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Abstract

What does it take to make reinforcement leaning (RL)
work for real robots? One promising approach is to in-
corporate human guidance, in the forms of evaluation or
preference, to speed up learning. In human-in-the-loop RL,
understanding and representing the mental models of hu-
man trainers is a key challenge. In this work, we propose a
dual representation framework for human-in-the-loop robot
learning. The robot learner keeps two representations, one
for learning the low-level control policy, and the other as a
mental model of human trainers. We address the challenge
of how to make these systems work together, while maintain-
ing the unique advantage associated with each system. We
show that in continuous control tasks, our proposed learn-
ing algorithms based on the dual representation hypothesis
can lead to significant improvements in task performance
and sample efficiency.

1. Introduction
Learning-based approaches face many challenges in

solving real-world robotics tasks, and sample efficiency is
perhaps one of the most critical ones. For example, despite
their successes in simulation environments [23, 28], deep
reinforcement learning (RL) algorithms may require mil-
lions of training samples to learn a good policy [23]. Dif-
ferent types of human guidance are introduced as sources
of domain knowledge to speed up learning [34, 35], such as
demonstrations [27, 2, 24], evaluation, and preference.

In recent years we have seen a great deal of research en-
ergy devoted to studying the latter two learning frameworks,
due to 1) their generality, 2) the relative ease to collect such
human guidance data, 3) and them complementing standard
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training signals such as reward or demonstrations well. In
learning from human evaluative feedback, human trainers
monitor the learning process of an agents, and provide a
scalar signal to indicate whether the observed behavior is
desirable. The agent then learns a policy such that max-
imizes the human evaluation. In preference learning, the
learning agent query human trainers for their preferences
over a set of exhibited behavior trajectories. The agent then
learns a policy or an external reward function from human
preference.

In these learning frameworks, understanding human
trainers is perhaps as important as making learning agents
more intelligent. Many previous works have shown that cor-
rectly representing, interpreting, and utilizing human teach-
ing signals can significantly improve the learning results.
The very first question is to understand the representation
used by the humans during the training, and the differences
between the representation of the robot and that of the hu-
mans. Concretely, in terms of state and action space repre-
sentation, robots need a fine-grained state and action space
to perform rigorous control for continuous control tasks.
However, when human observes, evaluates, and guide robot
behaviors, the representation humans use must be different,
leading to so called “dual representation” hypothesis.

At least two reasons account for the dual representation
hypothesis. First, cognitive scientists conjecture that hu-
man use an abstract, symbolic, and high-level representa-
tion to reason about other agents’ (artificial or biological)
decisions. That is, in the context of “fast and slow” sys-
tems proposed by Kahneman and colleagues [17], humans
may use the “slow” system and its representation. Second,
due to embodiment mismatch in sensors and actuators, it
is unlikely for humans to evaluate the robot in fine-grained
state and action space, e.g., providing precise guidance at
millimeter and millisecond scale.

Inspired by the fast and slow systems hypothesis, we
propose a dual representation framework for human-in-the-
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loop robot learning. In this framework, a robot acts like the
“fast” system that adopts a fine-grained state representation
for continuous control tasks. The human trainers serve as
the “slow” system that evaluate and guide the robot, and
use scene graph as an abstract state representation. The
robot learner keeps two representations, one for learning the
low-level control policy, and the other as a mental model of
human trainers. We address the challenge of how to make
these systems work together, while maintaining the unique
advantage associated with each system. We show that in
five continuous control tasks, when the robot either learns
from human evaluation or preference, our proposed learn-
ing algorithms based on the dual representation hypothesis
can lead to significant improvement in task performance and
sample efficiency.

2. Related Works

2.1. Human-in-the-Loop Training for Embodied AI
Agents

How to best leverage human knowledge in training AI
agents has been a main research topic. Learning from hu-
man evaluative feedback has the advantage of placing mini-
mum demand on both the human trainer’s expertise and the
ability to provide guidance. Depending on how human eval-
uative feedback is interpreted, researchers proposed Ad-
vice [13, 9], TAMER [18, 30], and COACH [22, 4]. The
TAMER+RL framework extends TAMER by learning from
both human feedback and environment reward simultane-
ously [19, 20].

While evaluative feedback often targets a state-action
pair, in preference learning [32], human trainers indicate
their preference over a set of trajectories. Preferences can
be used to directly learn policies [31, 8], learn a prefer-
ence model [12], or learn a reward function [33, 1]. Re-
cent works often learn a hypothesized latent human reward
function from the communicated preferences, and combine
preference learning with deep RL [10, 26, 5, 11].

