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Abstract—This paper reports improvements to our Motivated
Learning (ML) model. These include modifications to the
calculation of need/pain biases, pain-goal weights, and how
actions are selected.
Resource based abstract pains are
complemented with pains related to desired and undesired
actions by other agents. Probability based selection of goals is
discussed. The minimum amount of desired resources is now set
automatically by the agent. Additionally, we have presented
several comparisons of Motivated Learning performance against
some well-known reinforcement learning algorithms.
Keywords—motivated learning; reinforcement learning; goal
creation; pain signals; desired resources.

I.
INTRODUCTION AND BACKGROUND
This paper presents advancements of our Motivated Learning
algorithm. Specifically, we discuss calculation of bias signals,
consider desired and undesired situations, modify
interconnection weight calculations, use probabilistic goal
selection, and determine desired resource levels. Additionally,
we compare our algorithm with various implementations of
Reinforcement Learning (RL) algorithms.
Reinforcement Learning and Motivated Learning (ML)
share several similarities in how they function. They both
seek rewards, however, ML develops internal motivations [1],
so only its designer specified rewards can be observed and
measured. A ML machine also obtains intrinsic rewards, and
what is rewarded depends only on its internal state and the
mechanisms that created its internal needs. Both approaches
can use artificial curiosity. An Intelligent Adaptive Curiosity
algorithm (IAC) was proposed by Oudeyer et al. [2], and our
own agent first utilized curiosity in [3].
The IAC algorithm allows a robot to function in
continuous, noisy, inhomogeneous environments, and allows
autonomous self-organization of behavior toward increasingly
complex behavior patterns. The problem with IAC is that
while it eliminates some of the issues with purely curiosity
based learning, it is still learning without purpose. The agent
will try to learn everything useful, rather than optimize for
specific skills and higher levels of performance. This is where
Motivated Learning comes in, to provide purpose and
direction of the agent’s development.
Pfeifter and Bongrand [4], believe that an agent’s
motivations should emerge as part of the development process.
Merrick pointed out that RL agents do not have internal drives
to maintain their resources within an acceptable range, and
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that the designer cannot realistically determine all useful goals
ahead of time [5]. These issues were addressed in [6] where
the motivated learning concept with internal goal creation was
introduced. In a similar development Merrick described
motivated reinforcement learning (MRL) and used motivated
exploration in video games [5].
In our current ML implementations, we consider a symbolic
implementation of a motivated agent that uses concept neurons
to represent perceptions, pains, goals and motor actions. A
neural network that links sensory inputs to motor outputs
emerges from the learning process. In particular, nodes that
represent perceptions, abstract pains, goals, and learned motor
actions are added dynamically as the agent learns how to
interact with the environment.
Full implementation of
Motivated Learning schema requires symbol grounding and
learning to execute complex actions through sequences of
motor control. These however are separate problems that are
being worked out in robotics and computational intelligence
research programs [7]-[10]. As new concept nodes are added
they are linked by association links with variable weights.
Actual actions are chosen via a combination of the
aforementioned weights and heuristics based on our OML
algorithm [11]-[12].
In the following section we present how an ML agent learns
to adjust weights that associate pain and goal neurons in the
neural network. Then we describe changes to bias calculation,
weight adjustment, and goal selection. Following this, we
show how the aforementioned changes affect the ML agent’s
operation. Section III discusses setting the desired level of
resources and distances to other agents. Next, we show how
our Motivated Learning algorithm fairs against several
Reinforcement Learning algorithms, followed by the paper’s
conclusion.
II.

