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ABSTRACT

Intelligence test scores have long been shown to correlate with a wide variety of other
abilities. The goal of this thesis is to enable a robot to solve some of the common tasks from
intelligence tests with the intent of improving its performance on other real-world tasks. In
other words, the goal of this thesis is to make robots more intelligent. We used an upper-torso
humanoid robot to solve three common perceptual reasoning tasks: the object pairing task, the
order completion task, and the matrix completion task. Each task consisted of a set of objects
arranged in a specific configuration. The robot’s job was to select the correct solution from a
set of candidate solutions.

To find the solution, the robot first performed a set of stereotyped exploratory behaviors on
each object, while recording from its auditory, proprioceptive, and visual sensory modalities.
It used this information to compute a set of similarity scores between every pair of objects.
Given these similarity scores, the robot was able to deduce patterns in the arrangement of the
objects, which enabled it to solve the given task. The robot repeated this process for all the
tasks that we presented to it. We found that the robot was able to solve all the different types
of tasks with a high degree of accuracy.

There have been previous computational solutions to tasks from intelligence tests, but no
solutions thus far have used a robot. This thesis is the first work to attempt to solve tasks
from intelligence tests using an embodied approach. We identified a framework for solving
perceptual reasoning tasks, and we showed that it can be successfully used to solve a variety
of such tasks. Due to the strong correlation between intelligence test scores and performance
in real-world environments, this suggests that an embodied approach to learning can be very
useful for solving a wide variety of tasks from real-world environments in addition to tasks from

intelligence tests.



CHAPTER 1. OVERVIEW

1.1 Introduction

Intelligence tests have been around for over 4000 years (DuBois, 1970). Some ancient Chi-
nese emperors gave proficiency and ability tests to state officials. Even an 8-year-old Wolfgang
Amadeus Mozart was given an intelligence test when he appeared before King George III of
England in 1763 (Gregson, 1989). Indeed, human societies have been interested in tests of
mental ability for a long time. Modern intelligence tests, though, bear little resemblance to
their historical predecessors. Modern tests, such as the Wechsler Intelligence Scale for Children
(WISC), often measure test takers’ abilities in areas such as verbal comprehension, perceptual
reasoning, working memory, and processing speed (Wechsler, 2003). Other tests, such as the
Raven’s Progressive Matrices (RPM) test (Raven, 1938), focus on one specific area (in the case
of the RPM, matrix reasoning). All of these tests though, have been shown to correlate with
performance on a variety of other mental tasks (Neisser et al., 1996; Hunter and Schmidt, 1998;
Deary et al., 2007; Naglieri and Bornstein, 2003).

The goal of this thesis is to investigate the ability of robots to solve tasks that commonly
appear on intelligence tests. More specifically, we want to know how a robot can go about
solving these kinds of tasks and how that can inform the development of more intelligent
robots. Intelligence tests are an interesting research domain for roboticists because they are
well-founded in the psychology literature and have been shown to have meaningful correlations
with other measures of intelligence. Furthermore, many of the concepts underlying the tasks in
intelligence tests also appear frequently in human environments. Thus, by studying how robots
can solve intelligence tests, we can better understand how to make robots more intelligent in a
manner grounded in our understanding of human intelligence and in a manner well-suited for

the environments in which they will operate.
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CHAPTER 3. EXPERIMENTAL PLATFORM

3.1 The Robot

The robot used in this thesis is an upper-torso humanoid robot. It is shown in Figure 3.1.
The robot has two arms which are mounted in an anthropomorphic configuration. The robot
was designed to be able to do many of the same tasks that infants and young children can do,
and in this setup the robot has similar capabilities to an infant sitting in a high-chair. It can
explore and manipulate the objects placed on the table in front of it. In other words, the table
shown in Figure 3.1 acts as the interaction surface for the robot and was used in all experiments
described in this thesis.

The two arms of the robot are 7-DOF Barrett Whole Arm Manipulators (WAMs). Each
arm has an attached Barrett hand. The arms are mounted opposite each other on top of a
large metal cylindrical stand. The robot’s head has 9 degrees of freedom and is mounted above
the arms on top of the stand. The stand is attached to a metal cart. The cables attached to
the robot’s head and arms run through the hollow interior of the metal stand and connect to
the electronics cabinet on the back of the cart. In the cabinet are the computers that control
the robot’s arms, audio equipment for processing auditory data from the robot’s microphones,
and power boxes for the robot’s arms and head. Plastic covers are attached to the robot’s head
and chest in order to improve its appearance.

Figure 3.1 shows the robot with the table in front of it and the electronics cabinet behind it,
covered by a black cloth. This setup was used for the experiments described in Chapters 4 and 5,
which primarily used the robot’s left arm. During the experiments described in Chapter 6, the
robot’s left arm required maintenance and as a result was removed along with the plastic chest

covers. Since the experiments only required one arm, the robot’s right arm was used instead.
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Figure 3.1: The upper-torso humanoid robot. The robot is shown here with some of the
Montessori objects that were used in the experiments described in Chapters 4 and 5.

