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ABSTRACT

This paper introduces the developmental approach to speech
learning, motivated by human cognitive development from infancy
to adulthood. Central in the developmental approach is what is
called the developmental algorithm. We introduce AA-learning as
a basic learning mode for our developmental algorithm. The de-
velopmental algorithm enables the system to learn new tasks with-
out a need of reprogramming. Some experimental results for AA-
learning using our developmental algorithm are presented.

1. INTRODUCTION

Very impressive performance for speech recognition has been achie-
ved for a large vocabulary under continuous speech, but the per-
formance degrades significantly when environmental variation and
speaker variation increase [2]. An important direction for improv-
ing speech recognition performance is to use the multimedia con-
text. However, the challenging issue is how to define and use con-
text. The traditional way to approach this issue is to restrict the
environmental domain and the scope of the task to be performed.
Then humans manually model the context in a domain-specific and
task-specific manner. Such manual labor in system development is
very tedious and this manual nature fundamentally limits the vari-
ety of environment to which a speech recognition technology can
apply.

In this paper, we propose what is called the developmental ap-
proach. The developmental approach is motivated by human cog-
nitive development from infancy to adulthood through interactions
with the environment. From an engineering point of view, it is to
automate the process of system development. Put more specifi-
cally, it is to automate task-specific programming. This is accom-
plished by what is call a developmental algorithm — an algorithm
that automatically handles system development. The goal of the
experiments presented here is to verify the working of our devel-
opmental algorithm, and it is by no means to compare with any
of the existing speech recognition systems in terms of recognition
performance.
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2. AA-LEARNING

An agent is something that senses and acts. For example, a speech
recognition system may sense speech signals and may act by out-
put information, such as text or control signal. An agent has a
number of sensors and effectors. Its extroceptive, proprioceptive
and interoceptive sensors sense the external world (e.g., auditory),
its own actions (e.g., vocal tract shape), and internal events (e.g.,
internal clock), respectively. If the agent has a predefined pref-
erence to the sensed value of a sensor, (e.g. a preference of 1 to
-1) this sensor is called a biased sensor. Otherwise, it is unbiased.
The effectors include extro-effectors (those acting on the external
world) and intero-effectors (those acting on internal components,
e.g., attention selector between auditory and visual channels).

An algorithm is a developmental algorithm if it can conduct
AA-learning (short forautomated animal-like learningwithout
claiming to be complete):

Definition 1 A machine agentM conducts AA-learning at dis-
crete time instances,t = 0; 1; 2; :::, if the following conditions
are met: (I)M has a number of sensors, whose signal at timet

is collectively denoted byx(t). (II) M has a number of effectors,
whose control signal at timet is collectively denoted bya(t). (III)
M has a “brain” denoted byb(t) at timet. (IV) At each timet, the
time-varying state-update functionft updates the “brain” based
on sensory inputx(t) and the current “brain” b(t):

b(t+ 1) = ft(x(t); b(t)) (1)

and the action-generation functiongt generates the effector con-
trol signal based on the updated “brain”b(t+ 1):

a(t+ 1) = gt(b(t+ 1)) (2)

wherea(t + 1) can be a part of the next sensory inputx(t + 1).
(V) The “brain” of M is closed in that after the birth (the first
operation),b(t) cannot be altered directly by human teachers for
teaching purposes. It can only be updated according to Eq. (1).

As can be seen, AA-learning requires that a system cannot have
two separate phases for learning and performance.

3. ARCHITECTURE

Our architecture SAIL (Self-organizing Autonomous Incremental
Learner) is designed for a general agent. Fig. 1 gives a schematic
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Figure 1: A schematic illustration of the coarse architecture of
the learning mechanism. The attention modules perform sensor-
specific preprocessing and attention selection. The sensor clus-
tering layer performs online clustering of sensor inputs. Cluster
centroids from different sensors are fused into a single vector and
passed to the level 0 spatio-temporal associator (STA.) Cluster cen-
troids from the level 0 STA are passed to the level 1 STA. Actions
proposed by the different levels are arbitrated and then sent to the
effectors.

illustration of the architecture of SAIL that we have tested. As
shown in the figure, the input to the STA includes not just infor-
mation from the sensors, but also the current control signal of the
effectors.

