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Abstract—In this work, we propose a new counter-based stochastic-
behaving approximate integer unsigned multiplier, called COSAIM, for
many emerging error tolerant application workloads such as deep neural
networks. Unlike existing approximate multipliers, which are based on
some deterministic ad-hoc methods or mathematical formula, the new
design is an improved stochastic multiplier, which performs improved
sequential counting for multiplication operation in a deterministic way.
In this work, we further improve the counting efficiency by introducing
approximate schemes to significantly speed up the counting process,
which leads to significant clock cycle reduction with no accuracy loss.
COSAIM bears all the advantages of stochastic computing such as built-
in configurability for progressive performance-accuracy trade-off. At the
same time, it shows very small latency and high energy efficiency. Our
evaluation shows that the COSAIM with error improvement operation
can achieve very low error bias (0.06%), along with lower mean error
(0.30% to 3.49%), and low peak errors (around 1.81%) with variance
of 1.47 x 10~%. Experimental results obtained from Xilinx ISE show
that compared with the 8-bit exact multiplier baseline, COSAIM can
save up to 53.95%, 32.84%, 52.24%, 21.05% in area, power, energy and
the product Area - 1/Throughput, respectively. Furthermore, by doing
shared parallel design, COSAIM can further lead to improvements in area,
power and energy reduction by 60.44%, 53.33% and 68.54 %, respectively
compared to the baseline. We also implement COSAIM in a Convolution
Neural Network (CNN) and test it on CIFAR10 dataset and find that CNN
with COSAIM delivers similar inference accuracy compared to some state
of art approximate multipliers.

I. INTRODUCTION

Approximate computing allows the trade-off between area, latency
and power for more efficient implementation for error tolerant appli-
cations such as machine learning and multimedia applications [1].
Typically those applications are dominated by the multiplications
operation and the major design constraints in these applications
are energy dissipation and latency due to massive data intensive
computation in limited energy and resource budgets. Multipliers are
one of the most energy-hungry units and area and the energy efficient
multiplier design is paramount important for efficient processing of
deep neural networks which require intensive multiply-accumulate
operation (MAC) for matrix/tensor based operations [2]. In addition
to the error-resilient nature, studies show that DNNs are robust to
reduction in the precision of the arithmetic operations. 16-bit fixed
point is demonstrated to be sufficient for training neural networks
with no loss in classification accuracy [3]. 8-bit precision is sufficient
for inference with minimal accuracy error loss [4].

A number of approximate multiplier designs have been proposed
recently [5]-[13]. Those approximate multipliers employ some ad-
hoc truncation or reduction methods or mathematically formulated
approximation schemes. Most of the existing methods, however, lack
the systematic configurability for accuracy vs. area/power/latency
trade-off. On the other hand, another viable solution to approximate
computing is by means of stochastic computing (SC) in which the
multiplication is performed by simple AND operation of two random
bit streams [14], [15]. SC can provide inherent progressive trade-off
between accuracy and latency/energy/area trade-off by changing the
length of bit streams and it can be extremely low-cost and energy
efficient. However, traditional SC hardware implementation suffers
from very long latency and large area overhead for random number
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generations. Recently a more efficient and also more accurate SC
multiplier was proposed to partially mitigate the two aforementioned
problems in traditional SC [16]. First, It replaces the AND operation
with a ‘1’ counting process in the bit stream, which can be reduced
without going through the full length of the bit streams and second,
the bit streams no longer need to be random. However, it still suffers
from the sequence nature of counting process.

In this work, we further explore the counter-based SC multiplier
(CBSC-MUL) for further efficiency improvement. Due to its deter-
ministic nature, the resulting multiplier, COSAIM can be viewed
as a general approximate multiplier. At the same time, COSAIM
bears all the advantages of stochastic computing such as built-in
configurability for progressive performance-accuracy trade-off. At the
same time, it shows very small latency and high energy efficiency
compared to cutting-edge approximate multiplier designs. As a result,
we would like to present a new design in light of more general
approximate multipliers to give a new perspective of the stochastic
computing based on some common performance metrics. The main
contributions of this work are as follows:

1. First, in COSAIM, instead of counting the bit ‘1’ sequentially,
we propose to compute the number of ‘1’ in the bit stream using
a simple formula for different positions in corresponding to the
binary number, which can significantly speed up the counting
process and further lead to significant clock cycle reductions
with no additional accuracy loss.

