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Abstract. Teachable characters can enhance entertainment technology by pro-
viding new interactions, becoming more competent at game play, and simply be-
ing fun to teach. We argue that is important to understand how human players
try to teach virtual agents in order to design agents that learn effectively from
this instruction. We present results of an initial user study where people teach
a virtual agent a novel task within a reinforcement-based learning framework.
Analysis yields lessons of how human players approach the task of teaching a
virtual agent: 1) they want to direct the agent’s attention; 2) they communicate
both instrumental and motivational intentions; 3) they tailor their instruction to
their understanding of the agent; and 4) they use negative communication as both
feedback and as a suggestion for the next action. Informed by these findings we
modify the agent'’s learning algorithm and show improvements to the learning in-
teraction in a second set of user studies. This work informs the design of real-time
learning agents that better match human teaching behavior in order to learn more
effectively and be more enjoyable to teach.

1 Introduction

The development of interactive characters that learn from experience continues to be an
exciting area of research. In particular, teachable characters, where the human player
can shape their behavior, have been successfully incorporated into a number of com-
puter games. IBlack & White for instance, human players shape their characters by
leading them with different leashes to be “nice” or “naughty” [1].NIERQ virtual

armies can be incrementally taught new battle skills from human crafted training exer-
cises [2]. Animal training paradigms are also populaDbyz for instance, people can
teach their virtual canines new tricks through reward (i.e., treats) or punishment (i.e.,
spray bottle) [3], whereas Blumbegg al. present a learning architecture for a virtual

dog that can be taught via clicker training [4]. In sum, teachable characters can enhance
game play by either introducing the opportunity for new interactions, becoming more
competent at a game, or by simply being fun to teach.

Most of the above examples are Reinforcement Learning (RL) based approaches.
RL has certain desirable qualities, in particular the general strategy of exploring and
learning from experience. Although the theory of reinforcement learning was originally
formulated for systems to learn on-line, independent of human participation, a number
of prior works have explored having a human contribute in a supervisory role [4, 8—
10]. This models the human input as indistinguishable from any other feedback coming



Fig. 1. Sophie’s Kitchenoven, table, shelf, and five baking objects.

from the environmentBut is this a good assumption®e posit that the human is a
specialpart of the environment that needs to be more fully understood, supported, and
leveraged in the learning process. To do this properly, we must understand the human'’s
contribution:howdo they teachwhatare they trying to communicate to the learner?

The contribution of this paper is two-fold. First, we present a systematic study and
analysis of human behavior when teaching a virtual robot agent within a reinforcement-
based learning framework. Our systeBaphie’s Kitchenis a computer game that al-
lows an agent to be trained interactively to bake a cake through sending the agent feed-
back messages. We use this platform to study people’s interactions, and we report four
characteristics of how humans approach explicitly teaching a game agent. 1) People
want to direct the agent’s attention and guide the exploration. 2) Players communicate
both instrumental and motivational intents. 3) Transparency behaviors that reveal the
internal state of the agent can improve the human'’s teaching. 4) The human’s negative
feedback is both feedback and a suggestion to reverse the action if possible.

Second, we have incorporated these findings into specific modifications of the agent’s
interface and learning algorithm. We had over 200 people playstighie’'s Kitchen
game in a second set of experiments, showing that our modifications significantly im-
prove the agent’s learning performance. This work contributes to the design of real-time
learning agents that are better matched to human teaching behavior, to learn more ef-
fectively and be more fun to teach.

2 Experimental Platform: Sophie’s Kitchen

We implemented a Java-based simulation platf@ophie’s KitchenThe scenario is a
kitchen (Fig. 1), where the agent (Sophie) learns to bake a cake. The kitchen creates a
sufficiently complex domain with on the order of 10,000 states, and 2-7 actions avail-
able from each state. The task is hierarchical with subgoals that can be completed out of
order. A successful task completion requires 30-35 steps. We use Q-learning [6] to in-
vestigate how people interactively teach an agent. Importantly, we believe these lessons
and modifications can be applied to the general class of reinforcement-based learning
approaches, and not just Q-learning in particular.

The kitchen ha$lour, Eggs, and aSpoon each with a single object state. The
Bowl has five statestmpty, flour, eggs, unstirred, stirred, and theTray has
three statesempty, batter, baked. There are four locationshelf, Table, Oven,
Agent. The locations are arranged in a ring, thus the agentGCabeft or right.