3.1. Levels

We do not define architectural levels in terms of either domain
knowledge hierarchy or system behavior hierarchy (both of which
are used by task-specific approaches). Instead, our level corre-
sponds to the extent of temporal context (a task-independent de-
sign).

The global states of the “brain” b(t) at any timet is rep-
resented distributedly by states at different levels:s = (s0; s1;

:::; sL), wheresi, i = 0; 1; :::; L, represents the state at leveli.
The current number of levels is determined automatically based
on the maturation schedule of the developmental algorithm which
depends on the experience of the agent as well as its virtual age1.
Level 0 is context free, to model S-R (stimulus-response) reflex.
Starting from level 1, temporal context is incorporated. The higher
the leveli, the more temporal context each state at leveli repre-
sents. The basic mechanisms of the level-building elements for
each level are similar and thus level-building is automated.

3.2. States

An AA-learning algorithm must automatically generate states in a
manner that is not task-specific, but can be sensor-specific. Let us
first consider level 1 in Fig. 1. The part of the “brain” state at this
level is denoted by a state vectors(t) in a high dimensional space
S. Thus, our state has an explicit representation.S must contain
all the possible sensory inputx 2 X . States(t) is considered a

1The virtual age is the time of operation since the birth of the system.
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Figure 2: The state representation att = 3 for 1-D signal with
2:1 uniform resampling. The symbols in each segment of the state
indicate the main source of the signal.

random process. Eqs.(1) and (2) are closely related to the formu-
lations for Markov decision processes (MDP) or HMMs (hidden
Markov models). However, the states in MDPs typically are de-
fined as a set of symbols. Thus, no distance metric is defined to
measure the similarity between any two symbols.

In contrast to existing MDP methods, we require that the state
records temporal context. Thus, we define the state space at level
1 recursively to beS = X �R(S), where� denotes the Cartesian
product and R(�) denotes a re-sampling operator. The design of
the re-sampling operator needs to take into account (a) the nature
of the signal, (b) the desired temporal span in the state vector, and
(c) the recursive relationS = X � R(S). For example, for vector
signal of 1-D nature,R() can be a 2:1 uniform resampling opera-
tor. For image input, a 2-D 4:1 uniform resampling is used. For
speech signal with Cepstrum vectorc(t), each state vectorS(t+1)

may contain several frames:c0(t); c00(t�1); c000(t�2), to allow a
state at low level to take into account more temporal context, where
c00(t� 1) is subsampled froms(t) andc000(t� 2) from s(t � 1),
etc. Sincef is not an identity mapping,c00(t� 1) is not the same
asc(t� 1).

The multi-level state transition function in Eq. (1) represents
a simplified mappingf : X � R(S) 7! S at level 1. First,
since the state space cannot be manually designed, we letf map
(x(t);R(s(t))) directly to itself:

(x(t);R(s(t)) = s(t+ 1) = f(x(t); s(t)): (3)

In other words, the next states(t+ 1) keeps all the information of
sensory inputx(t) and the re-sampled version of the current state
s(t). Given sensory inputsx(0); x(1); :::, this simplifiedf defines
a trajectory of statess(1) = (x(0); 0), s(2) = (x(1);R(s(1)),
and so on. Fig. 2 gives an illustration of a state at timet = 3.

Fig. 3 illustrates a part of the state trajectory that is automati-
cally generated. Each state is associated with a number of actions
through mappingg(s) as in Eq.(2). Fig. 3 explains how the dis-
tance metric among states allows generalization of actions. This
distance-based state representation also facilitates the following
important functionalities: (1) States can be generated online as
they are being recorded. (2) The distance metric inS makes it
possible to access a huge number of states using a tree-based func-
tion approximator for real-time operation. (3) State clustering and
forgetting can be naturally applied.

4. LEARNING TYPES

Eqs. (1) and (2) identify four components of the AA-learning
agent for each time instancet:

(a(t+ 1); s(t+ 1); s(t); x(t)): (4)
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Figure 3: The finite state machine with dynamically generated and
deleted states. Each “+” sign denotes a state. Each arrow indicates
the time order.a is a newly generated state, which does not have
any outgoing transition experience. The existing stateb is the near-
est neighbor ofa in the state spaceS. The transition path, fromb
to c, that is learned byb can be used for predicting the next state.
The action choice forb, g(b), can be used as the next action fora.
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Figure 4: The flowchart for AA-learning. The system learns while
performing.

