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Abstract— I present a general purpose model of the brain,
called Self-Aware and Self-Effecting (SASE) model. Rooted in
the biological genomic equivalence principle, our model proposes a general-purpose cell-centered in-place learning scheme
to handle all levels of brain development and operation, from
the cell level all the way to the brain level. It clarifies
five necessary “chunks” of the brain “puzzle”: development,
architecture, area, space and time. Then, I concentrate on
how such a model enables a developmental robot to deal with
temporal contexts. It deals with temporal context of any length
without a dedicated temporal component.

I. INTRODUCTION
It is known that a fully programmed robot has only
very limited capabilities for dealing with the real world
environments. For a task that is difficult to program well, machine learning techniques can be used. However, traditional
machine learning techniques are task-specific, meaning that
the human programmer requires that the task that the robot
executes is given to him before he finishes the programming.
It is the human programmer who understands the task and
handcrafts a task specific representation into the robot’s
control program. However, such robots tend to be brittle in
real-world environments, since it is difficult for the human
programmer to sufficient predict all the task settings and all
the environmental situations.
Demonstrated by human cognitive and behavioral development from infancy to adulthood, autonomous development
is nature’s approach to human intelligence (Piaget 1954 [1],
Elman et al. 1997 [2], Weng et al. 2001 [3]).
There have been several impressive attempts to model the
brian as a symbolic information processor (Albus 1991[4],
Hecht-Nielsen 2007 [5], Albus 2010 [6]). However, they are
without sufficient, biologically plausible learning to account
for the overwhelming brain complexity. As symbol-only
modeling is insufficient to deal with uncertainty, the Bayesian
probability framework was added to such symbolic models,
using either probability models for spatial aspects or Markov
chains for temporal aspects (Jelinek 1990 [7], Lee & Mumford 2003 [8], Emami & Jelinek 2005 [9], Tenenbaum et al.
2006 [10], George & Hawkins 2009 [11]). A major advantage
of such Bayesian models is that they are intuitive for human
to understand, but they face a fundamental problem: They
are not developmental —- the symbolic boundaries (“walls”)
between different internal units (nodes or Markov chains)
were handcrafted (defined) by human programmers.
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In fact, they all correspond to an “skull-open approach”
to the brain — it is the human teacher who understand
a given task and the concepts it needs. Then he directly
manipulates (defines) the “brain’s” internal representation
through its open “skull”. Among many limitations of such
“skull-open” approaches are:
1) It is a static handcrafted information processor that
cannot explain the miracle of brain development. It
cannot explain the following process: With his “skull
closed,” a child autonomously interacts with the environment and he autonomously learns and discovers
concepts that his parents do not even know about.
Autonomous discovery is a miracle of such a developmental brain.
2) It is labor-intensive to build and brittle for the real
world environments. Given a task, the process of handcrafting a brain-like information processor requires a
large amount of man-hours for manual instantiation of
an internal representation for each task. The resulting
system is known to be brittle due to the inability of a
human to sufficiently predict the dynamic real world.
Many computer vision researchers thought that the human
vision system can be sufficiently modeled by a static object
recognizer. It cannot. The brain learns new objects and new
object variations all the time.
Inspired by human mental development from conception,
a developmental robot is one that autonomously develops
its mental skills and task performance capabilities from
interactions with the environments. Fig. 1 illustrates the
paradigm of autonomous mental development (Weng et al.
2001 [3]).
As far as we know, Cresceptron 1993 [12], [13] was the
first developmental model for visual learning from complex
natural backgrounds. By developmental, we mean that the
internal representation is fully emergent from interactions
with environment, without allowing a human to manually
instantiate a task-specific representation.
In this paper, I our latest general purpose model of the
brain, called Self-Aware and Self-Effecting (SASE) model,
concentrating on a basic unit: area. Then, I will concentrate
on the temporal properties of the SASE model.
II. FIVE CHUNKS OF THE BRAIN
Rooted in the biological genomic equivalence principle,
our model proposes a general-purpose cell-centered in-place
learning scheme to handle all levels of brain development and
operation, from the cell level all the way to the brain level.
It clarifies five necessary “chunks” of the brain “puzzle”:
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The paradigm of autonomous mental development by
machines, inspired by human mental development. No task is
given during the programming (i.e., conception) time. A generalpurpose task-nonspecific developmental program must be ready
and be loaded onto the agent’s “brain”. Prenatal development may
preliminarily wire the “brain” before “birth” using “spontaneous”
(internally generated) signals, e.g., from sensors and motors. After
the “birth,” the agent starts to learn an open variety of skills
and tasks through interactions with the physical world. During
the development, the “brain” is “skull-closed” meaning that there
is no need for the programmer to direct intervene in the brain’s
internal representation after the conception. The tasks that the
agent learns during lifetime are determined after the birth by other
users and, therefore, the brain’s internal self-organization is totally
autonomous (i.e., emergent representation).