She carPICK-UP any object in her current location; she cGgUT-DOWN any object in
her possession; and she di8E any object in her possession on any object in her cur-
rent location. Each action advances the world state (e.g., exeQIiigUP <Flour>
changes the state such that #ieur is in locationAgent). The agent can hold one
object at a timeUSEing an ingredient on thBowl puts that ingredient in it; using the
Spoon on theunstirred Bowl transitions its state tetirred, and so on.

In the initial state, the agent faces all the objects onsthelf. A successful task
completion includes putting flour and eggs in the bowl, stirring the ingredients using the
spoon, putting the batter into the tray, and putting the tray in the oven. The goal state
has a positive reward & 1), and some end states are so-caleshsterstates since
they are unrecoverable (e.g., putting the eggs in the oven). These result in a negative
reward ¢ = —1), the termination of the current trial, and a transition to the initial state.

A central feature oBophie’s Kitcheris the interactive reward interface. Using the
mouse, a human trainer can—at any point—award a scalar reward signgh1,1].

The user receives visual feedback enabling them to tune the reward before sending it,
and choosing and sending the reward does not halt the progress of the agent, which runs
asynchronously to the reward interface. After the initial experiment, additional elements
(guidance, motivation) were added to the interaction, these are detailed in Section 4.

3 Experiments

We conducted two experiments wilophie’s Kitchemvhere participants played a com-
puter game. Their goal was to get the virtual robot, Sophie, to learn how to bake a cake.
Participants were told they could not tell Sophie what actions to do, nor could they do
any actions directly. They were only able to send messages with the mouse to help So-
phie learn the task. The experiments differed in messages available and in the behavior
of the agent. The experiments are introduced briefly and detailed in Section 4.

3.1 Experiment 1: How do humans teach?

The purpose of the first experiment was to understand, when given a single reward chan-
nel, how do people use it to teach the agent? We solicited participation from the campus
community and obtained 18 volunteers. In this experiment, people have direct control
of the reward signal that the agent uses in the Q-Learning algorithm. The system main-
tains an activity log of each of the following: state transitions, actions, human rewards,
reward aboutness (described in section 4.1), disasters, and goals. Players were only able
to give Sophie feedback messages with the mouse and were given the following expla-
nation of the messages: Drag the mouse up for a green box, a positive message; and
down for red/negative (Figure 2(a) shows a positive feedback message). Lift the mouse
button to send the message, and Sohpie sees the message color and size.

3.2 Experiment 2: Can we improve this interaction?

After the first experiment, we made four algorithm and interface modifications (Guid-
ance, Gaze, Motivation, and Undo), making the exploration process more accessible



(a) Feedback. (b) Guidance. (c) Motivation.

Fig. 2. The embellished communication channel. 2(a): feedback is given by left-clicking and
dragging the mouse up to make a green box (positive) and down for red (negative). 2(b): guidance
is given by right-clicking on an object, selecting it with the yellow square. 2(c): a motivation
message is given by doing a feedback message on top of Sophie.

and guidable to the human partner, as well as making the behavior of the character
more expressive, natural and understandable (transparent) to the human. To evaluate
the benefits of these modifications, we deplogegbhie’s Kitcheron the World Wide

Web, and collected data from over 200 players.

4 Results

We present four sets of results. In each case a finding in the first experiment led to one
of the modifications mentioned above. This modification is explained in detail, and then
the second experiment sheds light on its effect on the learning interaction.

4.1 Teaching is more than Simple Feedback

One of the major findings of the first experiment was that, perhaps not surprisingly,
people have multiple communication intentions beyond the simple feedback that the
Q-Learning algorithm expects. In particular, people want to guide the agent and they
want a generic encouragement/discouragement channel of communication.

Guidance: Finding from Experiment 1: In the first experiment the interface let the
user assign their feedback to a particular object (object specific rewards). The hypoth-
esis was that people would prefer to indicate what their feedback was ‘about’. Object
specific rewards are used only to learn about the human trainer’s communicative intent;
the learning algorithm treats all rewargguallyand in the traditional sense of pertaining
to the whole state. Even though the instructions clearly stated that all communication
and rewards weréedbackmessages, we saw that many people assumed that object
specific rewards were future-directed messages or guidance for the agent. This is ev-
ident from both interviews with participants and from the correlation of object/action
pertinence and rewards given.