This did not affect the robot’s performance.

Figure 3.2 shows the robot’s right hand. It has three fingers, all of which have two joints
and can open and close fully, though the two joints in each finger are controlled by a single
motor. The fingers can also change spread, that is, the two outermost fingers can pivot around
the palm of the hand and either be on the same side as the other finger or on the opposite side.
The hand with the finger spread open is shown in Figure 3.2a and the hand with the finger

spread closed is shown in Figure 3.2b. The right hand of the robot is equipped with touch

(a) (b)

Figure 3.2: The Barrett hand attached to the robot’s right arm. The image on the left shows
the hand with the spread open; the image on the right shows the hand with the spread closed.
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Figure 6.1: The robot used in these experiments. It is shown here with only its right arm as the
left arm was temporarily removed for maintenance when these experiments were performed.
The Microsoft Kinect camera is mounted on the lower part of the robot’s torso.

6.2 Experimental Platform

6.2.1 Robot and Sensors

All experiments described in this chapter were performed using the robot shown in Fig-
ure 6.1. The robot is equipped with two 7-DOF Barrett Whole Arm Manipulators (WAMs),
each with an attached Barrett Hand. Each WAM can measure its own joint angles and torques
at a rate of 500 Hz. The robot used only its right arm to perform the behaviors in these
experiments, as its left arm was temporarily removed for maintenance. The robot also has an
Audio-Technica U853AW cardioid microphone mounted in its head in order to capture audi-
tory feedback at the standard 16-bit/44.1kHz over a single channel. During the experiments,
the robot was also equipped with a Microsoft Kinect camera, which can capture both RGB
video and depth information. The Kinect camera was attached to the lower part of the robot’s
torso, slightly above the table and pointed down at it. The robot is described in more detail

in Chapter 3.
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6.2.2 Objects

The objects used in the experiments described in this chapter were designed specifically
to maintain the general structure of matrix completion tasks as described by Carpenter et al.
(1990) while moving to the domain of physical objects (as opposed to images on a piece of
paper). Figure 6.2 shows the three properties that the objects varied by. Each object is a
cylindrical plastic jar that is 8.6 centimeters tall and 9.4 centimeters in diameter. The jars are
semi-transparent, each being one of three colors: blue, green, or red (see Figure 6.2a). Each jar
is filled with one of four different types of contents: glass beads, rice, beans, or screws (shown
in Figure 6.2b). Each jar was filled until it weighed either 166g, 250g, or 337g (shown in
Figure 6.2c). In all, there are 3 colors x 4 contents types x 3 weights = 36 total jars (one for

each permutation of the values). Figure 6.3 shows all 36 objects.

6.2.3 Exploratory Behaviors

The robot performed ten stereotyped behaviors to explore the objects: grasp, lift, hold,
shake, rattle, drop, tap, poke, push, and press. All of these behaviors are shown in Figure 6.4.
In addition to these behaviors, the robot also performed the look behavior (not shown in
Figure 6.4), during which it took a visual snapshot of the object on the table in front of it
with the Kinect camera before performing the other behaviors on it. All behaviors in the
experiments described in this chapter were performed with the robot’s right arm and encoded
using Barrett’s APIL. The trajectory of the joint positions for each of the behaviors was executed
using the default PID controller of the WAM. All of the behaviors were performed identically

on each object, with only minor variations due to the initial placement of the object.

6.2.4 Sensorimotor Contexts

In this chapter, the robot used 21 sensorimotor contexts. A sensorimotor context is defined
as a behavior combined with a sensory modality, e.g., drop-audio. We will use the notation
behavior-modality to denote a context and the letter C to denote the set of all contexts. Table 6.1

shows all combinations of behaviors and modalities that the robot used. The robot used all
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(a) Color: green, red, and blue.

(c) Weight: light, medium, and heavy.

Figure 6.2: The properties by which the objects varied. Each object is a jar that is one of three
colors, filled with one of four different types of contents, and weighing one of three different
weights, for a total of 36 objects (see Figure 6.3).

Figure 6.3: The 36 objects used in the experiments described in this chapter, grouped by color.
Within each group, all objects of the same weight are in the same row and all objects with the
same type of contents are in the same column.
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(i) Push (j) Press

Figure 6.4: Before and after images for the ten exploratory behaviors that the robot performed
on all objects. From left to right and top to bottom: grasp, lift, hold, shake, rattle, drop, tap,
poke, push, and press. The object was placed back in the initial position by the experimenter
after some of the behaviors (e.g., drop).
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Figure 6.11: Accuracy versus number of contents for the subset of tasks that don’t require
color information and for all tasks. The line labeled “Overall” is the same as the line labeled
“Category Distances + Supervision” in Figure 6.10. The other line was computed in the exact
same way as the overall line with the exception that the 500 tasks were reduced to just the 173
that did not require perception of color to solve. The standard deviation for each data point is
also plotted using dashed lines.

