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Abstract

In this paper we present a developmental
progression for a humanoid robot that uses
mutual information to discover controllable
perceptual categories. Previously we have
shown that the robot can discover a visual
category that corresponds with its hand from
less than 5 minutes of interaction with a hu-
man. Here, we show how this discovery can
be used to adapt the robot’s perceptual and
motor systems such that the robot can sub-
sequently discover its fingers. In this way, a
robot can expand its control over the world so
that newly mastered actions can open up new
realms of influence, and new realms of influ-
ence can lead to the mastery of new actions.

1. Introduction

A robot can be more than a passive observer of the
world as it learns and develops. It can exert influ-
ence over its immediate surroundings through, for
example, manipulation, vocalizations, or social inter-
action. Ideally, a robot would incrementally discover
what it can control, adapt its perceptual and motor
systems to this discovery, and then refine its ability
to influence these aspects of its world.

Touchette and Lloyd (Touchette and Lloyd, 2004)
have noted in their work on information-theoretic
control that the degree to which the final state of a
system, Φ, is controlled by the state of a controller,
A, can be represented by their mutual information,
I(Φ; A). Mutual information provides a general way
to quantify the extent to which a system’s actions
control observed characteristics of the world.

Mutual information can be used to rank visual cat-
egories by how well the robot can control them. The
highest ranked categories should correspond to con-
trollable parts of the robot’s body. Previously, we
demonstrated that a robot can use this approach to
discover a visual category that corresponds with its

Figure 1: Domo, the humanoid robot used in this work,

interacting with a person.

hand from less than 5 minutes of natural interaction
with a human (Kemp and Edsinger, 2006b).

In this paper we extend and review this work. We
present a developmental progression that is guided
by the discovery of controllable perceptual cate-
gories. This discovery allows us to expand the robot’s
controllers and perceptual system, enabling further
discovery. We present two stages of the developmen-
tal progression: hand-discovery and finger-discovery.
The robot first detects the controllabilty of a visual
category corresponding to its hand through random
motion of its arm. Next, we extend the perceptual
and control system to include this discovery. The
robot then discovers the controllability of a visual
category corresponding to its finger through finger
motion while fixating its hand. Results are presented
using the robot shown in Figure 1.

The next section of this paper discusses related
work. In Section 3. we present the developmental
progression and its application to hand and finger
discovery. Section 4. describes implementation de-
tails for the robot’s perceptual system. In Section 5.
we describe quantitative results, and in Section 6. we
conclude with a discussion of future work.



2. Background

Researchers have successfully used mutual informa-
tion for developmental learning on robots. Roy,
Schiele, and Pentland used a clustering algo-
rithm based on mutual information to find vi-
sual and auditory clusters that link objects with
words (Roy et al., 1999). Kaplan and Hafner,
(Kaplan and Hafner, 2005), and Olsson, Nehaniv,
and Polani, (Olsson et al., 2005), have used similar-
ity measurements related to mutual information to
autonomously develop sensorimotor maps for robots.

One of the main results in this paper is that the
robot discovers its own hand and fingers through
motion cues. Visual motion can serve as a pow-
erful cue for robot development. For example,
(Olsson et al., 2005, Gross et al., 1999) have imple-
mented systems which can learn to predict the
optic flow generated by robot ego-motion. In
(Kemp and Edsinger, 2006b) we demonstrated that
during everyday human-robot interaction, the fastest
moving convex regions in the image often correspond
to developmentally relevant regions such as hands,
fingers, heads, and eyes. We review this motion fea-
ture in Section 4.1.