2. We show the circuit implementation of resulting COSAIM mul-
tiplier and its MAC designs for machine learning applications in
which weight sharing can be further leveraged for area, power
and energy reduction.

3. Compared to the 8-bit exact multiplier as the baseline, our
evaluation shows that the COSAIM with error improvement
operation can achieve very low error bias (0.06%), along with
lower mean error (0.30% to 3.49%), and low peak errors (around
1.81%) with extremely low variance of 1.47 x 10~*%.

4. Experimental results obtained from Xilinx ISE shows that
compared with the 8-bit exact multiplier baseline, COSAIM can
save up to 53.95%, 32.84%, 52.24%, 21.05% in area, power,
energy and the product Area - 1/Throughput, respectively.
Furthermore, by doing parallel design, COSAIM can further do
improvements in area, power and energy reduction by 60.44%,
53.33% and 68.54%, respectively.

5. We also evaluate the COSAIM in a Convolution Neural
Network (CNN) and do test on CIFAR10 dataset. The result
shows that COSAIM can deliver similar inference classification
accuracy compared to state of art approximate multipliers, which
justify its hardware implementation advantages as mentioned
earlier.

This paper is organized as follows: Section II reviews several
recently proposed approximate multiplication designs. Section III
reviews the CBSC method and the design of CBSC-MUL from which
our proposed approximate multiplier is inspired. Section IV presents
the proposed COSAIM design including techniques to improve error
metrics and to save area. Section V shows the error and hardware
design metrics of COSAIM. Experimental results for the area, power,
energy dissipation, the product Area - 1/Throughput of COSAIM
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are summarized. Besides, we also evaluate the performance of CO-
SAIM when implemented in a CNN doing classification for CIFAR10
dataset. Finally, section VI concludes the paper.

II. REVIEW OF RELATED WORK

In this section, we review a few related works concerning our
proposed COSAIM design.

Recently, various designs of approximate unsigned integer mul-
tipliers have been proposed. Earlier designs often involve ad-hoc
based approximations, such as recursive multipliers [5] which consist
of 2 x 2 multiplication blocks, simplification of Wallace tree [6],
simplifying partial product generation/summation [7]—[9], Others use
a smaller multiplier by extracting m-bit fragment from the N-bit
precision inputs. Such as [10], [11].

Among these methods, many recent cutting edge approximate mul-
tipliers are developed based on the classical approximate log-based
multiplier, the MA multiplier, proposed by Mitchell as it shows good
overall performance and has flexibility for error compensation [17].
Specifically, for the MA multiplier, the two inputs A and B are first
represented by the following format: 257 - (1 + ) and 2% - (1 + ),
respectively. Then the multiplication result C' can be approximated
as (1).

oo P2 Qtaty), ey <, .
2ka—H€b+14(‘,L,<|>y)7 .Z‘+y2]. 6]

MA design requires four steps to finish the multiplication process.
First it utilizes leading-one detectors (LOD) to find the leading one
as the integer part; second, barrel shifters are used to re-align the rest
of the bits as the fraction part; then it sums the two fraction parts up;
and finally it shifts back with the same bits. Although MA suffers
from high MRED (absolute mean relative error) and peak relative
error of 3.76% and 11.11%, respectively. It can achieve very high
area, power and energy reduction.

To further improve the accuracy of the MA method, several
derivative works have been proposed by means of different error
compensation mechanisms. For instance, the MBM design proposes
to add a fixed single error-correction term to the result [12]; This is
further improved by the LeAp multiplier, which adds different error
coefficients to the fraction parts based on the value ranges of the
results [18]; The REALM multiplier design further improves such
compensation scheme by using a look-up table to store M x M
coefficients for M x M partitions of inputs at some hardware
overhead [13]. These works indeed improved the error metrics of
the MA multiplication without incurring too much area overhead,
power and energy cost.

