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ABSTRACT

As computational learning agerts move into domains
that incur real costs(e.g., autonomousdriving or Pnan-
cial investmert), it will be necessanto learn good poli-

cies without numerous high-cost learning trials. One
promising approad to reducing sample complexity of

learning a task is knowledge transfer from humans to

agerts. Ideally, methods of transfer should be accessible
to anyone with task knowledge, regardlessof that per-

sonOsgxpertise in programming and Al. This paper fo-

cuseson allowing a human trainer to interactively shape
an agertOspolicy via reinforcemert signals. Specib-
cally, the paper introducesOTaining an Agent Manu-

ally via Evaluative Reinforcemen,O or TAMER, a frame-
work that enablessuch shaping. Dilering from previous
approadesto interactive shaping, a TAMER agert mod-

elsthe humanOseinforcemert and exploits its model by

choosing actions expectedto be most highly reinforced.
Results from two domains demonstrate that lay users
can train TAMER agerts without debPning an erviron-

mental reward function (as in an MDP) and indicate

that human training within the TAMER framework can
reducesamplecomplexity over autonomouslearning al-

gorithms.

Keywords
human-agen interaction, shaping, sequetial decision-
making, human teachers, learning agens

1. INTRODUCTION

As computational learning agens corntinue to improve
their ability to learn sequetial decision-makingtasks,
a certral but largely unfulblled goal of the beld is to
deploy these agerts in real-world domains, making de-
cisionsthat alect our lives. However, with real-world
deployment comesreal-world costs. For such a deploy-
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ment to be viable, agerts will not be able to use hun-
dreds or thousands of learning trials to reach a good
policy when eat suboptimal trial is costly. For exam-
ple, an autonomous driving agernt should not learn to
drive by crashing into road barriers and endangering
the livesof pedestrians.

Fortunately, for many of these tasks, humans have do-

main knowledgethat could speedthe learning process,
reducing costly sample complexity. Currently, most

knowledge transfer from humans to agerts occurs via

programming, which is time-consuming and inaccessi-
ble to the general public. It is important to dewelop

agerts that canlearn from natural methods of commu-

nication. The teaching technique of shapingis one such

method. In this context, we debneshaping as interac-

tively training an agert through signalsof positive and

negative reinforcemert.! In a shaping scenario, a hu-

man trainer obsenesan agert and reinforcesits behav-

ior through push-buttons, spokenword (OyesCor Ono0),
or any other signalthat canbe corverted to a scalarsig-

nal of approval or disapproval. The key challenge,then,

is to create agerts that can be shaped electiv ely. Our

problem debnition is as follows:

The Shaping problem Within a sequetial decision-
making task, an ager receivesa sequenceof state
descriptions (s1, S2, ... Where s;!S) and action op-
portunities (choosing a;!A at ead s;). From a
human trainer who obsenes the agert and un-
derstands a predebned performance metric, the
agert also receives occasional positive and nega-
tive scalar reinforcemert signals (hy, hs,...) that
are correlated with the trainerOsassessmenof re-
cert state-action pairs. How can an agen learn the
bestpossibletask policy (" : S — A), asmeasured
by the performance metric, given the information

'We use the term “shaping” as it is used in animal learning
literature (in which it was initially developed by B.F. Skin-
ner). There, shaping is defined as training by reinforcing
successively improving approximations of the target behav-
ior [6]. In reinforcement learning literature, it is sometimes
used as in animal learning, but more often “shaping” is re-
stricted to methods that combine the shaping reinforcement
signal and the reward signal of the environment into a single
signal [14]. An important feature of our TAMER framework
is that the two signals are not combined.



contained in the input?

In a Markov Decision Process(MDP), the environmen-
tal reward signal, along with the rest of the MDP speci-
Pcation (see[16] for details), unambiguously debnea set
of optimal policies. Sinceour goalis to allow the human
trainer to fully cortrol the agertOsbehavior, the ervi-
ronmertal reward signal is not used. Following Abbeel
and NgOserminology [1], we call this an MDP \R.

Expected benebts of learning from human reinforce-
ment? include the following.

