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Abstract 
It has been argued that prior artificial networks do not abstract 
well. A Finite Automaton (FA) is a base net for many 
sophisticated probability-based systems of artificial intelligence, 
for state-based abstraction. However, an FA processes symbols, 
instead of images that the brain senses and produces (e.g., sensory 
images and effector images). This paper informally introduces 
recent advances along the line of a new type of, brain-anatomy 
inspired, neural networks —Developmental Networks (DNs). The 
new theoretical results discussed here include: (1) From any 
complex FA that demonstrates human knowledge through its 
sequence of the symbolic inputs-outputs, the Developmental 
Program (DP) of DN incrementally develops a corresponding DN 
through the image codes of the symbolic inputs-outputs of the FA. 
The DN learning from the FA is incremental, immediate and 
errorfree. (2) After learning the FA, if the DN freezes its learning 
but runs, it generalizes optimally for infinitely many image inputs 
and actions based on the embedded inner-product distance, state 
equivalence, and the principle of maximum likelihood. (3) After 
learning the FA, if the DN continues to learn and run, it ―thinks‖ 

optimally in the sense of maximum likelihood based on its past 
experience. These three theoretical results have also been 
supported by experimental results using real images and text of 
natural languages. Together, they seem to argue that the neural 
networks as a class of methods has passed ―neural networks do not 

abstract well‖. 

1. Introduction 

Studies on artificial neural networks (ANN) in the 1970’s 
and 1980’s (e.g., Fukushima 1975 [7], Grossberg 1975 [11], 
Hopfield 1982 [14], Rumelhart, McClelland & others 1986 
[35], [27]) have been supported by a series of documented 
advantages of neural networks, including (1) non- 
algorithmic in task space, (2) uniform processors suited for 
massively parallel hardware, (3) fault tolerance, (4) 
numerical in signal space, and (5) feedforward networks are 
universal approximators of a certain class of static, 
multivariate functions [8], [15], [2]. ANNs have been also 
been identified by their network style of computation, 
called connectionist approaches. 

Marvin Minsky 1991 [28] and others argued that 
symbolic models are logic and neat, but connectionist 
models are analogical and scruffy. Such criticisms have 
different ways of characterization, but we can use a simple 
sentence ―neural networks do not abstract well.‖ Clearly, a 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
lot of new work has been done for neural network since 
then (e.g., see a recent review [46]). However, this image of 
ANN has not fundamentally changed in the larger research 
community of  intelligence modeling, natural intelligence 
and artificial intelligence. For example, at the David 
Rumelhart Memorial talk August 3, 2011 during the 
International Joint Conference on Neural Networks, 
Michael I. Jordan started with a statement that neural 
networks do not abstract well and he will talk about 
symbolic methods today. Jordan did some work on neural 
networks in the 1980s [19]. 

The term ―connectionist‖ is misleading in distinguishing 
symbolic models and ANNs, since a probability based 
symbolic model is also a network whose representation is 
also distributed. Weng 2011 [46] proposed two classes, 
symbolic models and emergent models. By definition [46], 
an emergent representation emerges autonomously from 
system’s interactions with the external (outside the skull) 
world and the internal world (inside the skull) via the 
brain’s sensors and effectors without using the handcrafted 
(or gene-specified) content or the handcrafted boundaries 
for concepts about the extra-body concepts. 

Many basic models of ANNs (e.g., Self-Organization 
Maps (SOM), feed-forward networks with gradient-based 
learning) use emergent representations but symbolic models 
use task-specific, handcrafted representations. A hybrid 
model, partially emergent and partially handcrafted, still 
belongs to the category of symbolic model. The brain seems 
to use emergent representations which emerge auto-
nomously from learning experience, regulated by the 
genome in the nucleus of every cell (e.g., see Purve et al. 
2004 [33] and Sur & Rubenstein 2005 [37]). All cells, other 
than the original zygote, in the body of a multi-cellular 
eukaryotic life are emergent from the zygote, whose 
emergence is regulated by the genome in the nucleus of 
every cell. 

It seems to be the emergence of such network represent-
tation – the process of autonomous development – that 
makes it hard to address the criticism ―neural networks do 

not abstract well‖. However, autonomous emergence of 

brain’s internal representation seems also the essential 
process for an animal brain to do what it does well as we 
know it. 

In this article, I introduce a recent theory that maps a 
class of brain-inspired networks – Developmental Networks 
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(DNs) to any Finite Automaton (FA), a “common-
denominator” model of all practical Symbolic Networks
(SNs). From this FA, we can see what is meant by “ab-
straction”. This mapping explains why such a new class of
neural networks abstract at least as well as the corresponding
SNs. This seems to indicate that our humans, collectively,
have passed “neural networks do not abstract well.”

