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1 Introduction

As robots become pervasive in human environments, it is important to enable users to effectively
convey new skills without programming. Recent work has shown that reinforcement learning [1]
(RL) agents can successfully speed up learning using human feedback [2, 3, 4]. However, learning
efficiently from human input brings significant challenges (e.g., delay, inconsistent input, and limited
human patience) relative to learning autonomously. In this paper, we present a model and results of
an experiment to show how a learner can adapt its action execution speed to learn more efficiently
from human trainers. Our insight is that action execution speed can be modulated to strategically
encourage more explicit feedback from a human trainer in parts of the state space where the learner
has more uncertainty about how to act.

This paper builds upon our recent work [5, 6] that considers how an agent can learn a task from
a human without any environmental reward signal. We have shown that 1) considering human
feedback to be as a discrete communication can be more effective for training an agent than treating
it as a numerical reward signal, 2) the agent can learn a policy appropriate for a given English
language command in 90% of the sequential decision tasks when trained by naı̈ve subjects, and
3) the properties of the domain (e.g., training conditions) can significantly affect users’ choices of
training strategies and the average training time. This paper leverages our existing Strategy-aware
Bayesian Learning model [5], which is able to learn from both explicit and implicit feedback from
human trainers, to explore how changing an agent’s speed influences the way the agent learns and
how a user gives feedback.

In particular, we are interested in designing an agent to optimize four metrics. We aim to 1) minimize
the wall clock time the agent spends learning, 2) minimize the number of time steps the agent takes
while learning, 3) encourage the user to give explicit feedback to the agent, and 4) consistently learn
a (near-)optimal policy. Our results show that our novel adaptive speed agent dominates different
fixed speed agents on these four metrics.

2 Background and Related Work

Our work is part of a growing literature on learning from human feedback. Most existing
reinforcement-learning algorithms treat human feedback as a numerical signal to be maximized by
the agent. The TAMER algorithm is modeled after standard RL methods that learn a value function
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from human-delivered numerical rewards, and has been shown to be effective in a number of task
domains [4]. Thomaz and Breazeal [3] treat human feedback as a form of guidance for an agent
solving an RL problem. Their results show that humans give reward in anticipation of good actions,
instead of rewarding or punishing the agent’s recent actions. Tenorio-Gonzalez et al. [7] introduce a
dynamic reward shaping approach to learn from infrequent and inconsistent human feedback where
the user’s feedback is converted into a shaping reward, which is then used to modify the MDP reward
to guide the agent’s learning process.

Work by Griffith et al. [2] and Ho et al. [8] are the most similar to ours. Here, human feedback is
treated as discrete communication that depends probabilistically on the trainer’s target policy, rather
than on some numerical reward, so that the trainer’s feedback is making a direct statement about
the policy itself rather than influencing the policy through a reward. Specifically, in the work of Ho
et al. [8], instead of using the reward-maximizing model based on standard reinforcement learning,
an action-feedback model is shown to be followed by the majority of people while teaching.

In the current paper, human feedback (either explicitly rewarding, explicitly punishing, or providing
no feedback) after an agent’s action is evidence for or against hypothesized target tasks represented
by MDP reward functions. At each time step, the agent follows the optimal policy for the most likely
task, which is computed using an off-the-shelf MDP planning algorithm.

3 Experimental Setup

A key contribution of our previous work is the implementation of an interactive training GUI that
enables a user to naturally and effectively train a virtual dog to carry out a variety of pre-specified
commands with reward and punishment via a web interface [6]. We designed a user study to explore
how users’ feedback strategies are affected by properties of the environment and agent competency
for natural language command learning in sequential decision tasks.

To gain some preliminary insights into the effect of an agent’s speed on trainer feedback, we col-
lected data from Amazon Mechanical Turk and compared the results across different agent speeds
({0.5, 0.75, 1.0, 2.0} seconds per action). There were 30 unique users for each training condition.
Our preliminary analysis suggested that people tended to use more wall clock time but fewer time
steps to successfully train the agent when it moved more slowly.

