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Abstract

We consider the problem of extending manually trained
agents via evaluative reinforcement (TAMER) in con-
tinuous state and action spaces. The early work TAMER
framework allows a non-technical human to train an
agent through a natural form of human feedback, neg-
ative or positive. The advantages of TAMER have
been shown on applications such as training Tetris and
Mountain Car with only human feedback, Cart-pole
and Mountain Car with human feedback and environ-
ment reward (augmenting reinforcement learning with
human feedback). However, those methods are origi-
nally designed for discrete state-action, or continuous
state-discrete action problems. In this paper, we intro-
duce an extension of TAMER to allow both continu-
ous states and actions. The new scheme, actor-critic
TAMER, extends the original TAMER to allow using
any general function approximation of a human trainer’s
reinforcement signal. Our extension still allows rein-
forcement learning to be easily combined with human
feedback. The experimental results show that the pro-
posed method helps a human trainer successfully train
an agent in two continuous state-action domains: Moun-
tain Car, and Cart-pole (balancing).

Introduction

Training an Agent Manually via Evaluative Reinforcement
(TAMER) is a framework helping with the design of agents
trained by human trainer’s feedbacks of negative and posi-
tive signals (Knox and Stone 2009). The TAMER framework
has performed well in tasks in which the human trainer al-
ready has significant knowledge. It does not require from the
human trainer any prior technical or programming skills in
order to transfer knowledge to agents. In some situations, it
could reduce the cost of the agent’s learning progress with-
out damaging the asymptotic performance. Some success-
ful examples can be named as Tetris, Mountain Car, Cart-
pole (Knox and Stone 2009; 2012). The results show that
TAMER helps agents to reduce the sample complexity when
learning within a Markov Decision Process (MDP).

Another application of TAMER is to combine it with re-
inforcement learning (RL) algorithms to make its learning
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curve climb up. There are many possible sequential and si-
multaneous combinations between TAMER and RL (Knox
and Stone 2010a; 2010b; Knox, Setapen, and Stone 2011;
Knox and Stone 2011; 2012). In the sequential combination
scheme, the TAMER agent is first trained by a human trainer,
then reinforcement learning is used as an autonomous learn-
ing agent which is shaped in many ways by the TAMER
agent’s optimal value function. More interesting, the simul-
taneous scheme allows a human trainer to interactively train
the agent at any time during an autonomous learning pro-
cess of reinforcement learning. However, TAMER is origi-
nally designed only for discrete state-action, or continuous
state-discrete action problems. This property could limit the
widespread applicability of the TAMER framework, espe-
cially in the combination with reinforcement learning which
has provided many efficient algorithms in continuous state-
action space domains.

In this paper, we introduce an extension of TAMER to
make it applicable to continuous state and action domains.
The new scheme, actor-critic TAMER, extends the original
TAMER to allow for general reinforcement function approx-
imation of a human trainer. The TAMER framework is im-
plemented as the critic which can use any forms of the hu-
man trainer’s function approximator. The actor implements
a policy gradient algorithm in which the trainer’s preference
policy is in a parametric form. The critic is used to evalu-
ate the actor’s performance, and its temporal prediction er-
ror is used to update the actor’s parameters. The proposed
extension still allows reinforcement learning to easily com-
bine with human feedback. The experimental results show
that the proposed method helps a human trainer success-
fully train an agent in two continuous state-action domains:
Mountain Car, and Cart-pole (balancing). Through experi-
mental results, we want to claim that the proposed exten-
sions still preserve key properties of the discrete TAMER
framework: Easy to implement, accessible to non-technical
human trainers, and quickly finding an acceptable policy.

Background

This section describes the original TAMER framework, the
tile-coding TAMER as a baseline method for comparison,
and the actor-critic method used in our proposed approach.
The original TAMER framework is originally designed only
for discrete state-action, or continuous state-discrete action
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tasks.

The TAMER framework

The TAMER framework is defined in the context of sequen-
tial decision making tasks which are mathematically mod-
eled as a Markov decision process (MDP). A finite MDP is
defined by the tuple {S,A, T , T0,R}, where S is a set of
states, A is a set of allowed actions, T is a transition func-
tion, T0 is the distribution of initial states, and R is a reward
function. In the TAMER framework, the reward function is
not used, then it would be defined as an MDP\R (Abbeel
and Ng 2004).