The additional properties discussed in this paper include:
(1) In contrast with an SN where the meanings of each
node arehand-selectedand boundaries between conceptual
modules arehandcrafted, there is a class of Generative DNs
(GDNs) whose learning is fullyautonomousinside each
network, using the signals in the sensors and effectors. (2)
In contrast with an SN whose expansion requires a manual
re-design by the original human designer, the expansion
(growth) of a GDN is fully autonomous inside the network,
through observing an FA which collectively represents the
human society’s consistent knowledge. Such learning by the
DN from the FA is incremental, immediate, and error-free.
(3) The input symbols and output symbols of an FA are
static, but the representations of input vectors and output
vectors of a GDN are emergent from the natural environment
(e.g., natural images, and natural arm motions). (4) The
consideration of performance requires optimality for both
types of models, symbolic (e.g., Markov models based on
FA) and emergent (i.e., GDN). While the probability version
of FA is limited by the static design of the input symbol set
and the output symbol set, the outputs from the GDN at any
time are optimal in the sense of maximum likelihood (ML),
conditioned on the limited number of internal nodes and the
limited amount and quality of the learning experience so far.

2. Two Types of Models
In this section, we discuss two types of models, symbolic
and emergent.

2.1. Symbolic networks

Given a task, a human designer in Artificial Intelligence
(AI) [21], [10] or Cognitive Science [1], [39] handcrafts
a Symbolic Network (SN), using handpicked task-specific
concepts as symbols. The “common denominator” network
underlying many such SNs is the Finite Automaton (FA)
whose probabilistic extensions include the Hidden Markov
Model (HMM), the Partially Observable Markov Decision
Processes (POMDP) and the Bayesian Nets (also called
belief nets, semantic nets, and graphical models).

Such an FA is powerful by recursively directing many
different sensory sequences (e.g., “kitten” and “young cat”)
into the same equivalent state (e.g.,z3) and its future
processing is always based on such an equivalence. For
example, statez4 means that the last meaning of all input
subsequences that end atz4 is “kitten looks” or equivalent.
However, the resulting machine does not truly understand
the symbolic concepts and is unable to learn new concepts
beyond possible re-combinations of handpicked symbols.
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Figure 1. Comparison between a symbolic FA (or SN) and an
emergent DN. (a) Given a task, an FA (or SN), symbolic, hand-
crafted by the human programmer using a static symbol set. (b) A
DN, which incrementally learns the FA but takes sensory images
directly and produces effector images directly. Without given any
task, a human designs the general-purpose Developmental Program
(DP) which resides in the DN as a functional equivalent of the
“genome” that regulates the development — fully autonomous
inside the DN.

2.2. Emergent networks

The term “connectionist” has been misleading, diverting
attention to only network styles of computation that do
not address how the internal representations emerge without
human programmer’s knowledge about tasks. Furthermore,
the term “connectionist” hasnot been very effective to
distinguish (emergent) brain-like networks from SNs. For
example, Jordan & Bishop [18] used neural networks to
name SNs, and Tenenbaum et al. [40] used SNs to model
the mind.

An emergent representation emerges autonomously from
system’s interactions with theexternal world (outside the
brain or network) and theinternal world via its sensors
and its effectors without using the handcrafted (or gene-
specified) content or the handcrafted boundaries for concepts
about the extra-body environments.

Feed-forward [36], [34] and recurrent [12], [49] networks,
use images (numeric patterns) as representations. Recurrent
networks can run continuously to take into account temporal
information. The network representations are emergent in
the sense that the internal representations, such as network
connection patterns, multiple synaptic weights, and neuronal
responses, emerge automatically through the interactions
between the learner system and its environment. However,
it is unclear how a recurrent network can model a brain.

Vincent Müller [30] stated: “How does physics give rise
to meaning? We do not even know how to start on the hard
problem.” This question is indeed challenging to answer
since the internal representations inside the brain skull do
not permit handcrafting. This paper explains that this hard
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problem now has a solution — DN. The internal represen-
tations of a DN emerge from a single cell (zygote) through
experience, regulated by the Developmental Program (DP).
An artificial DP is handcrafted by a human, to short cut
extremely expensive evolution.

2.3. Innate problem-specific structure?

Neuroanatomical studies, surveyed by Felleman & Van
Essen as early as 1991 [5] reported that in the brain the
motor areas feed its signals back to the earlier sensory areas
and, furthermore, in general, almost every area in the brain
feeds its signals to multiple earlier areas. Are such areas
problem-specfiic?

Computationally, feed-forward connections serve to feed
sensory features [31], [38] to motor area for generating
behaviors. It has been reported that feed-backward connec-
tions can serve as class supervision [12], attention [3], [4],
and storage of time information [49]. What developmental
mechanisms enable the brain to establish feed-backward
connections, as well as feed-forward connections? Are such
developmental mechanisms problem-specific?