Fig. 1.

development, architecture, area, space and time. Although
there are many characteristics of the biological brain, these
five “chunks” are probably the most fundamental in the brain
“puzzle”:
1) The “development” chunk means that any practical
brain, natural or artificial, needs to autonomously develop through interactions with the natural environments without any previously given set of tasks.
2) The “architecture” chunk handles (1) complex backgrounds where the signal-to-noise ratio is at least
smaller than 1 (< 0 db), or equivalently, more input
components are irrelevant to immediate actions than
those that are relevant; (2) abstraction, reasoning and
generalization with any abstract and concrete contexts;
(3) multiple sensory modalities and multiple motor
modalities and their integration.
3) The “space” chunk deals with any practical foreground objects with any practical complex backgrounds, and includes conflicting invariance and specificity criteria for type, location, size, orientation, expression, etc. Learned context-dependent spatial attention is a key capability for dealing with all these
conflicting spatial criteria.
4) The “area” chunk addresses the issue of feature
development and area representation, without rigidly
specifying what each neuron does.
5) The “time” chunk indicates that the brain uses its
intrinsic spatial mechanisms to deals with time, without
dedicated temporal components. The model copes with
practical temporal contexts, including the conflicting
criteria of time warping, time duration, temporal attention, long temporal length, etc.
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The spatial SASE network for both spatial processing and
temporal processing without dedicated temporal components. At
each temporal unit shown above (two time frames), three basic
operations are possible: link, drop prefix, and drop postfix. After
proper training, the TCM is able to attend any possible temporal
context up to the temporal sampling resolution.
Fig. 2.

In the following, I present the building block of the SASE
brain model: a basic unit as a three-area network.
III. BUILDING BLOCK FOR THE BRAIN
The biological genomic equivalence principle implies that
a cell is a general-purpose machine during its development
and operation as far as its genome is concerned. All generated from the single cell zygote through many rounds
of mitosis, many cells in the brain become increasingly
differentiated [14], meaning that they become more specialized while migrating after being generated from the
progenitor cells in the ventricular zone. However, mitosis
continuously goes on in a developing brain. Where each
cell goes (cell migration), how it grows (cell expansion),
how it extends (axon and dendrite pathfinding), whether
it survives (neurotrophic factors), synapse formation and
synapse elimination (synaptogenic factors) are all activity
dependent. This cell-centered autonomy, while interacting
with nearby environment, gives the basis for our SASE brain
model to treat any set of cells (neurons) as a unit. This
scheme facilitates understanding without being overwhelmed
by the apparent high complexity of a developed brain.
We consider such a generic area Y which has its sensory
area X and its motor area Z, as illustrated in Fig. 2. For every
unit, its sensory area is also an output port for its top-down
attention (self-effecting), and its motor area is also an input
port for its top-down sensing (self-aware). A lower brain(e.g.,
mid-brain) is developed earlier, so that the higher brain (e.g.,
forebrain) as basic units can innervate into lower ones later.
Because of the need to address the complex background
problem, the SASE model provides a deeper need: to provide
receptive field and effective field that are smaller than X and
Z. If the receptive field of a neuron matches the foreground
object well, the response of the neuron is not very sensitive
to the background.
The general-purpose, spatial object recognition from complex backgrounds using this basic unit has been tested and
the experimental results will appear elsewhere. In this paper,

