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Abstract—Stochastic computing (SC) has been widely used
in neural networks (NNs) due to its simple hardware cost and
high fault tolerance. Conventionally, SC-based NN accelerators
adopt a hybrid stochastic-binary format, using an accumulative
parallel counter to convert bitstreams into a binary number.
This method, however, sacrifices the fault tolerance and causes
a high hardware cost. In order to fully exploit the superior fault
tolerance of SC, taking a ternary neural network (TNN) as an
example, we propose a parallel SC-based NN accelerator purely
using bitstream computation. We apply a bitonic sorting network
for simultaneously implementing the accumulation and activation
function with parallel bitstreams. The proposed design not only
has high fault tolerance, but also achieves at least 2.8× energy
efficiency improvement over the binary computing counterpart.

Index Terms—Stochastic computing, ternary neural network,
bitonic sort, parallel computing

I. INTRODUCTION

The large-scale matrix multiplication operations of deep
neural networks (NNs) lead to complex hardware implemen-
tations. However, computational and memory resource re-
quirements are becoming more stringent, especially in mobile
systems and Internet of Thing (IoT) devices. To overcome
this difficulty, hardware architectures for many specific appli-
cations have been proposed, such as ternary neural networks
(TNNs) [1], [2], where all synaptic weights and neuron ac-
tivations are ternarized to 0, +1, or −1. TNNs can greatly
reduce the storage and computational requirements, while the
accuracy is only slightly reduced.

On the other hand, stochastic computing (SC) [3], [4], as
a promising alternative to traditional binary computing, is a
new computational paradigm using probability as a medium
and is compatible with modern VLSI design and manufac-
turing technology [5]. SC has great potential for a dedicated
NN accelerator design due to its advantages of strong fault
tolerance and low hardware cost [6]–[9], which is very suitable
for low-precision NNs with weak fault tolerance, like TNN.

However, traditional SC-based NN accelerators suffer from
several problems. First, SC needs a long bitstream to maintain
computational accuracy. This leads to a long computation
latency since the traditional SC serially inputs the bitstream
in the form of time sequences. Second, SC has random fluc-
tuation, leading to inaccurate calculation results. Particularly,
the multiplication on near-zero data is quite inaccurate with
the bipolar format [6], which is contrary to the sparsity of
NNs. Third, SC is not suitable for computation with multiple
stages, which requires increasing bitstream lengths to maintain
high accuracy. This problem becomes more serious for DNNs
with many computation layers. To solve it, usually, the SC
will convert the bitstream into a binary number, which is

done by circuits such as an accumulative parallel counter
(APC), and then convert it back to avoid multiple consecutive
arithmetic calculations. However, this results in high binary-
bitstream conversion cost [3]. It also largely weakens the
fault-tolerance advantage of SC. In addition, although the
multiplication is simple in SC, it is very difficult to implement
the accumulation and activation function of NN in SC without
loss of its accuracy. Usually, binary computing is used for their
implementation.

In this work, we present a fault-tolerant parallel SC-based
NN accelerator purely using bitstreams, which addresses the
problems mentioned above. We redesign the multiplication,
accumulation, and activation function of SC-based NN to
realize the fully parallel bitstream calculation. This new par-
allel design avoids the long latency and the high conversion
cost to binary numbers. Notably, an efficient and accurate
accumulator is proposed using the bitonic sorting network
to further reduce energy consumption. Using a TNN as the
implementation target, we compare the proposed parallel SC-
based NN accelerator with the existing SC-based and binary-
based ones. We show that our design has a shorter latency than
traditional SC-based design. Furthermore, it has higher energy
efficiency and fault tolerance than both the binary and the
traditional SC-based designs. Our contributions are as follows:

• A parallel SC-based NN accelerator architecture that
purely uses bitstreams for calculation, eliminating the
conversion cost between bitstreams and binary numbers,
and maintaining the advantage of fault tolerance.

• A parallel SC design for accurate ternary multiplication.
• A parallel SC design for accurate accumulation and

activation function using bitonic sorting network.
• A redesign of the convolution kernel structure in the TNN

for a complete end-to-end parallel SC-based accelerator.
The rest of the paper is organized as follows. Section II

presents the proposed design. Section III shows the experi-
mental results. Section IV concludes the paper.

II. PARALLEL SC-BASED NN ACCELERATOR

A. Overview of Different NN Architectures
In extreme situations, such as under the effects of cosmic

rays or low supply voltages, soft error is often produced during
calculations. As shown in Fig. 1, there are usually two types
of soft errors in an NN accelerator, which are SRAM reading
error, caused by SRAM read and write noises, and multiply-
accumulate (MAC) calculation error, due to the static and
dynamic variations in devices and circuits [5].