Researchers have also used visual motion to de-
tect the robot’s hand. Fitzpatrick and Metta
(Fitzpatrick et al., 2003) used image differencing to
detect ballistic motion and optic-flow to detect
periodic motion of the robot’s hand. Natale,
(Natale, 2004), applied image differencing for detec-
tion of periodic hand motion with a known frequency,
while (Arsenio and Fitzpatrick, 2003) used the peri-
odic motion of tracked points. Gold and Scassel-
lati explored the idea of temporal contingency for
the detection of motion related to the robot’s body
(Gold and Scassellati, 2006). They used image dif-
ferencing and motor babbling to learn a time window
that models the delay between executing a motor
command and detecting visual motion. They then
used this time window to detect the onset of mo-
tion that was likely to correspond with the body. In
contrast to this work, our approach provides a pre-
diction of where the hand is expected to appear in
the image.

In the next section we present a framework
for discovery-based development where transitions
between stages are constructed by hand. This frame-
work is compatible with autonomous approaches
as well. Recent work by Oudeyer and Kaplan
(Oudeyer and Kaplan, 2004, Oudeyer et al., 2005)
has demonstrated autonomous development guided
by an intrinsic curiosity drive. The drive balances
a robot’s exploration, learning, and task difficulty,
allowing it to pursue learning situations of in-
creasing perceptual and motor complexity. Barto
(Barto et al., 2004) has also developed intrinsi-
cally motivated behaviors to guide autonomous

explore discover adapt

Figure 2: The process of self-discovery: The robot ex-

plores the space of possible motor actions and perceptual

categories. A category is discovered to be controllable by

a motor action. This discovery enables the robot to adapt

its perceptual and motor systems. The process is then

repeated.

development. In this context, discovering the con-
trollability of perceptual categories could be viewed
as an intrinsic motivation that guides autonomous
development.

3. Discovery Framework

In this section we present a developmental framework
for discovery and describe its application to a robot
manipulator.

3.1 Framework

We can view our approach as comprising a succes-
sion of developmental stages, each one building from
knowledge acquired during the previous stage. This
progression is guided by the discovery of controllable
perceptual categories. Our progression is illustrated
in Figure 2. During a given stage Si = [Ai, Oi], the
robot is capable of actions Ai and observations Oi.
Given this general setup, we propose the following:

1. Development stage Si → Si+1

(a) Explore. The robot performs actions, Ai,
using available controllers. While doing so,
it senses the world and collects observations
Oi.

(b) Discover. The robot segregates Oi into
perceptual categories. It then determines
the extent to which its actions, Ai, con-
trol features, Φi, associated with these cat-
egories using mutual-information I(Φi;Ai).
The system then selects the most control-
lable perceptual categories.

(c) Adapt. Given these controllable percep-
tual categories and the related actions, the
robot adapts its perceptual system and con-
trollers, which results in a new set of possible
actions, Ai+1, and observations, Oi+1.

The key point is that given a controllable perceptual
category, the robot can adapt its perceptual system
and controllers so as to facilitate the next stage of
development.
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Figure 3: In this idealized example, the visual attention

system selects image patches containing two visual cate-

gories: the robot’s hand (top row) and the human’s face

(bottom row). These image patches are clustered into

visual categories. The visual locations, φ, of the image

patches for each visual category c are used to approxi-

mate the spatial distributions p(φ|c) (left column) and

p(φ|a, c) (the three columns on the right), where a is

the robot’s arm configuration. Conditioning the spatial

distribution of the robot’s hand a substantially reduces

the uncertainty, while the spatial distribution for the hu-

man’s face is unaffected by the robot’s arm. Mutual in-

formation is then used to rank the visual category for the

robot’s hand as more controllable than the human’s face.

This idea is related to efference copy mechanisms
(S.J. Blakemore, 2001), where the robot learns a for-
ward or inverse model of its body. For example, by
learning a model of ego-motion, a robot can ignore
the ego-motion from its optic flow measurement; by
learning a model of gravity forces upon its arms, it
can make the experienced joint torques pose invari-
ant; and by discovering the location of its hand in
the image, it can fixate the hand in order to focus
perceptual resources at its fingers.