The TAMER framework was first proposed by (Knox and
Stone 2008; 2009), in which an agent is trained by receiv-
ing feedbacks of an observing human. The feedbacks are
encoded as negative or positive signals over agent’s behav-
iors. The human feedback is considered as a direct (posi-
tive/negative) label on recent state-action pairs. Moreover, it
is modeled as a human reinforcement function H : S×A →
� at each state-action pair. After an action taken by the agent
and a feedback given by a human trainer, the function H is
updated in real time by regression. An action of the next
step is chosen greedily as a = argmaxaH(s, a). The hu-
man feedback is usually delayed due to high frequency of
time steps. This problem is solved by using credit assign-
ment as in (Knox and Stone 2009), assuming that the human
reinforcement function is parametrized by a linear model
H(s, a) = w�φ(s, a), and the agent is uncertain about the
time of the feedback signal it has just received (at time t).
Therefore, the feedback can be actually given to the actions
at any time prior to t: t− 1, t− 2, . . . , t− n, . . .. The cred-
its ci are defined to be the probability of the signal given at
a time step i. If a probability density function f(t) is given
to define the delay of the human feedback signal, then the
credit for each previous time step is computed as

ct−k =

∫ t−k

t−k−1

f(x)dx, for k = 0, 1, . . . (1)

If the agent receives a feedback signal h �= 0 at time t, the
error of each update step weighted by credit assignments is
shaped as

δt = h−
∑
k

ct−kw
�
t φ(st−k, at−k) (2)

The parameter update using the gradient of the least square,
which is also weighted by credit assignments, is

wt+1 = wt + αtδt
∑
k

ct−kφ(st−k, at−k) (3)

The temporal error computation in Eq. (2) normally is δt =
h−w�t φ(st, at) without credit assignments. Otherwise, the
second term on the right would be the sum of the previous
time step reinforcement values weighted by the credits as-
signed. The same explanation is applied to the parameter
update in Eq. (3). Depending on tasks, the history windows
of the credits can be pruned to only some recent time steps.
Then, the credit computation at each step does not become a
burden of the algorithm’s computational time. With the help
of the TAMER framework, the optimal policy is based only
on the trainer.

� �

�

Figure 1: Three tiling organization for the variable space
consisting of a single continuous variable x. The tilings are
overlapping. The weights of the tiles are highlighted for an
indicated point.

Tile-coding

Tile-coding (Sutton 1995; Sutton and Barto 1998; Sher-
stov and Stone 2005) is a function approximation technique
which uses sparse coarse-coded memory. It represents the
value function in a set of exhaustive partitions of the state-
action space, called tilings. All tilings may or may not be
partitioned in the same way. Additionally, those tilings are
overlapping and slightly offset. Each element of a tiling is
called a tile which is weighted. So, each input activates one
tile per tiling in which it is contained. The value of an input is
the sum of weights of the activated tiles. Figure 1 illustrates
one tile-coding example for the variable space consisting of
a single continuous variable x.

Assuming that the state-action space is partitioned into a
set of N tilings; {Ti; i = 1, . . . , N}, each tiling Ti has Ni

tiles {tj ; j = 1, . . . , Ni}, and each tile has a weight wij . For
one state-action input (s, a), there is only one tile activated
per tiling in which the input is contained. As a consequence,
the evaluation value of the input is

H(s, a) =
N∑
i=1

Ni∑
j=1

bijwij (4)

where bij = 1 if tile j in tiling i is active; bij = 0 otherwise.
Therefore,

Ni∑
j=1

bij = 1, for all i

Actor-critic

The actor-critic algorithms, first proposed by (Witten 1977;
Barto, Sutton, and Anderson 1983), implement both major
families of reinforcement learning algorithms. They main-
tain a value function of the value-function based methods,
called the critic. Meanwhile, they use a parametrized policy
of the policy-based methods to select actions, called the ac-
tor. The policy is represented explicitly and independently
from the value function. Thus, the actor is used to choose
actions, the critic is used to evaluate the performance of the
actor. The critic’s evaluation provides a gradient estimate of
a specific performance measure1 to improve the actor by up-
dating its parameters. Under a compatible representation of
the critic and actor, the algorithms are proved to converge to
a local maximum (Sutton et al. 1999; Konda and Tsitsiklis

1with respect to the actor’s parameters
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2003). Actor-critic methods have shown the following two
major apparent advantages:
• The action selection step is implemented on an explicit

policy instead of a value function which would reduce
computation.