1. Shaping decreasesample complexity for learning
a Og@dOpolicy.

2. An agert canlearn in the absenceof a coded evalu-
ation function (e.g.,an ervironmental reward func-
tion).

3. The simple mode of communication allows lay users
to teach agerts the policieswhich they prefer, even
changing the desired policy if they choose.

4. Shaped ageris canlearn in more complexdomains
than autonomouslearning allows.

This paper addressesthe brst three of these benebts.
In it, we review previous work on agerts that can learn
from a human teacher through natural methods of com-
munication (Section 2). We treat shaping as a specibc
mode of knowledge transfer, distinct from (and proba-
bly complemenary to) other natural methods of com-
munication, including programming by demonstration
and giving advice. Shaping only requires that a per-
son can obsene the ageriOsbehavior, judge its qual-
ity, and send a feedba& signal that can be mapped
to a scalar value (e.g. by button pressor verbal feed-
bak of Og@dOand ObadO). We then presert a novel
method by which human trainers can shape agerts (Sec-
tion 3). This agen-trainer framework, called Train-
ing an Agent Manually via Evaluative Reinforcemen
(TAMER), makes use of established supervised learn-
ing techniquesto model a humanOseinforcemert func-
tion and then usesthe learned model to chooseactions
that are projected to receive the most reinforcemen.
The TamER framework, the insights that motivate it,
and an extensionto delayed reinforcemert are the key
contributions of this paper. Furthermore, we describe
two specibc,fully implemented TAMER algorithms that
provide proofs-of-conceptfor two cortrasting task do-
mains (Section 4). Experimental results in these do-
mains show that TAMER agerts, under the tutelage of
human trainers, learn a Og@dOpolicy faster than elec-
tive autonomouslearning agerts (Section 5).

2In this paper, we distinguish between human reinforcement
and environmental reward within an Markov Decision Pro-
cess. To avoid confusion, human feedback is always called
“reinforcement.”

2. RELATED WORK: LEARNING FROM A

HUMAN

Work on human-teachable agerts hastaken many forms,
all with the aim of reducing the amount of program-
ming required by an expert, using more natural modes
of communication. In this section, we describe past
work on agerts that learn from humans. We argue that

the relative strengths and weaknesseof our training

systemput it in a unique spacethat is not currently oc-
cupied by any other approacd. Furthermore, we believe
that many of the approacteswe review are complemen-
tary to ours: an ideal learning agert might combine
elemerts from seeral of them.

2.1 Learning from Advice

Advice, in the context of Markov Decision Processes
(MDPs), is debPnedas suggestingan action when a cer-
tain condition istrue. Maclin and Shavlik [12] pioneered
the approad of giving advice to reinforcemert learn-
ers. Giving advice via natural language could be an
electiv e way for non-technical humansto teach agerts.
Kuhlmann et al. [11] created a domain-specibcnatural
languageinterface for giving advice to a reinforcemen
learner.

The informational richnessof adviceis clearly powerful,
however there still remain a number of technical chal-
lenges. The brst of these is that general natural lan-
guagerecognition is unsolved, so many current advice-
taking systems[12, 13] require that the human encale
her advice into a scripting or programming language,
making it inaccessibleto non-technical users. The natu-
ral languageunit of Kuhlmann et al. [11] required man-
ually labeledtraining samples. Moreover, work still re-
mains on how to embed advice into agens that learn
from experience.

Additionally , there will likely be times when the trainer
knows that the agert hasperformedwell or poorly, but
cannot determine exactly why. In these cases,advice
will be much moredi"cult to give than positive or neg-
ative feedbad.

2.2 Learning from Demonstration
Another way for a human to teach an agert isto demon-
strate a task via remote-cortrol or with his own body,
while the agent records state-action pairs, from which
it learns a generalpolicy for the task [3].

In Apprenticeship Learning [1], a type of learning from
demonstration, the algorithm begins with an MDP \R
(as does the TAMER framework; see Section 1). The
algorithm learns a reward function R from a humanQOs
period of cortrol, and then the agen trains on the MDP.

Considering the demonstration type in which a human
cortrols the agert, there are sometasks that are too
di"cult for a human trainer. This might be because
the agert has more actuators than can be put in a sim-
ple interface (e.g., many robots) or becausethe task



requiresthat the human be an expert before being able
to control the agen (e.g., helicopter piloting in simu-
lation). In these cases,a demonstration is infeasible.
But aslong asthe human can judge the overall quality
of the agertOsbehavior, then he or she should be able
to provide feedbadk via TAMER regardlessof the taskOs
di"cult vy.