we will focus on temporal aspect that thus we call this basic
unit Temporal Context Machine (TCM).
TCM learns while performing. Suppose that TCM has L
layers, 1 to L. At time t = 0, every layer has the weights of
all its neuronal initialized with Gaussian weights at different
positions. Then, TCM computes as below.
Algorithm 1 (TCM): For t = 1, 2, ..., do the following:
1) Update input. Replace the image of Layer 1 at time
t − 1 with the TCM input at time t.
2) Supervise output if it is needed. If it is desired, replace
the image of Layer L at time t − 1 with the supervised
motor pattern (abstract context label) for time t.
3) Update network. For layer 1 to layer L, update every
layer asynchronously. Receive xt−1 at the previous
layer as bottom-up input and the last response zt−1
at the next layer as the top-down recursive context, to
compute the layer response yt and update the layer
memory to Lt :
(Lt , yt ) = fLCA (xt−1 , zt−1 | Lt−1 ).
(1)
In the algorithm, LCA denotes the Lobe Component Analysis
[15], a dually optimal model for updating a neuronal layer:
1) Spatially optimality: the target neuronal weights are
best in minimizing the representation error of the layer
input space P = X × Z (parallel input space of the
bottom-up input space X and the top-down input space
Z), using a limited number of neurons.
2) Temporal optimality: the learning directions and step
sizes at different steps of all neurons are best to
minimize the distance between the estimated weights
and their target weights.
The spatial optimality implies that the network is smallest in
each layer. The temporal optimality means that the network
learns fastest using a limited amount of learning experience.
IV. LOBE COMPONENT ANALYSIS
Each area performs the The Candid Covariance-free Incremental (CCI) LCA algorithm fLCA . It incrementally
updates the adaptive part of its neuronal level L = (V, A, r),
where V = (v1 , v2 , ..., vc ) contains c synaptic vectors,
A = (n1 , n2 , ..., nc ) consists of the corresponding firing
ages, and r is the radius of the excitation sphere of each
neuron. Each input sample is in the form (x, z) = X × Z,
where X is the bottom-up space and Z is the top-down input
space. The vectors x and z are normalized before feeding
into fLCA , to be discussed later. In a network, X or Z
may have multiple parallel input subspaces. Algorithmically,
fLCA takes L as the current level and (x, z) as the bottomup and top-down input, respectively, to generate the response
vector y = (y1 , y2 , ..., yc ) and update its representation L:
(y, L) ← fLCA (x, z | L).
The CCI LCA algorithm is as follows.
Algorithm 2 (LCA initialization): Initialize synaptic vectors vi , using c Gaussian functions, each Gaussian having
a different mean vector, response yi with a small random
number in [0, 0.1], and firing age ni = 0, i = 1, 2, ..., c.

The CCI LCA update is cell-autonomous, meaning that
when each neuron updates, it simply uses the currently
available response values of other neurons and does not
wait using any global clock. This is critical for the temporal
processing.
Algorithm 3 (CCI LCA update): Input: x, z, L. Output:
y, L.
1) Compute pre-responses. Depending on the level’s
location in the network, take external or internal input1
p = ((1 − α)x, αz), where z may have been just overridden by a teacher if z is an external port and α,
0 ≤ α ≤ 1 is the relative weight of the top-down
input. Compute the pre-competition response2 :
vi · p
, i = 1, 2, ..., c.
(2)
yi =
kvi k
2) Neurons mutually inhibit for dynamic sparse coding. For simulating lateral inhibition with a relatively
lower update frequency, use this non-iterative rankingand-scaling mechanism.3 Rank only k + 1 top winners
so that after ranking, y1 ≥ y2 ... ≥ yc , as ranked responses. Use a piecewise linear but globally nonlinear
function to scale the responses:
yi − yk+1
, i = 1, 2, ..., k.
(3)
yi ←
y1 − yk+1
All other neurons do not fire yi = 0 for i = k + 1, k +
2, ..., c. This ranking-and-scaling mechanism replaces
repeated iterations that take place among two-way
connected neurons in the same level. This simulates
L5 assisting L2/3 for lateral inhibition and L6 assisting
L4 for lateral inhibition[16].
3) Optimal Hebbian learning. Update only the top k
winner neurons vj , j = 1, 2, ..., k, using the presynaptic activity p, the post-synaptic activity yj , and
its firing-age dependent plasticity:
vj ← w1 (nj )vj + w2 (nj )yj p,