Gallistel reviewed [9]: “This problem-specific structure,
they argue, is what makes learning possible.” “Noam Chom-
sky ... , Rochel Gelman, Elizabeth Spelke, Susan Carey, and
Renee Baillargeon have extended this argument.”

However, the theory introduced hear seems to show
that the brain does not have to work in such a problem
specific way if we analyze how a Generative DN (GDN)
dynamically establishes connections, using the automata
theory developed for modeling computer-like reasoning. The
Developmental Network (DN) here provides an example —
a problem-specific (or task-specific) structure is unnecessary
for DN learning.

3. Symbolic Networks
The brain’s spatial network seems to deal with general
temporal context without any explicit component dedicated
to time as argued by [26], [20], but its mechanisms are still
largely elusive.

3.1. Finite automata

FA is amenable to understanding the brain’s way of
temporal processing. An FA example is shown in Fig. 2(a).
At each time instance, the FA is at a state. At the beginning,
our example is at statez1. Each time, it receives a label as
input (e.g., “young”). Depending on its current state and
the next input, it transits to another state. For example, if
it is at z1 and receives label “young”, it transits to “z2”,
meaning “I got ‘young’.” All other inputs fromz1 leads back
to z1 meaning “start over”. The states have the following
meanings:z1: start;z2: “young”; z3: “kitten” or equivalent;
z4: “kitten looks” or equivalent. An FA can abstract. For
example, our FA example treats “young cat” and “kitten”
the same in its state output.
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Figure 2. Conceptual correspondence between an Finite Au-
tomaton (FA) with the corresponding DN. (a) An FA, handcrafted
and static. (b) A corresponding DN that simulates the FA. It
was taught to produce the same input-out relations as the FA
in (a). A symbol (e.g.,z2) in (a) corresponds to an image (e.g.,
(z1, z2, ..., z4) = (0, 1, 0, 0)) in (b).

A finite automaton (FA) has been defined as a language
acceptor in the traditional automata theory [13]. To model
an agent, it is desirable to extend the definition of the FA
as a language acceptor to an agent FA. An agent FA (AFA)
M for a finite symbolic world is the same as a language
acceptor FA, except that it outputs its current state, instead
of an action (accept or not accept), associated with the state.
In the following, an FA means an AFA by default.

The input space is denoted asΣ = {σ1, σ2, ..., σl}, where
eachσi representing an input symbol, whose meaning is
only in the design document, not something that the FA
is aware of. The set of states can be denoted asQ =
{q1, q2, ..., qn}. Like input symbols, the meanings of state
qi is also in the design document, but the FA is not “aware”
the meanings. Fig. 2(a) gives a simple example of FA.

3.2. Completeness of FA

Let Σ∗ denote the set of all possible strings of any finite
n ≥ 0 number of symbols fromΣ. All possible input
sequences that lead to the same stateq are equivalent as
far as the FA is concerned. It has been proved that an FA
with n states partitions all the strings inΣ∗ into n sets. Each
set is called equivalence class, consisting of strings that are
equivalent. Since these strings are equivalent, any stringx
in the same set can be used to denote the equivalent class,
denoted as[x]. Let Λ denote an empty string. Consider the
example in Fig. 2(a). The FA partitions all possible strings
into 4 equivalent classes. All the strings in the equivalent
class [Λ] end in z1. All strings in the equivalent class
[“kitten” “looks” ] end inz4, etc.
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The completeness of agent FA can be described as
follows. When the number of states is sufficiently large,
a properly designed FA can sufficiently characterize the
cognition and behaviors of an agent living in the symbolic
world of vocabularyΣ.

3.3. Other types of automata

Furthermore, there are four types of well-known au-
tomata, FA, Pushdown Automata, Linear Bounded Automata
(LBA), and Turing machines.

Automata have been used to model the syntax of a
language, which does not give much information about
semantics. As argued by linguisticists [41], [16], semantics
is primary in language acquisition, understanding and pro-
duction, while syntax is secondary.

The DN theory below enables the semantics to emerge
implicitly in its connection weights in the network. In
particular, it treats syntax as part of the emergent semantics.
It does not separately treat syntax as the above three types
of automata. Therefore, FA is sufficient for a state-based
symbolic agent.

3.4. Symbolic networks: Probabilistic variants

FA has many probabilistic variants (PVs), e.g., HMM,
POMDP, and Bayesian Nets. Like FA, each node (or mod-
ule) of a PV is defined by the handcrafted meaning which
determines what data humans feed it during training. A PV
can take vector inputs (e.g., images) based on handcrafted
features (e.g., Gabor filters). The PV determines a typically
better boundary between two ambiguous symbolic nodes
(or modules) using probability estimates, e.g., better than
the straight nearest neighbor rule. However, this better
boundary does not change the symbolic nature of each node
(or module). Therefore, FA and all its PVs are all called
Symbolic Networks (SNs) here.