As described in Section 6.2.4, there was only one context, color-look, that had access to
visual data collected from the robot’s camera. Because color is so important to solving the
tasks, we wanted to know how this affected the robot’s performance. Figure 6.11 shows the
robot’s performance on only the matrix completion tasks that did not require the perception
of color to solve (173 out of 500 ) as compared to the robot’s performance on all 500 tasks.
On average the robot performs better when the task does not involve color, especially in the
middle part of the graph (5 to 15 contexts). It is also worth mentioning that the upper limit
of the standard deviation converges to 100% accuracy sooner for tasks not involving color than
for all tasks. Just as we expected, because there are no redundant contexts in which color can
be perceived (as opposed to weight and contents), the robot has a harder time identifying color

as a relevant property, and thus tasks that require it are harder to solve.

6.5.3 Performance Compared to Difficulty of the Task

Figure 6.12 shows six figures that compare the robot’s performance for different types of

task difficulty. Figure 6.12a shows the robot’s performance as a function of the number of
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(a) Each line represents the perfor-
mance when a different number of
candidate objects were given to the
robot to choose from. Each datapoint
was computed using the category dis-
tance method with supervision. The
vertical axis, unlike in the rest of the
figures in this chapter, represents the
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(d) Each line was computed using the
category distance method with super-
vision over only the tasks that had
at least one instance of the corre-
sponding rule (e.g., the red line was
computed using only tasks that con-
tained the rule constant). See also
Figure 6.13b
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(b) Accuracy improves as the num-
ber of patterns present in each ma-
trix increases from 2 to 6. Each
line was computed using the context
distance method without supervision
over only the matrix reasoning tasks
with that number of patterns. Fig-
ure 6.13a shows the overall number of
matrix reasoning tasks with different
numbers of patterns.
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(e) Each line was computed using the
category distance method with super-
vision over only the tasks that had the
corresponding pattern present (e.g.,
the increment:weight line was com-
puted only over tasks that contained
the pattern increment:weight).
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(c) Each line was computed using the
category distance method with super-
vision by only allowing the robot to
compute the objective function over
the rows of the matrix (red line); over
only the columns of the matrix (green
line); or both (blue line).
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(f) Each line was computed using the
category distance method with super-
vision over only the tasks that had at
least one pattern over the correspond-
ing property (e.g., the color line was
computed only over tasks that con-
tained at least one pattern over color).
See also Figure 6.13c.

Figure 6.12: Six figures that compare the performance as a function of the difficulty of the

matrix completion tasks.
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Figure 6.13: Three figures that show the number of matrix completion tasks for different task
difficulty types.

candidate objects that it can choose from to complete the matrix. It is interesting to note
that, even though the scores are reported as the kappa value to compensate for different chance
accuracies, the robot still performs better when given fewer options to pick from than when
given more. Conversely, Figure 6.12b shows that when the number of patterns present in
the matrix increases, the robot gets better at solving the task. Interestingly, even though
Figure 6.12b was computed using the context distances method without supervision (as opposed
to the category distances method with supervision as in all the other figures®), it was still
possible to achieve 100% accuracy on matrices with 6 patterns when the maximum possible
over all tasks was 44.6%. Intuitively this makes sense because the more patterns present in a
matrix, the more constrained the possible candidate objects are, and thus the easier the task
is to solve.

Figure 6.12c shows the robot’s performance when the objective function was computed
only across the rows of the matrix in each task, down the columns, or both. As expected, the
robot is able to perform better when using an objective function that takes into account the
information across the rows and down the columns. Also as expected, the robot’s performance
when only using rows or only using columns is approximately the same. This is likely due to
the fact that the task generation algorithm treats rows and columns identically.

Figures 6.12d, 6.12e, and 6.12f show the robot’s performance on different subsets of the

5This was done because in the version of this graph that used the category distances method with supervision,
all the lines performed maximally well, making it impossible to perceive any difference in performance.
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perceptual reasoning tasks has been shown to work for multiple tasks, it is reasonable to expect
that it could be used to successfully solve other perceptual reasoning tasks as well.

It would also be interesting to solve other types of tasks from intelligence tests with robots,
such as verbal reasoning tasks. As stated in Chapter 1, however, these types of tasks would
require that the robot be able to learn large amounts of background knowledge, such as lan-
guage. For example, in order to solve word relation tasks, a robot would have to understand
the meaning of various words and how they relate to each other. Nonetheless, it would be
interesting to develop robotic systems capable of learning this type of knowledge and to test
those systems using the same type of tasks designed to test humans.

Another possible direction for future work is an improved objective function. In this thesis,
all the tasks required their own, task-specific objective function. Future work could investigate
methods for creating a generalized objective function that would work across a wide variety
of perceptual reasoning tasks. This would require a unified method for posing tasks and it
would require the robot to be able to learn the properties of each task. Though difficult, doing
so would allow robots to solve many more perceptual reasoning tasks without requiring the

development of task-specific methodology.
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