2.3 Learning from Reinforcement (Shaping)
Within the context of human-teachable agerts, a human
trainer shapesan agert by reinforcing successiely im-
proving approximations of the target behavior. When
the trainer can only give positive reinforcemerts, this
method is sometimescalled clicker training, which comes
from aform of animal training in which an audible click-
ing device is previously assaiated with reinforcemen
and then used as a reinforcemert signal itself to train
the animal.

Previous work on clicker training has involved teach-
ing tricks to entertainment agerts. Kaplan et al. [9]
and Blumberg et al. [4] implement clicker training on
robotic and simulated dogs, respectively. Blumberg et
al.Osystemis especially interesting, allowing the dog to
learn multi-action sequencesand assaiate them with
verbal cues. Though signibcan in that they are novel
techniguesof teaching posesequenceso their respective
platforms, neither is evaluated using an explicit perfor-
mance metric, and it remains unclear if and how these
methods can be generalizedto other, possibly more
complex MDP settings.

Thomaz & Breazeal [18] interfaced a human trainer
with a table-basedQ-learning agert in a virtual kitchen
ervironment. Their agen seeksto maximize its dis-
counted total reward, which for any time stepis the sum
of human reinforcemen and environmental reward.3

In another exampleof mixing human reinforcemert with
on-going reinforcemernt learning, Isbell et al. [8] enable
a social software agert, Cobot, to learn to model hu-
man preferencesin LambdaMOO. Cobot Ousesrein-
forcemen learning to proactively take action in this
complex sccial environment, and adapts his behavior
based on multiple sourcesof human [reinforcemert].O
Like Thomaz and Breazeal, the agert doesnOexplicitly
learn to model the human reinforcemert function, but
rather usesthe human reinforcemert as a reward signal
in a standard RL framework.

The TAMER system is distinct from previous work on
human-delivered reinforcement in that it is designed
both for a human-agen team and to work in complex
domains through function approximation, generalizing

3As indicated in Footnote 1, combining human reinforce-
ment and environmental reward into one reward signal is
the narrower definition of shaping in reinforcement learn-
ing. As argued in [10], h and r are fundamentally different
signals that contain different information and thus should
be treated differently.
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Figure 1: Framework for Training an Agent Manually via Evaluative
Reinforcement (TAMER).

to unseenstates. It also uniquely forms a model of the
human trainerOsintentional reinforcemert, which it ex-
ploits for action selectionin the presenceor absenceof
the human trainer.

3. THE TAMER FRAMEWORK

Considerthe Shaping problem description givenin Sec-
tion 1. The agertOsrole is by nature somewhat un-
derconstrained: it must learn from reinforcemert suc
that it maximizes performance (which it cannot mea-
sure). We hypothesizethat the agert best blls its role
by learning a model of the trainerOsreinforcemert and
exploiting the model in action selection.

A TAMER agert seeksto learn the human trainerOsre-
inforcemert function H : S x A — R. Preserted with a
state s, the agert consultsits learned model 9 and, if
choosing greedily, takes the action « that maximizes
(s, a). Figure 1 shows interaction between a hu-
man, the environment, and a TAMER agert within an
MDP \R. Sincethe agert seeksonly to maximize human
reinforcemert, the optimal policy is debPnedsolely by
the trainer, who could chooseto train the agert to per-
form any behavior that its model can represen. When
the agertOgerformanceis evaluated using an objective
metric, we expect its performanceto be limited by the
information provided by the teacher.

3.1 Motivating Insights

When we speak of autonomouslearning agerts, we mean
thosethat receiwve feedbadk in the form of environmental

reward (i.e., reinforcemen learning agerts [16]). The
principal challenge for such agerts is, upon receiving
ervironmental reward, to assign credit from that re-
ward to the entire history of past state-action pairs. In

domainswherethe only discriminating reward is at the
end of the task, assigningthis credit can be particularly

di"cult. A key insight of the TAMER framework is that

the problem of credit assignmen inherert in reinforce-
ment learning is no longer presert with an attentive
human trainer. The trainer can evaluate an action or
short sequenceof actions, consideringthe long-term ef-
fects of ead, and deliver positive or negative feedbak
within a small temporal window after the behavior. As-
signing credit within that window presens a challenge



in itself, which we discussin Section 3.3, but it is much
easierthan assigningcredit for an arbitrarily delayed re-
ward signal asin reinforcemert learning. Assuming, for
now, that credit is properly assignedwithin the tempo-
ral window, we assertthat a trainer can directly label
behavior. Therefore, modeling the trainerOsreinforce-
ment function H is a supervised learning problem.