In addition to testing fixed speed agents, we added a novel training condition where the agent has
an adaptive speed. The agent would move quickly when it was confident (had low uncertainty) in
its current action choice and slower when unsure. Note that action certainty is often different than
the agent’s confidence in which task and policy is the training target—an agent may have very high
confidence in an action if it is in a long hallway and all hypothesized task policies suggest that it
should exit the hallway in the same direction.

We use the entropy (H) of the action selection to summarize the agent’s confidence level, H =
−
∑

a∈A Pr(a = a∗|s, F ) ln(Pr(a = a∗|s, F )), where A is the set of possible actions, and Pr(a =
a∗|s, F ) is the probability that action a in state s is the optimal action (a∗). We use a sigmoidal
model, T = 0.5 + 1.5

1+e−10(H−0.5) , to map each computed entropy to the agent’s action speed. Given
the entropy of the action selection H , the corresponding step interval T between two consecutive
actions is computed at each time step, which reflects the agent’s confidence level of the current
action choice. The agent speed varies from 0.5 seconds (highest confidence/minimum entropy) to
2.0 seconds (lowest confidence/maximum entropy) per step.

Since we follow the SABL formalism in which human feedback gives evidence for an intended
reward function for which there are corresponding optimal policies [5], the probability that an
action selection is the optimal action can be inferred by marginalizing the policies over the re-
ward functions. Specifically, the probability distribution over optimal actions is computed as
Pr(a = a∗|s, F ) =

∑
r∈R π(s, a|r) Pr(r|F ), where F is the history of feedback events from the

trainer, R is the hypothesis space of possible reward functions to be trained, π(s, a|r) is an indicator
function specifying whether action a is the optimal action in state s when reward function r is be-
ing maximized, and Pr(r|F ) is the current probability based on the feedback history F that reward
function r is the intended reward function by the trainer that is learned using SABL.
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(a) “Move to the yellow room” (b) “Move the blue chair
to the purple room”

(c) “Move the red bag to the
blue room”

Figure 1: The three training environments and their corresponding commands.

Figure 2: (a) Training accuracy for different agent speeds (fast, slow, or adaptive), given different
training environments. (b) Average wall clock time used to successfully train the agent when its
speed was fast, slow, or adaptive, given different environments. (c) Average # time steps used to
successfully train the agent when its speed was fast, slow, or adaptive, given different environments.

4 Result Analysis

This section summarizes our user-study results. In all four evaluation metrics we consider—1)
training accuracy, 2) wall clock time, 3) number of time steps, and 4) amount of explicit feedback—
the adaptive speed agent is either competitive with or outperforms the fixed speed agents.

In the first two training conditions, the agent moved at a constant fast (0.5 seconds/step) or slow (2.0
seconds/step) speed, while in the third training condition, the agent adapted its speed (0.5 ∼ 2.0
seconds/step) to reflect its confidence level of the current action choice.1 In each training condition,
30 unique users who successfully trained a tutorial task (verifying that they understood the inter-
face) were asked to train the virtual dog in a series of three environments with increasing levels of
complexity (shown in Figure 1).

We first evaluated participants’ training accuracy by computing the ratio of tasks that were success-
fully trained to the total number of tasks that were trained by each user. Figure 2(a) shows the
average training accuracy achieved in different training conditions given different environments. As
we expected, compared against the constant fast or slow agent speed, the training accuracy was not
hurt when the agent moved at an adaptive speed. A two-way ANOVA test indicated that the accuracy
differences between three training conditions were not statistically significant (p > 0.05).

