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Peripheral sensory activity follows the temporal structure of input sig-
nals. Central sensory processing uses also rate coding, and motor outputs
appear to be primarily encoded by rate. | propose here a simple, efficient
structure, converting temporal coding to rate coding by neuronal phase-
locked loops (PLL). The simplest form of a PLL includes a phase detector
(thatis, a neuronal-plausible version of an ideal coincidence detector) and
a controllable local oscillator that are connected in a negative feedback
loop. The phase detector compares the firing times of the local oscillator
and the input and provides an output whose firing rate is monotonically
related to the time difference. The output rate is fed back to the local oscil-
lator and forces it to phase-lock to the input. Every temporal interval at the
input is associated with a specific pair of output rate and time difference
values; the higher the output rate, the further the local oscillator is driven
from its intrinsic frequency. Sequences of input intervals, which by def-
inition encode input information, are thus represented by sequences of
firing rates at the PLL’s output. The most plausible implementation of PLL
circuits is by thalamocortical loops in which populations of thalamic “re-
lay” neurons function as phase detectors that compare the timings of cor-
tical oscillators and sensory signals. The output in this case is encoded by
the thalamic population rate. This article presents and analyzes the algo-
rithmic and the implementation levels of the proposed PLL model and de-
scribes the implementation of the PLL model to the primate tactile system.

1 Introduction

The distinction between rate and temporal coding is not always clear (The-
unissen & Miller, 1995). For example, temporal coding is sometimes re-
garded as rate coding with a fine time resolution. In this article, temporal
coding will refer to coding in which the exact time of every spike is infor-
mative. Rate coding will be associated here with a temporal window, the
rate bin, within which the exact temporal information is not informative
and the information is carried by the average firing rate over the entire tem-
poral window. The rate bin is usually determined by the integration times
of the readout mechanisms. A rate encoded signal can thus be described by
a series of numbers, each of which represents the average firing rate in a
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single rate bin (see appendix A.1). Fluctuations in the average firing rate of
a neuron over different rate bins are considered here as fluctuations of rate-
encoded information, and not as temporal coding, as has been considered
previously (Richmond & Optican, 1987). A temporally encoded signal is
described by a series of numbers, each of which represents either the timing
of a single spike or a single interspike interval (ISI; see appendix A.1). The
information contained in the spiking times can be presented in different
ways; two of them are depicted in Figure 1: M(n) describes the deviations
of the actual train from an imaginary, ideally periodic, “carrier” train and
I(n) describes the ISIs. Figure 1 also demonstrates the distinction between
temporal and rate coding; the spike train in this example carries a significant
amount of information if a temporal coding is assumed (see Figure 1a), but
almost no information if a rate coding with a particular rate bin is assumed
(see Figure 1b). Practically, this distinction is important for reading out the
information of the spike train. A readout mechanism based on rate will
lose more and more information as its integration time increases. To read
out temporally encoded information, a rate-based mechanism needs to em-
ploy integration times shorter than half of the input temporal resolution,
an implementation that is both nonefficient and, with fine input resolution,
not practical for neurons. The other alternative is to utilize preprocessing
by time-sensitive mechanisms—mechanisms that produce populations of
spikes, where the number of spikes in a population directly represents the
ISI at the input and the exact times of these output spikes is not important.

Another important distinction is between peripheral and central tem-
poral encodings (Perkel & Bullock, 1968). When a stimulus is temporally
encoded at the periphery, the peripheral ISls directly describe stimulus fea-
tures such as spatial periods (Darian-Smith & Oke, 1980) whereas when
stimuli are temporally encoded centrally, the centrally generated temporal
structures are usually not directly related to the stimulus (Engel, Konig, Kre-
iter, Schillen, & Singer, 1992; Abeles, Bergman, Margalit, & Vaadia, 1993).
This article deals with central decoding of peripherally generated temporal
encodings. Using the term decoding in neuronal contexts should not im-
ply that the original signals are reconstructed, but rather that the encoded
information is extracted (Perkel & Bullock, 1968).

In mammals, sensory information is encoded by both rate and temporal
coding (Sejnowski, 1995; Carr, 1993; Middlebrooks & Green, 1991; Wang,
Merzenich, Beitel, & Schreiner, 1995; Johansson & Vallbo, 1983; Berkley,
1978). Whereas spatial static information is usually encoded by rate, dy-
namic information, generated during movements of either the stimulus or
the sensory organ, is encoded also by temporal cues (see, for example, en-
coding of spatial intervals by ISIs of tactile [Darian-Smith & Oke, 1980]
and visual [Shadlen & Newsome, 1994] neurons). In contrast, motor con-
trol is assumed to utilize rate coding predominantly (Georgopoulos, 1986;
Fetz, 1993; Wise, 1993), even at the early stage of motor planning (Bous-
saoud & Wise, 1993). Thus, information carried by the sensory temporal
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Figure 1: Encoding by spike trains. (a) Temporal encoding. Two possible presen-
tations of the information contained in the spiking times: a series of 1SlIs [I1(n)]
and a series of absolute modulations [M(n)]. M(n) is the difference between
the actual timing of the nth spike and the timing expected by an imaginary,
ideally periodic, “carrier” train that has the same average periodicity and no
modulation (see appendix Al). (b) Rate encoding. The spike train is divided into
several rate bins (four in this case), and the total number of spikes in each bin
determines the value of the rate function r(t) for that bin. Insets: S(t'), a spike
triggered at t' = 0; R(t), a step function with a unity gain and a duration of a
rate bin, T,.

components is probably translated, by neuronal circuits in the brain, to
rate-encoded signals that are “readable” by the motor system. If such a
translation occurs early in a sensory pathway, the translation would also
facilitate integration of temporally encoded information with other, rate-
encoded sensory information. This necessity for translation was elegantly
demonstrated by Mountcastle and his colleagues (Talbot, Darian-Smith, Ko-
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rnhuber, & Mountcastle, 1968; Mountcastle, 1993) over the past few decades.

A mechanism that utilizes neuronal delay lines to transform temporal
coding to rate coding has been suggested by Jeffress (1948). Such delay
lines exist in the electric sensory system of electric fishes and in the subcor-
tical auditory systems of birds and mammals (reviewed in Carr, 1993). These
delay lines are probably utilized to decode temporal disparities, which in
the submillisecond and low millisecond ranges can determine interaural
time differences and echo delays, respectively. As the delay increases above
a few hundred microseconds, implementations of delay lines require mul-
tiple neuronal elements, and the accuracy decreases (Carr, 1993). A mech-
anism that uses synaptic time constants appears more suitable to decode
temporally encoded information in the millisecond range (Buanomuno &
Merzenich, 1995). Both of these mechanisms describe “passive,” open-loop
decoding schemes that are based on classification of different I1Sls according
to their interaction with predetermined neuronal temporal features. In this
article, | suggest an “active,” closed-loop decoding mechanism, which dy-
namically adapts its working parameters to match the incoming signal. This
phase-locked loop (PLL) model is based on a local oscillator “measuring”
the instantaneous temporal period of the input by comparing it to its own
period. During decoding, the local oscillator updates its period according
to the result of the comparison, such that it remains tuned to the changing
input. The PLL is a well-known mechanism in electrical engineering where
it is often used for the decoding of phase-modulated signals. The algorithm
presented here was adopted from that of continuous-time electronic PLLs
(Gardner, 1979) and modified to fit discrete-time neuronal PLLs. This ap-
proach uses a small neuronal network as a PLL, unlike a previous approach
that described a single-neuron as a PLL (Hoppensteadt, 1986).

Neuronal PLLs appear suitable to decode temporally encoded informa-
tion in the range of a few to a few hundred milliseconds. However, decoding
by a single neuronal PLL is usually limited to phase modulations that are
in the order of its intrinsic period. Thus, decoding in different frequency
ranges requires different PLL circuits, and decoding of large modulations
requires an ensemble of several PLLs. In this article, the mechanism of a
single PLL is described in detail, whereas only the principles of operation
are described for the postulated ensemble.

Depending on the parameters of a stimulus, sensory firing could engage
different temporal forms. For example, the peripheral tactile response to a
moving grating can be one spike per bar or aburstofavariable length per bar
(Darian-Smith & Oke, 1980; Morley and Goodwin, 1987). For clarity, simple
temporal forms will be assumed here. Sensory firing with bursts does not
affect the principles of decoding described here (S. Serulnik and E. Ahissar,
unpublished observations), although it affects the decoding details.
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2 The PLL Model

2.1 ThePLL Algorithm. The simplestversion of afirst-order PLL (Gard-
ner, 1979) is adopted here. A first-order neuronal PLL is composed of two
elements (see Figure 2a): a phase detector (PD) and a rate-controlled os-
cillator (RCO). The RCO is a local oscillator whose output frequency, and
thus the timing of its output spikes, is controlled by the firing rate of its
input. If the input is zero, the RCO will fire at its intrinsic frequency. The
more excitatory the input, the higher the RCO’s output frequency, and the
more inhibitory the input, the lower is the RCO’s frequency. The PD com-
pares the phase—the time of arrival—of each of the spikes of a repetitive
input against the phase of the RCO spikes and produces an output that is
a “measure” of (i.e., its firing rate is proportional to) that phase difference.
The RCO can be regarded as a rate-to-temporal code converter and the PD
as a temporal-to-rate converter. The PD’s output (Ry) is fed into the RCO’s
input and changes the RCO’s firing phase in the direction that will can-
cel the phase difference (in fact, cancel any deviation from some constant
phase difference), establishing a negative feedback loop (see section A.2).
Note that in the following description phase difference and temporal difference
are interchangeable terms, both expressed in time units.

The PLL is considered locked when the RCO’s instantaneous frequency
equals the input’s instantaneous frequency. The phase difference, in the
locked state, depends on the difference between the input frequency and the
RCO’s intrinsic frequency (see appendices A.3 and A.4). While locked, the
RCO generates one and only one oscillation cycle for each input cycle. For
simplicity, assume that a single spike represents a single cycle, even though
a short burst or an ensemble of single spikes over a cell population is also
possible. In the absence of noise and with ideal PLLs (see appendix A.3),
the RCO’s output spike train is a perfect replica of the input spike train, but
with a delay of one cycle plus a constant phase shift. This is because, with
ideal PLLs, any deviation of the input from the expected ISl is followed by
an identical deviation of the RCO’s ISI at the next cycle.

The decoding (or recoding) of the input information is based on the de-
layed internal replica of the input spike train. As long as the PLL is locked,
the RCO’s ISI has to be modulated by the same information that modulates
the input ISI. Thus, the input information is represented by the rate-encoded
signal that drives the RCO (see appendix A.4). This signal is the PLL’s out-
put. The same decoding mechanism can be described differently, at least for
ideal PLLs: every input ISl is “stored” as the next RCO’s ISI. Thus, at each
cycle, an input ISl is compared with the input’s previous ISI, and the change,
which is the encoded information, is detected by the PD and presented as a
rate-encoded signal (see appendix A.4). While the PD’s (=PLL’s) output is
affecting the RCO at every cycle, it can be integrated over several cycles by
a potential readout mechanism. The readout integration time, or rate bin,
determines the maximal rate of information that can be represented inter-
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Figure 2: The first-order neuronal PLL algorithm. (a) Schematic diagram. The
output of the phase detector (PD) is proportional to the difference between the
timing of its two inputs. The output frequency of the rate-controlled oscillator
(RCO) is modulated by the firing rate of its input (see loop equations at bottom
and appendix A.2). (b) Schematic examples of transfer functions. For every
li within the working range, Rq(n + 1) increases as a function of the timing
difference [n,(n) — n;i(n)] and the timing difference decreases, via decrement of
l,(n), and thus of n,(n), as a function of Ry(n). The crossing (working) point is
approximately (exactly for linear systems) at (A9, Ry).

nally; higher rates require shorter integration periods. Note that the phase
of the input is not lost but rather preserved by the firing phase of the PLL’s
output, which is phase locked to the input (see, for example, Figure 6b).
Thus, the output of the PLL is a rate-encoded signal proportional to the
difference between the RCO’s intrinsic period and the input instantaneous
ISI. This signal can be decomposed to two components: a DC component
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(Rqc), which represents the difference between the RCO’s intrinsic period
and the average input ISI, and an AC component (Ry), which represents
the dynamic input information (see appendices A.2 and A.4). An ideal PLL
should be able to track any change in the input ISI within one cycle. Practi-
cal PLLs, however, are limited in both their working ranges—the ranges of
trackable input frequencies (see appendix A.2.3)—and lock-in times—the
time required for moving into a new locked state. The lock-in dynamics,
which is mainly determined by the loop gain (see appendix A.2.3), limits
the maximal rate of change in the input frequency that a given PLL can track
and decode.