• In competitive and non-Markov cases, a stochastic pol-
icy may be useful, thus actor-critic method is the solution
which can learn an explicitly stochastic policy (Singh,
Jaakkola, and Jordan 1994).
We describe a very simple actor-critic method in rein-

forcement learning as presented in (Sutton and Barto 1998).
Suppose the critic is a state-value function V (st), and the
actor is represented by the Gibbs softmax method:

πt(s, a) = Pr{at = a|st = s} =
eφ(s,a)∑

b∈A
eφ(s,b)

(5)

After each action selection step and observing a next state
st+1, the critic’s evaluation is an TD error:

δt = rt+1 + γV (st+1)− V (st) (6)

where rt+1 is an MDP environmental reward. The TD error
offers a suggestion to the policy update, if it is negative, the
action just taken is updated how its tendency must be weak-
ened.

φ(st, at) = φ(st, at) + βtδt (7)
where βt is a learning factor.

In the next section, we apply this scheme to the con-
tinuous TAMER framework. The reinforcement function
H(s, a) will be implemented as the TAMER critic. Its tem-
poral error at each time step is used to update the parameters
of a policy which functions as the TAMER actor.

Related Works

Our work is an extension of the TAMER framework (Knox
and Stone 2009), called Training an Agent Manually via
Evaluative Reinforcement, which is an instance of interac-
tive Machine learning. This family of methods allows human
trainers to interactively train an autonomous agent. Recently,
there have been numerous techniques in this family success-
fully leveraging the training tasks of the human (Thomaz
and Breazeal 2006; Subramanian, Isbell, and Thomaz 2011;
Taylor and Chernova 2010; Judah et al. 2010). In (Sub-
ramanian, Isbell, and Thomaz 2011), the authors train an
agent’s options (macro actions) from demonstrations in an
MDP framework. In (Taylor and Chernova 2010), the au-
thors also use learning from demonstration (LfD) to initial-
ize the policy, then apply reinforcement learning to find the
optimal policy. For the difference between LfD and learning
from human feedback, we want to refer readers to the pa-
per (Knox, Setapen, and Stone 2011) in which the authors
also briefly argue some advantages of learning from human
feedback over LfD. In (Judah et al. 2010), the learning agent
alternates between practicing and critique receiving. In the
critique state, a human trainer observes the agent’s trajecto-
ries, then criticizes each possible state-action pair as good
or bad. In the practice stage, the agent uses an RL algorithm

to learn autonomously while taking the human trainer’s cri-
tique into account.

Different from the TAMER framework (Knox and Stone
2009), our framework learns the human trainer’s reinforce-
ment function in continuous state and action domains. In or-
der to do this extension, we use two previous well-known
methods in continuous reinforcement learning, which are
tile-coding and the actor-critic methods. The actor-critic
TAMER implemented the actor-critic style as (Bhatnagar et
al. 2009), where the authors proposed four actor-critic rein-
forcement learning algorithms using linear function approx-
imation. Meanwhile, the tile-coding TAMER implemented
a tile-coding function approximator similar to (Santamaria,
Sutton, and Ram 1998) in which the authors discussed how
to generalize previous reinforcement learning algorithms to
continuous state and action spaces using tile-coding function
approximators. Tile-coding TAMER is used as a baseline
method for comparison. There is a previous work also using
actor-critic RL for learning via human feedback in continu-
ous state and action spaces (Pilarski et al. 2011). However,
the human feedback in this work is considered as immedi-
ate rewards which are different from the long-term effects in
TAMER.

Continuous TAMER Framework
In practical applications, state and action spaces are of-
ten continuous or infinite, especially in robotic tasks. As a
consequence, the value functions representing the optimal
policy must be represented by some forms of function ap-
proximation. In reinforcement learning, tile-coding is one
simple and easy-to-implement function approximation tech-
nique which showed many successes in such continuous
state-action tasks (Sutton 1995), (Santamaria, Sutton, and
Ram 1998). So, we take tile-coding as the first approxima-
tion method to learn the human trainer’s reinforcement func-
tion H(s, a). We call this baseline method as a tile-coding
TAMER method. Our major proposed technique is to use the
policy gradient framework in which we represent the human
trainer’s preference policy in a family of randomized poli-
cies. The preference policy is then considered as the actor. In
addition, we maintain the critic, which is implemented by a
TAMER framework, to evaluate the actor’s performance. As
a result, the second method is called an actor-critic TAMER
framework.