(4)

where the learning rate w2 and the retention rate w1 ,
respectively, are determined by:
1 + µ(nj )
w2 (nj ) =
, w1 (nj ) = 1 − w2 (nj ) (5)
nj
where µ(t) is a non-negative amnesic function.4 Note
y1 = 1 for the top winner. Update the real-valued
1 A contrast normalization for bottom-up input x often improves the
performance. For example, x is normalized so that the minimum component
is zero and the maximum component is 1.
2 Sigmoidal function is approximated by the cell nonlinearity in the next
step. The model here can be extended to a spiking neuronal model which
is useful for a higher temporal resolution.
3 This mechanism of ranking-and-scaling is an approximation of biological in-place inhibition. It is not in-place, as it requires extra-cellular sorting.
But it is very effective computationally by eliminating iterations within an
LCA level.
4 The amnesic function µ(t) is for a general nonstationary process u =
yp where the probability distribution for u slowly changes. µ(t) = 0 when
t ≤ t1 , so that w2 (t) = 1/t; µ(t) = 2(t−t1 )/(t2 −t1 ) when t1 < t ≤ t2
so that w2 (t) linearly changes from 0 to 2; µ(t) = 2 + (t − t2 )/r when
t2 < t so that w2 (t) approaches 1/r when t grows without bound. We
chose t1 = 20, t2 = 200 and r = 2000 in our experiments. These numbers
were selected based on the need for stability and fast adaptation.

neuron “firing age” nj only for the winners: nj ←
nj + yj , j = 1, 2, ..., k.
4) Lateral excitation for cortical smoothness. Mutual
excitatory connections [16] among neurons in the
same level are useful fot the nearby neurons to detect
similar features. In the computer simulation of lateral
excitation, there is a sphere of excitation with radius r
from each neuron. Not only the top-k winners update,
but also the neurons within the sphere of excitation.
The scope radius r starts from the half size of the
neuronal layer during initialization. It slowly decreases
to r = 0 when the network matures.
5) Long-term memory. All other neurons that do not
update keep their firing age and synapses unchanged.
They are long term memory for this context of p. Other
updated neurons are working memory for this context.
The algorithm is called the Candid Covariance-free Incremental (CCI) LCA algorithm. The term “Candid” means that
the algorithm uses candid information in the inputs for the
dual optimality. LCA was compared with some well known
methods in [15].
Unlike FSM or its probabilistic versions HMM and
POMDP, TCM uses emergent representation as shown in
Fig. 2 (for the three layer TCM, the lowest area is considered
as image input layer which does not conduct computation). TCM has multilevel distributed state representation
(2)
(3)
(l)
(yt , yt ), where yt represents the response vector of
layer l. Each layer l has its own state presentation as a
distributed representation. It takes distributed input from
space P = X × Z, and generate distributed response y ∈ Y .

wj,k ≈ E{rj rk | neuron k fires}.

(7)

Therefore, the more often neuron j fires when neuron k fires,
the higher the weight from j to k. Therefore, all the neurons
in Layer 2 that fire with neuron k in Layer 3 have non-zero
weights. As only one (or few) neuron fires in Layer 2 at any
time, this is a soft-logic OR for Layer 3: all the cases in
Layer 2 that correspond to neuron k firing are connected.

Intuitively, as long as there are a sufficient number of
neurons in Layer 2 and there is a sufficient amount of
training experience, the trained TCM can approximate any
smooth high dimensional input-output mapping to a desired
precision rate, as long as the bottom-up and top-down pair
pt = (xt , zt−1 ) uniquely determines the desired action
output from the layer 3. This distribution scheme largely
avoids the problem of local extrema with the error backpropagation methods.
D. Discriminant Features

A. Soft-logic AND in Layer 2
Given a limited number c of neurons in layer l, the bottomup input space of the layer is X and the top-down input
space of the layer is Z. Thus, the input space of the layer
is P = X × Z. The theory of LCA indicates that the
weight vectors of the c neurons p1 , p2 , ..., pc in the layer
are optimally distributed in the observed signal manifold
of P though developmental learning so that a region in P
with a high probability density recruits more neurons than a
region with a lower probability density. Given any input pair
p = (x, z) to the layer, LCA finds the top neuron(s) who
gives the highest response r(p, pi ) (i.e., best matching):
1≤i≤c

During supervised learning for Layer 3, suppose that the
neuron k in Layer 2 is set to the highest value 1 at time t.
Further suppose that the neuron j in Layer 2 fires at time
t − 1. In other words, the j’s component of the bottom-up
input xt−1 of the neuron k is high. Consequently, with regard
to the synapse that links neuron j with neuron k, the presynaptic activity rj and post-synaptic action rk are both high.
Then the weight that links these two neurons is strengthened.
Mathematically, according to the theory of LCA, the weight
that links neuron j in the lower layer to neuron k in the
higher layer is

C. No Local Extrema

V. REPRESENTATION EMERGENCE

j = arg max r(p, pi ).