One observation is that the log-scaled based Mitchell multiplier
and their derivative perform well in area, power and energy reduction
for traditional integer precision (such as 16-bit or 32-bit data). The
benefits of log based computing in terms of hardware design metrics,
however, become less significant for 8-bit precision, which is widely
used in today’s DNN networks. For instance, the MA multiplier,
which is the most area efficient multiplier among all of the Mitchell
based multipliers, only leads to 25% saving in area compared to
the accurate baseline. Furthermore, in terms of power and energy,
log-based approximate multiplier and its derivative methods even
exceed that of the exact multiplier with 8-bit inputs. In this work, we
will focus on the 8-bit precision multiplier design and demonstrate
the superior performance of the proposed new design against two
state of art Mitchell-based multiplier designs: The LeAp [18] and
the REALM [13] designs.

III. PRELIMINARIES

In this section, we present some relevant backgrounds for stochastic
computing (SC) and the recently proposed counter-based SC. Let’s
assume the bit width is IV for the given two binary numbers (BN)
2 and w, which are both in the range of [0, 1]. The conventional

SC multiplier using AND gate (for unipolar encoding) will take 2%,
which is the length of bit-stream of stochastic number (SN), cycles
to finish the work. To improve this, Sim e al. in [16] proposed
a counter-based SC (CBSC) multiplier design. Here, the multiplier
mainly consists of two counters. The down counter counts the binary
value of input w and the up counter counts the result « - w. So the
operation only takes w-2" cycles to finish. More importantly, the SN
of input x can be generated in a deterministic way without hurting the
accuracy (actually more accurate). As a result, such design is simpler
as we eliminate the two traditional stochastic number generators or
SNG (typically using Linear Feedback Shift Registers) and AND gates
in exchange of a down counter and an up counter, which is much
cheaper than SNG.

To generate the SN of x, which can be a conventional low-
discrepancy random number, the authors proposed a deterministic
way to do this. The method evenly distributes the x; 1, which is the
ith bit of z, based on its binary weight 2*. For instance, if i = 3,
then xo will appear 4 times in the resulting SN as shown in Fig. 1.
Such SN generation can be simplified and implemented by an FSM
and a MUX. The whole CBSC-MUL design is shown in Fig. 1.
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Fig. 1: The counter-based SC multiplication design diagram.

CBSC-MUL though outperforms traditional SC method in accu-
racy, area and computing latency, it still requires 2~ ! clock cycles
for N-bit binary inputs in average. We observe that the SN generated
by CBSC method follows a deterministic pattern. At the same time,
the computation latency, or the number of bits need to be counted in
the SN equals to the value of the other input, which is already known.
As both the SN bit distribution and the number of bits need to be
counted are already known, we can directly calculate the multiplica-
tion result without the counting process based on the two inputs. As
a result, the latency of the resulting SC multiplication can be further
improved. Based on these observation, we propose COSAIM, a new
counter-based stochastic-behaving approximate integer multiplier.

IV. PROPOSED COUNTER-BASED APPROXIMATE MULTIPLIER
In this section, we elaborate our proposed integer approximate
multiplier: COSAIM.

A. The proposed accelerated counter-based multiplication

Suppose we have a stochastic number (SN) converted from a binary
number x, x is N-bit. The product of CBSC-MUL equals to how
many times the bit ‘1’ appears in the stochastic number bit-stream
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of x in the first w cycles, while w is the other input. So the product
of CBSC can also be represented as (2).

N—1
Product = Z Nz, - z; 2
i=0

Following the SN deterministic pattern of CBSC, xx_1, which is
the most significant bit (MSB), appears once every 2 cycles. Since
the counting process stops at wth cycle, then we can easily prove that
Nga,_, equals to w/2. When w is even, there is no remainder after
w/2, we simply do 1-bit right shift operation to w to obtain w/2.
But when w is odd, we need to count one more cycle, then Ny,
equals to |w/2]| + 1. As w being odd or even is determined by wo,
then N, _, can be simply represented in the form of |w/2| + wo.
In the same manner, as x_2 appears once every 4 cycles, Ny, _,
equals to |w/4| + w1, and finally arbitrary N, can be calculated
by (3).