Intuition and some evidence[8] suggestthat a human
trainerOgeinforcemert function, H, is a moving target.
Intuitiv ely, it seemslikely that a human trainer will
raise his or her standardsasthe agertOgolicy improves,
expecting more to get the samereinforcemen. Though
we have not experimentally studied this claim that a
humanOseinforcemert function is a moving target, it
is discussedin further detail in [10]. Considering our
conjecturethat H is a moving target function and that
the TAMER agert should be able to exploit new data as
it becomesavailable, the supervised learning algorithm
should both be able to handle changesin the target
function and allow incremertal updates? Additionally ,
for best results, the algorithm should generalizeto all
unseensamples(i.e., to states and possibly actions).
Examples of sud algorithms include gradient descen
over the weights of a linear model (which we use in
our experimerts) and badkpropagation in a multi-la yer
neural network.

As we will report in Section5, comparedto autonomous
learning algorithms, TaAMER dramatically reducesthe
number of episadesrequired to learn a good policy. One
result of lowering the sample complexity is that if the
incremental updatesto the model usea small step size,
the modelOsoutput will not move far enoughto ever
be the OtrueOhuman reinforcemert function. But ide-
ally the learned function 9 should map to the human
reinforcemen function H such that

B(s,a1) > B(s,a) <= H(s,a) > H(s,a).
In this case,the policies created by greedily exploiting
K and H are equivalert.

3.1.1 Exploration

The TAMER framework is agnosticto exploration, leav-
ing action selection as a black box to be blled by the
agert designer. However, we have found that greed-
ily choosing the action that is expected to receiwe the
highestreinforcemen providessu“cien t exploration for
many tasks, including thosedescribed in Section5. This
counterintuitiv e Pnding is easily justiped. In a given
state, a good trainer negatively reinforcesany undesired
action, evertually dropping its expected reinforcemert
below another action, resulting in a new (exploratory)
action choice. A non-greedy action selection method
is neededif there are actions of which the trainer is
not aware or doesnot know the value. Otherwise, the

4Supervised learning algorithms that have been used suc-
cessfully as function approximators for reinforcement learn-
ing fit these two requirements and thus make good candi-
dates for modeling the human.

Algorithm 1 A general greedy TAMER algorithm

Require: Input: stepSize
1: ReinfModel.init(stepSize)
—
s — 0
A
— 0
: while true do
h «— getHumanReinfSincePrevious TimeStep()
if h # 0 then
N
error < h - ReinfModel.predictReinf( f )
—
ReinfModel.update( f , error)
end if
10: s« getStateVec()
11: a «— argmazxa (ReinfModel.predict(getFeatures(s , a)))
—
12: f « getFeatures(s, a)
13: takeAction(a)

14: wait for next time step
15: end while

trainer should be able to guide the TamER agertOsex-
ploration su“ciently under greedy action selection.

3.1.2 Comparison with Reinforcement Learning
The TaAMER framework for shaping agerts sharesmuch
common ground with reinforcemert learning, but there
are somekey dilerences that are important to under-
stand in order to fully appreciate TAMER.

In reinforcemen learning, agerts seekto maximize re-
turn, which is a discourted sum of all future reward. In
contrast, a TAMER agert does not seekto maximize a
discourted sum of all future human reinforcemert. In-
stead, it attempts to directly maximize the short-term
reinforcemen given by the human trainer. It doesthis
becausethe trainerOgeinforcemert signal is a direct la-
bel on recen state-action pairs.