2.2. Scene Graph and Abstract Representations

Scene graph is a form of abstract representation for state
information, in which objects are represented as nodes,
and relations between objects are represented as edges
[16, 3, 25, 15]. Scene graphs also explicitly and compactly
store information about objects’ geometry, placement, se-
mantics, and relationships, which makes them suitable for
many tasks that require sophisticated reasoning about these
types of information, such as visual question answering, vi-
sual search, and common sense reasoning. In this work, we
argue that scene graph could also be a powerful representa-
tion in human-in-the-loop robot learning.

3. Dataset
A dataset is not required for human-in-the-loop learn-

ing. In evaluative feedback, the human rates the actions
the agent take according to the learnt policy. In preference
learning, agent’s trajectories are generated prior to training
for humans to compare and express preference.

4. Method
A standard reinforcement learning problem is formalized

as a Markov decision process (MDP), defined as a tuple
⟨S,A, T ,R, γ⟩ [29].

• Let t be a discrete timestep.

• S is a set of environment states s which encodes rele-
vant information for an agent’s decision. In this work,
all environment states are continuous.

• G is a set of abstract, discrete states g introduced by
the scene graph.

• A is a set of agent actions. In this work, all actions are
continuous.

• T is the state transition function which describes
p(s′|s, a), i.e., the probability of entering state s′ when
an agent takes action a in state s.

• R is a reward function. r(s, a, s′) denotes the scalar
reward agent received on transition from s to s′ under
action a.

• γ ∈ [0, 1] is a discount factor that indicates how much
the agent values an immediate reward compared to a
future reward.

• H(s, a) is the human evaluative feedback in state s for
action a.

Additionally, π : S ×A 7→ [0, 1] is a policy which specifies
the probability distribution of selecting actions in a given
state. The goal for a learning agent is to find an optimal
policy π∗ that maximizes the expected cumulative reward.

The proposed dual representation framework is shown
in Fig. 1. All learning agents in this work use deep neural
networks to learn policies or optimize other objectives.

4.1. Active Learning from Evaluative Feedback
with Dual Representation

For continuous control RL tasks we are interested in,
Soft Actor-Critic (SAC) is a standard learning algorithm
[14] which will serve as the backbone of our learning
agents. As in the TAMER framework [18], human train-
ers watch the learning process of the SAC agent. We adopt
an active learning setting, in which the TAMER-SAC agent



Figure 1. Overview of the proposed dual representation framework. The robot maintain two state representations: one for learning a fine-
grained, low-level continuous control policy. The other representation is specified by an expert human in the format of symbolic scene
graph. The robot uses this representation to actively communicate with human trainers for evaluation or preference during the training
process.

will ask humans for their evaluative feedback. The key chal-
lenge here is when to ask for such feedback – hypotheti-
cally, asking feedback in the right state will lead to better
learning results with less human effort.

The key motivation here is that, adopting scene graph
representation allow us to use RL methods that are only
suited for discrete state representation, such as algorithms
developed for multi-armed bandit problems. Recall the Up-
per Confidence Bound (UCB1) score for each state is de-
fined as:

UCB1(st, π) = V π(st) + c

√
2 log t

Nt(π(st, a))
(1)

where t is the current timestep and Nt(a) is the number of
times we took action a at st. We can slightly modify this to
estimate the upper confidence bound for abstract states as:

UCB1(gt) = FPE(gt) + c

√
2 log t

Nt(gt)
(2)

where Nt(gt) is the number of times a human has given
feedback for the abstract state gt. FPE(gt) is the average
feedback prediction error for all the environment states en-
countered so far that belongs to gt:

FPE(gt) =
1

Nt(gt)

t∑
i=0

1(si ∈ gt)||Ĥ(si, ai)−H(si, ai)||22

(3)
Note that we can calculate H(s, a) using the an additional
critic head in SAC. UCB1 also uses a constant c to weight

the exploitation and exploration terms. Specifically, this be-
comes a coefficient to the exploration term.

We can calculate running mean of UCB value for each
abstract state and rank then them. Then we give feedback at
a specific state st if its abstract state gt is one of the first x in
the ranking. The consequence is that the agent will actively
ask for feedback in abstract states that it is uncertain about
how human would evaluate its decisions. This effectively
turn active learning from evaluative feedback into a multi-
armed bandit problem, in which the agent tries to estimate
the average value of human feedback for each abstract state.
With the original high-dimensional continuous state space,
this is not possible.

4.2. Preference learning with dual representation

Selecting the optimal trajectory length is a challenging
problem in preference learning [35]. Shorter trajectories
allow humans to provide feedback of high granularity at
the cost of more frequent human interactions. [10] used
random 1-2 seconds clips to create trajectory segments for
query. This results in users’ dissatisfaction since there are
a number of meaningless comparisons such as trajectory
start compare with trajectory end. Our method proposes
a way to select query as well as fragments that reduces
meaningless comparisons and raises the performance. As
shown in the dual representation framework in Fig. 1, for
each state st, there is a corresponding discrete scene graph
state gt. In a trajectory, the agent often experiences a few
scene graph state changes until the task is completed. The
key points that need human to provide preference is where
a scene graph state change happens. To ensure we are mak-



ing meaningful comparison, our method asks queries which
starts from similar stages, i.e., starts with the same scene
graph state, and ends with the next scene graph change.