B. Soft-logic OR in Layer 3

(6)

Thus, the best matched neuron j serves as the representative
of unknown input p. (When the number of neurons c is
large so that the top matched neurons are near enough
to be “experts” of the current input case p, more than 1
neurons can be allow to fire, so that the firing pattern y
from the layer allows sub-neuronal precision estimation of
the input p.) Thus, Layer 2 serves as a soft-logic AND:
all the corresponding components in p and pj must match
well in terms of normalized inner product which gives the
response r(p, pi ).

Furthermore, the dually optimal distribution of c neurons
in the space P = X ×Z enables development of discriminant
feature neurons: Which neuron wins in Eq. (6) is less sensitive to distractor components in x that do not affect output z
but are more sensitive to features in x that significantly affect
output z. Consequently, the dually optimal self-organization
of c neuronal weights p1 , p2 , ..., pc lead to nearly smallest
error in the estimated output space of TCM.
VI. P ROPERTIES
Based on the above discussion, we are ready to present
major properties that are of paramount importance to temporal processing in TCM.
A. Context Dependent Attention
Corollary 1 (Context-dependence): Given
external
bottom-up input xt and top-down context zt−1 , the threelayer TCM network has three classes of internal behaviors,
external (E), internal (I) and mix (M), which means that
the motor output zt is dependent on external input xt only,
dependent on internal top-down context zt−1 only, and
dependent on both, respectively, subject to learning.
Proof: As discussed above, the best matched feature
pj in Layer 2 fits both xt and zt−1 . There are three cases

for the Layer 3 to learn the next action zt , (1) zt depends on
xt only, (2) zt depends on zt−1 only, and (3) zt depends on
both. They corresponding to E, I, and M, respectively. The
quality and amount of learning experience affect the ideal
independence of the output zt on zt−1 (for the E case) or
xt (for the I case).
B. Active Time Warping
Suppose that the network is updated at discrete times,
t = 1, 2, .... This series of discrete times can represent any
network update frequency. For example, if the time interval
between every two consecutive time instances is 1ms, the
network is updated at 1000Hz. Denote the sensory input at
time t to be xt , t = 1, 2, .... The series of discrete times
can be considered the sampling times on the continuous
physical world. The phenomenon that a dynamic event can
proceed at different speed at different stages is called time
warping. It is desirable that physical events with different
time warpings are recognized at the motor layer as the same
type of event (e.g., in speech recognition and dynamic visual
recognition). Of course, at Layer 2, the representations with
different time warpings are different, reflecting an advantage
of the multi-area representation, in contrast with the single
state representation of HMM and POMDP.
For example, the following two sequences should be
recognized as the same sequence at the motor layer:
|w|w|w|w|w|w|_|u|u|u|_|u|u|_|_|z|z|z|z|_|
|w|w|_|u|u|u|u|_|u|u|u|u|_|z|z|_|
where w, u, z are words and | is a delimiter of time frames,
each of which corresponds to a different t.
Fort this property, we have the following theorem:
Theorem 1 (Active Time Warping): The motor layer of
TCM can be taught to carry out active time warping, subject
to learning.
Proof: Use the Corollary 1. For duplicate word, learn
the “drop postfix” case illustrated in Fig. 2. Dropping duplicate spaces _ is similar. For detecting two w’s separated by
a space _, zt should correspond to a context that requires a
trailing space _ before receiving the second second w.
1) Active Context: The major goal is to interactively
train TCM so that it make sequential decisions that require
spatiotemporal, attended context in a dynamic range of the
past.
Theorem 2 (Context of any temporal length): The
temporal length of top-down context Z of the TCM is
arbitrary, depending on learned attention.
Proof: According to the Corollary 1, any length of
history can be generated at Layer 3 by recursively apply the
“link” shown in Fig. 2. That is, the context zt indicates a
label that requires appending the last bottom-up input xt .
Theorem 3 (Context of any temporal subset): The
temporal context of top-down context zt of TCM can
represent any subset of the bottom-up stimuli, depending on
learned attention.
Proof: Simply drop the parts that do not belong to the
subset, using the “drop postfix” or “drop prefix” function

