries. On average, it took
people in the highlight condition 24.83+6.48 minutes to rate
the 20 queries and read through the tutorial. The baseline

condition took an average of 18.9349.4 minutes. This results
in a 31.17% increase in time for the highlight condition.

VI. CONCLUSIONS

We show, in simulation and by analyzing real human
feedback, that highlights can help shape a more complex
reward function, capturing implicit information that would
otherwise have to be inferred by over-querying humans,
leading to a drastic reduction of queries. Moreover, even
with a significant reduction of queries, we still maintain or
improve convergence when compared to regular preference
learning and PEBBLE. The most interesting results come
from Walker2d where POLITE can converge towards a
higher reward compared to baseline preference learning with
75% fewer queries. We observe more expressiveness in PO-
LITE’s reward function reflected in the reward distributions.
The reward function is more in line with the environment’s
structure by identifying goals and human-occupied areas. In
addition, it identifies sparse goals and successfully attributes
them to a higher reward. Finally, we observe that humans
are more willing to express a preference for the POLITE
approach over baseline preference learning.
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