3.5. Power of SN

The major power of SN lies in the fact that it partitions in-
finitely many input sequences into a finite number of states.
Each state lumps infinitely many possible state trajectories
(e.g., “kitten” and “young cat”) into the same single state
(z3). For example, statez4 means that the last meaning of
all input subsequences that end atz4 is “kitten looks” or
equivalent. Regardless what the previous trajectories were
before reaching the current state, as long as they end at
the same state now they are treated exactly the same in
the future. This enables the SN to generalize (act correctly)
for infinitely many state trajectories that it has not been
observed. For example, in Fig. 2(a), as long as “kitten”
has been taught to reachz3, “kitten looks”, “kitten stares”,
“kitten well looks” so on all lead toz4, although these strings
have never been observed.

3.6. Limitations of SN

In fact, an SN relies on humans to abstract from real world
non-symbolic data, from sensors such as images, sounds,
and effectors such as motor control signals. Therefore, the
power of abstraction does not lie in FA, but in a human
designer. An SN has the following major limitations:

(1) An SN is intractable for dealing with input symbols for
real physical world. The human designer needs to handcraft
Σ — sensory abstraction — to well represent all possible
inputs to an acceptable precision. The number of inputs
is intractably too large and handcraftingΣ is complex. If
each input involvesc concepts and each concept hasv
possible values, the potential number of input symbols is
vc, exponential inc. Suppose that we havec = 22 concepts
and each concept has v=4 values (e.g., unknown, low,
high, do-not-care), the number of possible input symbols is
vc = 422 = 1611, larger than the number of neurons in the
brain. Here is an example of 23 extra-body concepts: name,
type, horizontal location, vertical location, apparent scale,
size, pitch orientation, yaw orientation, weight, material,
electrical conductivity, shape, color, surface texture, surface
reflectance, deformability, fragility, purpose, having life,
edibility, usage, price, and owner.

(2) Likewise, an SN is intractable for dealing with output
(state) symbols for real physical world. The human designer
must handcraftQ — state abstraction — to well represent
all possible output states to an acceptable precision. It is
intractable for a human to examine many symbolic states for
a large problem and decide which ones are equivalent and
should be merged as a single Meta symbolic state. Therefore,
a human designs conditions for every Meta state without
exhaustively checking its validity. This is a complexity
reason why symbolic agents are brittle.

(3) The base network FA of SN is static. It does not have
emergent representations like those in the brain. Therefore,
it cannot think like the brain for new concepts. For example,
it cannot be creative, going beyond a finite number of
combinations of these handcrafted static concepts.

4. Developmental Networks
Weng 2010 [43] discussed that a DN can simulate any FA.

4.1. DN architecture

A basic DN, has three areas, the sensory areaX, the
internal (brain) areaY and the motor areaZ. An example
of DN is shown in Fig. 2(b). The internal neurons inY have
bi-directional connection with bothX andZ.

The DP for DNs is task-specific as suggested for the brain
in [47] (e.g., not concept-specific or problem specific). In
contrast to a static FA, the motor areaZ of a DN can be
directly observed by the environment (e.g., by the teacher)
and thus can be calibrated through interactive teaching from
the environment. The environmental concepts are learned
incrementally through interactions with the environments.
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For example, in Fig. 2(b), the “young” object makes the
pixels 2 and 4 bright and all other green pixels dark.
However, such an image from the “young” object is not
known during the programming time for the DP.

In principle, theX area can model any sensory modality
(e.g., vision, audition, and touch). The motor areaZ serves
both input and output. When the environment supervisesZ,
Z is the input to the network. Otherwise,Z gives an output
vector to drive effectors (muscles) which act on the real
world. The order of areas from low to high is:X, Y, Z. For
example,X provides bottom-up input toY , but Z gives
top-down input toY .

4.2. DN algorithm

DN is modeled as an area of the brain. It has its areaY
as a “bridge” for its two banks,X andZ. If Y is meant for
modeling the entire brain,X consists of all receptors andZ
consists of all muscle neurons.Y potentially can also model
any Brodmann area in the brain. According to many studies
in detailed review by Felleman & Van Essen [5], each area
Y connects in bi-directionally with many other areas as its
two extensive banks.

The most basic function of an areaY seems to be
prediction — predict the signals in its two vast banksX
andY through space and time. The prediction applies when
part of a bank is not supervised. The prediction also makes
its bank less noisy if the bank can generate its own signals
(e.g.,X).