PLLs of higher than first order have low-pass filters between the PD
and RCO. Such filters improve the loop performance, especially in noisy
conditions (Gardner, 1979; Viterbi, 1966). Low-pass filtering, also referred
to as input integration, is an elementary feature of nerve cells. It is assumed
that the RCO uses such filtering in its input stage. However, for simplicity,
higher-order circuits will not be discussed here, since the first-order version
is sufficient for code translation.

2.2 Implementations of PLLs. There are two main families of PLL im-
plementations: excitatory PLLs (ePLLs) are those implementations in which
the PD excites the RCO (see Fig. 3a, dashed lines), and inhibitory PLLs
(iPLLs) are those implementations in which the PD inhibits the RCO (see
Figure 3a, dotted lines). Here, only two specific implementations of these
families—the AND-like and NAND-like implementations—are described
in detail. Thus, ePLL will refer to an AND-like and iPLL to a NAND-like
implementation, unless otherwise noted. In the following descriptions, only
essential components are included, a case that probably does not occur in the
brain. The described implementations should thus be regarded as building
blocks that can be used separately or in combination in the brain. Accord-
ingly, the principles of, not the exact, operation of such hypothetical PLL
circuits are discussed.

The basic ePLL is a straightforward implementation of the PLL algorithm
(see Figure 2) and involves two sets of neurons: the PD and RCO sets (see
Figure 3a). The basic iPLL, in addition to these two sets of neurons, involves
a set of inhibitory cells (INH). In both ePLL and iPLL, every component is
implemented by a set of neurons similar to each other. These sets of neurons
are interconnected by “diverging/converging” pathways; every cell in the
projecting set sends axons to many cells in the target set, and every cell in
the target set receives synapses from many cells in the projecting set. The
set of RCOs of a given PLL is regarded as a set of coupled oscillators that
oscillate at the same frequency. The redundancy of the RCO and INH cells
has no specific role in the presented implementations beyond improving
robustness. However, the efficiency of phase detection by a PD composed
of a population of cells is significantly better than the efficiency of a single
coincidence detector. The number of coincidence-detecting neurons that
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Figure 3: Possible implementations of a single PLL. (a) Connection schemes.
For clarity, the width (w) was arbitrarily set at 7. Dotted lines indicate inhibitory
PLL (iPLL); dashed lines, excitatory PLL (ePLL); and INH, inhibitory neurons.
(b) Schematics of two possible PLL implementations where the PD operates in
an AND-like manner.

compose the PD set defines the “width” (w) of a single PLL. Arbitrarily, it is
assumed that the other neuronal sets (INH and RCO) have the same width.
A reasonable estimation for the minimal value of w can be derived from the
number of peripheral fibers activated by a “point” stimulus. In the tactile
case, for example, this number is around 20 (Johansson & Vallbo, 1980).

2.2.1 Implementations of PDs. In principle, each neuron can operate as a
degenerated PD. When functioning as a “coincidence detector” (Goldberg
& Brown, 1969; Abeles, 1982), a cell will fire only if a certain number of its
inputs will be synchronously active—that is, a single neuron detects a zero-
or near-zero-phase difference among its inputs. Thus, to serve as a PD, the
neuron’s inputs should be predominantly organized into two groups, with
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the inputs always being temporally coordinated within each group. The
neuron will function as an AND-like zero-phase detector if its threshold is
set such that neither of these two groups of inputs is able by itself to activate
the cell, but there is a high probability that synchronous operation of both
inputs will activate it. Coincidence detection, however, is not sufficient for a
PD. A usable PD should have a range within which its output is a monotonic
increasing or a monotonic decreasing function of the phase difference (see
appendix A.2).

2.2.1.1 Asingle neuron AND-like PD. The PD capacity of asingle neuron
is due to the nonzero time constants of its inputs. If a neuron receives two
major inputs, the range of delays that it will be able to resolve (i.e., its
working range) will depend on the amplitude and time constants of the
two inputs. For example, suppose the excitatory postsynaptic potentials
(EPSPs) of both inputs, when measured at the axon hillock, exhibit short
rising times, long decays, and relatively strong amplitudes (see Figure 4a).
The longer the delay between the inputs—the phase difference—the shorter
the period in which the membrane potential will be above threshold, and
thus, the fewer the spikes that will be emitted. Thus, the output rate of
a single neuronal PD is generally a monotonic decreasing function of the
input phase difference.

For frequencies near 30 Hz, for example, the working range of an appro-
priately tuned neuron covers about half a cycle (see appendix A.5), which
is satisfactory for a PD (Gardner, 1979). However, the refractoriness of a
single neuron results in a poor output resolution—usually poorer than 2
ms. For example, tracking a frequency of 30 Hz with an error less than 1 Hz
requires the RCO to be informed about deviations as small as 1 ms in the
input spike train. A single neuron with a refractory period of 2 ms or more
cannot provide this resolution. In addition, single-cell reliability is limited,
and noise will significantly influence the single neuron PD’s performance.

2.2.1.2 Apopulation AND-like PD. To increase a PD’s resolution, a num-
ber of single cells, say w, can be arranged in parallel such that all receive
the same input, but with different delays (see Figure 4b). Let Ty, denote
the effective width (see appendix A.5) of the RCO’s output and Ty, the ef-
fective width of the input. The most efficient phase detection occurs with
Two = Twi. In this case, every phase difference between 0 and Ty, produces
a different population sum (see appendix A.1) at the PD’s output. Since the
population sum is directly related to the overlap period, this dependency
is monotonic. If the input delays are generated by constant and reliable de-
lay lines, the phase differences will be also coded by the PD’s population
vector (see appendix A.1). Both “sum PD” and “vector PD” are valid PD
implementations.

Schematically, the two input signals to the PD can be described as square
waves (see Figure 4c) whose duty cycles are determined by their effective
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had the other input been considered “on,” summation of the generated
EPSPs would be suprathreshold in at least one of the PD neurons. If the
PD’s output is a linear function of the inputs’ overlap time, then the transfer
function would take the form described in Figure 4d (see appendix A.5).
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Since gq is required to be monotonous, it is clear that a PLL can function only
in limited ranges of phase differences: either within one of the increasing
monotonic ranges (see Figure 4d, ePLL) or within one of the decreasing
monotonic range (see Figure 4d, iPLL). In the AND-like ePLL, the RCO’s
output leads the input (n, — i < 0), and in the AND-like iPLL, the RCO’s
output lags the input (see Figure 4d). Each of these implementations requires
a different circuit to achieve the negative feedback (see appendix A.5). In
the ePLL, the PD excites directly the RCO, and in the iPLL the PD excites
inhibitory interneurons (INH) which, in turn, inhibit the RCO (see Figure 3
and section A.5.2). Note that the PD transfer function is periodic. Thus, large,
instantaneous input modulations can move the PLL from one working range
to another, producing only instantaneous tracking errors—that is, losing or
“filling in”” one or more input cycles.

Figure 4: Facing page. Implementations of neuronal AND-like PDs. (a) A single-
cell PD. The two inputs, which are massive, generate two giant EPSPs with
exponential decays (A = 0.9, T = 10 ms). More spikes are emitted when the
overlapping time is larger (i.e., when there is a smaller time difference between
the inputs). V,, resting voltage; Vy,, threshold voltage. (b) A population PD. A
population of cells in which each cell receives a delayed version of the Input,
each after a different delay. The RCO signal decays more slowly (r = 33 ms)
than the Input and arrives simultaneously at all cells. As the time difference
between the arrival of the RCO signal and the Input increases, fewer cells will
be activated. (c) A schematic description of a population AND-like PD. The
population signal of the Input is a pulse function, which is the “envelope” of
all the delayed versions of the input, ignoring fluctuations due to EPSP shapes.
At any time when both the Input and the RCO signal are “on,” it is assumed
that at least one of the PD cells will be activated (see section 2.2.1.2). The RCO
signal is described as a pulse function, where the pulse duration is defined by
the part of the RCO-driven EPSP in which adding an EPSP of the input (in any
of the PD cells) will drive the membrane voltage above threshold. If the time
difference between the two inputs decreases (dashed line of the RCO), the PD’s
output becomes stronger (two additional, dashed, spikes). (d) An example of
a linear AND-like PD transfer function (gq). The output is stronger for time
delays [n,(n) — n;i(n)] that have smaller absolute values (larger overlap) and
monotonically decreases in response to larger time differences. The exact form
of the periodic transfer function depends on the input parameters (dashed lines;
see section 2.2.1.2). The working range of the iPLL includes ISIs that are longer
than the intrinsic period (T,), while the working range of the ePLL includes ISIs
that are shorter than the intrinsic period.
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2.2.1.3 Other PD implementations. The AND-like implementation
adopted here is not the only possible one. PDs could implement an OR
function, in which the PD fires when either of its two inputs is active, or
an ANDNOT function, in which the PD fires only when the input is active
and the RCO is silent (E. Ahissar and M. Zacksenhouse, unpublished obser-
vations). Variations of these three basic mechanisms are also possible. For
example, each input can activate the PD by itself, whereas a synchronous
activation augments the PD’s output (an AOR operation). All of these mech-
anisms can be implemented in either ePLL or iPLL configurations. Since the
transfer function of the RCO is probably always a decreasing one, the po-
tential working ranges for each implementation are those in which the PD
function is increasing (see appendix A.2).

2.2.2 Implementations of RCOs. Almost any single neuron can be re-
garded as a voltage-controlled oscillator (VCO or VCON; Hoppensteadt,
1986). However, the PLL circuit presented here requires that the RCO ex-
hibit an explicit periodic output activity. One possible model for a neuronal
intrinsic oscillator is Calvin’s regenerative firing mode (Calvin, 1975). Ac-
cording to this model, each spike is followed by a strong afterhyperpolar-
ization (AHP), which recovers at some rate until it reaches the threshold
again, generates a new spike, and then restarts the process. The average
ISI, Ty, is determined by the depth of the AHP and the average input to
the neuron. Modulations of the input produce modulations of the RCO’s
ISI (inhibition extends I,(t), whereas excitation shortens it (Calvin, 1975;
Perkel, Schulman, Bullock, Moore, & Segundo, 1964; Hoppensteadt, 1986;
see Figure 5). In another possible model, the RCO has intrinsically generated
subthreshold oscillations that become suprathreshold with an appropriate
DC input. The frequency of such oscillations is often controlled by the in-
put (Llinas, Grace, & Yarom, 1991). Both subthreshold and suprathreshold
intrinsic oscillations often present close-to-linear input-output (current to
frequency) transfer functions (Calvin, 1975; Llinas et al., 1991; Silva, Ami-
tai, & Connors, 1991). This implies that the input-rate to output-frequency
transfer function of these oscillators is close to linear, since the amount of
input current accumulated during a cycle is directly related to the rate of
synaptic activation.

Three different frequencies are associated with an RCO. The intrinsic
frequency (f; = 1/T¢) is the RCO’s frequency when the input to the RCO is
quiescent. The local frequency is the RCO’s frequency when the input to the
PLL is quiescent, a situation that may include spontaneous activity within
the loop. The working frequency (f, = 1/T,) is the RCO’s average frequency
during the decoding of a specific input.

2.3 Simulation. Validation of the basicideaofaneuronal PLL circuitand
a demonstration of such a circuit’s operation is provided by a simulation
of a simple circuit that includes only the essential elements of the iPLL (see
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Figure 5: A neuronal RCO mechanism. (a) Output signal. The thick traces de-
scribe the membrane voltage of an RCO with no modulating input—when the
RCO oscillates at its intrinsic frequency. Additional excitation or less inhibition
will increase the depolarization slope, and thus increase the frequency of the
RCO’s output (top, thin trace). Additional inhibition or less excitation will de-
crease the slope, and hence decrease the frequency (bottom, thin trace). (b) A
schematic transfer function of the RCO plotted as in Figure 2b. As the input (Ry)
increases, the ISI (l,) decreases.