To further illustrate this, we walk through an example of the 4-bit
multiplication shown in Fig. 2.

Ny = Lw/QNiiJ +wN-1—i 3)

Deterministic Pattern:; X3 0
X0.1101 (13/16): 1 0
W 0.1011 (11/16): 0o o

1
Numberof X, =W, =1
Numberof X, =W >>3+W,=1+0=1
Numberof X, =W >>2 +W, =2+1=3
Numberof X, =W >>1+W,=5+1=6
Product = (X; - Numbery, + X, - Numbery, + X, - Numbery, + bery )/16
= (Xs&Numbery, + X,&Numbery_ + X; &Numbery, + )/16

=(1x6+1x3+0x1+1x1)/16=10/16

Fig. 2: 4-bit approximate multiplication example.

B. The circuit design for the proposed COSAIM multiplier

We show the structure of our proposed COSAIM design in Fig. 3.
The proposed design is composed of shift registers, AND Gates and
adders. |w/2™ "] is realized by simply using bit shifting operation.
After added by wx—_1—4, the number of x; is obtained. As one bit
multiplication is actually a simple AND operation, we use an AND
Gate to obtain the value of N, -x;. Then to sum up N, -x; together,
we utilize an adder tree. The number of the adder tree levels is
actually also the number of the pipeline stages. Increasing the number
of the pipeline stages will increase the speed of the COSAIM design,
but also increase the required area at the same time. For NN-bit inputs,
if we use the largest possible pipeline stages, the computation latency
of the adder tree is of O(Logz(N)). That means we can do latency
reconfigurable design based on the input bit-width just like stochastic
computing.

To achieve better hardware performance, the area and the through-
put should both be taken into consideration. We use the product
Area - 1/Throughput to evaluate the trade-off between the area
and the throughput. Obviously, less the product is, better the hardware
performance will the design achieve. The proposed COSAIM design
will improve its hardware performance by increasing the number of
pipeline stages, showing the best improvement over the baseline (the
exact 8-bit multiplier) and other related works with 8-bit inputs. We’ll
prove this in Sec. V-C.

C. Accuracy improvement for COSAIM

Different from Mitchell based approximate multipliers
REALM [13] and LeAp [18], COSAIM shows very high relative
error when the inputs are small as shown in Fig. 4(a). Note that
the relative error shown in the figure is the absolute value and in
percentage. This behavior actually is well known for stochastic
computing as the random errors in multiplication become significant
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Fig. 3: COSAIM design.
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Fig. 4: COSAIM relative error profile: (a) with no error configuration.
(b) M=2. (c) M=4. (d) M=8

when the result is close to zero [19]. For SC multiplication, /N-bit
inputs will also obtain an N-bit output. Compared to the exact
multiplier and Mitchell based approximate multiplier, whose output
is 2N-bit precision with N-bit inputs, COSAIM will lose the low
N-bit precision of the 2/N-bit output. Thus leads to the error profile
shown in Fig. 4(a).

There are many mitigation techniques to resolve this issue. For
instance, one can re-train the DNN networks to remove near-zero
weight [19] or deploy the dynamic scaling for the input data [20].

In this work, we propose to enlarge the inputs to avoid “high
relative error area”. To this line, we first perform left shifting
operation when the input is small. We ensure the new inputs are large
enough to achieve the output with small relative error. Of course,
the output is larger than the actual value now. As a result, we need
to shift the output back by doing right shifting operation after the
multiplication.

Before enlarging the input, we first need to judge whether the input
is “small enough”. The input is separated into multiple partitions.
The error configure parameter M is used to represent the number
of the partitions. Note that when M = 1, the input is not separated
at all, meaning that we don’t do any operation to the input then.
We use “leading-one detector” (LOD) to detect the location of the
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leading bit ‘1’ in the input. When the leading bit ‘1’ is not in
the most significant partition (the partition which the MSB belongs
to), we perform left shifting operation to enlarge the input based
on the size of the partition. Based on the error profile shown in
Fig. 4(a), to achieve the best error improvement, we left shift the
input until the leading bit ‘1’ is in the most significant partition. We
sort the partitions in an order from left to right, for example, the
most significant partition is the first partition and the least significant
partition is the Mth (the last) one. When the leading bit ‘1’ is in the
ith partition, we left shift N/M - (i— 1) bits as each partition consists
of N/M bits. We use 3 examples shown in Fig. 5 with M = {2,4,8}
to help understanding. The improved error metrics of COSAIM with
M = {2,4,8} are shown in Fig. 4(b)” 4(d). We can observe that the
relative error is significantly reduced.