3.2 Discovery of the Hand and Fingers

We now describe the application of this framework
to hand and finger discovery.

1. Stage 1: Discovery of the hand.

(a) Explore. The robot randomly samples
from the joint space of the manipulator, cre-
ating motion in front of its camera. The vi-
sual system collects a set of image patches
that correspond with fast moving regions.
The visual system is described in Section
4.1.

(b) Discover. As depicted in Figure 3, the im-
age patches are clustered into distinct cat-
egories. Image patches of the hand are as-
sumed to cluster into at least one distinct
visual category. The spatial distribution of
each category is estimated. The mutual in-
formation between a category’s spatial dis-

tribution and its time-aligned joint posture
is used to rank each visual category. The
highest ranked category corresponds with
the robot’s hand.

(c) Adapt. The discovery of the hand al-
lows for modification of the robot’s percep-
tual and motor system. The hand loca-
tion can now be predicted within the image.
A new, specialized controller can place the
hand within the camera’s field-of-view at a
known location and the head can fixate the
hand. The salience of motion near the ex-
pected hand location can also be amplified
and background motion discounted.

2. Stage 2: Discovery of the fingers

(a) Explore. The robot brings its hand into the
field-of-view and its head fixates the hand.
The robot then explores the joint workspace
of its finger. The hand is held still at a
known visual location and the attention sys-
tem selects image patches that correspond
with fast moving regions near this location.

(b) Discover. As in Stage 1, the collected im-
age patches are clustered into distinct cat-
egories. Image patches of the finger-tip are
assumed to cluster into at least one distinct
visual category. The spatial distribution of
each category is estimated. The mutual in-
formation between a category’s spatial dis-
tribution and its time-aligned joint posture
is used to rank each visual category. The
highest ranked category corresponds with
the finger-tip.

(c) Adapt. The location of the fingertip can
now be predicted in the image given the
predefined arm-pose. New perceptual and
control systems can be added based on this
discovery to prepare for subsequent devel-
opment stages. For example, an appearance
model of the fingertip could be constructed
and used to visually detect and servo the
finger.

Hand discovery is an important precursor to finger
discovery. It allows the robot to focus its perceptual
resources on the hand. Motion at the robot’s finger-
tip would otherwise be difficult to detect due to the
large state-space of possible head, arm, and finger
postures.

4. Implementation

Within this section we describe the details of the im-
plementation. The visual system collects 10 salient
image patches for each frame of video. The proprio-
ceptive system associates each of the image patches



Figure 4: A sample output of the visual attention system

selecting salient image regions during hand-discovery.

The input is 120× 160 image frames captured at 20− 30

fps in an everyday, cluttered environment (right). The vi-

sual attention system prefers rapidly moving shapes that

are approximately convex. The edge motion is measured

relative to the global image motion (left). Image patches

are selected from the top 10 regions (the circles around

the robot’s hand).

Figure 5: (Left) A typical view of the robot watching its

hand during finger-discovery. Discovery of the hand en-

ables the hand to be brought into the field-of-view and

fixated. This facilitates finger discovery. The visual at-

tention system selects the fastest moving convex shape

(fingertip) in the image (Right).

with the time-aligned configuration of the robot’s
joints. Next, the system clusters the image patches
and the joint configurations, computes density esti-
mates for the spatial distributions of the image clus-
ters, and uses mutual information to rank the visual
categories by their controllability.

4.1 Visual Attention

In the spirit of Itti, Koch, and Niebur
(Itti et al., 1998), the first component of the
visual system is a visual attention system that finds
salient locations in the image. The visual attention
system collects image patches that correspond with
rapidly moving, approximately convex shapes, see
Figure 4.