Tile-coding TAMER

A simple method to build the continuous TAMER frame-
work is to use discretization of the state-action space.
Thus, we first use tile-coding to build a baseline tile-coding
TAMER to approximate the reinforcement function H(s, a)
of both continuous variables s and a. This is an application
of the original TAMER in which we use a different value
function approximation. Our intention is to use this simple
extension for comparison with our main principled exten-
sion.

Like in Background section, we use N tilings, and each
has Ni tiles associated with weights wij . As a consequence,
it’s very straightforward to derive the tile-coding TAMER al-
gorithm as in Algorithm 1. The code in line 7 computes the

67



credit assignments of previous steps with respect to the cur-
rent obtained feedback ht. The code in line 8 computes the
regression error in which the evaluation at the current time
step is the sum of previous time step values weighted by their
corresponding credits. In line 11, the weights are updated
along the sum of previous time step gradients weighted by
their corresponding credits, where αt is a learning rate. The
feature bt−k

ij represents whether tile (i, j) is active with re-
spect to the state st−k at time step t− k (Because the matrix
b is actually the feature function in the tile-coding method).

Algorithm 1 Tile-coding TAMER
1: Initialize weights w0

ij , and an initial state s0.
2: while (1) do
3: Choose an action at = argmaxaH(st, a) (computed

as in Eq. (4)),
4: Take the action at, and observe a next state st+1,
5: Receive a feedback ht,
6: if ht �= 0 then
7: Compute credits ct−k as in Eq. (1)

8: δt = ht −
∑
k

ct−k

N∑
i=1

Ni∑
j=1

bt−k
ij wt

ij ,

9: for i = 1 to N do
10: for j = 1 to Ni do

11: wt+1
ij = wt

ij + αtδt
∑
k

ct−kb
t−k
ij

12: end for
13: end for
14: end if
15: end while

Actor-critic TAMER

Though the tile-coding method is simple and computation-
ally efficient, it has some limitations. Firstly, it needs a hu-
man designer of the tile partition. In some hard problems, the
tiles must be partitioned very finely and carefully. Secondly,
the degree of generalization is fixed according to the ini-
tial tile partition. And thirdly, if the state mapping into tiling
features is non injective, then it would lose the convergence
property of regression algorithms. In this section, we intro-
duce another extension of TAMER, which would also work
in continuous state-action spaces, the actor-critic method.
More specifically, we still use the human trainer’s reinforce-
ment function as the critic H̄ : S → �. We use a slightly dif-
ferent reinforcement function which depends only on state.
Similar to the original TAMER framework, it is also updated
in real time by regression. Assuming that the TAMER critic
is parametrized by a parameter space Θ = {θ1, . . . , θm}.
On the other hand, the TAMER actor is a stochastic policy
μ : S × A → [0, 1], parametrized by a parameter space
w. The function μw(s, a) defines the probability of choos-
ing an action a at a state s depending on a parameter w. In
this modeling, the TAMER critic would use any function ap-
proximation method as regression. Figure 2 shows interac-
tion between a human, the environment, and an actor-critic
TAMER agent through the actor-critic TAMER framework.
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Figure 2: Actor-critic TAMER framework.

The optimal policy with respect to the trainer’s perspective
is approximated by an actor.

Assuming that we use a linear approximator for the
trainer’s reinforcement function H̄(s), with the features rep-
resented by Φ = {φ1, . . . , φm}. Thus, the function H̄(s) is
written as

H̄(s) = Θ�Φ =
∑
m

θiφi (8)

Then, the critic’s parameter update can be computed sim-
ilarly to Eq. (3), which is also weighted by credit assign-
ments, as

θt+1 = θt + αtδt
∑
k

ct−kΦ(st−k) (9)

In actor-critic style, the TAMER critic evaluates the TAMER
actor’s performance and advises the update tendency for it.
It updates the actor’s parameters using the temporal error of
the critic’s prediction. Similar to the actor-critic reinforce-
ment learning algorithms in (Bhatnagar et al. 2009), if the
feedback function H(s, a) at pair (s, a) is approximated lin-
early with compatible features ψsa = ∇ logμ(s, a), then the
actor-critic TAMER method would be derived as in Algo-
rithm 2. The code in line 8 computes the critic’s regression
error. The code in lines 9 and 10 updates the critic and ac-
tor’s parameters respectively. All of those computations also
take the credit assignments into account.