st 2nd

"1 Partition: M=2
{ ———> | o000 || 0101 01010000
st 2nd 3 4th

(8/4*2=4)

<< 1 partition / << 4-bit

(8/2*1=4)

nd 3rd 4th Stho 6th Tt Bth o partitions /<< S-bit

1st

Fig. 5: COSAIM error improvement example.
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Fig. 6: The structure of COSAIM design with accuracy improvement.
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The structure of the optimized COSAIM with accuracy improve-
ment method is shown in Fig. 6. The two inputs x and w are firstly
converted to the numbers that are large enough with LODs and shift
registers. After data processing, we also need 2 registers to record
the number of bits that each input is shifted. We add them together
to obtain the number of bits the output need to right shift back. Note
that since the output of COSAIM is N-bit actually, we concatenate
the output with N-bit ‘0’ to achieve the 2/N-bit precision. Finally,
we use a shift register again to do the right shift of the concatenated
output.

We remark that the additional accuracy improvement design will
incur additional area and power overheads. On the other hand,
the error improvement scheme at the circuit level may not be
necessary as the operations can be performed as the application
levels as demonstrated in the DNN network re-training and weight
regulation work mentioned earlier. As a result, the implementation
costs associated with this SC-inherent accuracy issue is application
and problem specific. But the accuracy improved COSAIM proposed
in this subsection can demonstrate error metrics of COSAIM design
under those ideal data inputs as shown in the experimental result
section.

D. Further efficiency improvement by area sharing

For DNN’s applications, we can have or arrange the multiplica-
tions (for instance convolution operation) such that one can have
one multiplicant (like weights) share with many multipliers. Such
shared-multiplicant multiplication is very amicable for counter-based
stochastic computing as demonstrated in the parallel multiplier design
in the BISC-MVM design [16].

In this work, we also propose a design which contains parallel
multipliers to do multiple multiplications at the same time. Like
BISC-MVM, to save area, one of the inputs need to be the same, we
use w to represent it. Then w can be shared by the parallel multipliers.
Supposed we have m parallel multipliers, j is in the range of (1,m),
2_j and w are the two inputs of the jth parallel multiplier. Since w is
shared, and N, is only determined by the value of w. N,_j, actually
keeps the same for all the z_j. In this manner, the N, calculation

part can be shared by all of the parallel multipliers. Thus, save the
total design area. We show the structure of this parallel design in
Fig. 7. We will show the area and power reduction of the parallel
design in Sec. V-C.

: X1 (N-bit) *** x_m (N-bit)

LoD

- : :
N pm’p_m (2n-bit)

COSAIM kenel

Total Shift Bits

Shitis o F
L1 shiftbits of x_1 B
L= shiftbits of x_m

Fig. 7: The parallel COSAIM design.

V. EXPERIMENTAL RESULTS AND DISCUSSIONS

In this section, we perform a comprehensive evaluation of the
error behavior and the performance metrics of the proposed 8-bit
COSAIM multiplier design. We first compare it against the accurate
unsigned integer multiplier. Then we compare it with two state-of-
the-art approximate multiplication designs: REALM [13], LeAp [18].
Furthermore, we compared it against the stochastic based CBSC-
MUL [16], as well as the traditional Mitchell’s multiplication design
MA [17]. Finally, we evaluate those multipliers for a convolution
neural network (CNN) application and compare COSAIM against the
same CNN design using MA and LeAp multipliers.