Since our goal is to estimate the reward function of hu-
man based on information from human preferences, we as-
sume the reward is linear in some state-action features that
are known, as stated in [6], that is, we assume r(st, at) =
ωTϕ(st, at). Thus, we design the reward of a trajectory ξ
as:

R(ξ) =
∑

(s,a)∈ξ

r(s, a) = ωT
∑

(s,a)∈ξ

ϕ(s, a) = ωTΦ(ξ)

(4)

Thus, our goal now is to learn the weight ω. We start
by collecting demonstrations D and generating a prior p(ω)
over the true weight ω based on D. With demonstrations
collected, we have a set of scene graph state changes. To
generate one query Q, we randomly pick one scene graph
state change, and then randomly pick two fragments that
starts with this scene graph state change. We will learn the
weight ω by asking a sequence of queries. Suppose q is the
human response, we compute our posterior over ω as:

P (ω|Q, q) ∝ P (q|Q,ω)P (ω) (5)

5. Experiments
We use five continuous control tasks to evalu-

ate proposed algorithms: Luna-Lander-Continuous-v2,
Reaching-Simulation, PlacingBall-Simulation, Reaching-
Real, PlacingBall-Real. We use Robosuite [36] as the sim-
ulation platform for the second and third tasks. The visual-
izations of these tasks, along with the abstract state for that
particular frame represented as a scene graph instance, can
be seen in Fig. 2. This section describes each task and their
experimental setups.

5.1. Task 1: Lunar-Lander-Continuous-v2

We use OpenAI Gym’s Lunar-Lander-Continuous-v2 [7]
as shown in Fig. 2. The lander aims to land safely in the
middle of the two flags without crashing. The action space
has 2 dimensions. The first dimension of an action deter-
mines the throttle of the main engine, while the second di-
mension specifies the throttle of the lateral boosters. The
states are defined within a 8-dimensional state space, which
includes: the coordinates of the lander in x and y direction,
its linear velocities in x and y direction, its angle, its angu-
lar velocity, and two booleans that represent whether each
leg is in contact with the ground or not. The agent is scored
based on how close it is to the landing pad (between two
flags), if the lander crashes or not (-100), and if it comes
to rest (+100). Additional penalty is also applied when the
lander fires the engine.

5.2. Tasks 2 and 4: Reaching

In the Reaching task, the robot’s goal is to move it’s grip-
per to a target position marked on the table. At the begin-
ning of each session, the robot’s end effector position is ini-
tialized randomly around a point in the area surrounded by
the red, green, and blue lines in Fig. 2. The point is lo-
cated 25cm from the target. In each time step, the only mo-
tions the robot can take are to move on the xy-plane located
above and parallel to the table surface. The height of the
end effector above the table is fixed. This motion defines
a 2-dimensional action space A = {δx, δy ∈ [−0.1, 0.1]}.
The robot end effector’s position on the plane defines the
states S = [x, y]. When the robot’s end effector moves in-
side a 10cm by 25cm target placed at the center of the table,
a completion reward of +1 is given. The reward is 0 in all
other states. In the simulated experiment (Task 2), the robot
executes the action at each time step using Robosuite’s op-
erational space controller in 2-dimensions. For the physical
robot experiment (Task 4), interfacing between the learn-
ing algorithm and the Sawyer robot, as well as the control
of Sawyer robot are established using the perls2, a library
connecting simulated and real world robot learning experi-
ments. Additionally, to prevent the robot from reaching its
joint limits, a rectangular boundary is defined to restrict the
robot’s workspace. Experimental setups in simulation and
in the real world are shown in Fig. 2.

5.3. Tasks 3 and 5: PlacingBall

The PlacingBall task mimics disposal of trash into a
trashcan, and the goal is to drop a ball through a hoop.
We begin with a simplified setup where we assume that the
robot starts with the ball in its gripper, and the position of
the hoop is fixed and known. Similarly to the Reaching
task, the robot’s end effector position is randomly initial-
ized. The action space is 4-dimensional: motion in each
of the Cartesian direction, and gripper opening and clos-
ing (A = {δx, δy, δz, gripper}). The states are defined
as end effector position in 3-dimensional Cartesian space
and the gripper state S = {x, y, z, gripper}. When the
robot releases the ball into the hoop from above the hoop,
a completion reward of +1 is given. If the robot drops the
ball outside of the hoop, a negative reward of -1 is given.
The controllers used for the simulated (Task 5) and the real
world (Task 5) experiments are identical to those used in
Tasks 2 and 3, with two additional dimensions in the action
space. A rectangular boundary limits the robot’s workspace
in each of the 3 Cartesian dimensions to avoid joint limits
being reached. An additional boundary is defined around
the hoop to generate a no-entry zone, preventing collision
between the robot and the hoop object. If an unexpected
collision occur, the session is terminated. The simulation
and real world experiment setups are shown in Fig. 2.