Figure 2(b) summarizes the average wall clock time people spent to teach an agent the optimal policy
the first time.2 Users spent less wall clock time training in the adaptive case than the slow agent case,
as expected. The least wall clock time was used in fast agent case in first two environments. It is
surprising that the adaptive agent took less wall clock time than the fast agent in environment 3,
even though the adaptive agent moved slowly when it lacked confidence in its action choice. A
two-way ANOVA test shows that the wall clock time spent in each of the three training conditions
was significantly different (p � 0.01). There was a statistically significant interaction (p � 0.01)

1We note that we have no evidence for or against trainers interpreting the agent’s speed as confidence
or confusion; however, regardless of interpretation, the speed is computed to reflect confidence and the data
supports the claim that it is effective at getting trainers to adjust their feedback.

2Users can decide when to finish training. To standardize timing, we record the time at which the agent first
stabilizes to an optimal policy.
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between the effects of task complexity and training condition on wall clock time used. There was
no statistically significant (p > 0.05) pairwise difference between the adaptive agent and fast agent.

Figure 3: Average # explicit
feedback given when agent’s
speed was fast, slow, or adaptive.

An agent could accomplish a task using less wall clock time with
faster speed. However, it might result in a larger number of time
steps or states and actions being explored by the agent. Increas-
ing the time steps increases the probability of the agent execut-
ing incorrect actions and their corresponding effects. Consid-
ering the average number of time steps taken by participants to
successfully train the agent, shown in Figure 2(c), we find that
the adaptive speed agent took fewer steps than the fast agent. A
two-way ANOVA test shows that the time-step differences be-
tween the three training conditions were statistically significant
(p� 0.01). The interaction effects of task complexity and train-
ing condition on time steps taken were statistically significant
(p = 0.01). There was no statistically significant (p > 0.05)
pairwise difference between the adaptive speed agent and slow
agent on these metrics.

Combining the first three evaluation metrics, we find that the adaptive speed agent can use 1) signif-
icantly less wall clock time with fairly similar time steps (compared to the fixed slow agent) and 2)
significantly fewer time steps but not significantly worse wall clock time (compared to the fixed fast
agent) to train the agent, 3) without significantly sacrificing training accuracy.

Figure 4: A bar plot showing the per-
centage of the optimal value each of
the four criteria reached given differ-
ent agent speeds in environment 3. The
adaptive speed agent always does at
least as well as the fixed speed agents.

Lastly, we measured the average amount of explicit feed-
back given to the agent when it behaved differently. Pre-
vious work has shown that the amount of human feedback
will decrease over time and forcing a learner to make mis-
takes can encourage more human feedback [9]. Because
fewer time steps were used in the adaptive speed case
(relative to the fast case), we were worried that the agent
may receive less explicit human feedback and thus make
the problem of inferring the correct task harder for the
agent by relying on implicit feedback. As is clear from
Figure 3, even though fewer time steps were used by the
adaptive speed agent, roughly the same amount of explicit
feedback was given to the fast and adaptive speed agents.
Learning in fewer time steps does not necessarily result
in less explicit human feedback. A two-way ANOVA test
shows that the amount of explicit feedback delivered in
each of the three training conditions was not significantly
different (p > 0.05).

To better understand whether the adaptive speed agent is either competitive with, or outperforms,
the fixed speed agents on all four criteria, Figure 4 summarizes the performance of the three agents
on the four metrics in Environment 3. Bars show the percentage difference, where the best value for
a given metric is 100%. The other bars are computed as

(
1− Vc−Vo

Vo

)
× 100% if the smallest value

is the optimum or
(
1− Vo−Vc

Vo

)
× 100% if the largest value is the optimum. Vo is the optimal value

of an evaluation metric, and Vc is any other value of the same criterion. We find that the adaptive
speed agent outperforms the fixed fast or slow agents on all four criteria.

5 Conclusion

This work considers agents that are better able to learn from human feedback by adapting their
speed based on their confidence. Our experimental results show an adaptive speed agent dominates
fixed speed agents in four evaluation metrics (training accuracy, wall clock time, number of time
steps, and amount of explicit feedback). Future work will 1) measure how human subjects rate the
adaptive vs. fixed speed agents in terms of which feels “most natural” and which they perceive as
“most effective” and 2) consider how human subjects can construct their own tasks for training.
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