A secondary function ofY is to develop bias (like or
dislike) to the signals in the two banks, through what is
known in neuroscience as neuromodulatory systems.

Although being convenient for studying infinitesimal
changes (see, e.g., [17]), a continuous time model seems
not very effective to explain network abstraction. Such a
weakness is especially obvious for multiple neurons and
brain-scale networks. I use a discrete time formulation,
which is exact regardless how fast the network is temporally
sampled (updated). Let the network update time interval be
δ. The smaller theδ, the smaller the latency between a
stimulus and the responsive action. The human brain seems
to have a latency on the order of 100ms. In the following,
δ is consider a unit, so we denote the time by integers
t = 0, 1, 2, ....

The DN algorithm is as follows. Input areas:X and Z.
Output areas:X andZ. The dimension and representation of
X andY areas are hand designed based on the sensors and
effectors of the robotic agent or biologically regulated by
the genome.Y is skull-closed inside the brain, not directly
accessible by the external world after the birth.

1) At time t = 0, for each areaA in {X,Y, Z}, initialize
its adaptive partN = (V,G) and the response vector
r, whereV contains all the synaptic weight vectors
andG stores all the neuronal ages. For example, use
the generative DN method discussed below.

2) At time t = 1, 2, ..., for eachA in {X, Y, Z} repeat:

a) Every areaA performs mitosis-equivalent if it
is needed, and initialize the weight vector if the
new neuron using its bottom-up and top-down
inputsb andt, respectively.

b) Every areaA computes its area functionf ,
described below,

(r′, N ′) = f(b, t, N)

wherer′ is its response vector.
c) For every areaA in {X, Y, Z}, A replaces:N ←

N ′ andr ← r′.

In the remaining discussion, we assume thatY models
the entire brain. IfX is a sensory area,x ∈ X is always
supervised. Thez ∈ Z is supervised only when the teacher
chooses to. Otherwise,z gives (predicts) effector output.

Put intuitively, like the brain, the DN repeatedly predicts
the outputZ for the next moment. When the predictedZ is
mismatched, learning proceeds to learn the new information
from Z. But, there is no need to check mismatches: learning
takes place anyway.

A generative DN (GDN) automatically generates neurons
in theY area. If(b, t) is observed for the first time (the pre-
response of the top-winner is not 1) by the areaY , Y adds
(e.g., equivalent to mitosis and cell death, spine growth and
death, and neuronal recruitment) aY neuron whose synaptic
weight vector is(b, t) with its neuronal age initialized to 1.
The idea of adding neurons is similar to ART and Growing
Neural Gas but they do not take action as input and are not
state-based.

4.3. Unified DN area function

It is desirable that each brain area uses the same area
function f , which can develop area specific representation
and generate area specific responses. Each areaA has a
weight vectorv = (vb,vt). Its pre-response value is:

r(vb,b,vt, t) = v̇ · ṗ (1)

wherev̇ is the unit vector of the normalized synaptic vector
v = (v̇b, v̇t), andṗ is the unit vector of the normalized input
vector p = (ḃ, ṫ). The inner product measures the degree
of match between these two directionsv̇ and ṗ, because
r(vb,b,vt, t) = cos(θ) whereθ is the angle between two
unit vectorsv̇ and ṗ. This enables a match between two
vectors of different magnitudes (e.g., a weight vector from
an object viewed indoor to match the same object when it is
viewed outdoor). The pre-response value ranges in[−1, 1].

This pre-response is inspired by how each neuron takes
many lines of input from bottom-up and top-down sources.
It generalizes across contrast (i.e., the length of vectors). It
uses inner-producṫv · ṗ to generalize across many different
vectors that are otherwise simply different as with symbols
in an FA. The normalization of the bottom-up part and the
top-down part separately is for both the bottom-up source
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and top-down source to be taken into account, regardless the
dimension and magnitude of each source.

To simulate lateral inhibitions (winner-take-all) within
each areaA, top k winners fire. Consideringk = 1, the
winner neuronj is identified by:

j = arg max
1≤i≤c

r(vbi,b,vti, t). (2)

The area dynamically scale top-k winners so that the top-k
respond with values in(0, 1]. For k = 1, only the single
winner fires with response valueyj = 1 (a pike) and all
other neurons inA do not fire. The response valueyj

approximates the probability foṙp to fall into the Voronoi
region of itsv̇j where the “nearness” isr(vb,b,vt, t).