The actor-critic TAMER uses two-timescale stochastic
approximation, then the learning parameters αt and βt

would be chosen to satisfy β = o(αt). Because, the slower
convergence of αt makes the approximation of the value
function H̄t(s) having uniformly higher increments than the
approximation of the policy μ(s, a).

Experiment Domains

In this section, we test the proposed continuous TAMER al-
gorithm on two popular domains in reinforcement learning:
Mountain Car and Cart-pole which we assume to have con-
tinuous state and action spaces. The performance metric is
the cumulative environmental MDP reward R. The continu-
ous action and state Mountain Car is described as in (Melo
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Algorithm 2 Actor-critic TAMER
1: Initialize θ0, w0, and an initial state s0.
2: while (1) do
3: Choose an action at ∼ μ(st, wt) (computed as in

Eq.(8)),
4: Take action at, and observe st+1,
5: Receive feedback ht,
6: if ht �= 0 then
7: Compute credits ct−k as in Eq. (1)
8: δt = ht −

∑
k

ct−kH̄t(st−k),

9: Θt+1 = Θt + αtδt
∑
k

ct−k∇ΘH̄t(st−k),

10: wt+1 = wt + βtδt
∑
k

ct−k∇w logμt(st−k, at−k).

11: end if
12: end while

and Lopes 2008). We choose those domains because the dis-
crete TAMER has been demonstrated to perform well, and
we want to show why an algorithm for the continuous ac-
tion space is needed. By these experiments, we observe that
the proposed extension continues preserving the properties
of the discrete TAMER in which it helps reduce the sam-
ple complexity of learning a reasonably good policy. Addi-
tionally, an agent can learn without defining any hand-coded
environment reward signal. This allows a human trainer to
teach agents the policies according to their preference.

Both experimental environments use the implementations
with graphical interfaces within the RL-Library2. We made
some small modifications to make them work with continu-
ous actions and receive human trainers’ feedback signals by
pressing on the keyboard. The human trainers observe the
graphically simulated agents on the computer screen. There
are two accepted keys representing positive and negative
feedback signals. These two domains are high time step fre-
quency, which is set at approximately 200 milliseconds. For
the delay distribution function, we use a Uniform(200,900)
distribution as credit assignment function for both domains.

Mountain Car

The well-known Mountain Car problem is the task of driv-
ing an underpowered car situated at the bottom of a valley
to the top of the steep hill on the right. With a limited ac-
celeration, it can not climb up the hill shortly, rather it must
go back and forth to gain enough momentum to go up. An
episode terminates when the car reaches the top of the hill on
the right. The 2-dimension continuous state space s = (p, v)
consists of the current position p ∈ [−1.2; 0.5] and velocity
v ∈ [−0.07; 0.07]. The controlled action is a single continu-
ous acceleration a ∈ [−1.0; 1.0]. The dynamic equations of
the car are described as

vt+1 = vt + 0.001at − 0.0025 cos(3pt)

pt+1 = pt + vt+1
(10)

The values of p and v is maintained bounded within their
limits.

2http://library.rl-community.org/

Cart-pole (Balancing)

In this section, we apply the proposed algorithms for another
well-known benchmark for reinforcement learning, which is
Cart-pole (balancing) domain. The goal is to keep the pole
balancing on top of the cart by accelerating the cart. The cart
can not go too far to the left or right boundary. We use the
same setting in RL-Library which implemented the discrete
action Cart-pole example in (Sutton and Barto 1998). We
modified the Cart-pole environment in RL-Library to con-
tinuous actions. The pole length is l = 0.5m, pole mass
m = 0.1kg, gravity g = 9.8m/s2, and cart mass mc =

1.0kg. The continuous state is chosen by s = [p, ṗ, θ, θ̇]
which is the cart’s current position p ∈ [−2.4; 2.4], the
cart’s velocity, the pole’s angle, and the pole’s angular ve-
locity. The control action is the force applied on the cart
a = F ∈ [−10N ; 10N ]. An episode terminates when the
pole angle exceeds a threshold of (-12.0;12.0) degrees, or if
the cart moves out of the boundary of the track.