If people were using the object rewards in a traditional RL sense, they should be
feedback and pertain to the agent’s last action. In Figure 3(a), there is a mark for each
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Fig. 3. Fig. 3(a) shows each player’s percentage of object rewards that were about the most recent
object used; many were rarely feedback oriented. Fig 3(b), shows the number of people that gave
(0 vs. 1 or more) rewards to the bowl or tray empty on the shelf, which is assumed to be guidance.

player indicating their percentage of object rewards that were about the last object used.
A substantial number of people had object rewards that were rarely correlated to the last
object of attention, thus not feedback oriented.

We suspect these people’s rewards actually pertain to the future, indicating what
they want (or do not want) the agent to use next. To test how many people were using
the object rewards as guidance, we consider an example case. When the agent is facing
the shelf, a guidance reward could be administered (about what object to pick up). A
reward given to either the empty bowl or empty tray on the shelf shoalg be a
guidance reward since these are not be part of any desired sequence in the cake baking
task. In Fig.3(b), we see that 15 of the 18 people had a non-zero number of rewards
to the empty bowl or tray on the shelf. Thus we conclude that many participants tried
using the reward channel to guide the agent’s behavior to particular objects, giving
rewards for actions the agent walsout to dan addition to traditional feedback. While
delayed rewards have been discussed in the RL literature [7], ainéisgpatoryrewards
observed from everyday human trainers will require new tools and attention in learning
algorithms in order for the agent to use them as the human partner intended.

Modifications to the Learning Agent to add Guidance: This behavior suggests
that people want to speak to the action selection of the algorithm to influence the ex-
ploration. To accomplish this, we added a guidance communication channel. Clicking
the right mouse button draws a yellow square. When the yellow square is administered
on an object, this is a guidance message to the agent, the content of which is the object.
Figure 2(b) shows the player guiding Sophie to the bowl. Note, the left mouse button
allows the player to give feedback in the same way as the first experiment.

An RL algorithm can be described as continually looping through the following:
select-action, take-action, sense-reward, update-values. Our modified Q-
Learning algorithm adds a phase where the agent registers guidance communication to
bias action selection. Thus, the process becogwsie-guidance, select-action,
take-action, sense-reward, update-values. The agent waits for guidance mes-



Table 1.1-tailed t-test, effects of guidance on learning performance. (F: failures, G: first success).

Measure |Mean no guide Mean guide chg|t(26)| p
# trials 28.52 146  |49% 2.68| <.01
# actions 816.44 368 55% 2.91| <.01
#F 18.89 11.8 |38% 2.61 <.01
# F before G 18.7 11 419% 2.82| <.01
# states 124.44 62.7 |50% 5.64|<.00]

sages during theense-guidance step (a short delay allows the teacher time to admin-
ister guidance). Upon receiving a guidance message the agent saves the object as the
guidance-object. In theselect-action step, the default behavior (a standard ap-
proach) chooses randomly between the set of actions with the highest Q-values, within a
boundf. If any guidance was received, the agent wititeadchoose randomly between

the set of actions that have tgeidance-object as their object.

Evaluation of Guidance: In the second experiment we evaluate the effects of this
guidance feature by analyzing training sessions with human subjects in two conditions:
theno guidance condition has feedback only; th@idance condition has both guid-
ance and feedback available. The comparison is summarized in Table guildwnce
condition shows improvements in how long it takes to learn the task. The number of
training trials needed to learn the task was 49% less; and the number actions needed
to learn the task was 55% less. In heidance condition the number of unique states
visited was 50% less, thus the task was learned more efficiently and presumably with-
out visiting as many non-useful states. And finally gug dance condition provided a
more successful training experience. The number of trials ending in failure was 38%
less, and the number of failed trials before the first successful trial was 41% less.