4.4. DN learning: Hebbian

All the connections in a DN are learned incrementally
based on Hebbian learning — cofiring of the pre-synaptic
activity ṗ and the post-synaptic activityy of the firing
neuron. If the pre-synaptic end and the post-synaptic end fire
together, the synaptic vector of the neuron has a synapse gain
yṗ. Other non-firing neurons do not modify their memory.
When a neuronj fires, its firing age is incrementednj ←
nj +1 and then its synapse vector is updated by a Hebbian-
like mechanism:

vj ← w1(nj)vj + w2(nj)yjṗ (3)

wherew2(nj) is the learning rate depending on the firing
age (counts)nj of the neuronj andw1(nj) is the retention
rate with w1(nj) + w2(nj) ≡ 1. The simplest version of
w2(nj) is w2(nj) = 1/nj which corresponds to:

v
(i)
j =

i − 1

i
v

(i−1)
j +

1

i
1ṗ(ti), i = 1, 2, ..., nj ,

whereti is the firing time of the post-synaptic neuronj. The
above is the recursive way of computing the batch average:

v
(nj)
j =

1

nj

nj∑

i=1

ṗ(ti)

where is important for the proof of the optimality of DN in
Weng 2011 [44].

The initial condition is as follows. The smallestnj in
Eq. (3) is 1 sincenj = 0 after initialization. Whennj = 1,
vj on the right side is used for pre-response competition but
does not affectvj on the left side sincew1(1) = 1−1 = 0.

A component in the gain vectoryjṗ is zero if the
corresponding component iṅp is zero. Each component in
vj so incrementally computed is the estimated probability
for the pre-synaptic neuron to fire under the condition that
the post-synaptic neuron fires.

4.5. GDN area functions

For simplicity, let us considerk = 1 for top-k competi-
tion.

Algorithm 1 (Y area function): 1) Every neuron
computes pre-response using Eq. (1).

2) Find the winner neuronj using Eq. (2).
3) If the winner pre-response is less than 0.9999, generate

aY neuron using the inpuṫp as the initial weight with
age 0. The newY neuron is the winner for sure.

4) The winner neuronj increments its age:nj ← nj +1,
fires with yj = 1, and updates its synaptic vector,
using Eq. (3).

5) All other neurons do not fire,yi = 0, for all i 6= j,
and do not advance their ages.

Algorithm 2 (Z Area function): This version hask = 1
for top-k competition within each concept zone.

1) If the dimension ofY has not been incremented, do:

a) Every neuron computes pre-response using
Eq. (1).

b) Find the winner neuronj using Eq. (2).

Otherwise, do the following:

a) Supervise the pre-response of every neuron to be
1 or 0 as desired.

b) Add a dimension for the weight vector of every
neuron, initialized to be 0, which may be imme-
diately updated below.

2) Each winner or supervised-to-fire neuronj increment
its age:nj ← nj + 1, fire with zj = 1, and updates
its synaptic vector, using Eq. (3).

3) All other neurons do not fire,zi = 0, for all i 6= j,
and do not advance their ages.

TheY area function and theZ functions are basically the
same.Z can be supervised butY cannot since it is inside
the closed “skull”. During the simple mode of learning
discussed here, neurons responding for backgrounds are
suppressed (not attending), so that no neurons learn the
background.

5. DN Abstraction
As one can expect, a handcrafted FA does not have any prob-
lem of convergence as it is statically handcrafted. However,
how well can a DN abstract? Weng 2011 [45] provided the
following three theorems, which provide properties about
how well a DN can abstract, using FA as a basis. The
proofs for the three theorems are available as a report [44],
currently under review by a journal.

Since this paper is meant for a general reader of the INNS
society journal, let us have an informal explanation of the
three theorems and their importance.

5.1. GDN learns any FA immediately and error-free

Since FA is a “common denominator” model of many
symbolic models (e.g., HMM, POMDP, Bayesian nets,
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semantic nets, belief nets, and graphical models), it is
desirable to show that neural networks can incrementally
learn any FA by autonomously organizing its emergent
internal representations.

Frasconi et al. 1995 [6] programmed (not through learn-
ing) a feed-forward network to explicitly compute a stat-
ically given (as a batch) state transition of a fully given
FA. They require a special coding of each state so that the
Hamming distance is 1 between any source state and any
target state. This means that transition to the same state (a
loop) is impossible. If such a loop is necessary, they added a
transition state to satisfy the requirement for unit Hamming
distance. Omlin & Giles 1996 [32] programed (not through
learning) a second-order network for computing a statically
given (as a batch) state transition of an FA. By 2nd order, the
neuronal input contains the sum of weighted multiplications
(hence the 2nd order), between individual state nodes and
individual input nodes.

The Theorem 1 in Weng 2011 [45], [44] established
that goal above has been not only reached, but also two
somewhat surprising properties — immediate and error-free.
The text version of the Theorem 1 us as follows.