ENHANCEMENTS TO THE ML ALGORITHM

Next we discuss modifications to our Motivated Learning
algorithm. We illustrate these enhancements in section IV.
A. How to calculate bias signals
In our motivated learning algorithm bias signals are used
to determine the level of pain or need associated with a
particular concept (resource availability or an action
performed by another agent). Biases indicate the likelihood of
running out of resources needed or of facing a hostile action
by another agent. There are several ways in which bias can be
calculated. One method is a simple logarithmic approach,

Originally, the initial state was considered to be the desired
state of the agent; however, the initial state of a resource is not
necessarily the optimum state for the agent. The agent should
be able to set said desired state all by itself. We discuss how
this might be done is section III.
Another way to calculate bias is using:
2

(2)

Eqn. 2 works well when the probability of a resource is
used (as was the case in our initial experiments).
A third variant uses slightly more complex computations
to deliver a smooth transition around the desired resource
level:
1

(3)

B. Bias based on availability
Bias signals (1)-(3) are based on desired resource
availability. But in the general case a resource can either be
desired or undesired. In addition, actions by other agents can
be desired or not. A single equation can be used for both
resource and action biases for both desired and undesired
cases. Assume that A represents availability (A=Rc/Rd for
resource biases, where Rd represents desired level of resource
observable in the environment, A=1/(dc/dd+1), where dd is a
desired (a comfortable) distance to another agent. Then the
bias signal is obtained from:
1

1
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(6)
Depending on desirability or resource/action (4) produces
different results as shown in Figs. 1-2.
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Fig. 2 Bias signal for a) desired action b) undesired action.

Observing Figs. 1b and 2b, it can be seen that biases for
both undesired resources and undesired actions appropriately
follow the same increasing trend as the associated
action/resource becomes increasingly “available”. Since bias
has a direct effect on the pain level, it follows that an increase
in the “availability” of an undesired action/resource and
corresponding increase in bias level increases the associated
pain. Bias signals for both desired resources and desired
actions in Figs 1a and 2a, go to zero as their availability
reaches a desired level equal to 1. That bias increases for
desired resources as they pass the desirability threshold. This
simulates the “too much” of something effect.
C. Learning to select goals
Our Motivated Learning agent selects which actions to
). These
take based on pain levels and pain-goal weights (
weights are adjusted dynamically through learning as
discussed in [13] using:
∆

(7)

is adjusted based on
In this equation the magnitude of
the value of ∆ , which is calculated based on the previous
weight and the current resource levels.
is an integer
value that can be zero, positive, or negative depending on how
the associated pain/need was effected by the last action, and
|

∆

–

1

|,

(8)

10

(9)

1 and represents the “ceiling” for the
weights,
is a constant, (set in our work to 0.3), represents whether
the resource specified by is desired ‘1’, undesired ‘-1’, or
unknown ‘0’.
D. Probabilistic Goal Selection
In a probabilistic goal selection approach, goals are
selected using probability values based on the current
weights:
(10)

∑

In this case there is no need to limit weight values as in (8)
since we can assume (after normalization)
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where Rc is the current resource value, Rd is the desired (or
initial) resource value, si represents the resource under
consideration, and is a small positive number. Eqn. 1 is
useful because it produces a large bias as a desired resource
approaches zero. On the down side it does not go to zero
when Rc = Rd.
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Using (7)-(9) for probability based goal selection faced the
problem of weight saturation to α , which resulted in all
probabilities approximating the same value for successful
goals independently of atan ⁄ ̂ .

A modification of (7) differentiates between useful actions
depending on their efficiency. Initial values of
weight are
, where
is the number of
weights
set to 1/
(instead of a 0.5
). After each time a goal is triggered by a
specific pain signal its corresponding
weight is adjusted as
follows:
atan
̂

,

atan
̂

.

(12)

is the rate of change of the lower level resource s as a result
̂
of using higher level resource ̂ observed by the agent.
1

1

atan 10/

α

1 ,

(13)

where α
1 (recommended value is around 0.7) . As a result
⁄ ̂ . Thus more
weights saturate at 3⁄ atan
efficient ways are more likely to be chosen in the probabilistic
goal selection.
III. SETTING DESIRED RESOURCE LEVELS
Desired values should be set according to the agent’s
needs. We touched on this briefly in one of our earlier papers
[14]. To set desired resource levels, we start with the need for
the primitive resource (e.g. the energy level). This level Rdp is
known and is set by the environment. Another environment
set variable is the rate of use of the desired resource ∆ (for
instance how quickly the energy is lost by the agent). All
desired levels for other resources (related to abstract pains) are
set by the agent. These levels are established by the agent
only for these resources that the agent cares about.
In order for the agent to be successful in all of its tasks the
frequency of performing various tasks cannot be too great as
its time is limited. In the simplest case, consider that each task
takes one unit of time (equivalent to a single iteration). If a
primitive resource will be exhausted in iterations the agent
must perform an operation to restore this resource with the
frequency
. Considering all actions that agent performs
its operations can be successful only if
∑