Previously, we have used the same algorithm to
successfully detect the tip of a tool held within a
robot’s rotating hand. We describe the visual atten-
tion system in (Kemp and Edsinger, 2006a), so we
only present a high-level overview here. For each
region in a frame of video the attention system as-
signs a saliency value that is higher for faster moving

shapes and higher for shapes that are more circular.
In particular, rapidly moving edges that are approxi-
mately tangent to a circle of some radius will produce
an especially strong response. In order to reduce the
impact of camera motion, the motion of these edges
is computed relative to the global image motion. The
visual attention system also ensures that the selected
regions are spatially distinct, and filters out any re-
gions that have saliency values below threshold.

With respect to the computer vision literature,
this attention system is a form of spatio-temporal
interest point operator that gives the position and
scale of significant parts of the image (Laptev, 2005).
As we describe in (Kemp and Edsinger, 2006a), the
algorithm has similarities to classic image process-
ing techniques such as the distance transform, me-
dial axis transform, and hough transform for circles
(Forsyth and Ponce, 2002).

For each frame of video, we select the 10 most
salient regions available, or fewer if necessary. For
each of these selected salient regions, we collect a
square image patch.

4.2 Clustering

We cluster the image patches and the joint
configurations independently using K-means
(Duda et al., 2001) to give us kv visual categories
and ka joint configuration clusters. For each image
patch, i, we create a feature vector for clustering that
consists of a 16 × 16 hue and saturation histogram.
For each joint configuration, a, we select either the
four joint angles of an arm or the single joint angle
of a finger, depending on the developmental stage.
We convert each of the joint angles, θn, into a 2D
Cartesian coordinate, xn, resulting in the feature
vector

xn = [cos θn, sin θn]. (1)

This feature vector allows us to use Euclidean dis-
tance when clustering the arm configurations with-
out worrying about angular wrap-around.

4.3 Spatial Density Estimation

For each of the resulting visual categories, we model
the visual locations of the member image patches
with the probability distribution p(φ|c), which rep-
resents the chance of seeing an image patch of cate-
gory, c, at location, φ. c is the index for one of the
kv visual categories, and φ is a 2D coordinate that
describes the position of the image patch in a head-
centered, spherical coordinate system. Like the sen-
sory ego-sphere of (Peters et al., 2001), this spheri-
cal coordinate system is fixed to the body’s frame of
reference in order to abstract away from the details
of the head and camera configuration and allow im-
age positions from distinct head poses to be related
to one another. We estimate p(φ|c) for each visual



category, c, using 61x61 bin 2D histograms. If we
define

g(x, y) = δ(round(
61
2π

(x− y))), (2)

where δ(d) =

{
1 if d = 0
0 otherwise

, then

p(φ|c) ≈ 1∑
i∈c w(i, c)

∑
i∈c

w(i, c)g(Tih
(ix), φ). (3)

The kinematic transform Tih
maps the pixel coor-

dinate for image patch, ix, to spherical coordinates
given the configuration of the head when the patch
was captured, ih.We use a weighting function w(i, c)
to reduce the influence of image patches that are far
from the mean of the cluster. For each visual cate-
gory, c, w(i, c) is a spherical Gaussian fit to the clus-
ter’s members. Each dimension of the 2D histogram
maps to a [−π, π] range of the corresponding dimen-
sion of φ, where φ = [0, 0] is directly in front of the
robot and φ = [π, π] is directly behind the robot.

We compute these density estimates in order to
estimate the controllability of each visual category
using mutual information. p(φ|c) can also pre-
dict where visual category c is likely to appear,
which can be advantageous. For example, Tor-
ralba (Torralba, 2003) describes a framework that
uses similar information to improve visual search and
modulate the saliency of image regions.

The mutual information estimation also depends
on p(φ|a, c) and p(a|c), which we estimate using the
approximations

p(a|c) ≈ 1∑
i∈c w(i, c)

∑
i∈c

w(i, c)δ(ia − a) (4)

p(φ|a, c) ≈ 1∑
i∈c w(i, c)δ(ia − a)

·∑
i∈c

w(i, c)δ(ia − a)g(Tih
(ix), φ), (5)

where a is the index for one of the ka joint clusters,
and ia is the index for the joint configuration at the
time that image patch i was acquired. p(a|c) gives a
list of ka numbers for each visual category c. p(φ|a, c)
consists of a set of ka 61x61 2D histograms for each
visual category, c.