Algorithm Settings

Both algorithms are compared to discrete TAMER (Knox
and Stone 2009) (The action space of the domains is im-
plemented to be discrete), the standard Sarsa(λ), and actor-
critic RL (in (Bhatnagar et al. 2009)) algorithms (with en-
vironmental rewards and without human trainer feedback).
Sarsa(λ) and tile-coding TAMER use tile-coding as function
approximators of Q(s, a) and H(s, a), respectively. Both
Sarsa(λ) and tile-coding TAMER use 25 equally distributed
interval values for the acceleration (within its limits) to per-
form ε-greedy and only greedy action selection, respectively.
Actor-critic TAMER and actor-critic RL also use the same
representation for actor and critic. In the following, we de-
scribe each algorithm’s setting in detail.

Tile-coding TAMER: We use 48 tilings as a feature set for
the function H(s, a). Each dimension is discretized by 12 in-
tervals. There are 16 tilings based on (p, v, a), uniformly off-
seted; 16 tilings based on (p, v), uniformly offseted; 8 tilings
based on p, uniformly offseted; and 8 tilings based on v, uni-
formly offseted. This feature set is also used to approximate
the value function Q(s, a) of Sarsa(λ). The implementation
of tile-coding Sarsa(λ) is similar to (Santamaria, Sutton, and
Ram 1998).

Actor-critic TAMER: The critic, which is the human
trainer’s feedback function H̄(s), is approximated by a lin-
ear approximator over Gaussian RBF features. We use 16
and 256 uniformly centred RBF features within the limits of
the state space in Mountain Car and Cart-pole respectively,
4 intervals for each dimension. We define a mean policy
as a = w�Ψ(s) with parameter vector w and a Gaussian
RBF feature function Ψ(s). In both domains, the mean pol-
icy also uses 4 RBF basis functions for a one-dimensional
action space. We generate a stochastic policy for the actor
by adding a small exploration term ε ∼ N (ε|0, σ2). Then,
the actor can be written as μ(s, a) = N (a|w�Ψ(s), σ2).

Experimental Results

The experiments were implemented with assumptions that
the human trainers are instructed how to give feedback with-
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Figure 3: Screenshot of the experiment interface from Cart-
pole.

out knowing the agent’s feature function or learning algo-
rithms. The screenshot of the experiment interface is shown
as in Fig. 3. Fifteen people participated in training the Moun-
tain Car and Cart-pole agents. Each trainer did three teach-
ing trials of up to 60 episodes (almost all of them stopped af-
ter only 20-30 episodes). Average training time of each per-
son is about 10 minutes. After the training stage finished, the
agent continued running (testing stage) until 100 episodes
were reached. The best result among three trials is used as a
report for that trainer.

Mountain Car

The comparisons for the Mountain Car domain are shown
in the top panel of Fig. 4. The environmental reward is -1.0
for each step. The results for the TAMER agents are aver-
aged among human trainers’ results. The results of Sarsa(λ)
and actor-critic RL are averaged over 100 trials. On average,
both continuous TAMER agents give comparable perfor-
mances, but asymptotically outperforms the Sarsa agent and
worse than actor-critic RL agent. Moreover, TAMER agents
have found a suboptimal policy as quickly as actor-critic
RL, but much faster than the Sarsa(λ). Thus, the continu-
ous TAMER agents can dramatically reduce sample com-
plexity over autonomous learning agents such as Sarsa(λ).
The policy behavior of continuous TAMER agents is similar
to discrete TAMER’s. Because, both TAMER frameworks
(discrete and continuous) found the suboptimal policy of
max (+1.0) and min acceleration (−1.0) actions. The bot-
tom panel of Fig. 4 shows the average performance received
by agents trained by the best 3 trainers and worst 3 trainers
for each algorithms.