1

(14)

where the summation is for all resources that the agent needs
to restore and all actions it must perform to avoid hostile
activities by other agents.

helps to restore, and in such case
∆ ̂ and we need to
̂
restore the higher level resource each time after we use it.
This seems to be an extreme situation, although the required
resource level will be very low. However, when the agent has
multiple goals we may easily violate (14). This setting may be
used if we want to teach the agent proper response in a
shortest possible time.
If (14) is satisfied for all primitive needs we can always set
desired values of higher level resources
̂ in such a way that
(14) holds. This may require high values of
̂ . In general to
in
an
optimized
fashion,
we
need
to solve the
set
̂
optimization problem:
,

(15)

Restoration frequencies of other resources can be set
arbitrarily provided that (7) is satisfied. Notice that in order to
obtain the restoration frequency of a higher level resource we
must consider the restoration frequency of the lower level
resource it helps to restore, thus we have
̂

∆

<

(16)

The largest restoration frequency for the higher level
resource equals to the restoration frequency of the resource it

∑

(17)

1, … ,

(18)

Subject to constraints
0

1,

and
∑

1

1

1 ...

where p is the number of primitive,
̂ that is needed to restore and

1

(19)

represents the resource

∆

(20)

is a relative frequency of the higher level resource to be
determined, which tells us how many times we can use it
before it is gone and needs to be replenished.
In a similar way
represents the resource ̂ that is
needed to restore ̂ and so on, and where ̂ ,…, ̂ , ̂ , is
a dependence path from the most abstract resource ̂ to the
primitive resource .
Once is known, we can determine the desired level of
each higher level resource using
∆

(21)

̂

The environment set rules establish derivative
can be used to compute ∆
resource to its desired value
∆

For all primitive resources the restoration frequency is
predetermined from
∆

,…,

̂

̂

which

in order to restore the level
(22)

̂

thus
R

R

(23)

To solve the optimization problem (17) we use the Matlab
function fmincon with ‘sqp’ or sequential quadratic
programming algorithm, which rigidly respects bounds, and is
robust in handling inf and nan values.
To illustrate setting the desired resource level as discussed
in this section let us consider the following example:

In a similar way we will obtain

Example 1:
Let us assume that we have 3 primitive reesources with the
need for the primitive resources equal to:
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∆

12.5865,
5.4805.

Network dependencies
An acyclic case

Thus, primitive resource restoration frequeencies are
∆

2.4521,
8.2208,

Thus, we can determine the desiired resource values by
using the provided hierarchy and oth
her provided data in
conjunction with the optimized valu
ues to calculate the desired
resource levels.

and the rate of use of the primitive resources eequal to
∆

9.8082,
2.5984,

In addition, we have 7 higher level resouurces that can be
used to restore these primitive ones and we w
would like to set
desired resource values in such way that the aagent learns in an
optimized way, and yet is capable of handling all the tasks.

The previously discussed case possessed
p
strict hierarchical
dependencies in which abstract reso
ources were stacked against
lower level resources. In a mo
ore general case we may
consider network dependencies beetween resources as shown
on Fig. 3.

Also assume the following dependence paths from the
most abstract resource to the primitive resourcce :
,

,

,

,

,

,

,

And the lower level resource restoration rrates with respect
to the utilization rate of the higher level resource are as
follows:
3,

2.5,

2,

5,

4,
5,

1.5

Thus, our optimization problem can bee formulated as
follows:
,
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1.00
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and the objective function value equal to 11.06673.
In this solution
have

corresponds to x(i), thhus using (23) we
5
0.3965 3

0

(24)

1,

1, … ,
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and sum of all frequencies is less than 1
∑

1

(26)

where j is the number of primitive resources
r
and each abstract
node frequency ̂ is obtained by multiplying
m
̂ by the sum of
frequencies of lower level nodes thaat directly depend on it
̂