Correspondingly, the humanOseinforcemert function H
is not an exact replacemen for a reward function R
within an MDP. Although it may be possiblefor a re-
inforcemert learning algorithm to use H in lieu of a re-
ward function, it would be unnecessaryextra computa-
tion, since H already debnesa policy. We useMDP \Rs
becausethe ervironmental reward within MDPs func-
tion dictates the optimal policy, so R is removed to
make the humanQOseinforcemert function the sole de-
terminant of good and bad behavior.

Many reinforcement learning algorithms can be easily
converted to TAMER algorithms. We encourageinter-
estedreadersto follow our step-by-step instructions at
http://www.cs.utexas.edu/users/bradknox/kcap09.

3.2 High-Level Algorithm

A high-level algorithm for implementing TAMER is de-
scribed in Algorithm 1. After initialization of the rein-
forcement model ReinfModel, the state vector S, and

the feature vector f (lines 1-3), the algorithm beginsa
loop that occurs onceper time step (line 4).

In the loop, the agert Prst obtains a scalarmeasuremen
of the human trainerOgeinforcemert sincethe previous
time step (line 5). If the reinforcemert value is nonzero,



then the error is calculated as the dilerence between
the actual reinforcemert and the amount predicted by
the agertOsreinforcemert model (line 7). The model,
left undebnedfor the generalTaMER algorithm, can be
instantiated in multiple ways as discussedbelow. The
calculated error is then used, along with the previous
feature vector, to update the reinforcemeri model (line
8). The update is not performed when » = 0 because
the trainer may not be paying attention or might even
have quit training altogether, satispedwith the trained

policy.

After the agert obtains the new state description, it
then greedily choosesthe action « that, according to
the human reinforcement model, yields the largest pre-
dicted reinforcemert (lines 10-11). Although we have
found that greedy action selectionis su'cient in our
work thusfar, more sophisticatedaction selectionmeth-
ods may be neededin somesituations, and would bt just
aswell within the TaAMER framework. The agen calcu-

lates features _ of the state and action of the current
time step (line 12) and takesthe chosenaction (line 13)
beforerestarting the loop.

3.3 Credit Assignment to a Dense State-Action

History
In sometask domains, the frequency of time stepsis
too high for human trainers to respond to specibcstate-
action pairs before the next one occurs. In simulation,
it is technically possibleto lower the frequency of time
steps. But doing so may change the character of the
task, and in physical domains (e.g. helicopter RBight)
it may not be possible. Although we have not studied
exactly where the frequency threshold is, our experi-
ence and studies of human responsetimes (Figure 2)
[7] have made it clear that having seweral secondsbe-
tween time steps is enough for specibc labeling and,
conversely having seweral time steps per secondis too
frequert for specibclabeling.
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the actual reinforcemert received (line 14). The weight
for any time step is its OcreditO. The model is then
updated with that error and the weighted sum of fea-
tures (line 15).

3.3.1 Credit Calculation

To assigncredit, we assumethat the reinforcemert sig-
nal (received at time 0) is targeting a single state-action
pair. This assumption will undoubtedly be wrong at
times, but the elects of the assumption will probably
be small sincethe credit is still spreadout amongstre-
cert events, asdescribed below. There are n time steps
that might bethe target, beginningat timesty, to, ..., t,,,
whereif i < j, then t; occurred more recertly than t;.
(Therefore the time step beginning at t; ends at time
t,_1 if i > 1.) We debnecredit ¢, for a time step start-
ing at time t;°> and ending at t;_; (or Oif i = 1) to be
the probability that the reinforcemen signal was given
for the evert (s, a) that occurred during that time step.

We create a probability density function f over the de-
lay of the humanOseinforcemert signal. Then for any
state-action pair, credit is calculated as the integral of
f fromt,_; to t;.

c; = P(event starting at t; was tar geted)

= P (tar get event betweent,;_; and t; sec.ago)
I
P,
= f (x)dx
ti—1
(If i = 1, then t,_; = 0 in the above equation.) We
obsene the constraint
P (event starting at t; was targeted) = 1
i=1
An example probability density function is shown in
Figure 3. In practice, we maintain a window of re-
cert time steps, pruning out those time stepsthat are
older and have near-zeroprobability (lines 10 and 21).
We also always use functions that have zero probabil-
ity before 0.2 seconds,assumingthat human trainers
cannot respond in lessthan 0.2 seconds(supported by
Figure 2).