Fig. 1. Illustration of possible soft error occurrence in NN accelerator.
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Fig. 2. Comparison of three NN accelerator architectures.

Due to the advantages of uniform weight coding (i.e., all
bits have the same weight), SC is considered to be highly
fault-tolerant. For the above two types of soft errors in NN
accelerators, the SC-based design should have good fault
tolerance in theory, but in fact not, as discussed below.

Fig. 2 shows the architectures of a binary, a traditional
SC-based, and our proposed parallel SC-based NN acceler-
ator. We analyze the fault tolerance of these three different
architectures. It can be found that traditional SC uses APC
to convert bitstreams into binary numbers for accumulation.
For traditional SC and binary computing, the data read from
SRAM is in binary format, which has low tolerance to noise.
For example, 1 (01) changes to −1 (11) when an error occurs
in the sign bit, which causes a value change of 2. In our
proposed parallel SC design (see Fig. 2c), the data is store
in the SRAM in the bitstream format, which has strong fault
tolerance. Regarding the MAC calculation error, since the
conventional SC and binary based designs apply the adder
tree, the fault tolerance is poor due to the binary computing.
However, the parallel SC design uses a bitonic sorting network
to output a parallel bitstream (see Section II-D for details).
Thus, it has strong fault tolerance.

In summary, due to the use of binary accumulation, tradi-
tional SC-based NN accelerator loses the fault tolerance advan-
tage, which is often overlooked in previous hybrid stochastic-
binary NN accelerators. In contrast, the proposed design using
fully parallel bitstreams not only keeps the high fault tolerance
of SC but also reduces the energy consumption. The details
of our design will be presented in the following sections.

B. Bitstream Coding Method
In SC, the conventional binary arithmetic is transformed

into the probabilistic computation. Stochastic bitstreams used
to carry information are coded in two formats, bipolar and
unipolar. For the unipolar format, the value is encoded as
the probability of a 1 in the bitstream. Thus, only the values
between 0 and 1 can be represented. For the bipolar format,
the value is encoded as 2P − 1, where P is the probability
of a 1 in the bitstream. Thus, both positive and negative

TABLE I
VARIOUS TERNARY CODING METHOD.

Number Bipolar SC Binary computingProposed parallel Deterministic [10]
−1 00 0000 11
0 10/01 1100/1010 00
+1 11 1111 01

TABLE II
MULTIPLICATION IN SC.

Multiplication
Parallel SC Traditional SC

Input Output Input Deter. OutputParallel Bitstream Bitstream

0 ∗ 0
01 ∗ 10 01 ∗ 01

10 1010 ⊕ 1100 1001
10 ∗ 10 10 ∗ 01

0 ∗ 1 01 ∗ 11 10 ∗ 11 10 1010 ⊕ 1111 1010
0 ∗ (−1) 01 ∗ 00 10 ∗ 00 10 1010 ⊕ 0000 0101
1 ∗ 0 11 ∗ 10 11 ∗ 01 10 1111 ⊕ 1100 1010
1 ∗ 1 11 ∗ 11 11 1111 ⊕ 1111 1111

1 ∗ (−1) 11 ∗ 00 00 1111 ⊕ 0000 0000
(−1) ∗ 0 00 ∗ 10 00 ∗ 01 10 0000 ⊕ 1100 0101
(−1) ∗ 1 00 ∗ 11 00 0000 ⊕ 1111 0000

(−1) ∗ (−1) 00 ∗ 00 11 0000 ⊕ 0000 1111

values can be represented. The actual operation becomes a
kind of probabilistic calculation in SC. The multiplication is
implemented by an AND (resp. XNOR) gate in the unipolar
(resp. bipolar) coding format. Since the weight and the input
data in TNNs are all composed of −1, 0, and +1, bipolar
coding is needed to cover the negative numbers.

Traditional SC is subject to stochastic error. A recent work
introduces the deterministic coding format, which makes the
calculation results of SC accurate [10]. However, in order to
produce accurate result for tenary multiplication, bitstream
length should be 2 × 2 = 4. The deterministic coding for
−1, 0, and +1 in the bipolar format is shown in Table I.
Since our proposed parallel design is accurate, to make a fair
comparison, traditional SC discussed below is coded in this
accurate deterministic format.

The proposed parallel SC adopts the bipolar coding method,
as shown in Table I, and only two bits are needed to accu-
rately represent the ternary value, which has the same coding
efficiency as the binary computing and is twice as efficient
as the SC deterministic coding method. Unlike the serial
computation of traditional SC, the parallel SC computes all
the bits in parallel in only one cycle, which also reduces the
computational latency.