16
6.8138

∑

,…,

Subject to constraints

1

To solve this, we wrote an objective function and a
constraints function in Matlab and invokeed a constrained
optimization routine to obtain the optimized pparameter values
equal to:
0.398

Fig. 3 illustrates an acyclic case where we have 3 primitive
resources that are used with freequencies fs1, fs2, and fs3
respectively and 8 abstract reso
ources with dependencies
illustrated by downward pointing arrrows.
To establish the optimum level
l
of desired abstract
resources we can solve the optim
mization problem as before
with only slightly modified constraiints

and
1

Fig. 3 Abstract resourcce dependencies.

̂

∑

Since in this case

̂

(27)

∑

R

∆

,

̂
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where summation is over all lower level resource that are
dependent on resource ̂ , so the desired level of abstract
resource can be computed from
∑

R

R

(29)

and
1⁄ ̂
are diagonal
Where
1⁄ ̂
matrices of relative frequencies for top and bottom higher
level resources, respectively. And ̂ and ̂ are vectors of
frequencies of use for top and bottom resources, respectively.
In a similar way we defined ̂ and ̂ as well as and
as
submatrices of ̂ and that correspond to the top and bottom
part of abstract and primitive resources. In (32) only is
known and ̂ and ̂ must be evaluated.
This linear equation can be solved in two steps, first to
obtain F using

A general case
In general, a resource dependency graph such as that
shown in Fig. 3 may have cyclical dependencies and we need
to modify the way the desired resource level is established. In
addition, when a resource can be restored in several different
ways, we may use probabilities for selecting actions that lead
to restoration of the resource. The two considerations can be
combined in a general case of desired resource optimization.
To establish the optimum level of desired abstract
resources we can solve the optimization problem as before
,

∑

,…,

1,

1, … ,

̂

after which
̂

can be obtained directly from
̂

∆
(32)

where each abstract node frequency
the following linear equation:
̂

̂

̂

(37)
̂

∑
̂

̂

(33)

Then after solving the optimization problem, the desired
resource level of various abstract resources can be obtained as:

Each element pij of column j of and ̂ contain sum of
probabilities of actions using resource i to restore resource j.
Since sum of probabilities of all actions to restore resource j is
equal to 1, then each column of and ̂ adds to 1.

∆

Since the solution of (38) may depend of
̂ that needs to
be determined from (39), we have to solve this linear problem
in a similar way as (34) by subdividing it into smaller parts.
Let us first define a matrix
s ,s

̂
̂

̂

(34)

(40)

Desired resource values can be obtained from
s ,s
̂

R

(41)

Next we partition (41) to separate top level resource
̂
and
(inexhaustible) bottom level abstract resources
̂
primitive resources
̂ (with given desired resource levels):

̂
̂

̂

(39)

̂

We can further divide (31) to separate top level
(inexhaustible resources) from other resources.

̂

(38)

where s
stands for the probability of using resource s to
restore resource s .

̂

0

R

s

is obtained by solving

where ̂ is a vector of abstract resource frequencies that need
to be evaluated,
1⁄ ̂ is a diagonal matrix of relative
frequencies for higher level resources to be determined in the
optimization process, ̂ is a
matrix of action related
resource selection probabilities to restore abstract resources on
a lower level, where m is the total number of abstract
resources, and b is a bottom part of abstract resources
(excluding top level inexhaustible resources). Similarly, is
is
a known vector of primitive resource frequencies and
matrix of action related resource selection probabilities
to restore the primitive resources and p is the number of
primitive resources.

0

(36)
̂

(31)

1

̂

(35)
̂

Since we can estimate that

and sum of all frequencies is less than 1
∑

̂
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Subject to constraints
0

̂

We can solve
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s ,s

s ,s
s ,s

̂
̂

(42)

s ,s
̂

To obtain
̂

from
1

̂

s ,s
̂

(43)
̂

a top level resource. The desired level
l
of primitive resources
is known

̂

20
12
21
0.7620 0.5446
̂

s ,s

And then compute

̂

s ,s

s ,s
̂

(44)
0.3686
and with ̂
1.0000 0.6581 0.5318]

̂
̂

s ,s
̂

(45)

0.5391

0.3934

We can solve (37) and (38) to get the desired level of all
resources
̂

Example 2:
To illustrate this general case let us consiider the resource
dependencies graph shown in Fig. 4.