4. IMPLEMENTED ALGORITHMS

TAMER is fully implemented and tested in two contrast-
ing domains. Though the TAMER agert actively seekgo
maximize predicted human reinforcement H, the true
objective of the human-agen system is to maximize
some performance criteria, whether it be the trainerOs
subjective evaluation or an explicity depPned metric.
For this reason,and becausemeasuringdirectly against
H is impractical to impossible,we evaluate TAMER US-
ing R to provide the performance metric, which is the
cumulative MDP reward receivedthroughout all episades

5A time step can be thought of as a slice in time or an
interval in time. Considering that a choice to take action
a in state s changes the display seen by the human trainer
until the next time step, we consider a time step to be an
interval.



Credit assignment over time via a gamma pdf
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Algorithm 2 A greedy TAMER algorithm with credit assign-
ment, using a linear model and gradient descent updates

Require: Input: stepSize, windowSize,
Crediter.init(windowSize)
—

—
S
-
[
—
w

ololeo

Crediter.update Time(clockTime())

1:
2:
3:
4:
g: while true do
g h «— getHumanReinfSincePrevious TimeStep()

if h # 0 then
—_
credFeats — 0
10: for all (fi, t) € Crediter.historyWindow do
11: ¢t «— Crediter.assignCredit(t)
—
12: credFeats <« credFeats + (¢t X ft)
13: end for
-
14: error «<— h — (W - credFeats )
— — . —
15: W «— w+(stepSize X error XcredFeats)
16:  end if
17: s «— getStateVec()
18: a « argmaza ( w- (getFeatures(s, a)))

19: 7 «— getFeatures(s, a)
20: takeAction(a)

N
21: Crediter.update Window( f )
22: wait for next time step

23: end while

in arun. In ead domain, R (ignored by the agert) was
easily communicated to the trainer, who was instructed
to train his or her agert to earn the highest sum of
ervironmental reward per trial episade® Also, in eah
domain the state and action are displayed graphically
to the human trainer. Both task domains were imple-
merted within the RL-Library.” One domain is Tetris,
a puzzle computer gamewith a large state spaceand a
variable number of actions per time step (asis standard
in the literature, a Pnal placemer of a falling Tetris
pieceis consideredan action). The time step frequency
in Tetris, at lessthan one action per second, allowed
human trainers to easily reinforce individual actions.

The other domain is Mountain Car, in which a simu-
lated car must get to the top of a hill. The car begins
between two steep hills and must go bad and forth
to gain enough momertum to reach the goal. Moun-

S0Qur Tetris specification follows that described by Bert-
sekas and Tsitsiklis [2]. Experimental details and videos
of agents before, during, and after training can be found at
http://www.cs.utexas.edu/users/bradknox/kcap09.
7http://code.google.Com/p/rl-library/

tain Car hasa corntin uous, two-dimensionalstate space.
In our experimerts, actions occurred approximately ev-
ery 150 milliseconds, preverting trainers from labeling
specibcactions. Also, agerts started eat episade in a
random location within bounds around the bottom of
the hill.

Thesetwo domainscomplemen ead other. Tetris hasa
complex state-action spaceand low time step frequency
and Mountain Car is simpler but occurs at a high fre-
qguency.

4.1 Tetris

The algorithm usedto implement TAMER on Tetris is a
specibcimplementation of Algorithm 1, using a linear
model and gradient descem over the weights of eat
feature. The function getFeatures(S, a) on line 13
of the algorithm considersfeature vectors derived from
both the current state and the next state (before the
new Tetris piece appears). The next state is merely
the previous state with the new blocks in place (which
the action dictates) with any full horizontal lines re-
moved. The dilerence betweenthe two feature vectors
is returned and actually usedby TAMER asthe features
over which to learn.

4.2 Mountain Car

The Mountain Car TaMER algorithm follows the algo-
rithm givenfor TAMER with credit assignmemn described
in Algorithm 2, also using a linear model with gradient
descem updates. The function getFeatureVec('S , a)
on lines 19 and 20 is implemented using 2-dimensional
Gaussian radial basis functions as described in [16].
Credit assignmen followed a Uniform(0.2, 0.6) distri-
bution (described in more detail in Section 3.3).