4.4 Mutual Information

We now wish to use mutual information to determine
the extent to which the robot’s joint configuration
controls the visual location of each visual category.
As illustrated in Figure 3, we can use the mutual
information, Ic(Φ; A), between the random variables
Φ and A (corresponding with arguments φ and a and
to visual category c) to rank the kv visual categories

according to how much they are controlled by the
robot’s arm or finger configuration. By definition

Ic(Φ;A) = Hc(Φ)−Hc(Φ|A). (6)

We can estimate the entropy, Hc(Φ), and conditional
entropy, Hc(Φ|A), using our density estimates, since

Hc(Φ) = −
∑

φ

p(φ|c) log p(φ|c) (7)

Hc(Φ|A) = −
∑

a

p(a|c)
∑

φ

p(φ|a, c) log p(φ|a, c).

(8)

In Stage 1, the visual category, cbest, with the
highest value for Ic(Φ; A), corresponds to the robot’s
hand. We can use our estimate for the distribution
p(φ|a, cbest) to predict the location of the hand within
the image. In our tests, we used the maximum like-
lihood estimate of the hand’s position,

φhand(a) = Argmaxφ p(φ|a, cbest), (9)

which returns the most likely spherical coordinate
for the hand, φhand, given arm configuration a. In
Stage 2, the most likely spherical coordinate for the
fingertip is similarly estimated.

5. Results

We tested our approach on the 6 DOF arm, 4 DOF
hand, and 8 DOF head of the humanoid robot,
Domo, pictured in Figure 1. The visual attention
system, clustering, and mutual information compu-
tations were performed off-line, though an online im-
plementation is feasible.

5.1 The Protocol

Prior to the experiments we manually moved the arm
around its reachable workspace and collected 4000
samples of arm postures that could be safely com-
manded to the motor controllers.

During the hand-discovery experiments a person
interacted with the robot. These interactions in-
volved full-body motion, hand waving, presenta-
tion of objects, as well as physical contact with
the robot’s arm. The robot periodically (0.25Hz)
executed a reaching movement to a random arm
posture generated from the collected data. In
(Kemp and Edsinger, 2006b) we reported positive
hand-discovery results with both periodic eye sac-
cades and a stationary head. In this paper we review
results with the stationary head.

During the finger-discovery phase, a single finger
was swept periodically (2Hz) through its joint range.
The robot’s camera was fixated on the hand and the
arm was held stationary, but background motion and
small hand disturbances did occur. For both exper-
iments, each interaction lasted about 2 minutes and
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Figure 6: We hand-labelled categories for 200 image

patches randomly selected from the image patches col-

lected by the visual attention system. A patch was la-

belled as a person if it selected either a hand, finger,

head, eye, or object in the hand. A patch was labelled

as a robot if it selected either the robot’s hand, finger, or

wrist. Patches that were neither person nor robot were

labelled as other. The left plot shows the probability of

each category and the right plot shows the probability of

each sub-category.

generated approximately 2000 images and proprio-
ceptive samples.

5.2 Visual Attention System

We first evaluated the ability of the visual attention
system to autonomously select potentially control-
lable perceptual categories. Using only motion and
shape as cues, the majority of the image patches se-
lected by the visual system correspond with cate-
gories relevant to human-robot interaction, includ-
ing the person’s head, eyes, hands, and fingers, the
objects being presented, and the robot’s hand and
fingers. Figure 4 shows a sample output. Even dur-
ing eye saccades the system rarely selects the back-
ground. Figure 6 shows results during the hand-
discovery phase, where over 50% of 200 test patches
were of human features, and over 30% were of the
robot’s hand.