20.691 9.380 14.238 30.443
3 4.200 2.659 30.472
and
̂

8.61
127 .

IV. SIMULATION RESULTS
In this section we provide results showcasing how the
changes presented in Sections II-III affect the ML algorithm.

Fig. 4 Graph with cyclical resource depenndencies.

Assume that related resource-to resouurce probability
matrix P is as follows:
0 0 0 0 0 0 0
0 0 0 0 0 0 0
0 0 0 0 0 0 0
1 0.2 0 0 0 0 0
0 0 0 0.4 0 0 0
0 0 0 0 1 0 0
0 0.5 0 0 0 0 0
0 0 0 0.6 0 0 1
0 0 0 0 0 0 0
0 0.3 1 0 0 0 0
0 0 0 0 0 0 0

0
0
0
0
0
0
0
0
0
0
1

0
0
0
0
0
0
0
0
0
1
0

A. Desirability calculations
We spend a significant amount of time outlining how and
agent can determine the desired leevel of the resources it its
environment. In Fig. 5 we show the actual adjustments of the
desired resource levels as they occu
ur. At the beginning, both
graphs show the initial state of reso
ources and hence, the initial
desirability level. However, once the agent discovers that a
particular resource is useful an
nd collects the necessary
information on its properties and th
he resource “above” it, the
agent can adjust the desirability level as discussed in section
III.

0 0
0 0
0 0
0 0
0 0.5
0 0
0 0.5
0 0
0 0
0 0
1 0

where Pij shows probability of using resouurce i to restore
resource j, and the matrix of derivatives oof the dependent
lower level resource over the higher level resoource DS is
0 0 0 0 0 0 0 0 0
0
0
0 0 0 0 0 0 0 0 0
0
0
0 0 0 0 0 0 0 0 0
0
0
3 2.5 0 0 0 0 0 0 0
0
0
0 0 0 4 0 0 0 0 0
0
3
0 0 0 0 2 0 0 0 0
0
0
0 8 0 0 0 0 0 0 0
0 2.2
0 0 0 5 0 0 1.5 0 0
0
0
0 0 0 0 0 0 0 0 0
0
0
0 3 7 0 0 0 0 0 2.4 0
0
0 0 0 0 0 0 0 2 0 2.7 0

, indicates derivative of j wrt. i. Notice that this
order was flipped as compared to matriix P for easier
calculation of s , s . In the resource deppendencies graph
resources 1, 2 and 3 are primitive resources, aand resource 6 is

Fig. 5. Resource desirability adjustments without
w
random action selection.

B. Probabilistic goal selection
Figure 6, shows the adjustmeent of
weights of the
agent over time. It was decided to
o show these weights since
they only grow in value when th
heir associated resource is
known to effect the agent, and are hence, a good indicator of
when the agent “discovers” the useffulness of a resource.

Fig. 8. Example of
Fig. 6.

weights without probabilistic goal selection.

Fig. 7 shows the effect of probability based goal selection
on
weight adjustment. While significantly noisier due to
the effect of probabilistically choosing more “incorrect”
actions, the
weights of Fig. 7 indicate that agent is able to
discover the usefulness of resources significantly earlier in the
simulation when using probabilistic goal section.

Fig. 7.

weights with probabilistic goal selection.

Aside from the advantage of discovering useful resources
earlier in the simulation, there is another advantage to using
probabilistic selection. This advantage is the ability to utilize
multiple valid actions for a single need. Without probabilistic
selection the agent would simply choose the action with the
weight value and would in many cases not even
highest
learn other possible actions. However, with probability based
goal selection and the changes made to
weight
calculations, the agent is able to learn multiple useful actions
for a single need while still being able to differentiate the
“quality” of the actions.
C. Changes to wpg weight calculations
Here we show the effect of approach we took to
weight calculation discussed in section II-D. In the
example depicted in Fig 8, we see the
values for a scenario
with particular primitive pain possessing 3 useful solutions
⁄ ̂ equal to 4, 2 and 1.5,
with derivative values
respectively. Each solution in the scenario has a different
utility, which is eventually translated to the maximum peak of
each line in the figure.

weights for a pain with multiple valid actions.