They involve three entities: actions, states, and sensor inputs.

Depending on whether the action is imposed or not, the learn-
ing can be classified intoaction-imposedlearning andaction-au-
tonomouslearning. Depending on whether the biased sensor is
used or not, the learning can be classified into reinforcement learn-
ing and communicative learning.Reinforcementlearning is such
that abiasedsensor is used to reinforce or punish certain response
from the machine agent.Communicativelearning is such that only
unbiasedsensors are used in learning. This requires that the agent
to correctly interpret the signal from unbiased sensors, either as an
instruction for an action, an encouragement, an explanation, etc.
Thus, the type of learning at any timet can be represented by a
3-tuple (A; S;X) whereA 2 fi; ag denotes if an action is im-
posed or autonomous,S 2 fi; ag denotes if the state is imposed
or autonomous, andX 2 fr; cg denotes if the biased sensor is
used or not. There are 8 different 3-tuples, representing a total of
8 different learning types. AA-learning is state-autonomous learn-
ing. Thus, there are 4 types of AA-learnings: Type (1) action-
imposed with reinforcement, Type (2) action-imposed and com-
municative, Type (3) action-autonomous with reinforcement, and
Type (4) action-autonomous and communicative. It is worth not-
ing that these four types are typically interleaved through time in
a natural learning environment for animals and humans. Fig. 4
illustrates a flow chart of AA-learning. If the trainer imposes an
action on an effector at any time through, e.g., a joystick, the sys-

tem performs action-imposed learning for that effector. Otherwise,
the system performs action-autonomous learning, during which re-
inforcement learning or communicative learning can be used.

4.1. Simple action-imposed learning

To facilitate understanding, we describe an oversimplified and thus
very inefficient and weak version of action-imposed learning. Sup-
pose that the machine agentM has recorded in memoryB =

f(x(i); s(i); a(i)) j i = 0; 1; :::; t � 1g [ fs(t); a(t)g. Note that
s(t); a(t) are the result from sensory inputx(t � 1). According
to the flow diagram in Fig. 4,M grabs the current sensory frame
x(t). Then, it computes the next states(t+1), e.g., using Eq. (3).
If an action is imposed (e.g., in training session),a(t + 1) is sup-
plied by a human being (or the environment) and thusM complies
by sendinga(t+1) to the effector and then updates its memory by
replacingB byB [ fx(t); s(t+ 1); a(t+ 1)g. If an action is not
imposed,M derives actiona(t+ 1) based on the past experience
using a simplifiedg in Eq. (2) as follows. First, M finds the best
matched state:

j = argmin
0�i�t

ks(t+ 1)� s(i)k: (5)

Then, the output action is determined as the action associated with
the best matcheds(j): a(t + 1) = a(j). The memory update
is done as before. Afterx(t + 1) is grabbed in the next machine
cycle, which may include the result of the action sensed by the
sensor, the system memory becomesB = f(x(i); s(i); a(i)) j i =

0; 1; :::; t+ 1g.
As can be seen, this oversimplified version of AA-learning can

do only a little generalization by extending the action learned by
the nearest neighbors(j) (or multiple neighbors with action inter-
polation) from the current new states(t + 1) whenever no action
is imposed by the human.

4.2. Simple reinforcement learning

When no action is imposed, the learning is action-autonomous.
The system generalizes using the nearest-neighbor rule. Such a
generalization may or may not be good. Thus, a feedback signal
in the range[�1; 1] can be sensed by a biased sensor as a reward
(positive or negative). An oversimplified reinforcement learning
method incorporated into the above action-imposed learning algo-
rithm is as follows: Modify the step of finding the nearest neighbor
in Eq. (5) so that only the states whose corresponding action has
received non-negative rewards are searched for. The other parts
are the same.

5. A PRACTICAL ALGORITHM

To keep the memory size in dynamic balance, the states are auto-
matically pulled together at each visit, merged when they are close,
and deleted if they are not visited often. Our SHOSLIF [3], a re-
gression tree algorithm [1] for high-dimensional space, can find
top k > 0 matched vectors in logarithmic time in terms of the
number clusters of input vectors. It is used to find the best matched



states as in Eq. 5 for both functionsft andgt in Eqs.(1) and (2),
but the distance metric is not Euclidean.