The general-purpose DP can incrementally grow a GDN
to simulate any given FA on the fly, so that the performance
of the DP is immediate and error-free, provided that theZ
area of the DN is supervised when the DN observes each
new state transition from the FA. The learning for each state
transition completes within two network updates. There is no
need for a second supervision for the same state transition
to reach error-free future performance. The number ofY
neurons in the DN is the number of state transitions in the
FA. However, the DN generalizes with 0% action error for
infinitely many equivalent input sequences that it has not
observed from the FA but are intended by the human FA
designer.

The GDN simulates each new state transition of FA by
creating a newY neuron that immediately initializes with
the image code of the stateq(t− 1) and the image code of
the inputσ(t−1) through the first network update (see theY
area at timet−0.5). During the next network update, theZ
area is supervised as the image code of the desired stateq(t)
and the links from the uniquely firing newY neuron to the
firing Z neurons are created through a Hebbian mechanism.
Since the match of the newY neuron is exact and only one
Y neuron fires at any time, theZ output is always error-free
if all image codes forZ are known to be binary (spikes).

Let us discuss the meaning of this theorem. Suppose that
the FA is collectively acquired by a human society, as a
static ontology (common sense knowledge and specialty
knowledge). Each input imagex(t) ∈ X is a view of
attended object (e.g., a cat). Then this FA serves as a
society intelligence demonstrator representing many human
teachers whom an agent meets incrementally from childhood
to adulthood. A different FA represents a different career
path. Then, a DN can learn such symbolic knowledge of

the FA immediately, incrementally, and error-free. This is
not what any prior neural network can do. Conventional
networks require many iterative approximations that may
lead to local minima.

Furthermore, the DN does not just do rote learning. Each
teacher only teachespiece-mealknowledge, (e.g., report
the same cognition for “young cat” and “kitten”), but the
teacher did not indicate how such a piece of knowledge
should be transferred to many other equivalent settings (e.g.,
infinitely many possible sensory sequences which contains
“young cat” or “kitten”). The DN transfers such a piece-meal
knowledge to future all possible (infinitely many) equivalent
input sequences although it has only seen one of such
sequences, as we discussed above about the power of FA.
Any DN can do such transfers automatically because of the
brain-inspired architecture of the DN. Prior neural networks
and any conventional databases cannot do that, regardless
how much memory they have.

5.2. GDN optimally performs while frozen

Suppose that thex and z codes for the FA are similar
to those from the real physical world. This is important for
the skills learned from FA to be useful for the real physical
world. The number of symbols inΣ is finite, but the number
of imagesx ∈ X (e.g., images on the retina) from the real
physical world is unbounded, although finite at any finite
age if the video stream is sampled at a fixed sampling rate
(e.g., 30Hz).

The following is the text version of Theorem 2.
Suppose that the GDN learning is frozen after learning the

FA but still run (generating responses) by taking sensory in-
puts beyond those of the FA, the DN generalizes optimally. It
generates the Maximum Likelihood (ML) internal responses
and actions based on its experience of learning the FA.

The GDN “lives” in the real world and generalizes
optimally, going beyond the FA.

5.3. GDN optimally performs while learning

The following is the text version of Theorem 3.
Suppose that the GDN has run out of its newY neurons as

soon as it has finished simulating the FA. If it still learns by
updating its adaptive part, the DN generalizes (“thinks”)
optimally by generating the ML internal responses and
actions based on the limited network resource, the limited
skills from FA, and real-world learning up to the last
network update.

Such a unified, general-purpose, task nonspecific, incre-
mental, immediate learning DP can potentially develop a
DN to learn a subset of human society’s knowledge as an
FA, but each DN it develops only learns one such FA in its
lifetime. Many DNs learn and live through their own career
trajectories to become many different experts who also share
the common sense knowledge of the human society. The
human programmer of a DP does not need to know the
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meanings of the states of each possible FA, which are only
in the minds of the future human teachers and the learned
DNs.

The following gives additional detail about how a GDN
simulates any FA.

6. Additional Details
First consider the mapping from symbolic setsΣ andQ, to
vector spacesX andZ, respectively.

A symbol-to-vector mappingm is a mappingm : Σ 7→
X. We say thatσ ∈ Σ andx ∈ X are equivalent, denoted
asσ ≡ x, if x = m(σ).

A binary vector of dimensiond is such that all its
components are either 0 or 1. It simulates that each neuron,
amongd neurons, either fires with a spike (s(t) = 1) or
without (s(t) = 0) at each sampled discrete timet = ti.

Let the motor areaZ consist of several concept zones,
Z = (Z1, Z2, ..., Zn). Within each concept zone only one
neuron can fire. For example, each neuron represents a
particular amount of contraction of a muscle or the degree
of a joint. Neurons in each concept zone compete so that
only the winner neuron can fire. If only one concept zone
can fire at any time, the GDN can simulate any deterministic
FA (DFA). If any number of concept zones can fire at any
time, the GDN can simulate any nondeterministic FA (NFA).

