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Abstract

A neural network with 136,000 connections for recognition of handwritten digits has
been implemented on a mixed analog/digital neural-network chip. The chip is capable
of recognizing 1,000 characters per second with essentially the same error rate (5%) as a
simulation of the network with floating-point precision.

1 Introduction

We have designed, fabricated, and tested a reconfigurable neural network chip, called the
ANNA chip (for Analog Neural Network ALU). The chip is optimized specifically for locally
connected, weight sharing networks and time-delay neural-networks (TDNN) but can also be
used for a wide variety of other topologies like fully connected and recurrent networks A
detailed description of the chip has been published in [1, 2].

A very successful neural network for optical character recognition (OCR) has been de-
veloped in our department [3]. The network performs particularly well in recognizing nosy.
handwritten characters and in estimating the confidence of the classification. The good per-
formance is due to an advanced architecture featuring local connections and weight sharing
This architecture is well suited for implementation on the ANNA chip.

Many neural network chips have been developed to date, but demonstration of large real-
world applications for them is often neglected. The implementation of the OCR network with
a total of 136,000 connections on just one ANNA chip clearly shows its practical significance
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Figure 1: Simplified architecture of the ANNA chip.

Important questions, like the speed advantage gained through this special-purpose hard-
ware and the impact of low resolution arithmetic on the classification accuracy are discussed
in this text.

2 The ANNA Neural Network Chip Architecture

The ANNA neural network chip is implemented in a 0.9 um CMOS technology, contains
180,000 transistors, and its die size is 4.5 x 7Tmm?. The chip implements 4096 physical
synapses which can be time multiplexed in order to realize networks with many more than
4096 (shared) connections. The resolution of the synaptic weights is 6 bit and that of the
states (input/output of the neurons) is 3 bits; additionally a 4 bit scaler per neuron extends
the dynamic range of the weights. Although the chip uses analog computation techniques
internally, all input/output of the chip is digital. This combines the advantages of high
synaptic density, low power, and easy interfacing to a digital system (e.g. digital signal
processor DSP).

In the following a simplified account of the chip’s architecture will be presented (see Fig 1)
This description leaves out many details but is sufficient to understand the implementation
of the network on the chip. More detailed descriptions can be found in [1, 2].

The chip evaluates eight dot-products of state z and weight w, vectors in parallel. The
eight scalar results are passed through a squashing function f(-) yielding the neuron outputs
z,. The whole evaluation process takes 200 ns or four clock cycles. The chip can be reconfig-
ured for weight and state vector sizes of 64, 128, and 256. These figures also correspond to
the number of synapses per neuron.

The input state-vector z is provided by a shift register which can be shifted by 1, 2, 3, or
4 positions in each clock cycle (50ns). Correspondingly 1, 2, 3, or 4 new data values are read
into the left end of the shift register in each cycle. This barrel shifter serves two purposes: (1)
Because of pin limitations, it is not possible to load the whole state vector (256 x 3 bits) in
parallel onto the chip; therefore sequential loading is imperative. (ii) A barrel shifter is the
ideal preprocessor for networks with local receptive fields and weight sharing as well as time-
delay neural-networks. This will be clarified in the section about the network implementation.
The barrel shifter on the chip has length 64, but can be extended to larger sizes by means of
an associated vector-register file.

A total of 4096 weight values are stored on the chip. These values can be grouped into
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Figure 2: General structure of the OCR network.
Figure 3: Example for the states of the OCR network.

vectors of size 64. 128, and 256 in a flexible way. It is for instance possible to have 32 weight
vectors of size 64, 8 vectors of size 128, and 4 vectors of size 256 on the same chip. Of the
many weight vectors stored on chip eight (w, ... wsg) are selected in each calculation cycle and
multiplied with the output of the barrel shifter (z).

3 Optical Character Recognition (OCR) Network

The general structure of the OCR digit recognizer is that of a five-layer feed-forward network
(see Fig 2). Since there is no feed-back and thus no relaxation, the network can be evaluated
fast in a single pass. The net has 400 inputs corresponding directly to the 20 x 20 pixel
image, i.e., no preprocessing like feature extraction is done. The ten outputs of the network
code the ten digits in a ‘1 out of 10’ code. Since the outputs of the neurons are real valued,
the output does not only contain information about the classification result (the most active
output) but also about the certainty of this classification. Actually, the difference between
the most active and second to most active neuron is an accurate measure of certainty and
can be used to reject ambiguous digits. An example showing all the states of the network
for the case of a handwritten 6 is shown in Fig. 3. The states of the input and the first four
layers are represented as grey levels; the states of the output layer are proportional to the
size of the black (negative) and the white (positive) squares.

Of the five layer network, only the last layer is fully connected with all weights being
independent. The first four layers are carefully constrained to improve the capability of
the network to generalize well for patterns the network has not been trained on [3]. These
constraints are symbolized by the local receptive fields shown in Fig. 2 and are discussed in
more details in the following.

Each neuron in the first layer has 25 inputs and connects to a 5 x 5 environment in
the pixel image (see Fig. 4). This environment is called the receptive field of the neuron.
Two adjacent neurons, belonging to the same feature map, have local receptive fields that
are displaced by one pixel in the corresponding direction. The neurons are grouped into four
feature maps, each organized as described above. All neurons within one feature map have
identical weights (weight sharing) and therefore the whole layer is determined by just 4 x 25
parameters (plus four bias quantity).

























