6. SYSTEM AND EXPERIMENTS

A robot body for SAIL has been constructed at MSU as a testbed
for our developmental algorithms. It has two micro-cameras (with
pan-tilt control), four microphones, an arm with 5 degrees of free-
dom, a drivebase (for indoor and outdoor) and 13 pressure sensors
on its body. However, for the need of examining the working of
the developmental algorithm with full control, the experiments re-
ported here are based on simulations using real sensory data.

We have tested two simulated architecture configurations, called
“robot horse” (RH) and “robot receptionist” (RR), respectively, ac-
cording to the tasks they have learned, although neither is limited
to learning these tasks only. The architecture of RR is shown in
Fig. 1 and that of AH is similar except that RH has no attention
selection for simplicity. The major emphasis for RH is to study
its capability to learn directly from sound waves using a micro-
phone, contingent on another sensor (rein). The RR is to study its
capability to learn directly from video images in conjunction with
questions. RR has been trained to answer questions about name
and gender when it sees individual human faces and to present the
right presents to the right gender. Due to the space limit, we can
only discuss AH in some detail.

RH has an auditory sensor and a numerical sensor, simulat-
ing its touch sense for rein when it is being pulled. In our prior
work for autonomous navigation [4], we have used our framework
SHOSLIF to implement a single function which maps visual in-
put directly to a navigation update vector (heading, direction, and
speed). It has been demonstrated that this tree-based mapping en-
ables our Rome robot to navigate in real-time in our Engineering
Building, using only a single sensor — a video camera. However,
with this alone, the robot does not yet have a way to act interac-
tively according to human verbal commands. Here, we are inter-
ested in adding an interactive mode for a “robot horse.”

The rein sensor is used to teach the horse to listen and act only
when the rein is pulled. When the rein is not pulled (simulated by
0 of the numerical sensor), it will roam along using the low-level
reflex actions that have been demonstrated with the Rome robot.
The verbal commands are four vowels: “a”, “e”, “i” and “u”, rep-
resenting “left,” “right,” “faster” and “slower,” respectively. With
multisensor fusion, in this case, the coupling of verbal signal with
the rein signal, RH will less likely be confused by various back-
ground sounds in the environment.

We conducted speaker independent tests with five people: three
adult men, one adult lady and one young girl. In other words,
the persons who were tested were not among the persons whose
sounds have been used in the training sessions. To get an aver-
age performance for RH, we conducted leave-one-out tests. In
other words, five experiments were conducted, each with a new
“birth.” For each experiment, a different person’s utterances were
used in the test session. The other four persons’ utterances were
used for the training session. The response is considered correct if
the correct action is produced immediately after the coupled rein

and verbal command. Otherwise, the response is incorrect. Dur-
ing the training sessions, the desired action is imposed at the right
context. For each action, a total of 20 training sounds (4 persons;
5 utterances from each person) are heard by RH. 5 utterances of
each person are used for testing. The following table summarizes
the test result recorded in the test sessions.

Meaning Man 1 Man 2 Man 3 Lady Girl
“a” left 100 % 100 % 100 % 100 % 100 %
“e” right 100 % 100 % 100 % 100 % 100 %
“i” faster 100 % 100 % 100 % 100 % 100 %
“u” slower 100 % 100 % 100 % 100 % 100 %

To push the system at this young “age” to the limit, we added
another vowel “o” to the vocabulary. It may represent a new action.
It is known that the waveform and Cepstrum coefficient vectors
of “o” and “u” are close. The result showed that about 4% of
the “o” vowel sounds are recognized as “u” and the rest of cases
are all correct. On the other hand, it is not always trivial for a
human to perfectly distinguish individually pronounced “o” and
“u.” Complete words and sentence context can help greatly. Future
studies along this line will test words and sentences using more
levels of the proposed architecture.

7. CONCLUSIONS

Although the tasks SAIL has been trained to learn are relatively
simple, the presented new concepts and the experimental results
have demonstrated that the developmental algorithm can enable
a machine to learn new tasks without a need of re-programming.
The capability of such a machine will depend on its sensors, its ef-
fectors, its computational resources, its developmental algorithm,
and how it is taught. It does not need humans to find a good
task-specific representation for a task and to program for the task.
Therefore, the developmental approach introduced here has a po-
tential for dealing with tasks that are too complex for human to
program effectively, including many multimedia sensing tasks that
require different strategies in different contexts.
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