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ABSTRACT

We show connections between dendritic processing structures and
Hidden-Markov Model (HMM) decoding that we arrived through siumul-
tanious circuit design of these systems. From an integrated circuit (IC)
toward biology perspective, these simple spreading networks relate well 1o
cable theory and are similar to biological structures such as dendrites and
cortical cells. Going in the other direction, from IC to classical digital sig-
nal processing (DSP), these structure hold similarities to HMM decoders.
In order 10 implement both structures reguires a compact array of variable
conduciance elements. Using floating-gate transistors we are able to indi-
vidually vary the conductance of each diffuser element in the array, which

dramatically changes the analysis of these arrays.

We believe there is a common framework underly-
ing the computation performed by Hidden Markov Mod-
els (HMM) and the computation performed by cortical den-
drites. We arrived at this conclusion through initially inde-
pendant projects exploring each system and, in the process,
discovered similarities, first in the common circuit tech-
niques and then within the systems as well. This approach
illustrates the design synergy of neuromorphic engineering
— biological systems inspire engineering design, and en-
gineering practice inspires biological theory. This research
provides a good example of how an integrated-circuit ap-
proach can bridge signal processing techniques and neural
modeling; only simultaneous construction of these two dif-
ferent IC models made similarities obvious.

Both techniques are based on diffusor networks, origi-
nally presented by Boahen, et. al [1]; classic diffusors have
a constant conductance and a constant leak term. In par-
ticular, we use programmable diffusor networks, built from
floating-gate transistors, for which we first presented exper-
imental results elsewhere [2]. Floating-gate elements have
been vsed in a wide variety of applications [3]. In the diffu-
sor network, floating-gate transistors set the conductance of
each element individually, thereby cancelling mismatch and
allowing a desired conductance to be programmed [4]. The
result is that scaling the floating-gate voltages, particularly
in a linear fashion, we can choose between classic diffusive
behavior [1], described by parabolic PDEs, and forward or
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backward wave propagation, described by hyperbolic PDEs.
Charge on each floating gate determines the wave direction
and wave propagation speed.

Given the depth of this subject, we will organize this
paper to give an overview of our IC implementations and
resulting mathmatical derivations for HMM classification
(Section 1), as well as IC implementations of dendritic pro-
cessing (Section 2) . Experimental and simulation results
derive from ICs built in 0.5.:m processes (through MOSIS).

1. HMM IC IMPLEMENTATIONS

A Hidden Markov Model (HMM) can be viewed as a state
machine in which the states themselves are not observable,
but an output, whose statistics are determined by the cur-
rent state, is observable. For example, in using an HMM to
model speech production the states are the desired utterance
(phonemes and words) and the observations are features of
the audio signal produced by the talker. The audio features
are determined by the spoken word but they are randomly
distributed since each time that same word is spoken it will
sound a little different.

For recognition problems, the goal is to estimate the un-
derlying states of the state machine based on the observed
outputs. For speech recognition, the HMM decoder takes as
inputs the signal statistics or features and generates a prob-
ability of occurrence on any one of a set of speech “sym-
bols.” These “symbols’ can be grouped over multiple short
windows to generate larger symbols, such as phonemes or
words. The ongoing input train of symbols is used to map a
path through a probability trellis for the larger blocks [5].

We want to revisit the mathematical modeling for HMM
classification and translate the formulation to be more eas-
ily implemented in continuous-time analog hardware. For
the stereotypical speech production HMM (Fig. 1), the like-
lihood update equation is

$i(n) = by(n) (1 ~ a;)gi(n — 1) + ai_1¢i—1(n — 1)),
(1)
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and rewriting in the continous-time case is
¢i(t) = bi(t) (1~ 00)di(t — 7} + @i ima (t = 7)), (2)

where ¢; represents the current state at time {t) or time in-
dex (n), 7 is the time between index (n) and (n-1), J is the
distance between node (i) and (i-1), b; is the input to the
current state and a;(n) are the transition probabilities be-
tween adjacent states. We express a differential-equation
Continuous-time formulation by Taylor expand the terms,

pilt —7) ~ () - 7280,
Gia(t —7) ~ @1 (t) — Td_(d’éff))’ 3)

which results in the following equation which is consistant
through 1%¢-order terms (both in position and time):

dey(t) 1
i +(bi(t)

~1) 0ut) = as (61(0) ~ (6D

(4)
Although this equation is sufficient for IC implementation,
we expand this equation in position (x} to first order:

dehi(t) 1 de;(t) _
G (gm0 w0 G =0
S e’ .\ e ’

state decay term wave

element propagation

The resulting equation is a wave propagating PDE, where
a; modifies the velocity of the resulting wave, and the input
probabilities, b;(t), set the decay rate of the ¢;(¢) values.
The velocity of this wave is ;4 /7.

