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Abstract

We present experimental results on supervised learning of dynam-
ical features in an analog VLSI neural network chip. The recur-
rent network, containing six continuous-time analog neurons and 42
free parameters (connection strengths and thresholds), is trained to
generate time-varying outputs approximating given periodic signals
presented to the network. The chip implements a stochastic pertur-
bative algorithm, which observes the error gradient along random
directions in the parameter space for error-descent learning. In ad-
dition to the integrated learning functions and the generation of
pseudo-random perturbations, the chip provides for teacher forc-
ing and long-term storage of the volatile parameters. The network
learns a 1 kHz circular trajectory in 100 sec. The chip occupies
2mm X 2mm in a 2pm CMOS process, and dissipates 1.2 mW.

1 Introduction

Exact gradient-descent algorithms for supervised learning in dynamic recurrent net-
works [1-3] are fairly complex and do not provide for a scalable implementation in
a standard 2-D VLSI process. We have implemented a fairly simple and scalable
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learning architecture in an analog VLSI recurrent network, based on a stochastic
perturbative algorithm which avoids calculation of the gradient based on an explicit
model of the network, but instead probes the dependence of the network error on
the parameters directly [4]. As a demonstration of principle, we have trained a
small network, integrated with the learning circuitry on a CMOS chip, to gener-
ate outputs following a prescribed periodic trajectory. The chip can be extended,
with minor modifications to the internal structure of the cells, to accommodate
applications with larger size recurrent networks.

2 System Architecture

The network contains six fully interconnected recurrent neurons with continuous-
time dynamics,
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with z;(t) the neuron states representing the outputs of the network, y;(t) the
external inputs to the network, and o(.) a sigmoidal activation function. The 36
connection strengths W;; and 6 thresholds 6; constitute the free parameters to be
learned, and the time constant 7 is kept fixed and identical for all neurons. Below,
the parameters W;; and 6; are denoted as components of a single vector p.

The network is trained with target output signals z¥ (t) and I (t) for the first two
neuron outputs. Learning consists of minimizing the time-averaged error
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using a distance metric with norm v. The learning algorithm [4] iteratively specifies
incremental updates in the parameter vector p as
p(k+1) — p(k) —u g(k) 1r(k) (3)

with the perturbed error
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obtained from a two-sided parallel activation of fixed-amplitude random perturba-
tions 7;(¥) onto the parameters p;(*); m;(¥) = +¢ with equal probabilities for both
polarities. The algorithm basically performs random-direction descent of the error
as a multi-dimensional extension to the Kiefer-Wolfowitz stochastic approximation
method [5], and several related variants have recently been proposed for optimiza-
tion [6,7] and hardware learning [8-10].

To facilitate learning, a teacher forcing signal is initially applied to the external
input y according to

yi(t) = A (@l (8) —z:(t)) , i=1,2 (5)
providing a feedback mechanism that forces the network outputs towards the tar-
gets [3]. A symmetrical and monotonically increasing “squashing” function for ~(.)
serves this purpose. The teacher forcing amplitude A needs to be attenuated along

the learning process, as to suppress the bias in the network outputs at convergence
that might result from residual errors.
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tion. Through dedicated transconductance circuitry, a wide linear dynamic range
for the voltages is achieved at relatively low levels of power dissipation (experimen-
tally 1.2 mW while either learning or refreshing). While most learning functions,
including generation of the pseudo-random perturbations, are integrated on-chip in
conjunction with the network, some global and higher-level learning functions of
low dimensionality, such as the evaluation of the error (2) and construction of the
perturbed error (4), are performed outside the chip for greater flexibility in tailoring
the learning process. The structure and functionality of the implemented circuitry
are illustrated in Figures 1 to 3, and a more detailed description follows below.

3.1 Network Circuitry

Figure 1 shows the schematics of the synapse and neuron circuitry. A synapse cell of
single polarity is shown in Figure 1 (a). A high output impedance triode multiplier,
using an adjustable regulated cascode {11], provides a constant current I;; linear in the
voltage Wi; over a wide range. The synaptic current I;; feeds into a differential pair,
injecting a differential current I;; o(z; — ;) into the diode-connected I, and I, output
lines. The double-stack transistor configuration of the differential pair offers an expanded
linear sigmoid range. The summed output currents I}, and I, of a row of synapses are
collected in the output cell, Figure 1 (b), which also subtracts the reference currents I,
and I, obtained from a reference row of “dummy” synapses defining the “zero-point”
synaptic strength Wog for bipolar operation. The thus established current corresponds to
the summed synaptic contributions in (1). Wherever appropriate (i = 1,2), a differential
transconductance element with inputs z; and &7 is added to supply an external input
current for forced teacher action in accordance with (5).

th Inut

(@) ()

Figure 1 Schematics of synapse and neuron circuitry. (a) Synapse of single polarity.
() Output cell with current-to-voltage converter.

The output current is converted to the neuron output voltage z;, through an active resistive
element using the same regulated high output impedance triode circuitry as used in the
synaptic current source. The feedback delay parameter 7 in (1) corresponds to the RC


