Figure 6a). The simulation was performed on a DEC 3100 workstation us-
ing Genesis, a general-purpose neuronal simulator (Wilson & Bower, 1989).
Neurons were represented by two compartments: one that represented an
excitable soma that obeyed Hodgkin-Huxley kinetics and another that rep-
resented the dendrites. Three types of synapses were simulated: (1) fast-
excitatory, non-NMDA-like synapses with a conductance time constant (t) of
1 ms; (2) slow-excitatory, NMDA-like synapses with t = 20 ms, and (3) slow-
inhibitory, GABAg-like synapses with = 20 ms. Axons were simulated as
delay lines that conducted action potentials. Intrinsic oscillations were sim-
ulated by increasing the maximal sodium conductance by approximately
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Figure 6: Computer simulation of a neuronal PLL circuit. (a) Simulated circuit
and spike trains. The circuit was composed of one input cell (1), 20 PD neurons
(PD), 20 different delay lines from the input to the PD neurons, and one RCO
neuron (RCO) receiving an inhibitory input from each of the 20 PD neurons. The
timings of the input spikes and the membrane voltage of the RCO are presented
atthe bottom. (b) The PLL’s output, which is the population output of the PD. The
spike trains of the 20 PD neurons are depicted. Each line represents, as a function
of time, the membrane voltage of one PD neuron. (c) The RCO’s integrated
input—the total inhibitory conductance caused by synaptic input to the RCO
neuron. (d) The instantaneous ISIs of the input | and the RCO are described as
a function of time. After a lock-in stage, the two curves essentially merge.

50% (Alonso & Llinas, 1989; Llinas et al., 1991, Silva et al., 1991). The intrin-
sic oscillating frequency of the simulation was set by tuning the membrane
capacitance.

The width of the loop was set to w = 20. The input was simulated by
a single input cell (1) whose output was conveyed to the PD neurons via
20 axons, whose delays to the 20 PD neurons were uniformly distributed
between 14 and 20 ms and which formed fast-excitatory synapses on PD
neurons. All 20 PD neurons converged on a single RCO neuron via slow-
inhibitory synapses. For simplicity, the INH neurons were discarded and
replaced by direct inhibitory connections from the PD to the RCO. A sin-
gle RCO neuron represented the hypothesized 20 RCO neurons. This RCO
neuron fed back, by slow-excitatory synapses, each of the PD neurons.
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The ability of this simplistic simulated PLL circuit to decode periodic
modulations of periodic input signals was tested by “injecting” excitatory
intracellular currents into the input cell’s soma. Figures 6b—d depict the
results of one simulation. The input signal was a 1 Hz modulation of a
carrier frequency (35 Hz), with a modulation depth of 20%. The RCO fre-
guency locks to the input frequency (see Figure 6d); the instantaneous ISI,
of both the input and the RCO, are described by the two curves. After a
lock-in stage, the two curves merge, which indicates the frequency lock-
ing. In the locked condition, the input modulation of 1 Hz is decoded
by the PLL and approximated by a 1 Hz population signal (both popu-
lation vector and population sum) at the PD’s output (see Figure 6b). At
any given time, both the population vector (the actual firing neurons) and
the population sum (total spikes across the population) represent the input
ISI (within the PD resolution limits). The integrated inhibition (see Fig-
ure 6¢) modulates the RCO’s frequency. This integrated signal is an inte-
gration of the PLL’s output, and it provides a measure of the population
sum.

This simple simulated circuit was able to decode modulations of up to
2 Hz with a 20% modulation depth. However, one cannot learn about the
decoding limitations of the PLL from this simulation, since only a specific,
limited circuit was simulated. For example, the resolution of PLL decoding
depends on the number of elements, and the range of decodable modula-
tion depths and frequencies, as well as lock-in dynamics, depends on the
loop gain. This simulation mainly demonstrates how PLL neuronal signals
should look in principle. To demonstrate the dependency of lock-in dy-
namics on the loop gain, | performed a MATLAB simulation of the iPLL,
using equations A.4, A.9, and A.15 (see Figure 2) and a periodic PD function
with the profile depicted in Figure 4d. The results are shown in Figure 7.
All time variables are expressed in T; (the RCO’s intrinsic period; see ap-
pendix A.2) units. For an input period (T;) of 1.2 T, and an initial phase
difference [n,(0) — i(0)] of 0.3 T, lock-in time was one cycle for loop gain
(G) = —1 (see Figure 7a). When G was too small in absolute value (lower-
most trace) the RCO could not approach the input period. The reason was
that with such gains, the phase difference that was required to follow T; ex-
ceeded the PD’s working range (T /2; see Figure 4d). Thus, with this specific
PD function, the working range of the iPLL was T, < T; < T¢(1 + |G|/2).
iPLLs with G < —2 (upper-most oscillating trace) were not stable (see ap-
pendix A.2, equation A.17). Between these two limits of G, iPLLs could lock
in to the input, where lock-in times increased with increased deviation of
G from —1. However, lock-in times also depended on the initial phase dif-
ference (see Figure 7b). Thus, even with ideal PLLs, having G = —1, lock-in
to the onset of an input train might take more than one cycle, due to the
phase difference. A single cycle lock-in is guaranteed only when the PLL
is already locked to the input and a sudden change in the input periodic-
ity is introduced, as demonstrated in Figure 7c. Here, after four cycles of
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1.1 T, the input ISI was changed to 1.4 T, and from then on was modulated
around 1.25 T with a modulation period of 10 T; and a modulation depth of
0.4 (peak-to-peak). Six iPLLs with 0.5 < G < 1.75 were simulated. Lock-in
to the input onset was not immediate, due to the nonoptimal initial phase
difference (0.3 T;). However, after the PLLs were locked, those who could
track the maximal input period (those with G < —1, see working ranges
above) tracked it more or less smoothly. The tracking errors are plotted in
Figure 7d. It can be seen that the iPLL with G = —1 (x’s) tracked the input
modulations with no errors, while the other iPLLs exhibit tracking errors,
as expected (see section 2.1 and appendix A.3). The output rate produced
by the iPLL with G = —1 is depicted in Figure 7e. Finally, the PLLs that
could reach the maximal T; (those with G < —1 in this case) were able to
follow the highest possible rate of input modulations: (2T;) (see Figure 7).

Note that the maximal rate of input modulations trackable by PLLs does
notindicate the maximal resolution of temporal decoding by PLLs. The latter
is determined by the smallest deviation of input ISI that can be detected by
a PLL and is determined by the resolution of the PD’s population output
(e.g., the resolution of the y-axis in Figure 7e). Thus, PLLs can detect (and
represent by rate) temporal changes with a resolution that can be much
higher than the maximal rate of temporal modulations that they can track.
For example, aPLL whose working range is 100 ms < T; < 150 ms can, with
enough PD resolution, distinguish between inputs of 110 ms and 111 ms,
although it cannot track 1 kHz modulation.

3 Tactile PLLs

The mammalian tactile system contains the neuronal elements required for
the function of thalamocortical PLLs. Following is a proposal for a plausible
implementation of PLLs by the primate tactile system. The peripheral tac-
tile system, which acquires sensations during exploration of textures, has
been described in detail over the past three decades. The tactile system in-
cludes the three following subsystems, which are classified according to the
temporal nature of their responses: slowly adapting (SA) receptors and neu-
rons, which respond optimally over the low range (~0-20 Hz) of stimulus
frequencies; rapidly adapting (RA) receptors and neurons, which respond
best over frequencies of medium range (~20-40 Hz); and Pacinian (PC) re-
ceptors and neurons, which mainly transfer information at high frequencies
(>80 Hz) (Talbot et al., 1968; Freeman & Johnson, 1982; Johansson, Land-
strom, & Lundstrom, 1982; Goodwin, John, Sathian, & Darian-Smith, 1989).
The glabrous fingertip is innervated mainly by RA receptors, by lower num-
bers of SA receptors, and by only a small number of PC receptors (Johansson
& Vallbo, 1979; Darian-Smith & Kenins, 1980).

Less is known about the central mechanisms underlying tactile decod-
ing and processing. The tactile pathways from the periphery to the cortex
preserve the phase of the stimulus (Darian-Smith & Oke, 1980; Mountcas-
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tracking error

Time /Tc

Figure 7: Dependence of lock-in dynamics on input parameters. The iPLL
algorithm was simulated in MATLAB (see text). Simulations steps (n) were
counted from 1. (a) Input (stars and dotted line): A steady input period at
Ti = 1.2T.. G values (traces from bottom up at n = 2): 0.2, 0.6, 1.0, 1.4,
1.8, 2.2. Initial phase difference [An(1)] = 0.3T; (b) Input: Asina. G = —1.
An(l) = 0.15, 0.30, 0.45, 0.60, 0.75, 0.90 T.. (c) Input: Four cycles of 1.1T, fol-
lowed by li(n) = (1.25 + 0.25sin(27(n — 4)/10))T,, for n > 4. G values (traces
from bottom up at n = 2): 0.5, 0.75, 1.0, 1.25, 1.5, 1.75. iPLLs with G > —1 are
plotted without symbols. An(1) = 0.3T.. (d) Tracking errors for the simulation
in ¢ were computed as (l,(n) — l;(n — 1))/ T, forn > 1. Only G < —1 are shown.
G = —1is plotted with X’s. (e) The PLL’s output rate (Ry), in arbitrary units, for
the simulation in c. (f) Input: T; = 1.25 T, modulation rate (2T;), modulation
depth 40%. G values as in c. Ap(1) = 0.1T,
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tle, Talbot, Sakata, & Hyvarinen, 1969; Ferrington & Rowe, 1980; Burton &
Sinclair, 1991; Gardner, Palmer, Hamalainen, & Warren, 1992). However, the
degree of phase locking gradually decreases along the afferent pathways,
with the largest reduction probably occurring at the transition from the tha-
lamus to the cortex, a transition that is also accompanied by an increased
complexity of response (Darian-Smith, Sugitani, Heywood, Karita, & Good-
win, 1982; Sinclair & Burton, 1988; Burton & Sinclair, 1994). This increased
complexity could be due to significant processing that occurs already at the
thalamocortical level (Gottschaldt, Vahle-Hinz, & Hicks, 1983).

3.1 Temporal Encoding of Textures. | consider here only textures (of
variable patterns and heights) on flat surfaces (e.g., textures of sandpapers,
clothes, woods, artificial gratings, or braille pages). A finger traversing these
types of surfaces usually moves along sections of approximately straight
lines (see Figure 8, top). The information contained in these textures con-
sisting of a collection of ridges is expressed by three variables: amplitude,
average spatial period (where period is 1/frequency), and local spatial mod-
ulations. The information carried by the average spatial period (X;) is called
here the roughness of the surface and the information carried by local spatial
modulations (p;) the pattern of the surface. | use italics to distinguish this
specific stimulus-defined roughness from the more general roughness per-
cept. As | will show below, decoding roughness information can contribute
to the roughness percept.

When a surface is transversed by fingertips, the spatial information is
encoded in two ways:

1. Spatial encoding: Across the contact area (~0.6 cm? in humans), atany
given moment, the spatial features are reflected by the corresponding
skin deformations leading to a spatially encoded response of the rel-
evant receptor population.

2. Temporal encoding: Atany given skin location, receptors are respond-
ing to the fluctuations of the indentation amplitude produced by the
movement (see section A.6).

Spatial encoding is probably best mediated by the SA receptors (Phillips,
Johansson, & Johnson, 1990) and needs to be decoded by mechanisms uti-
lizing spatial comparisons. Temporal encoding is probably best mediated
by RA (and, to a lesser degree, PC) receptors, which respond reliably to tem-
poral modulations (Darian-Smith & Oke, 1980; Morley & Goodwin, 1987).
Such temporally encoded signals could be efficiently decoded by thalam-
ocortical PLLs. However, since point skin indentations are modulated by
both amplitude (due to vertical surface fluctuations) and time (due to hor-
izontal interval fluctuations; see Figure 8, top), the interpretation of the
decoded signals could be ambiguous. Electronic implementations of PLL,
facing similar problems, always include an amplitude limiter at the input
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stage (Gardner, 1979). Interestingly, the RA peripheral system employs a
similar mechanism. Responses of RA mechanoreceptive fibers to vibratory
stimuli, or moving spatial gratings, having amplitudes between fewer than
10 to hundreds of microns, are often of a 1:1 type; they fire one and only one
spike per vibratory or grating cycle, regardless of the amplitude (Talbot et
al., 1968; Darian-Smith & Oke, 1980; Goodwin & Morley, 1987; Gardner &
Palmer, 1989). Every RA fiber exhibits a 1:1 response within a specific range
of amplitudes (termed the “plateau” range; Talbot et al., 1968) and tem-
poral frequencies (Darian-Smith & Oke, 1980). Outside these ranges, fibers
respond with bursts of variable lengths per cycle (Darian-Smith & Oke,
1980; Morley & Goodwin, 1987), depending on the force and frequency of
the stimulus (Darian-Smith & Oke, 1980; Goodwin et al., 1989).