C. Parallel Multiplication
As shown in Table II, the traditional SC in bipolar coding

achieves tenary multiplication by an XNOR gate but requires
4 cycles to complete. Moreover, to ensure the independence
of the two input bitstreams, two stochastic number generators
(SNGs) are required, each of which includes a random number
source and a comparator to compare random numbers with the
input binary data. Since SNGs are much larger than an XNOR,
they dominate the area/power of the SC multiplier.

Given the parallel bitstream coding shown in Table I, we can
obtain the truth table for the tenary multiplier for the coding,
as listed in Table II. From the truth table, we can derive a
parallel SC multiplier taking two ternary parallel bitstreams
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Fig. 3. Parallel SC component design. (a) multiplication; (b) accumulation and activation function.

as inputs (Fig. 3a). The parallel SC multiplier requires only
five gates to achieve a completely accurate multiplication in
one cycle. Since the data stored in SRAM are bitstreams for
the parallel SC multiplier, SNGs are not required for data
format conversion, which greatly reduces the area/power of
the multiplier.

D. Accumulation and Activation Function Implementation
For the traditional SC-based NN accelerators, accumulating

multiple bitstreams can be implemented by a parallel counter
and a binary accumulator, which is also known as an APC [11].
The parallel counter adds up multiple bits from different
bitstreams in the same clock cycle, and then the result of
the parallel counter is added by an accumulator over all the
cycles of a bitstream. Although this method is accurate, the
conversion to binary numbers eliminates the fault-tolerance
advantage. In addition, traditional SC uses a parallel counter
and finite state machines (FSMs) to implement activation
functions [12], which is complex and inaccurate, especially
for the widely utilized step function like ReLU.

In this work, we address these problems by employing a
bitonic sorting network to simultaneously implement the ac-
cumulation and the activation function. The Batcher’s bitonic
sorting algorithm [13]–[15] is a parallel sorting network. It is
based on the concept of first converting the given sequence into
a bitonic sequence and then converting the bitonic sequence
into a monotonic sequence. The bitonic sequence is strictly
increasing at first, and then after a point, strictly decreasing.
Fig. 3b shows the implementation of accumulation and activa-
tion function using a bitonic sorting network. Here we use a
two-step function as the activation function to implement the
ternary activation quantization results, as shown in Fig. 4.

Fig. 3b illustrates an example of four parallel ternary
bitstreams, encoding 0, 1, −1, and 1. The sorting network is
designed to sort the input bits so that all the 1s will be before
all the 0s. The arrow is a comparator consisting of an AND
gate and an OR gate. The green (resp. yellow) box indicates
descending (resp. ascending) sorting. It can be seen that the
final output is sorted in a descending order as 11111000.

Note that by the proposed parallel bitstream coding, the
value encoded by a bitstream equals the number of 1s in the
stream minus 1 (see Table I). Thus, the accumulation result of
k parallel bitstreams equals the number of 1s over all the bit-
streams minus k. For example, the accumulation result of the 4
values represented by the input parallel bitstreams in Fig. 3b
is 1, which equals the number of 1s over all the bitstreams
minus 4. The sorting network does not change the number of
1s over all the bitstreams. However, by sorting all the bits of all

the bitstreams, a single output of the sorting network directly
represents the comparison of the input bitstream accumulation
result with a certain value. For example, as shown in Fig. 3b,
if the fourth bit y[4] of the sorting result is 1, it means that the
accumulated result of the parallel input bitstreams is greater
than or equal to 0 (11110000). Conversely, if y[4] is 0, it means
that the accumulated result of the parallel input bitstreams
is less than or equal to −1 (11100000). We can select the
fourth bit y[4] and the fifth bit y[5] of the sorting result as the
parallel output bitstream (out[1] and out[0]) of the activation
function, which is the same as the two-step activation function.
That is, if the accumulated result of the parallel bitstreams
is less than or equal to −1 (11100000), the parallel output
bitstream is 00; if the accumulated result is greater than or
equal to +1 (11111000), the parallel output bitstream is 11;
and in the remaining case where the accumulated result is 0
(11110000), the parallel output bitstream is 10. Furthermore,
since we only need two output bits of the sorting network,
some of its comparators can be omitted, as shown in Fig. 3b,
which further reduces the area of the sorting network.

In summary, we have proposed a special method based
on bitonic sorting network to simultaneously implement the
accumulation and activation function over parallel bitstreams.
The whole process adopts the form of bitstream without
conversion to binary numbers, which fully exploits the high
fault tolerance of SC. Moreover, the calculation result is
completely accurate without random fluctuation.

III. EXPERIMENTAL RESULTS

To demonstrate the effectiveness of the proposed parallel
SC-based NN accelerator, we compare it with the traditional
SC-based and binary-based ones, which are based on the
previous design methods [6], [11].