Motivation: Findings from Experiment 1: For many people, a large majority of re-
wards given were positive, the mean percentage of positive rewards for all the players
was 69.8%. We thought this may be due to the agent improving and behaving more cor-
rectly over time (soliciting more positive rewards); however, data from the first quarter
of training shows that well before the agent is behaving correctly, the majority of partic-
ipants show a positive bias. Fig. 4 shows reward histograms for each participant’s first
quarter of training; the number of negative rewards on the left and positive rewards on
the right. Most participants have a much larger bar on the right. A plausible hypothesis
is that people are falling into a natural teaching interaction with the agent, treating it
as a social entity that needs encouragement. Some people specifically mentioned in the
interview that they felt positive feedback would be better for learning.

Modification to the Learning Agent to add Motivation: Due to this bias, a second
embellishment to the communication channel adds a dedicated motivational input. This
is done by considering a reward motivational if it is administese&ophie. For visual
feedback the agent is shaded yellow to let the user know that a subsequent reward will be
motivational. Figure 2(c) shows a positive motivational message to Sophie. Instructions
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Fig. 4. Histograms of rewards for each individual in the first quarter of their session. The left
column is negative rewards and the right is positive rewards.

indicate this communication channel is for general feedback about the task (e.g. "Doing
good Sophie!” or "Doing bad!”) as opposed to feedback about a particular action.
Evaluation of Motivation: In the second experiment, players that had the motiva-
tion signal had a significantly more balanced feedback valance than the players that
did not have it. Players that did not have a motivational channel had a mean ratio
(#positive/#negative of 2.07; whereas those with the motivational channel had a mean
ratio of 1688. This is a significant effeat(96) = —2.02, p=.022. Thus, we conclude
that motivation is a separate intention that was folded into the positive feedback in the
initial study. Future work is to understand how an agent can utilize this signal in a
different way to improve the learning interaction.

4.2 The Human Tries to Maximize Their Impact

In human learning, teachers direct a learner’s attention, structure experiences, support
attempts, and regulate complexity. The learner contributes by revealing their internal
state to help guide the teaching process. thlaborativeaspect of teaching and learn-
ing has been stressed in prior work [11], and the findings in this study support this notion
of partnership When everyday users train a machine learning agent, we see them adjust
their training as the interaction proceeds, reacting to the behavior of the learner.
Findings from Experiment 1: We expected people would habituate to the activ-
ity and that feedback would decrease over the training, informed by related work [9].
However, we see an increasing trend in the rewards-to-actions ratio over the first three
quarters of training. Fig. 5 shows data for the first three quarters of training, each graph
has one bar for each player indicating the ratio of rewards to actions. By the third graph
more bars are approaching or surpassing a ratio of 1. One explanation for this trend is a
shift in mental model; as people realize the impact of their feedback they adjusted their
training to fit this model of the learner. This finds anecdotal support in the interview re-
sponses. Many users reported that once they concluded that their feedback was helping
they subsequently gave more rewards.
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Fig. 5. The ratio of rewards to actions over the first three quarters of the training sessions shows
an increasing trend.

Additionally, we had a second hypothesis about the unbalanced use of feedback
(Fig. 4), namely that the agent did not have enough of a behavioral response to negative
rewards. A typical RL agent does not have an instantaneous reaction to either positive
or negative rewards, but particularly in the case of negative rewards, this could be inter-
preted as the agent ‘ignoring’ the feedback. The user may stop using them when they
feel the agent is not paying attention to them.

These are concrete examples of the human trainer’'s propensity to learn from the
agent how to best impact the process. This presents a huge opportunity for an interactive
learning agent tamprove its own learning environmeby communicating more of its
internal state to the teacher, making the learning process more transparent. This led
us to make the following two modifications: 1) adding a gaze behavior to increase the
transparency and foster more timely and relevant guidance, and 2) addigigpan
behavior to create a more immediate response to negative feedback.

Gaze Behavior: Modification to the Learning Agent: We explored gaze as a means
of making the learning process more transparent to the human. Gaze requires that the
agent have a physical/graphical embodiment that can be understood by the human as
having a forward heading. In general, gaze precedes an action and communicates some-
thing about the action that is going to follow.

We extendedophie’s Kitchero add gaze. Recall our interactive Q-Learning loop:
sense—-guidance, select-action, take-action, sense-reward, update-values.
In the sense-guidance phase, the learning agent now finds the set of actidnaijth
the highest Q-values, within a bouiid For every actiona, in A, the agent gazes for
1 second at thebject of a (if it has one). This communicates a level of uncertainty
through the amount of gazing that precedes an action. It introduces an additional de-
lay (proportional to uncertainty) prior teelect-action, soliciting and providing the
opportunity for guidance. We expect this transparency to improve the teacher’s model
of the learner, creating a more understandable interaction for the human and a better
learning environment for the agent.