Thus, in the case of the RA system and with a constant finger velocity,
the encoding of the horizontal features of textures is straightforward. The
horizontal (or temporal) modulations of the periodic indentation profile, as
afunction of x (or t), can be described by the two methods used above to de-
scribe temporal periodic signals (see Figure 1 and appendix A.1): either with
respect to an imaginary “carrier” signal (see Figure 8a, P;j(n)) or with respect
to the spatial intervals themselves (see Figure 8a, p;j(n)) (see appendix A.6).
During scanning, the timing of the nth mechanoreceptive spike is uniquely
determined by the location of the nth ridge (see Figure 8b). If the response
type is 1:1, the RA mechanoreceptive fibers should fire one and only one
spike per every ridge in the surface, and the sensory transformation takes a
simple form: the horizontal spatial structure is directly represented by the
temporal structure of the RA spike trains (see appendix A.6). With different
ranges of finger forces, the 1:1 response becomes a 1:n response, and the
transformation is more complex. However, as long as the duration of the
bursts is small relative to the input average cycle (which is usually the case;
Darian-Smith & Oke, 1980; Morley & Goodwin, 1987), decoding efficiency
should hardly be affected since input onset times, which are the important
parameters for the decoding, are not affected. Yet the increased input inten-
sity and duration caused by the bursts should be compensated by a proper
tuning of the PLL’s loop parameters (S. Serulnik & E. Ahissar, unpublished
observations). Thus, for optimal performance, PLL parameters should be
tuned according to the expected form of input bursts.

3.2 Decoding by Thalamocortical PLLs. As | will show, the decoding of
tactile signals by PLLs requires an additional feedback loop. Thus, the pos-
tulated temporal tactile decoder, as one module within a global tactile tex-
ture decoder, includes many parallel PLLs embedded within a sensorimotor
feedback loop (see Figure 9). According to the model, the movement of fin-
gers across a surface activates skin mechanoreceptors (MR) which convert
the spatial details into temporal signals. The RA and PC mechanoreceptors
at the fingertip include amplitude limiters (L), which eliminate amplitude
modulations. The parallel array of input filters (IF; mechanoreceptors and
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their fibers) transfers the filtered signal to an array of somatotopic organized
PLLs, each specifically tuned to a particular frequency restricted to one of
the tactile submodalities (SA, RA, or PC). Therefore, every point on the skin
is driving a set of PLLs, each tuned to a particular frequency (see Dykes,
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1983). The output of all the PLLs is fed to two readout networks, IP and
IR, for pattern and roughness evaluation, respectively. The IR’s output drives
the velocity controller (VC), which closes the loop by controlling the finger
velocity.

Each PLL thus processes information about different spatial frequencies
of the explored surface. How does the brain know which PLLs provide rel-
evant information about the actual surface being explored and how can it
focus on these PLLs? If the PDs employ nonperiodic, sigmoid-like trans-
fer functions, the answer to the first question would be simple. Only PLLs
that are tuned to the relevant (i.e., informative) temporal frequencies should
present modulated output signals. All other PLLs should produce outputs
that are saturated at either the highest or the lowest possible values. Thus,
the modulation depth of the AC output component, or a related measure
such as |[Rqc ()], should provide a reliable measure of the amount of informa-
tion contained in each PLL’s output. This criterion appears to be valid also
for periodic PDs (like the one in Figure 4d). As the input average frequency
moves away from the center of the working range, the probability of the in-
stantaneous frequencies to exceed the bounds of this range increases. Once
the input frequency exceeds one of these bounds, the PLL’s output is closer
toitsaverage value, and its modulation depth decreases. Thus, local maxima
of Ry (t)| represent maximal information. Furthermore, it is most likely that
these local maxima will be graded among different PLLs, and a global max-
imum will also be available. The reason is that each PLL can obtain a larger

Figure 8: Facing page. lllustration of a temporal encoding of spatial features. The
movement of the hand (arrow) across a surface generates skin displacements
at the zone of contact. This series of displacements can be described as a spa-
tial signal [u;(x)] that represents the texture in this one-dimensional direction
of movement. (a) Decomposition of the spatial signal. u;j(x) can be decomposed
into vertical [Aj(n)] and horizontal [either an imaginary “carrier” + P;(n), or
pi(n)] components. The similarity between P;j(n) and p;(n) in this example is
due to the regularity of the pattern. Gj(n) is the interridge interval. (b) Recep-
tor transformation. Assuming a 1:1 response of mechanoreceptive fibers and a
constant velocity, u;(x) is converted to a temporal signal described by s;(t). The
temporal signal, which is carried by the mechanoreceptive fibers, can be also
decomposed into subcomponents. However, due to the 1:1 response, which ne-
glects amplitude changes, the amplitude component is constant and equal to
1, and thus is ignored. I;(n) is the ISI. Refer to appendix A.1 for the definitions
of other terms. (c) Decoding by an ideal PLL. The phase-locking mechanism of
the PLL forces the RCO’s output [s,(t)] to track the peripheral input [s;(t)] with
a delay of one cycle (T;) and a constant phase difference (A2). As a result, the
brain can extract the modulation (M, (n) or my(n)) that describes the pattern and
the average interval (T,) that describes the roughness. See appendices A.1, A.3,
and A.6 for explanation of other symbols.



618 Ehud Ahissar

ik N SA Roughness
! Spatial | _______ RA & amplitude
"3t decoder ! PC information
|
\J | lI - N ‘ll Pattem ]
x| N information
I I| S IP ———
=
==
,/""/
IR
Roughness

information
VC <« >

A

Other velocity control

Figure 9: PLLs within a global texture decoder. Many topographically-
organized PLLs reside in parallel; only six are shown in the figure. Each PLL is
tuned to a specific frequency range within a specific submodality: SA, RA, or PC.
The input of each PLL is received from a set of mechanoreceptive fibers through
a set of dorsal column nuclei relay neurons, which together comprise the input
filter (IF). Most of the mechanoreceptors (MR) include amplitude limiters (L).
IP and IR are readout networks that produce pattern- and roughness-related in-
formation, respectively. A hypothetical spatial decoder illustrates the operation
of additional mechanisms in parallel.

working range if it tunes the slope of its PD function according to its average
frequency—smaller slopes for lower frequencies. In this case, the global
maximum will indicate the PLL whose working range is fully exploited.
Since neuronal excitation is often sensitive to the variability at the input
(Aertsen, Erb, & Palm, 1994), circuits that detect maximal variabilities can
be implemented. If such circuits are included in the PLLs’ readout networks
(e.g., IP in Figure 9), they can assist the selection of one of the submodalities
(SA, RA, or PC) and the specific PLLs within that submodality that are most
informative. Other factors affecting this selection probably include visual,
cognitive, and additional tactile information, such as that obtained by spa-
tial decoders (see Figure 9). According to this selection, the finger velocity is
deliberately determined to be in the range that will generate temporal fre-
quencies in the appropriate range for the chosen PLLs. By setting the finger
velocity, the system focuses on the selected PLLs, since they will generate
the most informative output. To keep this focus steady, an automatic feed-
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back system is required to carry out the fine-tuning of the velocity. Such a
feedback system could be tuned to maximize the amount of output infor-
mation from the selected set of PLLS, using |Rac(t)| as a measure. Although
such an operation makes sense, | propose that if it is implemented, it is
implemented as a higher-order feedback loop. For maintaining the input
frequencies around a selected PLLs’ working point, such a feedback system
could simply operate on fluctuations of the averaged PLL’s output, Ryc.

Let us represent each selected group of PLLs by a single PLL. Once a
particular PLL is selected, the sensorimotor circuit responsible for temporal
decoding can be described by two loops (see Figure 10a): the inner loop is
the selected PLL, which extracts the input temporally encoded information
(see Figure 8) and recodes it by rate (see appendix A.7), and the outer loop is
an automatic velocity control (AVC), which keeps the input frequency of the
PLL centered around the PLL’s working frequency. IP and IR are reduced in
this description to single filters, assumed to produce outputs related mainly
tothe selected PLL. The other inputsto IP and IR are assumed to be averaged
out. The general case of processing, in which the average input frequency
can change (albeit slowly) over time, even beyond the working range of
the PLL, is assumed here. Thus, both the average input ISl and the average
PLL’s output are functions of time (T;(t) and Ry (t), respectively).

3.2.1 The automatic velocity control (AVC). When the PLL is locked, the
average RCO’s ISl is approximately equal to the average input ISI (T,(t) ~
Ti(t); see appendix A.3). If either the average input spatial period (X(t)) or
the finger velocity (V(t)) is changed, the PLL will move to a new working
point in which T, (t) & T;j(t). Such a new working point will be associated
with a new average output rate (Rqy.(t)) of the PLL. However, if the working
range of the PLL is limited, as is the case for any practical implementation,
this adaptive process is also limited, and consistent drifts in the input aver-
age frequency can eventually lead to a loss of locking as the PLL leaves its
working range. From the point of view of the sensorimotor system, there are
two possible solutions to this problem: it can either have many PLL circuits,
each tuned to a different working range (the open-loop approach), or it can
actively maintain the input temporal frequency within a working window
(the closed-loop approach). The closed-loop approach, whose operation is
postulated here, requires that, while operating near the center of the PLL’s
working range, if To(t) is driven toward the limits of the working range, an
action will be taken to bring T;(t) back to its original value via the control
of the finger velocity, V(t) (see appendix A.8).

The algorithm for the tactile AVC is composed of five elements (see Fig-
ure 10a): (1) a multiplier (MR), which multiplies the finger velocity by the
spatial frequency of the texture; (2) a PLL circuit, which converts the rough-
ness and pattern information to the DC and AC components of a rate signal;
(3) a base-band filter (BBF), which transfers only the frequencies related to
the pattern; (4) a low-pass filter (LPF), which transfers only the frequencies
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Figure 10: The algorithm of the AVC loop. (a) Loop components. MR, multiplier
that includes an amplitude limiter; PLL, one of the PLL circuits in Figure 9 that is
selected for optimization; BBF, base-band filter; LPF, low-pass filter; VC, velocity
controller. £i(n), location of the nthinputridge; X;i(x), average interridge interval;
ni(n), timing of the nth input spike; T;(t), average input ISI; R4(t), firing rate of
the PLL’s output; R, (1), the integrated signal representing the pattern; Ry (t), the
integrated signal representing changes in roughness; V (t), the finger velocity. The
loop equations (inset) are explained in appendix A.8. (b) Schematic examples
of transfer functions. The crossing point (T, Rew) is the working point of the
AVC, which, optimally, fits the desired working point of the selected PLL.

related to changes in the roughness; and (5) a velocity controller (VC), which
controls the finger velocity.

The negative feedback nature of the AVC maintains the PLL’s mean input
ISI close to the PLL’s desired working point (Tew, Rew), Which is the center
of the working range of the selected PLL. An increase in either the average
spatial frequency or the finger velocity will result in the input’s average ISI
decreasing, Ry (t) increasing, and V(t) decreasing (see Figure 10 and sec-
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tion A.8). As a result, T(t) will be driven back toward T, with a dynamics
that depends on the actual | transfer functions. An opposite reaction occurs
when either the average spatial frequency or the finger velocity decreases.
Note that this servo operation holds for any given transfer functions, pro-
vided that they establish a negative feedback. Thus, dependence of tactile
inputs on motor outputs (Chapman, 1994; Nelson, 1996) should affect the
details of the AVC operation but not its principles.

3.3 Implementations of Tactile PLLs.

3.3.1 Implementations of tactile PDs. The tactile RA system appears to
have evolved such that thalamic RA “relay” cells can be used as efficient
phase detectors. The main features of the RA system contributing to this
efficiency are (1) a rectangular-like distribution of the conduction velocities
of RA fibers (Talbot et al., 1968; Darian-Smith & Kenins, 1980); (2) a close-to-
uniform receptor sensitivity across the receptive field (Johansson & Vallbo,
1983; Gardner & Palmer, 1989); and (3) slow (long duration) cortical-to-
relay neurons excitatory postsynaptic potentials (EPSPs) (Deschenes, Par-
adis, Roy, & Steriade, 1984). In general, the first two of these features are
also typical of the PC, but not of the SA, subsystem; the third is probably
common to all three of the tactile subsystems.