Figure 2. Five continuous control tasks we use for our experiments.

6. Results
Results have been collected for Tasks 1 and 2. Tasks

3, 4, and 5 are in progress, and these experiments will be
conducted in the coming weeks.

6.1. Learning from evaluative feedback

We compare our method to the following baselines:
SAC (pure RL without feedback), TAMER+RL-100 (ask-
ing for feedback at every timestep), TAMER+RL-50 (ask-
ing for feedback 50% of the time, uniformly random) and
TAMER+RL-25 (25%). The results with synthetic humans
are shown in Figs 3 for Luna-Lander-Continuous-v2, and
Figs 4 for Reaching-Simulation. From these results, we can
see that our algorithm leads to much more efficient learning
from human feedback.

6.2. Preference learning

We compare our method with random fragment query,
which randomly select the trajectories to query, and seg-
ment the query with length equal to the average query length
using our method. To evaluate our method, we gener-
ate a random ωtrue as our true weight vector. For Lunar-
Lander-Continuous-v2, since the lander aims to land safely
in the middle of two flags without crashing, we select a
5-dimensional feature vector containing: distance between
lander and the middle of two flags, the velocity of lander, the

absolute angular velocity, the left leg contact with ground,
the right leg contact with ground. We provide true reward
with ωtrue and the feature vector using formula (4). After
each query, we update the posterior belief and calculate the
cosine similarity of ωest and ωtrue as the alignment score,
which is:

alignment score =
ωT
trueωest

∥ωtrue∥∥ωest∥
(6)

In this experiment, we provide query with an oracle user
who knows the true weight ωtrue. We calculated the align-
ment scores of 100 queries for both our methods and ran-
dom fragment query over 5 seeds, and include the result in
Fig. 5. We can see our method outperform random fragment
especially when asking more queries.

7. Conclusion and Discussion
In this work, we propose the dual representation hypoth-

esis. We show that in continuous control tasks, our pro-
posed learning algorithms based on the dual representation
hypothesis can lead to significant improvements in task per-
formance and sample efficiency.

In the context of human-in-the-loop robot training and
learning, human representation differ significantly from
agent’s representation, hence the learning robot needs the
“fast system” and its representation to learn the continu-
ous control policy, and the “slow system” to represent the



Figure 3. Learning from human evaluative feedback results (learning curves) on Luna-Lander. Pink: corrective feedback, in which the
oracle provides the correct action label (performance upperbound). Gray: our algorithm with feedback on only 6.27% states. Dark blue,
light blue, orange: TAMER+RL-100, TAMER+RL-50, TAMER+RL-25. Red: SAC. Results are averaged across 5 runs for each algorithm.
Our algorithm can achieve comparable performance with 100% feedback, leading to approximately 16X improvement in human feedback
sample efficiency.

Figure 4. Learning from human evaluative feedback results (learning curves) on Reaching-Simulation. Gray: corrective feedback (upper-
bound). Orange: ours, with feedback on only 0.86% states. Light blue, red, green: TAMER+RL-100, TAMER+RL-50, TAMER+RL-25.
Dark blue: SAC. Again, our algorithm achieves comparable performance with much less human feedback data.

Figure 5. The alignment score of 100 queries for both ours(scene
graph) and random fragment over 5 seeds.

mental models of human trainers. We show that the ab-
stract scene graph representation allows us to utilize the

algorithms only suitable for that representation, and two
representations can work seamlessly together to facilitate
learning. In the context of robot learning, abstract represen-
tation has long been a research topic. However, adopting
it in decision learning often comes with a price: the criti-
cal information needed to learn a good policy may be lost
in the process of abstraction. Researchers typically avoid
this problem by having a hierarchical representation, e.g.,
as in hierarchical RL [21]. Our design avoids the pitfalls
of abstraction by only using it as a mental model of human
trainers and a means to facilitate communication with hu-
mans.

For our future work, the next step is to continue
our unfinished experiments with evaluative feedback in
PlacingBall-Simulation, and two real robot tasks, as well as
run all our experiments with actual human trainers. Sim-
ilarly we will continue our experiments with preference
learning in Reaching and Placing-Ball-Simulation, and two
real robot tasks, as well as run all our experiments with ac-
tual human trainers.
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