Evaluation of Gaze Behavior: Our hypothesis is that the gazing behavior helps
the human understand when the agent did (and did not) need their guidance instruc-



Table 2. 1-tailed t-test. Gaze helped players give more guidance if needed and less if not.

Measure Mean gazeMean no gazet(51)| p
% guidance wher:= 3 choices .79 .85 -2.22.01
% guidance when-= 3 choices .48 .36 1.96/.03

tion. We evaluate this in the second experiment, studying players that used the feedback
and guidancevithout gazeversus those that had the feedback and guidaittegaze
(summarized in Table 2). Note that players without the gaze behavior had ample op-
portunity to administer guidance messages; however, the time that the agent waits is
uniform throughout the interaction. We found that the players in the gaze condition
gave less guidance than the no gaze condition when the agent had three or less action
choices (uncertainty low},(51) = —2.22,p = .015. And conversely they gave more
guidance then the no gaze condition when the agent had three or more action choices
(uncertainty high)t(51) = 1.96, p=.027. Thus, when the agent uses the gaze behavior

to indicate which actions it is considering, the human trainers do a better job matching
their instruction to the needs of the agent throughout the training session.

Undo Behavior: Modification to the Learning Agent: In the standard Q-Learning
framework, the effects of feedback on the policy are not seen until the state from which
the action was made is revisited (which can take a long time). In many cases being
too responsive to any one reward would be detrimental to the exploration needed to
learn; however, we argue that when this signal is from a benevolent human teacher the
agent should be more responsive to negative feedback. We expect just-in-time error
correction more closely resembles a natural human teaching interaction and will be
more understandable for the human.

We modified the Sophie agent to respond to negative feedback withilznbe-
havior (a natural correlate or opposite action) when possible. A negative reward is han-
dled in both theipdate-values step and the subsequenrtlect-action step. In the
select-action step immediately following negative feedback, the action selection
mechanism chooses the action that reverses the last action if possible. Theupnper
behavior is represented within each primitive action (édg<direction> returnsGo
<-direction>; PICK-UP <object> returnsPUT-DOWN <object>; etc.).

Evaluation of Undo Behavior: We found theUNDO response to negative feedback
from the human trainer significantly improves the learning performance of the agent in
a number of ways. In the second experiment, we compare players that hakbthe
behavior to those that did not. Table 3 summarizes these results. The agent visits 13%
fewer states using 12% fewer action with 0 behavior, thus the learning process
is more efficient. The agent takes 21% fewer actions before its first succesaNthe
behavior helps the agent avoid failures: The total number of failed trials was 37% less,
and the number of failed trials before the first successful trial was 40% less.



Table 3. 1-tailed t-test, effects afNDO on learning performance. (F = failures, G = first success).

Measure [Mean without undo|Mean with undo|chg|t(96)| p
# states 48.3 42 13%-2.26 =.01
#F 6.94 4.37 37%-3.76<.001
# F before G 6.4 3.87 40% -3.7|<.001
# actionsto G 208.86 164.93 219%-2.25 =.01
# actions 255.68 224.2 129%-1.32=.095

5 Discussion

This work emphasizes thiateractiveelements in teaching. There are inherently two
sides to an interaction, in this case the human teacher and the machine learner. Our
approach aims to enhance machine learning from both perspectives: modifying the al-
gorithm to build a better learning agent, and modifying the interaction techniques to
provide a better experience for the human teacher. Understanding how humans want to
teach is an important part of this process.

Our studies show thateople want to guide the agerithis makes intuitive sense,
and techniques like ‘luring’ the agent into particular behaviors have been explored [4,
1]. In the past this choice has been inspired by animal learning, but our work formal-
izes this inspiration, grounding it in human behavior with a game charactgaghie’s
Kitchenwe observed people’s desire to guide the character to an object of attention,
even when explicitly told that only feedback messages were supported. In doing this
people meant to bias the action selection mechanism of the RL algorithm. When we al-
low this, introducing a separate interaction channel for attention direction and modify-
ing the action selection mechanism of the algorithm, we see a significant improvement
in the agent’s learning performance.