Note how in Fig. 8 useful actions separate from those that
are not useful. Also, observe how the action with the highest
⁄ ̂ takes precedence over the other possible
value of
actions. Furthermore, because it has a higher utility, it
increases sooner and at a higher rate due to the effect of (12).
By the time the simulation ended, all three possible solutions
were discovered and their weights reach their peak values.
Furthermore, because of the probabilistic approach, which
chooses action based on probability calculation derived from
weights, the potential solutions will have preference
the
over other actions, with the most “useful” action still having
the highest probability of being selected.
V. COMPARISION TO REINFORCEMENT LEARNING
In this section, we discuss comparing our proposed
Motivated Learning (ML) algorithm with traditional
reinforcement learning algorithms, including Q-learning,
SARSA( ) and hierarchical reinforcement learning. For fair
comparison, we set the three reinforcement learning
algorithms in the same environment and with the same
environment responses to the agent's actions.. The settings of
reinforcement learning algorithms are provided as follows:
Q-learning: Q-learning is one of the traditional
reinforcement learning algorithms and can be used to acquire
optimal control strategies from delayed rewards. The agent
usually has no prior knowledge of the effects of its actions on
the environment. Here, we implement the Q-learning
algorithm from [15] with the discount factor
0.9 and
0.7.
SARSA( ): The transitions from state-action pair to stateaction pair are considered in this algorithm, which is a typical
type of temporal difference (TD) learning algorithms. Sarsa( )
is the combination of the Monte Carlo and dynamic
programming ideas. It updates the estimates based on the other
learned estimates, without waiting for a final outcome. We
implement this Sarsa( ) algorithm from [16] and set the
parameters as
0.9,
0.4, and
0.9.
Hierarchical RL: MAXQ is adopted to implement the
hierarchical reinforcement learning from [17], where the
subgoals and subtasks are defined. By doing this, the agent
constructs a set of policies that need to be considered during
reinforcement learning. The MAXQ value function is assumed

to represent the value function of any given hierarchy. The
parameters are set as
0.9, and
0.4.
In order to compare these algorithms, we designed a “black
box” environment that would present state and reward
information to the RL or ML algorithm and receive a response
in the form of an action to take. This action would then be
presented to the “environment,” which would adjust itself
accordingly and respond with a reward value form 0-1
depending on the action and the current state of the
environment. We show the results of the comparison of these
mentioned algorithms in the next section. The environment
itself is a simple “straight” 8-level hierarchy of “resources”
similar in structure to the basic scenario presented in [13]. In
this scenario there is a single “primitive” need, which can be
resolved by the correct action, which consumes a specific
resource. This specific resource gets depleted over time and
needs yet another action/resource combination to restore itself,
and so on up to the “top” level of the hierarchy, which is not
depleted.
Reinforcement Learning Results
In Fig. 9 we compare our Motivated Learning algorithm
against the reinforcement learning algorithms mentioned
earlier in this section. Each algorithm was run 10 times and the
results averaged to display in the figure. The 95% confidence
interval was less than ±2.6% per line. As expected, HRL
performs better than either Q-learning or SARSA. However,
ML outperforms all of them. ML is simply better suited to
operate in the hierarchically structured environment we
provided.

VI. CONCLUSION
We modified our Motivated Learning algorithm and
discussed how these modifications affect the learning process.
These modifications included calculation of need/pain biases,
pain-goal weights, selection of actions, and setting the desired
level or resources. We changed how we adjust weights in the
agent and select goals that our agent is able to learn in a wide
range of situations. The agent can now learn multiple useful
actions for a single need, yielding a more flexible behavior. A
detailed approach to setting the desired level of resources was
also examined and implemented in our code. Additionally, we
have performed tests using our ML agent and various RL
algorithms within the same environment configuration to
compare our ML algorithm against standard reinforcement
learning algorithms.
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