If organized correctly, the lemniscal input to the thalamic relay neurons
can implement a square-wave-like signal, like in Figure 4c. Given features 1
and 2 of the RA system, the lemniscal input contains subpopulations in
which, for a given point stimulus, different subsets of the input are active
at different times. A “point” stimulus—an abrupt indentation at a single
skin locatio—will generate a uniform response across all RA receptors that
include that point in their receptive field, due to the uniform sensitivity of
each receptor across its receptive field. When light touch is used, the skin
indentation is assumed to be within a plateau range of amplitudes where
the response has the form of one spike per one point stimulus (Talbot et al.,
1968; Darian-Smith & Oke, 1980). If each subpopulation of fibers that share
a skin location contains fibers with different conduction velocities, these
activations will arrive at the thalamic relay neurons at different times for
each fiber, like in Figure 4b. In this case, each of the fibers can be considered
asadelay line generating a specific delay from skin activation to the firing of
a lemniscal fiber. For the conductance velocities (Talbot et al., 1968; Darian-
Smith & Kenins, 1980) and hand length (~50 cm) of monkeys, the spread
of lemniscal firings probably contains mainly latencies between 7 and 14
ms, not including the duration of input bursts. This range corresponds to
about one-fourth of a cycle of 30 Hz oscillations and is a reasonable range
for a PD (see section 2.2.1). However, different spreads of the afferent signal
are optimal for different PLL working frequencies. Thus, it is expected that
channels conveying lower frequencies will employ larger temporal spreads.
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3.3.2 Implementations of tactile RCOs. Obvious candidates for RCOs are
the posterior Sl local oscillators (Ahissar & Vaadia, 1990). Many of the neu-
rons in this area display oscillatory patterns; however, not all of them can be
considered local oscillators. At least 15% of the neurons in that area proba-
bly oscillate due to local mechanisms (Ahissar & Vaadia, 1990). The rest of
the oscillating neurons (about 30% of the population) are either externally
driven by the local oscillators, or their local oscillations are masked by a
significant amount of noncorrelated input. The local oscillators can either
directly drive thalamocortical neurons, if they project to the thalamus, or
drive corticothalamic neurons. Note that these single-cell oscillations do not
merely reflect sleeplike thalamocortical spindles (Steriade, McCormick, &
Sejnowski, 1993) since they appear in wakefulness, include mainly gamma
frequencies, and are not correlated among neighboring neurons.

There is no direct evidence yet that indicates an RCO-like operation of
the SlI oscillating neurons. However, these neurons lose their oscillatory
patterns when stimulated with nonperiodic tactile stimuli (Ahissar & Vaa-
dia, 1990). This finding is consistent with the cortical oscillators trying to
track the nonperiodic input. More important, the distribution of oscillating
frequencies of these oscillators matches the peripheral distribution of best
frequencies (see Figure 11). A more direct evidence was obtained for Sl oscil-
lators in monkeys, employing RA frequencies (~30 Hz; Lebedev & Nelson,
1995), and in rodents, employing whisking frequencies (~10 Hz; Ahissar,
Alkon, Zacksenhouse, & Haidarliu, 1996). These oscillators can be entrained
by tactile periodic stimuli near their spontaneous frequencies, but usually
not with significantly higher or lower frequencies. Thus, PLL circuits might
exist in parallel in thalamocortical loops involving Sl and SlI cortices.

3.3.3 Implementation of Readout Networks. Each of the two readout net-
works, IP and IR, should implement at least two functions. The simple one,
which is required for the AVC operation, is filtering out the unnecessary
information. Both low-pass and bandpass filters are easy to implement by
neuronal networks, utilizing synaptic integrations and decays. In addition,
these networks should probably include circuits that compute and compare
input variabilities (IP) and input averages (IR). Detailed implementations of
these filters are beyond the scope of this article. Although the PLLs’ outputs
are described as converging to the readout networks (see Figure 9), they do
not necessarily have to converge. The readout networks can utilize parallel
processing and produce population outputs. Accordingly, the single lines
standing for the outputs of the two filters in Figure 9 denote the unity of
information conveyed by their outputs rather than the outputs’ physical
widths.

4 Discussion

4.1 Advantages and Limitations of PLLs. The PLL algorithm is used
extensively in electrical engineering for decoding of phase and frequency
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Figure 11: Cortical oscillating frequencies and peripheral frequency tunings.
(a) Distribution of oscillating frequencies of cortical (posterior SllI) single-cell
oscillators (104 frequencies observed in 76 neurons of which 18 exhibited more
than a single frequency). Only frequencies larger than 2.8 Hz were included
for compatibility with the peripheral data. (modified from Ahissar and Vaa-
dia, 1990). (b—d) Estimated distributions of peripheral tuning to the frequency
of sinusoidal skin displacements. Ordinates depict estimations, for each input
frequency, of the number of mechanoreceptive fibers that innervate the skin
contact area and are tuned to that frequency. The distribution of tuning to vibra-
tory frequencies among the input fibers was estimated here by calculating the
“equivalent number of fibers” tuned to each frequency. The equivalent num-
ber of fibers per submodality is the fraction of the average response of that
submodality at each frequency multiplied by the average number of fibers of
the same submodality that innervates the stimulated area of skin. During light
touch, the contact areas of skin for humans and monkeys are ~0.6 cm? (Lamb,
1983) and ~0.2 cm? (Goodwin & Morley, 1987), respectively. (b) Mean responses
of mechanoreceptive fibers were obtained from data published for humans (Jo-
hansson et al., 1982) and innervation densities from data published for monkeys
(Darian-Smith & Kenins, 1980). Skin contact area was assumed to be 0.2 cm?.
Peak-to-peak indentation amplitude is 16 um. (c) Same as b, except that the
indentation amplitude is 32 um. (d) Same as b, except that the innervation den-
sities were obtained from data published for humans (Johansson & Vallbo, 1979)
and skin contact area was assumed to be 0.6 cm?.
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modulated signals, frequency synthesis, and pulse synchronization. When
utilized as a phase demodulator, a PLL exhibits an excellent noise immunity
due to its adaptive narrowband filtering (Gardner, 1979). This narrowband
filtering is achieved by comparing the input against a specific internal fre-
quency and becomes adaptive because of the feedback control of the internal
frequency.

In principle, temporally encoded neuronal signals (see Figure 1) are
phase-modulated signals; therefore, utilization by the brain of a PLL mecha-
nism to decode temporally-encoded signals should be advantageous. How-
ever, there are limitations inherent in the PLL mechanism that the brain
would have to compensate for. One limitation arises from the adaptive be-
havior of the PLL, which limits the PLL’s capacity to track rapid changes
in the input. As with any other negative feedback loop, a few input cycles
may be needed before the PLL can lock in to a new input and efficient de-
coding can commence. Nevertheless, learning-induced fine tunings of the
loop parameters can reduce to a minimum (down to 1 cycle) the number of
lock-in cycles.

Another limitation of PLLs stems from the limited working ranges of
their implementations. A PLL cannot track, although it can detect input
modulations that are larger than its working range. The working ranges of
basic neuronal PLLs are usually around half a cycle, with the upper limit
probably being one cycle (see section 2.2). Thus, a typical, “nonsophisti-
cated,” neuronal PLL is limited to inputs with modulation depths of less
than 50%. If an RCO cannot produce the required frequencies, the PLL’s
working range will be even more limited. This limitation can be circum-
vented by having several PLL circuits in parallel, each tuned to a different
frequency range and decoding a different segment of the input information.
In addition, “sophisticated” implementations of PDs can extend working
ranges and reduce lock-in times.

A significant advantage of neuronal PDs is that transitions from one
implementation to another can occur within a given anatomical circuit by
changing cellular parameters. For example, at low excitability levels, a PD
neuron can implement an AND-like function, at high excitability levels an
OR-like function, and at intermediate excitability levels an AOR-like func-
tion (see section 2.2.1.3). Thus, neuronal PLLs can dynamically change their
loop parameters, including gain and working range, to accommodate to
global sensory changes or requirements. For example, a full-cycle working
range can be implemented by asymmetrical PDs that employ an AND-like
function for negative phase differences [,(n) — ni(n) < 0] and an OR-like
function for positive phase differences. In such an asymmetrical AOR-like
PD, the order of input activation determines the sensitivity of the PD neu-
rons. The periodic PD transfer function of such asymmetrical PDs has the
shape of a sawtooth instead of the triangular shape of the symmetrical PDs
(see Figure 4d). The advantages of a sawtooth PD function are that the
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working ranges are larger, and with very large input modulations, the PLL
immediately shifts to another valid working range.

Other options that are probably available for neuronal PLLs are dynamic
tuning of the RCQO’s local frequency, asymmetric RCO transfer functions,
and combined excitatory-inhibitory implementations of PLLs (see Figure 3a)
with asymmetric or dynamically shifted relative weights.

4.2 Plausible Sites for PLLs. Neuronal circuits that contain local oscil-
lators probably can function as PLLs without any specific tuning. In princi-
ple, the feedback connections and the basic phase detection function of any
neuron (see section 2.2.1.1) establish the essential requirements of the loop.
Nevertheless, efficient operation at a specific frequency range requires ad-
ditional tuning of the cellular and circuit parameters (see section 2.2). Some
neuronal systems have at least some of the required parameters for efficient
PLLs. Following is a summary of the requirements from the circuitry and
local oscillators and a review of plausible sites.

4.2.1 Potential Circuits. The sensory thalamocortical loops are attrac-
tive candidates for PLL circuits, since PLL performance improves when the
RCO-to-PD connections are massive, and having PLLs early in a process-
ing stream would be advantageous for facilitating sensory-sensory integra-
tion. Nevertheless, feedback circuits within or between cortical areas could
function as PLLs as well. Within thalamocortical loops, the natural imple-
mentation would be that the thalamic relay neurons function as PDs and
corticothalamic neurons at deep cortical layers function as RCOs. Natural
candidates for INH neurons in iPLLs are the cortical inhibitory interneurons
in layer 4 (White & Keller, 1987; Agmon & Connors, 1992; Swadlow, 1995).
However, other combinations, including inhibitory neurons of the reticu-
lar nucleus of the thalamus, or oscillatory neurons in superficial layers that
drive the corticothalamic neurons, are also possible, as long as the loop trans-
fer functions establish a stable negative feedback loop (see appendix A.2).
Within thalamocortical systems, many PLLs are expected to function in par-
allel, each tuned to a different combination of receptive field and working
range.

4.2.2 Local oscillators. In a PLL, a local oscillator should function as an
RCO, that is, its output frequency should be controllable by the input. The
RCO’s oscillations can be sub- or suprathreshold during spontaneous activ-
ity, as long as when decoding starts, the oscillations become suprathreshold.
With single or groups of cells, which are oscillating due to intrinsic mech-
anisms, control of the frequency of oscillations by the input is expected to
obey the simple neuronal rules required by the PLL: excitatory inputs should
increase the frequency of oscillations, whereas inhibitory inputs should de-
crease the frequency (see section 2.2.2). Thus, single-cell oscillators are ex-
cellent candidates for RCOs. In contrast, oscillations generated outside the
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processing network are not expected to be affected by the excitation levels of
the network and thus cannot function as RCOs. The effect of neuronal input
on a network that oscillates due to specific connectivity of excitatory and
inhibitory cells is not obvious and depends on the exact connectivity and
the exact input. Thus, neuronal ensembles that exhibit network oscillations
will not be considered candidates for RCOs but rather as circuits that can
be driven by RCOs.

Brain activity contains oscillations in a wide range of frequencies, from
circadian to millisecond ranges. However, only frequency ranges compat-
ible with perceptual time scales, during which sensory temporal codes
should be transferred to motor rate codes, will be discussed here. Emphasis
will be placed on the 10-100 Hz range, although lower and higher frequen-
cies can probably also be used for perceptual processing by PLLs.

4.2.3 The primate somatosensory system. Candidates for somatosensory
RCOs were presented in section 3.3.2. If PLLs indeed operate in somatosen-
sory thalamocortical circuits, network oscillations that occur in the primary
somatosensory and motor areas (reviewed in Fetz, 1993) during the per-
formance of tactile tasks or during periods with global excitation could be
due to propagation of the working frequencies from the PD neurons to the
sensorimotor areas. If input modulations are not overly strong, the work-
ing frequency is preserved in the synchronous PD firings, even though the
firing rate of the whole population might be modulated (see Figure 6).