A. End-to-End TNN Setup and Implementation Detail
Due to the fact that bitonic sorting network only works on

parallel inputs with size as a power of 2, we redesign the TNN
structure, where each layer of the TNN uses an even number
of convolution kernels, to make full use of the bitonic sorting
network, as shown in Fig. 4. The MNIST handwritten digit
database is used. The image input is also ternarized besides
weights and activations. The accuracy of this end-to-end TNN
is 97.36%. We synthesize different TNN accelerators using
Synopsys Design Compiler with TSMC 40nm technology. The
operating frequency is 100MHz.

B. Hardware Implementation in Each Layer
Table III compares the parallel SC-based TNN accelerator

with the traditional SC-based and the binary-based ones, in
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Fig. 4. Structure of the end-to-end TNN.

terms of area, power, time per layer, energy per layer, and
energy efficiency. Note that for both parallel SC and binary
computing, the data stored in memory occupies two bits. Thus,
their time and energy consumption on memory transfers are
the same.

Since parallel SC uses the bitonic sorting networks, its area
is larger than traditional SC and binary, which is its cost in
exchange for other advantages. As shown in Table III, our
proposed parallel SC-based TNN accelerator achieves at least
2.5× power improvement and 10× energy efficiency improve-
ment over the traditional SC-based one. Even compared to the
binary TNN accelerator, the energy efficiency of the parallel
SC-based one is at least 2.8× higher. In addition, traditional
SC requires multiple clock cycles to complete a layer of
NN calculations. Thus, although the power consumption of
traditional SC is lower than that of binary, the total energy
consumption is higher. Furthermore, for 4×4×1 convolution
layer, the energy efficiency of the parallel SC-based NN
accelerator can reach 833 Tops/W, which achieves 24.5×
improvement over the traditional SC-based one, showing the
great potential for low-energy-budget applications.

Therefore, the experimental results show that the proposed
parallel SC-based TNN accelerator can greatly improve the
power consumption and energy efficiency over the traditional
SC-based and binary-based ones, at the cost of the area.

C. Accuracy Comparison and Fault Tolerance
Table IV compares fault tolerance results for different TNN

accelerators. We applied two soft error models to the TNN
accelerator, namely the SRAM read error and the MAC
calculation error (see Fig. 1). For both models, we set the
flip rate for each bit to be 1%, 5%, and 10%, respectively.
The results show that our proposed parallel SC has high fault
tolerance to both soft errors due to the fact that APC is not
used to convert the bitstream to the binary format. Notice that
the fault tolerance of the traditional SC-based NN accelerator
is the same as the binary one, due to its hybrid format. That
is, except that the multiplication is completed in the form of
bitstreams, the other parts are calculated in the binary form
(see Fig. 2).

IV. CONCLUSION

In this paper, we propose a new fault-tolerant parallel SC-
based TNN accelerator, where all calculations are imple-
mented in the form of parallel bitstreams. A new parallel
SC multiplier is proposed. Using the bitonic sorting network,
the accumulation and activation function are simultaneously
implemented in parallel SC. Our proposed parallel TNN
accelerator design not only maintains high fault tolerance of

TABLE III
HARDWARE COST COMPARISON FOR DIFFERENT IMPLEMENTATIONS AND

TNN LAYERS.
Area Power Time Energy Energy Efficiency

(µm2) (µW) (µs) (fJ) (Tops/W)

4x4x1Conv
Binary 294 66 13 824 97

Trad. SC 708 48 50 2385 34
Para. SC 379 8 13 96 833

4x4x2Conv
Binary 658 104 19 2013 123

Trad. SC 1325 89 77 6722 37
Para. SC 1019 19 19 374 663

4x4x4Conv
Binary 1451 177 29 5112 145

Trad. SC 2539 161 116 18599 34
Para. SC 2612 46 29 1340 552

4x4x8Conv
Binary 3221 311 20 6369 165

Trad. SC 4977 275 82 22528 47
Para. SC 6530 110 20 2253 465

TABLE IV
ACCURACY FOR DIFFERENT ACCELERATORS CONSIDERING SOFT ERRORS.

Accuracy

w/o Error w. Read Error w. Calculation Error
1% 5% 10% 1% 5% 10%

Binary 97.36% 96.02% 80.77% 40.26% 97.30% 95.77% 79.05%
Trad. SC 97.36% 96.02% 80.77% 40.26% 97.30% 95.77% 79.05%
Para. SC 97.36% 96.61% 93.06% 81.17% 97.34% 97.19% 94.55%

SC but also shows more than 10× energy improvement over
the traditional SC-based one.
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