5.3 Discovery of the Hand

We first tested the ability of the system to discover
the robot’s hand using the stationary head data
set. Image clustering was tested using the param-
eters kv ∈ {2, 10, 20}, and clustering over the arm
configurations used ka = 9. Figure 7 depicts the
image patches closest to the mean for each cluster
when kv = 2, demonstrating the ability of the sys-
tem to segregate the robot’s hand from other im-
age patches. The clusters were ranked according to
mutual-information, and the clusters containing the
robot’s hand ranked the highest for all values of kv.
As shown in Figure 8, this top cluster can predict
the location of the hand in the image,.

A

B

Figure 7: The results of image clustering during the

hand-detection experiment with kv = 2. Image patches

were encoded as a 16× 16 hue and saturation histogram.

For each cluster, the 24 image patches closest to the clus-

ter mean are shown. Cluster A predominantly contains

the robot’s hand while cluster B contains the human sub-

ject.

5.4 Discovery of the Fingers

For finger-discovery, the arm was servoed to an arm
configuration that brings the hand into view. For
this experiment a kinematically derived posture was
used, though, as Figure 8 shows, a discovered posture
could be used instead. The robot watched as a single
finger was periodically moved through its joint range.
The expected hand location was used to discount
motion feature detections far from the hand.

We tested our approach over two different data
sets using kv ∈ {2, 10} and ka = 3 for the K-means
clustering. The relatively small amount of finger-
tip motion visible within the scene required a coarse
discretization of the joint space. The histogram sizes
were the same as for the hand. Figure 9 depicts the
image patches closest to the mean for each cluster
when kv = 2. The robot was able to correctly detect
the controllability of its finger and predict its loca-
tion in the image given kv ∈ {2, 10}. The results for
kv = 2 are shown in Figure 10.

6. Discussion

In this paper we have described a developmental
progression that uses mutual information to guide
robot discovery of controllable perceptual categories.
We have shown how a humanoid robot can detect
the controllability of a visual category correspond-
ing to its hand. We have also demonstrated how
this discovery allows the robot to then discover the
controllability of its fingers. There are several av-
enues for future work. First, the transition be-
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Figure 8: Hand prediction results for kv = 2. Cluster A

has the higher mutual information and is the better pre-

dictor of the hand in the image. Each prediction, marked

by a circle, corresponds to an arm configuration cluster

(ka = 9). The images are ranked (left-to-right, top-to-

bottom) according to the maximum value of p(φ|c). As

expected, the system is unable to make a correct predic-

tion when the hand is out of view.
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Figure 9: The results of image clustering during the

finger-detection experiment with kv = 2. For each clus-

ter, the 24 image patches closest to the cluster mean are

shown. Cluster A predominantly contains the robot’s

finger while cluster B contains the human subject.
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B

Figure 10: Finger prediction results for kv = 2 and

ka = 3. Cluster A is ranked with the highest mutual in-

formation and correctly predicts the location of the finger

in the image. Cluster B is ranked lower.

tween the hand-discovery and finger-discovery phases
was programmed by hand. Also, the motor ex-
ploration consisted of simple random movements.
Random arm movements could instead evolve to-
wards refined finger motions as the controllability
of these objects is discovered. This relates to the
work of (Oudeyer et al., 2005), where motor explo-
ration increases in complexity during development
and is closer to the motor exploration seen in in-
fants (von Hofsten, 2004). Finally, we have assumed
that the visual system can meaningfully categorize
the salient image patches using K-means with color
histograms. Although this was sufficient for our data
and provided a clean example, it would be inade-
quate for categories that require more subtle visual
distinctions.

The approach described in this paper is an initial
exploration of a broader theme. We have demon-
strated how a robot can expand its control over the
world so that newly mastered actions open up new
realms of influence, and new realms of influence lead
to the mastery of new actions.
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