4.2.4 The rodent vibrissal system. Many rodents achieve tactile sensory
acquisition with an active process in which their whiskers move back and
forth in a sinusoidal-like manner with frequencies near 10 Hz (Welker,
1964; Simons, 1995). Rodents use such whisking to localize (Welker, 1964)
and identify objects with strategies and resolution capabilities comparable
to those of primates achieved by applying manual active touch (Simons,
1995). During active whisking, the vibrissal pathway of the rat oscillates
synchronously at around 10 Hz (Nicolelis, Baccala, Lin, & Chapin, 1995).
These oscillations probably originate in the cortex, but in every cycle, the
peripheral neurons fire first, followed by the firing of cortical ones, whichin
turn is followed by a firing of thalamic neurons. These observations are fully
consistent with PLL circuits of 10 Hz operating in the thalamocortical vib-
rissal system of the rat. Recently we observed that cortical oscillators in the
somatosensory cortices of anesthetized rats and guinea pigs exhibit three
modalities of oscillating frequencies, at roughly 1, 10, and 100 Hz (Ahissar
et al., 1996). It is possible that the ~10 Hz oscillators are utilized in PLLs
that detect the location of external objects and that the ~100 Hz oscillators
are utilized in PLLs that decode the texture of these objects (see Carvell &
Simons, 1995).
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4.2.5 The auditory system. Under normal conditions, most of the single-
cell oscillations in the auditory cortex have frequencies below 14 Hz (Ahissar
& Vaadia, 1990). Thus, if auditory PLLs exist, they probably decode low-
frequency information derived from relatively slow processes such as speech
or movements of sound sources (Ahissar, Ahissar, Bergman, & Vaadia, 1992).

4.2.6 The olfactory system. Network oscillations occurring in the olfac-
tory system (Freeman, 1975) are probably utilized to enhance cortical pro-
cessing or to encode sensory information (Hopfield, 1995), but not to decode
temporally encoded sensory information which is not conjectured in this
sense.

4.2.7 The visual system. During stimulations, the visual pathway often
exhibits synchronous, wide-band oscillations (Neuenschwander & Singer,
1996; Engel et al., 1992; Eckhorn, 1994). Whether these oscillations are uti-
lized for the decoding of temporally encoded information or for recoding
spatially encoded information is not yet clear. The fact that the internal fre-
guencies are usually much higher than the so-called temporal frequencies of
the stimulus (i.e., the frequencies at which single receptors are stimulated)
is not indicative in this case. The temporal structure of the retinal output
depends also on the frequency of the sequential activation of neighbor-
ing receptors since, at least in cats, several receptors usually converge onto
single ganglion cells. The direct dependency of cortical frequencies on stim-
ulus velocities (Gray, Engel, Konig, & Singer, 1990; Eckhorn, Frien, Bauer,
Woelbern, & Kehr, 1993) supports the direct coupling between peripheral
and cortical oscillations. Visual temporal decoding by PLLs could rely on
single-cell oscillators in the thalamus or the cortex. Neurons in the lateral
geniculate nucleus (LGN) exhibit spontaneous stable oscillations (Ghose &
Freeman, 1992) that are disturbed once visual patterns are presented, which
is consistent with these oscillators trying to track modulated temporal struc-
tures. Neurons in superficial layers of the cortex exhibit intrinsic oscillations
during stimulations (Gray & McCormick, 1996). These neurons could func-
tion as RCOs probably only after initial sensory or internal preparatory
excitation.

4.2.8 Summary. The perceptual mechanisms of two sensory (tactile and
visual) systems that apparently can use PLL circuits involve motion of the
sense organs during sensory acquisition. Such movements result in encod-
ing of spatial information in temporal firing patterns, information that can
be efficiently decoded by PLL circuits. Hand movements can easily be mea-
sured with a resolution higher than that of the tactile receptive fields, while
such measurements with eye movements are difficult (Carpenter, 1988).
Thus, accurate testing of PLL’s predictions in visual systems is limited. PLLs
might be implemented differently in these two systems. For example, tactile
RCOs are expected to be cortical, whereas visual ones could be thalamic.
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According to the PLL model, the network oscillations observed in the visual
and sensorimotor cortices reflect oscillatory activities in either the output
or the readout stages of PLL circuits.

After the cessation of oscillatory sensory stimulations in both the visual
and somatosensory modalities, the brain persists in emitting synchronized
oscillations having the same frequency of the stimulus (Narici et al., 1987).
This “oscillatory memory” requires a closed-loop operation, at either the
cellular or the circuit level, as suggested by the PLL model. Testing of this
phenomenon at low frequencies revealed that best resonating frequencies
for the somatosensory modality were 6 and 8 Hz and for the visual modality
10 Hz. It will be interesting to see whether similar phenomena occur with
oscillations around 30 Hz in the somatosensory system and 40 to 100 Hz in
the visual system.

4.3 Experimental Evidence for Thalamocortical Tactile PLLs. Current
physiological and anatomical data are compatible with PLL’s being imple-
mented within and across the thalamic ventrobasal nuclei (VB), SI, and SlI
areas. Neurons that can be considered as local oscillators in the SA, PC, and
mostly RA ranges exist in Sl and SlI areas of primates (see section 3.3.2).
The high percentage of posterior SlI oscillators and the grouping of os-
cillators with frequencies that correspond to the three submodalities (see
Figure 11) suggests an important role for SiI in temporal decoding of tex-
tures. In fact, lesions in Sl of primates significantly impair tactile texture
decoding (Murray & Mishkin, 1984; Carlson, 1990). Furthermore, the direct
motor connections of SlI to the primary motor cortex (MlI) (Jones, 1986; Bur-
ton, 1986) would facilitate participation of Sll in a basic sensorimotor loop,
such as the one described by the AVC loop.

The input tactile channels are evidently not fully segregated; sensory
information is probably shared by different frequency channels and even
between different submodalities. Thus, the decoding details cannot be as
simple as described here. However, if channel segregation holds to a certain
degree, PLL-like decoding could occur, and in this case the decoding prin-
ciples outlined in this article should hold. Note that although anatomical
continuity within input channels is required for input pathways running up
to the cortex and back to the thalamus, physiological consistency of response
type is required only up to the thalamus. In fact, the PLL model suggests
that a significant code transformation occurs at the thalamocortical level.
Thus, the findings that cortical response types are not correlated with pe-
ripheral ones (e.g., Tremblay, Ageranioti-Belanger, & Chapman, 1996) are
not in conflict with the PLL model.

Below are presented data that are consistent with (i.e., can be explained
by) the PLL model and data that support the model (i.e., that are more
consistent with the PLL model than with other models). Since no other
specific mechanism has yet been suggested for texture decoding at the circuit
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level, the PLL will be compared with the open-loop model of local oscillators
(Ahissar, 1995) and with “non-PLL” mechanisms in general.

4.3.1 Data consistent with PLLs functioning in the tactile thalamocortical sys-

tem.

The RA system employs amplitude limiting, uniform receptive fields,
and temporal dispersions, all required for efficient thalamic phase de-
tection (see sections 3.1 and 3.3.1).

The RA pathway exhibits a high degree of phase locking that preserves
the temporal information up to the thalamus (see the introduction to
section 3).

The mechanoreceptors and their fibers act as bandpass filters; they
emphasize a certain range of the input frequency spectrum (Johansson
etal., 1982; Freeman & Johnson, 1982; Goodwin et al., 1989), as required
for efficient PLL decoding.

The reciprocal connections between the thalamus and cortex are modal-
ity and somatic specific (Jones, 1986; Doetsch, Standage, Johnston, &
Lin, 1988; Hoogland, Welker, & Van der Loos, 1987).

The circuitry required for the function of thalamocortical ePLLs and
iPLLs exists in mammals (Jones, 1986; White & Keller, 1987; Agmon &
Connors, 1992).

Thalamic relay neurons are activated with short EPSPs from affer-
ent projections and long EPSPs from cortical inputs (Deschenes et al.,
1984), an arrangement that facilitates thalamic PD operation (see sec-
tion 3.3.1).

Oscillating frequencies of SI neurons can be controlled locally (Silva et
al., 1991; Amitai, 1994; Ahissar et al., 1996).

Two successive stimuli to the same location on the skin are not differ-
entiable for delays between 0 and 15-40 ms (Rosner, 1961), consistent
with a PLL-like mechanism that “samples” the input using RA-range
frequencies.

Talbot et al. (1968) suggested the existence of a central mechanism that
“alters its own activity [which “measures”] the dominant period in
the input train of impulses.” The PLL, by altering its own activity (the
RCO’s frequency), can “measure” the dominant input period.

4.3.2 Data that support PLLs in the tactile thalamocortical system.

Local oscillators in SI of monkeys (Lebedev & Nelson, 1995) and of
anesthetized rats and guinea pigs (Ahissar et al., 1996) can be entrained
by oscillatory tactile stimuli when the input frequency is close to the
local frequency.
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e When vibratory stimuli are applied within series of decreasing inten-
sities, minimal detection thresholds were consistently slightly lower
than during series of increasing intensities (Talbot et al., 1968). Whereas
this result cannot be explained by neural mechanisms involving adap-
tation or habituation, it is easily explained by PLL-like mechanisms:
A minimal input intensity is required to lock in the PLL (increasing
series), but once the PLL is locked (decreasing series), less input in-
tensity is necessary to keep it locked, since the local oscillators already
fire in phase with the input.

e A qualitative coding transformation, from temporally oriented at the
thalamus (Sinclair, Sathian, & Burton, 1991) to rate oriented at the cor-
tex (Sinclair & Burton, 1991), appears to occur at the thalamocortical
level of monkeys performing a texture discrimination task. The grad-
ual nature of the cortical responses is more consistent with the PLL
than with alternative open-loop mechanisms producing labeled-line
coding (Ahissar, 1995).

4.3.3 Data consistent with inhibitory PLLs.

e There is evidence “that presumed inhibitory interneurons in the cat
SI could be activated first by thalamic inputs among cortical neurons
and set to inhibit the output cells” (Yamamoto, Samejima, & Oka, 1988,
p. 199).

e Activities of local oscillators in Sl of the behaving monkey are often
inhibited by vibrotactile stimuli (Lebedev & Nelson, 1995).

e Local oscillatorsin Sl of the rat receive strong inhibitory input (Chagnac-
Amitai & Connors, 1989).

e With SII neurons of cats, firing in phase with a vibratory stimulus is
impaired when GABA receptors are blocked (Alloway, Sinclair, & Bur-
ton, 1988). This is consistent with cortical phase locking being achieved
by inhibitory PLL circuits.

e In response to thalamic (VB) stimulation, corticothalamic neurons in
SI of cats exhibit inhibitory postsynaptic potentials (Landry & Dykes,
1985). Synaptic excitation is also observed in some of these neurons,
which suggests a combination of ePLLs and iPLLs.

e Somatosensory cortical neurons of rats have been classified accord-
ing to whether they are coactivated with fast (~20 Hz) electroen-
cephalogram waves (CoE cells) or not (Col cells) (Angel, 1983). CoE
neurons exhibit rhythmic firing around 20 Hz, dominate the electro-
encephalogram when Col neurons are quiet, respond to peripheral
inputs with longer latencies then Col neurons, and activate thalamic
(reticular) cells with a shorter latency then Col neurons do. All of these
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phenomena are consistent with CoE functioning as RCO neurons and
with Col functioning as inhibitory interneurons (INH).

e About 25% of the SI neurons of the monkey exhibit a sharp, positive
sigmoidal dependency on the spatial period (Sinclair & Burton, 1991;
see also Darian-Smith et al., 1982), as expected by iPLLs (see Figure 6).
Negative sigmoidal dependency, as predicted by ePLLs, was not ob-
served.