5. RESULTS AND DISCUSSION

Our experimerts test the brst three of the the expected
benebtsof shaping that are described in the Introduc-
tion: shaping decreasesample complexity for learning
a Og@dO policy, an agert can learn in the absenceof
a coded ewvaluation function, and lay userscan teach
agerts the policies they prefer. For the experimerts,
human trainers obsened the agerts in simulation on a
computer screen. Positive and negative reinforcemert
was given via two keys on the keyboard. The train-
ers were read instructions and were not told anything
about the agertOsfeatures or learning algorithm. Nine
humanstrained Tetris agents. Nineteen trained Moun-
tain Car agents. For eadh task, at least a fourth of the
trainers did not know how to program a computer.

5.1 Tetris

Tetris is notoriously di"cult for temporal dilerence learn-
ing methods that model a function sud as a value or
action-value function. In our own work, we were only
ableto get Sarsaft) [16]to clear approximately 30 lines
per gamewith a very small step size$ and after hun-
dreds of games. Bertsekas and Tsitiklis report that
they wereunableto get optimistic TD(lam bda) to make



Osubstatial progressO.RRL-KBR [15] does somewhat
better, getting to 50 lines per game after 120 gamesor
s08 The only successfulapproad that learns a value
function (of those found by the authors) is #-policy it-
eration [2], which reaces seweral thousand lines after
approximately 50 games.

However, #-policy iteration dilers in two important ways
from the rest of these value-basedapproaces. First, it

begins with hand-coded weights that already achieve
about 30 lines per game. Getting to that level of play

is nontrivial, and some learning algorithms, sud as
Sarsag#), fail to even reach it when starting with all

weights initialized to zero. Second,#-policy iteration

gathers many state transitions from 5 gamesand per-
forms a least-squaresbatch update. All other successful
learning methods likewiseperform batch updates after

observing a policy for many games(as many as 500
in the best-performing algorithms), likely becauseof
the high stochasticity of Tetris. Additionally , of those
that havethe necessarydata available, all previousalgo-
rithms that model a function are unstable after reaching

peak performance, unlearning substartially until they

clear lessthan half as many lines astheir peak.

In our experiments, human trainers practiced for two
runs. Data from the third run is reported. Of the al-
gorithms that model an actual function, our gradient
descem, linear TAMER is the only onethat clearly does
not unlearn in Tetris.® Of those that also perform in-
cremertal updates, TAMER learnsthe fastestand to the
highest bPnal performance,reaciing 65.89lines per game
by the third game (Table 1 and Figure 4).1°

Policy seard algorithms, which do not model a value
or reinforcemen function, attain the best Pnal per-
formance, reaching hundreds of thousands of lines per
game [5, 17], though they require many gamesto get
there and do not learn within the brst 500 games.

Within our analysis, TAMER agerts learn much more
quickly than all previously reported agerts and react
a bnal performancethat is higher than all other incre-

8We should note that Ramon et. al. rejected a form of their
algorithm that reached about 42 lines cleared on the third
game. They deemed it unsatisfactory because it unlearned
by the fifth game and never improved again, eventually per-
forming worse than randomly. Ramon et al.’s agent is the
only one we found that approaches the performance of our
system after 3 games.

9This statement is supported by training by one of the au-
thors but not necessarily by the subjects, since the trainer
subjects usually stopped training after the TAMER agent
reached satisfactory performance.

100Most trainers stopped giving feedback by the end of the
fifth game, stating that they did not think they could train
the agent to play any better. Therefore most agents are op-
erating with a static policy by the sixth game. Score varia-
tions come from the stochasticity inherit in Tetris, including
the highest scoring game of all trainers (809 lines cleared),
which noticeably brings the average score of game 9 above
that of the other games.

Table 1: Results of various Tetris agents.

Method Mean Lines Cleared Games
at Game 3 at Peak | for Peak
TAMER 65.89 65.89 3
RRL-KBR [15] 5 50 120
~ 0 (no learning | 3183 1500

Policy Iteration [2]
until game 100)

~ 0 (no learning | 586,103 | 3000

Genetic Algorithm [5]
until game 500)

~ 0 (no learning | 348,895 | 5000

CE+RL [17]

until game 100)

Mean Reward By Group in Tetris

All trainers —+—
250 - Al background ----%---

No technical background ---m---
Random (uses initial weights) g

o

Environmental Reward (Lines Cleared)
@
o

2 3 4 5 6 7 8 9 10

Game Number
Figure 4: The mean number of lines cleared per game by experimen-
tal group.

mentally updating algorithms.