shown in Fig. 2.
Theorem 4 (Flush): The temporal context of top-down
context zt of TCM can be reset to represent only the last
bottom-up input, depending on learned attention.
Proof: According to Corollary 1, apply the internal (I)
behavior.
Combining above two properties gives the following theorem.
Theorem 5 (Any context): The temporal context of topdown context zt of TCM can represent any subset of the
bottom-up stimuli of any length of the history, depending on
learned attention.
Proof: Combining the above three theorems, use Theorem 4 to start at a desired frame of the history, use Theorem 3
to keep the desired subset, and use Theorem 2 to keep it of
any desired length.
Theorem 5 implies that the TCM agent can learn to attend
to any part of spatiotemporal context, a necessity of complex
language understanding.
2) Time duration: The time duration task is an opposite
problem of time warping. The goal of the task is to count
the length of time between two events a and b.
Different from the above models, TCM can learn to count,
using its intrinsic property of response time (e.g., sampling
time) as the basic time unit.
Theorem 6 (Time duration): The action zt of TCM can
represent any finite length of time between two specified
events.
Proof: Suppose zt = i means time i, i = 1, 2, ..., k
from a. The TCM starts to count using is action zt as soon
as it senses a, and terminates counting when it senses b.
Suppose ∗ is a distractor, other than a and b. TCM needs
to continue to count when it sees a distractor. The following
shows how TCM responds.
x:|*|*|a|*|*|*|*|*|*|*|b|*|*|...
z:|_|_|_|1|2|3|4|5|6|7|8|9|_|...
3) New Sentences: The above results can be used to
understand how to use abstract motor states to generalize
to new sentences that the system has never learned.
Problem 1 (New Sentences): Suppose that there are four
word meanings, W1 , W2 , W3 , W4 . Each word meaning Wi
has ten synonyms {wij | j = 1, 2, ..., 10}, i = 1, 2, 3, 4.
Then, there are 10000 equivalent 4-word sentences in the
form of (w1h , w2i , w3j , w4k ), h, i, j, k = 1, 2, ..., 10. Interactively learn the synonyms in the corresponding sentence
contexts, so that the developmental agent recognizes all new
sentences of length 1 to 4 of the form of W1 , W2 , ...Wj , with
j = 1, 2, 3, 4.
This problem is addressed in the following way. In Lesson
1, learn individual words. The x-row below denotes sensory
input at each time frame, while The z-row below denotes
motor output (label) at the corresponding time frame.
x:|a1|a1|_|_|a2|a2|a2|_|a3|a3|_|a4|a4|...
z:|_ |A |A|_|_ |A |A |A|_ |A |A|_ |A |...

The delay in the corresponding motor output is due to the
fact that it takes two updates for the signal of sensory input
to pass the two levels to reach the motor. Do the same for
B, C and D. In Lesson 2, learn two-word sentences:

for any dedicated temporal component. According to task
context, TCM can deal with time warping or determine time
duration. Unlike the symbolic HMM and POMDP, the internal representation of TCM is fully autonomously generated.
The exponential complexity, in terms of the scan window
x:|a1|b1|_ |a1|b2|_ |a1|b3|_ |a1|b4|...
length in online sensory processing, is converted by TCM
z:|_ |A |AB|_ |A |AB|_ |A |AB|_ |A |AB|...
into a linear time complexity and linear space complexity.
In Lesson 3, learn 3-word sentences in a similar way. In Experimental results have shown that this general purpose
Lesson 4, learn 4-word sentences:
model can deal with a variety of temporal context problems.
In future work, we plan to test such temporal capabilities
x:|a1|b1|c1|d1 |_
|a1|b1|c1|d2 |_
|...
on
real developmental robots. With a general purpose dez:|_ |A |AB|ABC|ABCD|_ |A |AB|ABC|ABCD|...
velopmental brain model ready for training and testing, the
The number of sentences learned in these lessons are 40, potential of developmental robots is interesting to study.
10, 10, 10, respectively. The number of new sentences to be
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