Cart-pole (Balancing)

The comparisons of continuous TAMER agents against dis-
crete TAMER for Cart-pole (balancing) domain are shown
in the top panel of Fig. 5. The environmental reward is
1.0 for each step in which the pole is kept upright θ ∈
(−12.0, 12.0). The results for the TAMER agents are av-
eraged among human trainers’ results. In Car-pole domain,
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Figure 4: Mountain Car: (top) The cumulative environmen-
tal rewards (steps to goal) of three algorithms; (bottom)
The average cumulative environmental rewards, the best and
worst 3 trainer’s policy.

the applied forces on the pole could range from −10(N) to
+10(N). If there are only 3 actions: left (−10N ), neutral
(0N ), and right (10N ) like in discrete TAMER’s domain,
the movement of the pole is less smooth than using contin-
uous actions. If using continuous actions, the optimal pol-
icy helps the agent only choose very small actions to make
the pole balance smoothly. So, if we compare the number of
steps while balanced, two continuous TAMER settings have
shown a significant advantage over the discrete TAMER.
The bottom panel of Fig. 5 shows the average performance
received by agents trained by the best 3 trainers and worst 3
trainers for each algorithms.

The comparisons against other RL algorithms are de-
scribed in Fig. 6. The result of Sarsa(λ) and actor-critic
RL are averaged over 100 trials after 50 episodes. In this
more complicated domain, it’s natural that the TAMER
agents’ asymptotic results are worse than autonomous learn-
ing agents such as Sarsa(λ) and actor-critic RL. However,
the results of the best 3 trainers (use the actor-critic TAMER
framework) are quite promising, they can train the agents to
get over 300 times balancing in within 50 episodes. In this
experiment, we observe that the actor-critic TAMER agent
outperforms over the tile-coding one. This is due to the ef-
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Figure 5: Cart-pole (balancing): (top) The cumulative en-
vironmental reward (times upright); (bottom) The average
cumulative environmental rewards, the best and worst 3
trainer’s policy.

fect of preallocation in tile-coding function approximators
which clearly does not perform good enough in the region
of the stable states (keep the pole balanced). In such a situ-
ation, one solution could be using a higher resolution in the
region of the stable states which needs very small adjust-
ments in acceleration to keep the pole balanced. The obser-
vation demonstrates the benefits and flexibility of having a
continuous action space. Thus, a continuous TAMER frame-
work is needed.

Summary and Future Work

Summary

This paper proposes an extension for the Training an
Agent Manually via Evaluative Reinforcement Framework
(TAMER) which allows human trainers to train agents
in continuous state and action domains. The proposed
actor-critic TAMER framework implements the actor-critic
style to approximate the human trainer’s preference pol-
icy. The trainer’s preference policy, which is the actor, is
parametrized by a parameter space. The critic is used to eval-
uate the actor’s performance and can be implemented by us-
ing any state value function approximators. The actor’s pa-
rameters are updated by following the temporal error of the
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Figure 6: Cart-pole (balancing): End-run performance of
these algorithms for Cart-pole is averaged during the last 5
episodes (The results for Actor-Critic and Sarsa (λ) are after
50 episodes).

critic’s prediction.
The proposed method was tested in two well-known do-

mains in reinforcement learning: Mountain Car and Cart-
pole (balancing) which have continuous state and action
spaces. The experimental results obtained shows the fea-
sibility of the two methods in the task of approximating
the human trainer’s preference policy. Similar to the orig-
inal TAMER agent, the new algorithm is easy to imple-
ment, and accessible to a non-technical human trainer. In
term of technical aspects, it still can reduce sample com-
plexity over autonomous learning algorithms. Moreover, the
proposed method suggested that continuous extension of
TAMER framework is needed, because the continuous ex-
tensions would make TAMER more efficient, and applicable
for continuous domains.

Future Work

The extension to continuous action problems could open
a new applicability for the TAMER framework, especially
in robotics whose problems are often both continuous state
and action spaces. Investigation of the continuous TAMER
framework in robotics problems is also our future work.
On the other hand, the learning can be speeded up by
combining TAMER with reinforcement learning algorithms.
Thus, this extension can bring more ways of combina-
tion with other existing continuous reinforcement learn-
ing algorithms. Similar to (Knox and Stone 2010a; 2011;
2012), we are investigating the combination capability of the
proposed continuous TAMER approaches with reinforce-
ment learning. We plan to use one technique among 8 listed
in (Knox and Stone 2010a). The other techniques are not
either applicable directly to continuous action space prob-
lem or efficient as indicated in (Knox and Stone 2010a;
2011). The technique we want to use is called control shar-
ing, as numbered 7 in (Knox and Stone 2010a). This tech-
nique lets the combining agent effectively choose the RL
agent’s action or TAMER agent’s action. This combination
technique can be easily implemented either sequentially or
simultaneously in actor-critic TAMER framework.
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