4.3.4 Data that seem inconsistent with PLLs in tactile thalamocortical systems.

e Although the primary function of the proposed PLLs in tactile tha-
lamocortical systems would be in perception of patterns, these PLLs
should, using only temporal input information, be able to convey infor-
mation about the roughness of the scanned texture. However, in some
cases, estimation of roughness is independent of the temporal param-
eters of the peripheral input (Lederman, 1981). This would imply that
even if PLL circuits exist in the somatosensory system, their contribu-
tion to the perception of roughness is negligible. However, so far, only
a partial range of possible conditions has been studied—for example,
only spatial frequencies of relatively high frequencies (groove widths
of 0.175-1 mm; Lederman, 1981). Also, the involvement of temporal
information was tested only after subjects were trained to estimate the
roughness of different textures at different velocities. Since the nervous
system is capable of developing perceptual constancies over many pa-
rameters, one of which is probably finger velocity, naive rather than
trained subjects should have been used. When naive subjects are re-
quired to identify forms or discriminate gratings, perception indeed
depends on finger velocity (Vega-Bermudez, Johnson, & Hsiao, 1991;
Ahissar & Gamzu, 1995). Furthermore, during training with a difficult
discrimination task, subjects developed scanning strategies that were
based on maximizing differences between temporal frequencies by
controlling the scanning hand velocities (Gamzu, Haidarliu, & Ahissar,
1994).

e As the spatial frequency of the stimulus decreases, the SA and RA
mechanoreceptive fibers in the hand of the monkey fire more spikes
per second, even if the peak temporal frequency of the stimulus is kept
constant (Goodwin & Morley, 1987). This seems to contradict a basic
assumption of the tactile PLL that peripheral firing depicts in a 1:1
manner the existence of texture ridges. These experiments were con-
ducted with indentations (1 mm) well above the peripheral threshold
(tens of microns; Talbot et al., 1968), which probably forced the pe-
ripheral fibers to function outside their plateau range (see Goodwin
et al., 1989). Nevertheless, the spatial features were still represented
by the peripheral temporal structure, though with a 1:n ratio (Mor-
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ley & Goodwin, 1987; Goodwin et al., 1989). In principle, PLLs can
decode 1:n input ratios, and the decoding efficiency depends on the
parameters. For example, if the bursts increase the input spread (Tyji;
see Figure 4) beyond T;/2, performance could be impaired. However,
if they bring T, closer to T;/2, performance should improve. Since
the length of these bursts increases as the spatial frequency decreases
(Goodwin et al., 1989), they might indeed improve the efficiency of the
putative PLLs. Note, however, that the peripheral burst lengths are not
necessarily preserved at the outputs of the dorsal column nuclei.

The PLL model for the tactile thalamocortical system predicts that the
temporal information of the input will be represented by the firing
rates of cortical populations. In contrast, Burton and Sinclair (1994)
concluded that the cortex probably encodes spatial features of the sur-
face independent of temporal factors. However, since only correlations
between average values of cortical rates and hand velocities were com-
puted, velocity was not systematically varied, and “velocity was not
well controlled” (Sinclair & Burton, 1991, p. 165), these results cannot
rule out representations of input temporal structures in cortical rates.
Indeed, Chapmann and colleagues found recently, applying system-
atic variations of input velocities, that the firing rates of 66% of SI
neurons are directly related to the stimulus velocity (Tremblay et al.,
1996).

Johnson and Lamb (1981) argued that the temporal dispersion caused
by a wide distribution of conduction velocities of mechanoreceptive
fibers, especially those of RA fibers, can contribute to a spatial dis-
persion (blurring) of the image of the scanned texture. This would
indeed be the case with a central mechanism that blindly integrates
input signals from all input fibers. However, a PLL-like mechanism
can actually benefit from such dispersions, which convert input “click
trains” to lemniscal square waves (see Figure 4c) and enable the PD
operation (see sections 2.2.1 and 3.3.1).

Connor and Johnson (1992) have compared spatial and temporal en-
coding schemes as possible candidates to underlie tactile roughness
estimation and showed that spatial variations have the closest corre-
lation with roughness estimations. However, in some spacing ranges,
temporal variations are better than spatial variations in predicting the
subjects’ reports (compare Figures 9and 10in Connor & Johnson, 1992).
A view consistent with this and other (e.g., Ahissar & Gamzu, 1995)
studies is that different perceptual mechanisms are emphasized as a
function of the task at hand and the range of the spatial frequencies be-
ing explored. Roughness estimation tasks and low-spatial-frequency
pattern discrimination tasks are probably primarily dealt with by spa-
tial mechanisms (Connor & Johnson, 1992, and Ahissar & Gamzu,
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1995, respectively) while high-spatial-frequency pattern discrimina-
tion tasks are primarily dealt with by temporal mechanisms (Ahissar
& Gamzu, 1995), such as the PLL. This is consistent with the finding
that superimposed vibrations improve stationary grating resolution
in a range of high spatial frequencies and decrease performance in a
range of lower frequencies (Johnson & Phillips, 1981).

4.3.5 Summary of experimental evidence. Experimental data indicate that
under certain conditions, operation of a PLL-like mechanism is feasible at
the thalamocortical level of mammalian tactile systems. In this system, cur-
rent data favor the existence of iPLLs over ePLLs, although combined oper-
ation of both implementations has been indicated. If such PLLs exist, they
should function in parallel to other, nontemporal, decoding mechanisms.

4.4 Interactions with other tactile mechanisms. If PLL circuits do exist
in the brain, it is likely that they do not exist as isolated circuits and they
operate in parallel with other temporal and nontemporal decoding mech-
anisms. In fact, Johnson, Phillips, and colleagues have shown that some
spatial features are most efficiently resolved by the SA system (Johnson &
Lamb, 1981; Phillips & Johnson, 1981; Phillips et al., 1990), and this resolu-
tion appears to occur without significant dependency on temporal parame-
ters (Phillips, Johnson, & Hsiao, 1988; Phillips, Johansson, & Johnson, 1992).
They suggested that both “spatial” (involving the SA system) and “nonspa-
tial” (involving the RA system) mechanisms underlie texture perception; the
RA system probably encodes the microscopic dimensions and the SA the
macroscopic dimensions of the texture (Johnson & Phillips, 1984). Similarly,
| suggest that PLL circuits are embedded in and intermingled with other
circuits and that, as a whole, these circuits function as a texture analyzer
(Taylor, Lederman, & Gibson, 1973). Within such embedded and intermin-
gled circuits, operations that obey PLL principles should occur in parallel
to other operations that obey other principles. Other possible operations
could be purely spatial, such as spatial variation detection (Connor & John-
son, 1992), or spatiotemporal, such as cross-coincidence detection among
parallel phase-preserved input signals. In real time, the adaptive brain can
emphasize one or another operation, according to the task at hand and pre-
vious experience. Thus, PLL circuits, which probably occur predominantly
in the RA system, can decode temporal information related to the pattern—
to the fine details of the surface—while spatial mechanisms (e.g., Bankman,
Hsiao, & Johnson, 1990), which predominantly use the SA system, can de-
code rate-encoded information related to the macroscopic details (e.g., the
roughness or shape) of textures. In addition, SA-based intensity mecha-
nisms can refine pattern perception by using detailed spatial information,
and PLL circuits can refine roughness perception by using fine temporal
information.
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4.5 Predictions of the Tactile PLL Model. The predictions derived di-
rectly from the algorithm are considered critical; a rejection of any one of
them results in a rejection of the model or, at least, a major modification of it.
A rejection of an implementation-specific prediction results in the rejection
of only that specific implementation. The electrophysiological predictions
require a distinction between two types of neurons: RCO neurons, which are
local oscillators, and PD (or PD-driven) neurons, whose oscillating activity
is externally driven. A partial list of both types of predictions follows. The
implementation-specific predictions are detailed only for the AND-like, vec-
tor PDs (see section 2.2.1.2). For these implementations, the thalamocortical
relay neurons can function as PDs only if the lemniscal input is subthresh-
old; therefore, the related predictions apply only for light touch, such as that
used for texture discrimination.

Algorithm-Derived (“critical”) Predictions.

AVC predictions.

al. During a difficult identification of a patterned texture, the exploring
velocities are expected to maintain the average temporal frequency of
the input within one of the three ranges that correspond to the trimodal
distribution of cortical oscillating frequencies (see Figure 11), with the
RA range being preferred.

PLL predictions.

a2. RCO neurons are expected to track, within a range around their spon-
taneous oscillating frequency, variations in the frequency of a vibra-
tory stimulus.

a3. When a periodic stimulus is applied at a frequency that matches the
frequency of the RCO, the PD neurons are expected to be phase locked
with both the stimulus and the RCO neurons, and, during phase-
locking, the spikes of the PD neurons should usually (and in AND-like
implementations always) lag those of the RCO neurons.

a4. When the loop is locked, the net excitatory input to the RCO should
be a monotonic increasing function of the input frequency. This is
because in order to follow a higher frequency, a neuronal RCO needs
to be excited further.

a5. While the PLL is locked, as the frequency of the stimulus is increased,
the delay between the input and the RCO neurons, (0 — i), becomes
more positive (see Figure 4d).

a6. Within the PLL’s working range, the response of the PD population
should be monotonic with the input frequency. The polarity of this
relationship depends on the implementation (see Figure 3) and the
measurement point (e.g., before or after an inhibitory stage).
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Implementation-Specific (“Noncritical™) Predictions for AND-Like Vector PDs.

Thalamocortical Implementations.

tl.

Within groups (or “rods”; Jones, 1986) of thalamocortical relay neu-
rons that share the same receptor modality, receptive field location,
and cortical projecting area, different neurons will have different re-
sponse latencies (phase shifts) that preferentially cover a range of sev-
eral ms.

Excitatory PLLs (ePLLs).

el.

e2.

e3.

e4,

Usually an abrupt and strong peripheral stimulus should increase the
instantaneous frequency of an RCO.

The higher the input frequency, the higher the fraction of PD neurons
that should respond to the input.

Entrainment of single PD neurons should exhibit a steplike or sig-
moidal dependency on input frequency. They should not be entrained
to low frequencies and should start to respond once the input fre-
qguency becomes higher than a certain threshold.

At low input frequencies, only PD neurons that respond with short
latencies should respond. As the input frequency increases, addi-
tional PD neurons, which have incrementally longer response laten-
cies, should be recruited. Thus, although all PD neurons can maintain
phase locking at high-input frequencies, PD neurons with shorter re-
sponse latencies should maintain phase locking to stimuli of lower
frequencies.

Inhibitory PLLs (iPLLs).

. Usually an abrupt and strong peripheral stimulus should decrease the

instantaneous frequency of an RCO.

. The higher the input frequency, the lower the fraction of PD neurons

that should respond to the input.

. Entrainment of single PD neurons should exhibit a steplike or sig-

moidal dependency on input frequency. They should be entrained to
low frequencies and should stop responding once the input frequency
becomes higher than a certain threshold.

At high-input frequencies, only PD neurons that respond with long la-
tencies should respond. As the input frequency decreases, additional
PD neurons, which have decrementally shorter response latencies,
should be recruited. Thus, although all PD neurons can maintain
phase locking at low input frequencies, a PD neuron with a longer
response latency should maintain phase locking to stimuli of higher
frequencies.
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Appendix

A.1 Temporally- and Rate-Encoded Neuronal Signals. Any spike train
that consists of N spikes of asingle neuron can be described as (see Figure 1a)

N-1
s(t) =Y S(t—n(n) (A1)
n=0

where S(t') describes a single spike triggered at t' = 0 (see Figure 1a inset),
and n(n) describes the series of spike timings,

n
n(M) =00 +nT+MmM) =00 +nT+)Y mGj. n>0 (A2
=1

where T is the average ISI; M(n) is the “absolute” modulation of T for the
nth spike and represents the deviation of the timing of the nth spike from the
expected timing of the nth spike of the equivalent ideal oscillator having the
same T; and m(n) is the “cycle modulation” and represents the deviation of
the nth ISI from T. By definition, the total modulation over the whole spike
train should be zero

n
|:M(N) =y m(j) = o} .
j=1

For an ideal oscillator, M(n) = m(n) = 0 for every n. The instantaneous
ISl is (see Figure 1a):

I(n) =nn) —n(h—1) =T 4+ m(n), n>0 (A.3)
n

n(M) =00+ 1G). n=>0. (A4)
=1

It is assumed, as a convention, that the spike train was not modulated prior
to n = 0; therefore:

10)=T,; m(0) = 0; m(j)=0, j<0O (A.5)

The information carried by the spike train is described by T and m. Generally
the information carried by T and m could be referred to as rate-encoded
and temporally-encoded, respectively, since T is a measure of the average
firing rate over the whole period and m is a measure of the fine temporal
modulations within that period.
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A description of a signal by rate requires the division of a spike train into
rate bins, with each rate bin being represented by a single number. Each of
these single numbers can be evaluated by a variety of functions, ranging
from a simple spike count to a weighted average that uses a postsynaptic
filter function. Here, rate-encoded signals will be represented by simple
spike counts over each rate bin. If other measurements are required, the
spike count terms (e.g., A(k) in equation A.6) should simply be replaced
with other terms. Thus, a spike train can be described by a series of counts
of spikes, where each count corresponds to a single rate bin (see Figure 1b):

Nr—1

Re(®) = Y AMR(t—KTp), (A6)
k=0

where T, is the rate bin, R(t") is a pulse function thatequals 1 for0 <t < T,
and 0 otherwise (see Figure 1b, inset), A(k) is the spike count of the neuron
at the kth rate bin, and N, is the number of rate bins in the spike train.