We also see that players treat the agent as a social entity and waotfvational
channel of communicatidio encourage it. This is seen despite the fact that the learning
agent is not particularly human-like. One can assume this effect will only be more
prominent with agents designed to be socially and emotionally appealing. We argue that
to build successful agents that learn from people, attention of the research community
should focus on understanding and supporting the psychology and social expectations
of the human teacher. It remains future work to explore how this motivational channel of
communication should influence the learning algorithm in a different way than ordinary
feedback. Our hypothesis is that this communication is intended to influence the internal
motivations, drives and goals of the agent.

Another important question of this research is how the learning agent’s behavior
can shape the behavior of the teacher. In a social learning interaction both learner and
teacher influence the performance of the tutorial dyad. While this observation seems
straightforward in the human literature, little attention has been paid to the communica-
tion between human teacher and artificial agent in the machine learning literature. Par-
ticularly, we believe that the transparency of the learner’s internal process is paramount
to the success of the tutorial dialog. However, a fine balance must be struck between
engulfing the human teacher with all pertinent information, and leaving them in the



dark. This work offers a concrete example thransparent behavior can improve the
agent’s learning environmen$pecifically, when the learning agent uses gaze to reveal
its potential next actions, people were significantly better at providing more guidance
when it was needed and less when it was not. Thus the agent, through its own behavior,
was able to shape the human'’s input to be more appropriate.

Additionally these transparency behaviors boost the realism and believability of the
character, thereby making it more engaging for the human. The creation of believable
characters that people find emotionally appealing and engaging has long been a chal-
lenge [14, 15]. Autonomy complicates this goal further, since the agent has to contin-
ually make action choices that are useful as well as believable. Blunebexighave
some of the most extensive work in this domain [16, 17] within a dog learning context.
Thus another challenge for teachable characters is to be appropriately responsive to the
human’s instruction. In this work we have studied one aspect of such responsiveness,
informed by our initial study. Negative feedback from a human teacher can be treated
as both feedback and suggestiomaweerse the action if possiblgVith this strategy the
agent’s learning is improved in both speed and efficiency.

We chose to use Q-Learning for this work because it is widely understood. Thus
affording the transfer of these lessons and modifications to any reinforcement-based
approach. We have shown significant improvements in an RL domain showing that
learning in a situated interaction with a human partner can help overcome some well
recognized problems of RL. Furthermore, these improvements in performance will con-
tribute to higher quality interactive characters and more fun and enjoyable game play.

In sum, our empirically informed modifications indicate ways that an interactive
game agent can be designed to learn better and faster from a human teacher across
several dimensions. Our studies show the modified agent is able to learn tasks using
fewer executed actions over fewer trials. Our modifications also led to a more efficient
exploration strategy with less time in irrelevant states. A learning process, as such, that
is seen as less random and more sensible will lead to more understandable and more
believable game characters. The guidance and undo modifications illustrate avenues to
a more responsive and natural interactive character. Our modifications also led to fewer
failed trials and less time to the first successful trial. This is a particularly important
improvement for interactive characters in that it implies a less frustrating experience,
which in turn creates a more fun and engaging interaction.

6 Conclusion

Dynamic and engaging teachable characters that learn from human players would usher
a new genre of entertainment technology, and we posit that such agents should support
how people naturally approach teaching. Accordingly, this paper describes an experi-
mental platform and a series of studies that reveal lessons about how people interac-
tively teach graphical Al characters via reward and punishment.

Given these findings, we made modifications to our learning agent and interface
to improve the interaction. Our modifications include: an embellished communication
channel that distinguishes guidance, feedback, and motivational intents; transparency
behaviors that reveal aspects of the learning process to the human; and a more natu-



ral reaction to negative feedback. A second set of studies show that these empirically
informed modifications improve several learning dimensions including the speed of
learning, the efficiency of exploration, the human’s ability to understand the agent’s
learning process, and a significant drop in the number of failed trials.

These empirical results inform and ground the design of teachable characters. We
believe these lessons and modifications are not specific only to the particular algorithm
and agent used in these studies, and that this work broadly contributes to the creation of
fun and engaging teachable characters that learn in real-time from human players.
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