If the pre-response value of the winner neuron is higher
than a dynamic threshold, then the winner neuron fires.
Otherwise, the winner neuron does not fire, like other loser
neurons in the same concept zone. The value of the dynamic
threshold in each concept zone can change according to the
modulatory system (e.g., affected by punishment, reward,
and novelty). In the proof of Theorem 1, the dynamic
threshold is machine zero, which accounts for the amount
of computer round-off noise.

Although each concept zone has only one or no neuron
firing at any time, different concept zones can fire in parallel.
For example,Z1 represents the location andZ2 represents
the type of an object. Suppose that each concept zone has
4 positive values plus one value “do-not-care” (when all
neurons in a concept zone do not fire), thenn motor concepts
amounts to5n possible actions, exponential in the number
of conceptsn. A symbolic model requires5n state symbols,
but the motor areaZ needs only4n neurons.

7. Experiments with DN
Our DN had several versions of experimental embodiments,
from networks for general object recognition from360◦

views [22], to Where-What Networks that detect (in free
viewing), recognize, find (given type or location), multiple
objects from natural complex backgrounds [23], to Multi-
layer In-place Learning Networks (MILN) that learn and
process text of natural language [48] (e.g., the part-of-speech
tagging problem and the chunking problem using natural
languages from the Wall Street Journal), to Where-What

Networks that incrementally acquire early language from
interactions with environments and also generalize [29].
Preliminary versions of the DN thinking process has been
observed by [25], [24] for vision as the DN predicts while
learning, and by [29] for language acquisition as the DN
predicts across categories and superset and subset while
learning. However, the impressive results from such DNs
are difficult to understanding without a clear theoretical
framework here that links DNs with the well-known au-
tomata theory and the mathematical properties presented as
the three theorems.

8. Discussions
When the complex nature like the brain-mind has been
explained in terms of precise mathematics, the complex
nature can be better understood by more analytically trained
researchers, regardless their home disciplines.

The DN model develops a “brain” internal mappingX(t−
1)×Z(t−1) 7→ X(t)×Z(t) to explain the real-time external
brain functions. All SNs are special cases of DN in the
following sense: An SN allows humans to handcraft its base
net, but a DN does not. In other words, an SN is a human
handcrafted model outside the brain, while DN is emergent
like the brain inside its closed skull.

Using an SN, the human written symbolic text to define
each node is for consensual communications among humans
only. The machine that runs the SN does not truly understand
such symbolic text. Mathematically, an SN uses handcrafted
symbols in Q to sample the vector spaceZ and uses
handcrafted feature detectors to get a symbolic feature setΣ
as samples inX. Probabilistic variants of SN do not change
the handcraft nature of the base net fromQ and Σ. SNs
are brittle in real physical world due to the static natures of
the symbols, since these symbols are ineffective to sample
an exponential number of sensory images forX and an
exponential number of effector images forZ.

Conventional emergent networks, feed-forward and re-
current, were motivated by brain-like uniform, numeric,
neuronal computations. However, their learning is slow, not
exact, and they do not abstract well.

A GDN is also an emergent network, but is inspired more
by characteristics of internal brain areaY as discussed in
[43]. It learns any complex FA, DFA or NFA, immediately
and error-free, through incremental observation of state
transitions of the FA one at a time, using a finite memory.
In particular, the GDN immediately generalizes, error-free,
to many sensorimotor sequences that it has not observed
before but are state-equivalent. There are no local minima
problems typically associated with a traditional emergent
recurrent network, regardless how complex the FA is. This
means that GDN as an emergent network can abstract as
well as any FA, logic and neat. This indicates that we have
passed “neural networks do not abstract well”.

The GDN theory is also a solution to many well known
nonlinear system problems that are well known in electrical
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engineering and mathematics.
After learning the FA as scaffolding, the GDN can

freeze its learning and optimally generalize, in the sense
of maximum likelihood, for infinitely many input images
arising from the real physical world. Alternatively, the GDN
can continue to learn and optimally think, in the sense
of maximum likelihood, by taking into account all past
experience in a resource limited way. In particular, there
seems no need for the human programmer to handcraft
rigid internal structures, such as modules and hierarchies,
for extra-body concepts. Such structures should be emergent
and adaptive. For example, the input fields of every neuron
should be emergent and adaptive, through mechanisms such
as synaptic maintenance (see, e.g., Wang et al. 2011 [42]).
This array of properties indicates that GDN as a new kind
of neural networks goes beyond FA and their probability
variants SNs.

Much future work is needed along the line of GDN
autonomous thinking, such as the creativity of GDN, in
the presence of complex backgrounds that are not directly
related to the current task or goal.
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