Figure 1b shows our HMM branch implementation and
HMM network implementation. For our implementation,
we look at HMMs as propogating waves and the probabili-
ties relate to the velocity of propogation. We can build com-
pact, programmable wave-propagating structures using a
floating-gate programmable diffusor circuit with each volt-
age programmed such that we get either forward or back-
ward propagating waves with minimal diffusion compo-
nents [4]. A comparison with the terms in (4) shows a direct
correspondance to the circuit implementation as

¢ State Element — Capacitor (storage),
e Wave propagation — Propagation transistor, and
e Decay term — Leak transistor (b;(t) input).

We impiement the b;(¢) terms through log-compressed volt-
age signals modifying the floating-gate input of the i** leak
transistor. We represent ¢;(n) = I; /I, for I, as the leakage
current at that node for the reference level of #(t), where I,
as a reference current for the array of elements. Although
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Fig. 1. Circuit design for our HMM branch etement. (a) State diagram
for a branch of an HMM classifier network typical in speech recognition.
(b) Circuit diagram of our HMM network. Our branch element design is
based upon diffusor elements to perferm the classical HMM calculation. In
this framework, each branch element exhibits wave propagation. We can
build these branch elements into an array for classification. The shaded
areas show the transistors corresponding to terms in the continuous HMM
equation.

b;(t) = 0 requires co leakage conductance and &;(t) = 1
requires zero leakage conductance, we practically do not
reach these limits, although the variation between these two
conductances is typically 9 orders of magnitude.

We can show that 7 is a function of the current at that
position (7 = CUr/I;). At a lower current, the tau will de-
crease, resulting in the information persisting longer than in
a typical HMM network. Unlike a digital system, which
has many orders of magnitude available in floating-point
representations, analog systems have a finite usable current
range. As aresult, alower 7 as the signal is decreasing will
allow for the signal to exist longer in the system.

2. DENDRITE IC IMPLEMENTATIONS

Dendritic computation is a mixture of digital and analog
computing paradigms. Dendrites are a major portion of neu-
rons. They function as the inputs to the cell. Dendrites use
complex connectivity to make a wide range of connection
morphologies. They do not, however, merely transmit data
from pre-synaptic neurons to the cell body to which they
are connected; recent experimental measurements suggest
70 percent of power in the brain is supplied at dendrites. In-
stead, they are instrumental in performing sometimes com-
plex computations. Since synapses (connections between
cells) are made on the surface of these cells, dendrites in-
crease the number of connections which can be made while
still optimizing the cell to fit into a small space. [7]). As
we previously stated, it is the dendrites that carry signals
from pre-synaptic cells toward the cell body of the post-
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Fig. 2. (a) The membrane of a cell (including the
dendrites) is comprised of a two layer lipid and chan-
nels which span both layers of the lipid. The chan-
nels selectively allow certain ions to pass across, and
can be modelled by a transistor [6]. The membrane it-
self does a very good job of separating charge and has
been classically modelled with a capaciter. (b) Inside
the cell, ions spread from point A to B by means of
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Fig. 3. Simulation data from an active diffuser net-
work under various bias conditions. (a) Network re-
sponse to a single input at the end of the array, show-
ing propagation of a voltage spike down the entire length
of the array. The diffuser voltages are equal throughout
the array. (b) Network response with an input similar to
“a”, however, the leak conductances are linearly increas-
ing from node 0 up to node 30. A input pulse at node
15 only propagates in one direction due to the increase in
the diffuser voltages.
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synaptic one (the cell that the dendrite is physically a part
of). Whether or not the signal from the pre-synaptic neu-
ron is able to generate a response in the post-synaptic cell
depends on several factors: Strength of the synapse, Being
“boosted” by other excitatory signals, Being suppressed by
inhibitory signals, Distance the signal must be transmitted,
and Morphology of the dendrite itself.