For simplicity, negative “firing rates” will be ascribed to inhibitory inputs.
Thus, a rate signal is defined as the difference between the count of spikes
leading to EPSPs and the count of spikes leading IPSPs. For example, a
single excitatory cell can produce only positive rate values, and a single
inhibitory cell can produce only negative rate values.

Two kinds of population rate coding are considered here: population
sum, which, per each rate bin k, is the sum of all Aj(k), and population
vector, which, per each rate bin k, is the array of all A;j(k).

A.2 Phase-Locked Loop.

A.2.1 Rate-controlled oscillator. The RCO’s output signal is:

N-1
So(t) = Y S(t— no(M)) (A7)
n=0
where
no(N) = 10(0) + NT¢ + Mc(n). (A.8)

T¢ is the RCO’s intrinsic period—its ISl when it receives no input—and
Mc(n) is the nth spike’s absolute modulation (see equations A.2 and A.3 for
other related definitions). The ISI (the “cycle”) of the RCO is controlled by
its input in the following way:

lo(n) = T¢ + go(Ra (M), (A.9)

where go, in the general case, is a monotonic decreasing or a monotonic
increasing function, go(0) = 0, and Rq(n) is the input to the RCO inte-
grated over the interval preceding spike n, during lo(n) (see Figure 1 and
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section 2.2.2). In neuronal implementations, g, will probably always be a
decreasing function in which the more positive (excitatory) the oscillator’s
input is, the sooner the oscillator will fire its next spike, and vice versa for
more negative (inhibitory) inputs.

The average value of R4(n) is not necessarily, and usually will not be, 0.
Therefore, T, will not necessarily equal the average ISI of the RCO. To be
consistent with equation A.3, for any given decoding period, Rg(n) will be
described as being composed of two components: a DC component (the av-
erage value, Ry;) and an AC component (the residual modulations, Rac(n)):

R4(N) = Rge + Rac(N), (A.10)
and the average ISl of the RCO, T,, will be:
To = Tc + (9o(Ra(M)), (A.11)

where (x) is the average value of x over the described decoding period.
Thus, the output timings of the RCO can be rewritten as:

no(N) = no(0) + NTy + Mo(n)

n
= 70(0) +nTo + Y mo(j), n>0. (A12)
=1

For a linear g, we get:

(9o(Rg(N))) = Go(Rac). (A.13)

and the instantaneous ISI is (from equations A.3, A.9, and A.11),
lo(n) = To + Go(Rac(N)). (A.14)

A.2.2 Phase detector. The PD’s output, Ry(n), is a rate-encoded signal,
which is a function of the difference between the arrival times of the PD’s
two inputs,

Rg(n+ 1) = ga(mo(n) — ni(N)), (A.15)

where gq is @ monotonic increasing or a monotonic decreasing function.
The difference no(n) — nj(n) is simply the difference between the times of
appearance of the nth spikes of the RCO and the PLL’s input, where n is
counted only within a locked state, when the RCO’s and the input’s spikes
are paired. With neuronal implementations, g4 probably cannot achieve a
strict monotonic shape but rather will assume a staircase-like form. There
will be ranges of phase difference within which the PD will produce a con-
stant output. The size of these ranges determines the PD’s resolution (see
section 2.2.1) and, hence, also the PLL’s resolution.
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A.2.3 The loop gain. The ability of the PLL to be locked to the input de-
pends on the loop’s functioning as a negative feedback loop. In such a neg-
ative feedback loop, any deviation of the input from its expected frequency
will produce an error signal (Ryc) that will drive the RCO’s frequency in
the direction that will reduce the error—in the same direction as the input’s
deviation. To provide a negative feedback, the gain along the loop during
one cycle, referred to as the loop gain, should be negative. The loop gain,
G, is computed per a working point (e.g., the crossing point in Figure 2b),
assuming a constant input. It is equal to the gain of a small perturbation
from the working point that is obtained after one cycle and is approximately
(exactly for a linear system)

G ~ 0,94, (A.16)

where, with continuous g, and gq, g, and g; are the derivatives of g, and gq,
respectively, at the working point. With discrete g, or g4, g; equals Ay/AXx,
where Ay is the output change generated by a minimal input change (AX).
The PLL will be stable only if any deviation from a working point, gener-
ated within the loop while the input is constant will be attenuated at the
next cycle. A perturbation will be canceled at the next cycle if G = —1,
will be attenuated if —1 < G < 0, and will be inverted and attenuated if
—2 < G < —1. Outside this range, any perturbation will increase in abso-
lute magnitude with each successive cycle. Thus, a necessary, although not
sufficient, requirement for a stable PLL is

—2<G<0. (A.17)

Therefore, to keep a PLL stable g4 and g, must have opposite slopes around
the working point (see, for example, Figure 2b). A range within which input
modulations can be decoded is defined as a working range of the PLL. This
range is determined by equation A.17, the dynamic range of the RCO, and
the input average frequency.

A.3 Tracking. For clarity, let us consider an ideal PLL, in which the
derivatives of g4 and g, are constant (equal to kq and ko, respectively),
G = —1, the RCO fires single spikes per cycle, and there is no noise. Suppose
the input to the PLL (hereafter “the Input”) is:

N-1

sith) =Y St—ni(n), LM =Ti+min), n>0 (A18)
n=0

and

mj(n) =0, n<0.
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When the loop is locked, there is one and only one RCO spike per each
Input spike. If the Input is not modulated (i.e., it is perfectly periodic), the
timings of the RCO’s spikes will differ from the Input spikes only by a
constant time delay (phase shift),

no(N) = ni(N) + AD (A.19)

where A@ is a constant time difference and n is the index of the Input cycle.
And

lo(n) = li(n). (A.20)

When the Input is temporally modulated, the modulation is detected by
the PD, which detects the difference between the expected »;j(n) (“stored”
as 10(n)) and the actual timing. The detected difference corrects the RCO’s
frequency so that the latter matches the Input frequency. However, this
correction will take place only at the following cycle (n + 1):

lo(n) = li(n—1) (A.21)
and, from equation A.3,
To+mo(n) = Ti + mi(n — 1). (A.22)

By definition, T, is the average ISI of the RCO, and as long as the loop is
locked, it is equal to the average Input ISI, T;,

To=Ti (A.23)
and, therefore,
My(N) = mij(n — 1). (A.24)

Thus, the Input modulation is replicated by the RCO’s modulation, with
one cycle lag.

The average periods, T, and T;, are defined de facto for every decoding
period. Thus, the PLL does not “know” the exact values for these averages
during the decoding, and a decomposition of its output signal to the differ-
ent components will fit the above definitions only at the end of the decoding
period. Note, however, that this non-causal process relates only to the ob-
server’s interpretation of the decoding process and does not relate to the
process itself, since the decoding utilizes the actual timings [1,(n) and 7;j(n)]
of the signals (equations A.9 and A.15).
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A.4 Decoding. It can be shown that with ideal PLLs,

Ric = 94(AL) (A.25)
Rac(N + 1) = —gg(Mi(n)) = g5 *(Mi(n)) (A.26)
A =Te—Ti+ On. (A.27)

A is the average phase difference and, together with Ry, determines the
PLL’s working point (see Figure 2b). @, is a constant delay that depends
on the implementation (see section A.5.2).

If gq Or go is not linear, the AC component will depend on the DC compo-
nent, that is, on the working point. However, since g4 (and g;*) is monotonic,
Rg(n) is unique (within the resolution limits) for every input. When G # —1,
the above solutions are the steady-state solutions that are obtained after a
variable number of cycles, depending on G.

Using minimal rate bin (= T;), the output of the ideal PLL is (see equa-
tion A.6),

N-1

Ra(t) = ga(Te — Ti + Dm) — Y_[da(mi(n — 1)R(t — nTp]. (A.28)
n=0

Readout mechanism that employ longer rate-bins should sample or inte-
grate the PLL’s output.

A.5 PD Implementations.

A.5.1 A single neuron PD. The working range of such a PD is deter-
mined by the effective widths of its inputs—the maximal delay from an
onset of an EPSP in which, if an EPSP from the other input is added,

the membrane voltage will cross the threshold. For similar inputs whose
(EPSP amplitude)/(threshold distance) = A

Tw = 7IN(A/(1 = A)). (A.29)

Assuming T = 10 ms is the decay time constant, if A = 0.8, the working
range (Ty) is almost 14 ms, and if A = 0.9, it is about 22 ms.

A.5.2 Population PDs. Within the working range of the ePLL (Tyse; Ssee
Figure 4d),

Ra(n + 1) = Rmax + Ka[no(N) — ni(n)], kg > 0. (A.30)
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Since g, is monotonic decreasing, G < 0 and the basic algorithm can be
implemented straightforwardly by the circuit denoted by the dashed lines
in Figure 3a. With the PD implementation of Figure 4d, the average delay is

Within the working range of the iPLL (Tyi, see Figure 4d),
Rg(N+1) = Rmax — ka[no(M) — ni(M], kg > 0. (A.32)

In this case, G < 0 because of the INH that are added to the loop (see Fig-
ure 3a, solid lines). The average delay for the Figure 4d iPLL implementation
is

The PLL’s output, in both the excitatory and inhibitory implementations, is
a population output.

A.6 Tactile Signals. Itisassumed, for simplicity, that for any given scan-
ning direction, all ridges have negligible widths. Textures consisting of a
collection of such ridges can be described, along any one-dimensional di-
rection, in a discrete form by

N
i) = Y AiMU[x — &M, (A34)
n=0

where U(x) describes a single ridge at X' = 0 with a unit height, A;j(n) is the
height of the nth ridge, and &;(n) describes the location of the nth ridge,

n
&i(n) = &(0) + nXj + Pj(n) = &(0) + nXj + Z Pi(J);
=0

Gi(n) = Xi + pi(n), (A.35)

where X; is the average spatial period, P;j(n) is the absolute modulation of
this period for the nth ridge, pi(n) is the cycle modulation, and G;(n) is the
inter-ridge-interval (see section A.1l). If a mechanoreceptor response is 1:1,
then for a constant finger velocity, V, the sensory transformation is simply

ni(n) = &m)/V, 1i(0) = &i(0) =0, (A.36)
and similar relationships hold for the signals’ components:

Ti=Xi/V; L) =Gi(n)/V; min) =pi(n)/V. (A37)
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A.7 Tactile Decoding. With ideal PLLs, minimal rate bins (= T;) and
constant finger velocity, the two output components (see equations A.28
and A.37) are,

Rac(t) = ga(Te — Xi(0)/ V(1) + D) (A38)
N-—1

Rac(t) = — Y "[9a(pi(n — 1)/ V(®)R(t — nTi)] (A.39)
n=0

where @, is an implementation-specific delay.

A.8 Automatic Velocity Control. Suppose the desired working point is
Tew; then the requirement is that

Xi/ V(@) = Tew, dx = V(b)dt, (A.40)
and

V(1) = Xi(t)/Tew (A.41)
is the finger velocity that the AVC should produce. The AVC is a servo-
regulating loop (see Figure 10) whose controlled variable, Ti(t), should be
kept constant. The loop equations are:

V() = gv(Rmax — Rac(t)) + Vother (A.42)

Rac(® = gpu(Ti(t) — Te) (A.43)
where gy and gy are the PLL’s and VC'’s transfer functions, respectively
(see Figure 10b), Rpnax is the maximal possible Ryc(t), Vother IS the velocity
additive component caused by the “other velocity control,” and T, is the

PLL’s intrinsic frequency (see appendix A.2).
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Note added in proof;

Recently we found that the behavior of cortical oscillators in the barrel
cortices of anesthetized rats and guinea pigs confirms predictions a2 and
ab. Also, the behavior of multi-units at the thalamic recipient layers of these
cortices is consistent with predictions a5 (under the assumption of AND-like
PD operation) and a6 (Ahissar, E., Haidarliu, S., & Zacksenhouse, M. (1997)
“Decoding temporally encoded sensory input by cortical oscillations and
thalamic phase comparators.” Proc. Natl. Acad. Sci. USA. 94:11633-11638).
Note also that the results of Nicolelis et al. (1995) confirm prediction a3.
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