5.2 Mountain Car

The Tetris results demonstrate TAMEROse!ectiv eness
in a domain with relatively infrequent actions. Con-
versely our experiments in Mountain Car test its per-
formance in a domain with frequert actions. The au-
tonomousalgorithm usedfor comparisonwas Sarsa(#) [16]
with the same function approximator (a linear model
over GaussianRBF features, using gradiert descen up-
dates), an algorithm that is known to perform well on
Mountain Car. Two Sarsaft) agerts were used: one
tuned for total cumulativ e environmental reward across
all previous episades (Figure 6) after 3 episades and
one tuned for after 20 episades (which we will refer
to as Sarsa-3and Sarsa-20, respectively). We tuned
via a hill-clim bing algorithm that varied one parame-
ter ($, #, or ! in the standard notation of Sarsa[16])
at a time, testing the agertOsperformance under each
value for that parameter, taking the best performing
value, and then repeating (for bfty or more iterations).
The specibcnumber of episades(3 and 20) were chosen
to exhibit dilerent emphaseson the trade-o! between
learning quickly and reaching the best asymptotic per-
formance.

The TAMER agerts were shaped for three runs of twenty
episades by ead trainer. We consider the brst run
a practice run for the trainer and presert the com-
bined data from secondand third runs. Results are
shown in Figures 5 and 6. Figure 5(a) shows that the
TAMER agerts, on average,consisterily outperformed
the Sarsa-3agert and outperformedthe Sarsa-20for the
brst bve episades, after which Sarsa-20agerts showed
comparable performance. Under the guidance of the
best trainers (Figure 5(b)), TAMER agens consisterly
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Figure 5: Error bars show a 95% confidence interval (with a Gaussian
assumption). (a) The mean environmental reward (-1 per time step)
received for the Mountain Car task for the second and third agents
(runs) shaped by each trainer under TAMER and for autonomous agents
using Sarsa(\), using parameters tuned for best cumulative reward
after 3 and 20 episodes. (b) The average amount of environmental
reward received by agents shaped by the best five and worst five
trainers, as determined over all three runs.
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Figure 6: Mean cumulative environmental reward received for the
Mountain Car task.

outperform any Sarsaagen, and, under the worst train-

ers, they perform somewhat worse than the Sarsa-20
agert. Most importantly, TAMER agens, on average,
also outperformed eath Sarsaagert in mean cumula-

tive environmental reward through the length of a run

(Figure 6). Sinceead time step incurred a -1 environ-

mental reward, Figure 6 is also a measure of sample
complexity. The four trainers who did not have a com-
puter sciencebadground achieved performanceasgood

or marginally better than the bfteenwho did. Overall,

the results, though lessdramatic than those for Tetris,

support our claim that TAMER can reduce samplecom-
plexity over autonomousalgorithms.

6. CONCLUSION AND FUTURE WORK
The TaMER framework, which allows human trainers to
shape agerts via positive and negative reinforcemert,
provides an easy-to-implemen technique that:

1. works in the absenceof an environmental reward
function,

2. reducessample complexity, and

3. is accessibleo peoplewho lack knowledgeof com-
puter science.

Our experimental data suggestshat TAMER agers out-
perform autonomouslearning agerts in the short-term,
arriving at a Og@dOpolicy after very few learning tri-
als. It alsosuggestghat well-tuned autonomousagerts
are better at maximizing pnal, peak performance after
many more trials.

Giventhis dilerence in strengths, we aim to explore how
best to use both human reinforcemert, H, and, when

available, environmental reward, R, relying on the for-
mer more heavily for early learning and on the latter for
Pne-tuning to achieve better results than either method
can achieve in isolation. We would also like to imple-
ment TAMER in tasksthat are currently intractable for
autonomous learning algorithms. Further, we wish to
investigate how TAMER might needto be modibed for
tasksin which atrainer cannot evaluate behavior within
a small temporal window (e.g., the behavior is hidden
at times or the results of the behavior are delayed).
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