Looking at Fig. 1 we see the development of our argu-
ment. Part (e) shows the classical model of how neurobiolo-
gist emulate dendrites. However, it falls short in several ar-
eas. It does capture the fact that there is in fact a resistance
down the line of the dendrite itself, and that current leaks
out through the membrane. However, this model linearizes
the system considerably. What really happens? If we look
closely at the membrane (a), we can see that we have a
membrane which separates the charge, which a capacitor
models very nicely. Current is able to actually leak out
through protein channels in the membrane. The channels
are better modelled with a MOSFET transistor biased in
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the sub-threshold regime [6]. Axially, (b), ions move from
point A to point B through the dendrite by diffusion. Again,
this point is better modelled by a sub-threshold MOSFET
transistor than a resistor due to the fact that charge trans-
port through a sub-threshold MOSFET transistor is diffu-
sive. Using MOSFET’s we are able to overcome another
limitation with the classic view. That is, dendrites do not
have isometric diameters from the cell body to the distal
end. In fact, the diameter changes exponentially. This
yields an exponential change in axial conductance, which
can be emulated using a linear change on the gate voltages
of the diffusion transistors. Our model for the dendrite is
found if (d). Therefore, we model a passive dendrite—a
dendrite using channels with no voltage dependence—using
programmable diffusors.

This dendrite circuit can incorporate active channels
based upon similar modeling {2]. Our channel models are
based upon transistor channe! models instead of the neural
modeling paradigm started by Hodgkin and Huxley [6]. In-
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Fig. 4. Circuit design for our HMM branch element with its correlations
to transistor modeling of biological channels. The floating-gate elements
are programmed to support wave propagation in one direction. The leak
elements are models of inhibitory synapses, and the input transistors are
models of excitatory synapses. We can include positive feedback in the
form of Sodium (Na) channels resulting in signal dependant normalization
and pruning,.

stead of only simple channels with no voltage-dependence,
we add Hodgkin-Huxley type channels in various spatial lo-
cations. We can directly match the channel types and dy-
namics, vsually involving combinations of sodium, potas-
sium, and calcium channels, seen in biological dendrites.

Figure 1 shows results for a dendrite using these ac-
tive dendrites for a single excitatory synapse input. Exci-
tatory, inhibitory, and membrane dependant synapses are
efficiently built using these transistor channel modeling ap-
proaches [8]. Theoretical descriptions of these channels and
elements agree well with SPICE simulation and experimen-
tal measurements [2, 9].

3. COMPARISON BETWEEN DENDRITIC
COMPUTATION AND HMM CLASSIFICATION

The remaining question is to link these two implementa-
tions. Using concepts from IC transistor modeling of den-
drites and the IC implementation of an HMM network, we
can reformulate a given HMM tree. A diffusive network
with many possible bifurcation points biased such that it is
a low-spreading wave-propagation network. This effect is
achieved in dendrites by an exponentially increasing diame-
ter from distal to proximal parts of the cable, is a direct con-
sequence of (4) for the HMM computation, and is achieved
electronically using programmable diffusor elements. The
inputs (b;{t)) to the HMM network set leakage conduc-
tances to decrease ¢;(t) over time, which is implemented
by allowing b;(t) to be applied as an input to part of the
programmable diffusor network, and is similar to a transis-
tor channel model of an inhibitory synapse [2, 8] using a Ci
reveral potential. Many of the external inputs to a layer of
cortical pryamidal cells are inhibitory. The starting inputs
at the beginning of the HMM branch are similar to the large
number of excitatory synapses at the distal end of the den-
dritic tree. These synapses start of the HMM classification
process, and allow for mulitiple starting conditions as would

be necessary for an asynchronous, multiple winner classifi-
cation process. Adding positive feedback through circuits
that model Na channels helps renormalize the signal level.

Further, we see significant comparisions to HMM clas-
sifier networks, which will be elaborated in further dis-
cussions. In particular, the selection of a particular HMM
branch, and therefore its corresponding symbol location, is
similar to the Winner-Take-All (WTA) networks between
the excitatory pyramidal cells and other inhibitory cells in
cortex, and would be implemented by a range of WTA cir-
cuits [10]. The reseting function also has strong correlations
to the resulting feedback between cortical neurons in cortex

The comparison between existing HMM algorithms and
models of dendritic computation opens many opportunities
in both areas, opportunities only begun in the writing of this
paper. We have a resulting computational model for den-
dritic computation, that expands well to models of layers
of cortical cells. Starting from training HMM classification
networks, we have a starting point to discuss the system-
level implications of synaptic learning (LTP) in dendrites.
The active channels in dendrites provide a range of nonlin-
ear functions to implement signal dependant normalization
and pruning in HMM networks.
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