A. Experimental setup

We implemented the 8-bit version of these aforementioned mul-
tipliers in Verilog and synthesized using Xilinx ISE 14.7 for
XC6SLX45 device of Spartan-6 family. The area, delay and power
consumption are directly reported from ISE Simulations and Xilinx
XPower Analyzer. To make a fair comparison for the power con-
sumption for all the approximate multipliers, the clock frequency
is set to be 100MHz. The energy dissipation is measured based on
the total execution clock cycles and the power consumption. Since
CBSC-MUL [16] is actually stochastic computing design and requires
2N=1 clock cycles (N-bit precision) in average to finish the process,
the throughput can not be simply calculated by inverting the value
of delay and should be calculated as (4), note that Latency is the
number of the required clock cycles.

Throughput = 1/(Delay - Latency) 4)

Also, to make the trade-off between the area and the throughput more
obviously, we use the product of 1/Throughput and LUTSs (area)
as the performance metrics to evaluate the hardware performance of
the multipliers.

For the error characterization, we develope behavioral simulation
models of the multipliers in MATLAB. Note that the input for CBSC-
MUL should always be within the range of (0,1) because of the
limitations of stochastic computing. So one million random inputs
are uniformly distributed over the set {1/256.,...,255/256}. The errors
are calculated with respect to the exact 8-bit multiplication result.
We follow the similar error metrics to report the error behavior: error
bias [10] (mean of relative error), MRED [21] (mean of absolute
relative error), variance [10], peak error (maximum of the absolute
relative error). All error metrics are in percentage.

B. Accuracy evaluation

The error metrics of the approximate multipliers compared with
the exact result are shown in Table I. As discussed in Sec. IV-C, the
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proposed COSAIM design can improve the error metrics by adjusting
the error configure parameter M. With M = {1,2,4,8}, we actually
have four choices to do the bit-shifting operation. M is then used as a
suffix, for example, COSAIM-2 means M = 2. Note that when M =
1, COSAIM will not perform any bit-shifting operation and simply
represented as COSAIM in the table. In this situation, COSAIM is
essentially an accelerated approximate computing form of CBSC-
MUL: its values of error metrics are exactly the same as that of
CBSC-MUL shown in the 6th row in Table I. For the two state-of-
the-art approximate multipliers REALM and LeAp, we choose the
error configure parameters which can lead to the smallest possible
error in the design to make the fair comparison.

Error metrics (%)
Error Bias | MRED | Peak Error | Variance
COSAIM -0.63 3.49 100 4.02E-04
COSAIM-2 -0.08 1.29 51.61 3.68E-04
COSAIM-4 0.11 0.53 5.79 2.57E-04
COSAIM-8 0.06 0.30 1.81 1.47E-04
CBSC-MUL -0.63 3.49 100 4.02E-04
LeAp [18] 0.37 1.36 471 0.0036
REALM [13] -0.11 2.63 9.10 0.0086
MA [17] -3.76 3.76 11.11 0.0227
TABLE 1

ERROR METRICS OF 8 X 8 APPROXIMATE MULTIPLIERS.

From Table I, we can see that the smallest Error Bias, MRED,
Peak Error and variance that COSAIM-8 can achieve are 0.06%,
0.3%, 1.81% and 4.02 x 10~*%, respectively with the accuracy
improvement operation. The plain COSAIM also has pretty decent
Error Bias and MRED compared to the three approximate multipliers.
We also notice that COSAIM has ultra low variance compared to
the existing works, even without error improvement, the variance of
COSAIM is about an order of magnitude better than those published
three multipliers.

C. Hardware performance metrics

Next, we evaluate the hardware performance metrics of the approx-
imate multipliers and the results are shown in Table II. We choose the
Xilinx default exact multiplier (8-bit) IP core [22] as our comparison
baseline. The number of pipeline stages of the Xilinx IP multiplier
is set to be 3, which is the suggested one. The number in bracket
following COSAIM in Table II represents the number of pipeline
stages COSAIM takes (for instance, COSAIM (2) means the design
has 2 pipeline stages). Compared with the exact multiplier baseline,
COSAIM design can save up to 53.95% in area. Also, COSAIM
design can achieve the same throughput (delay) with 21.05% in area
reduction when we increase the number of pipeline stages of the
design.

The 4th column of Table II shows the product Area -
1/Throughput, which is improved when the pipeline stages of
COSAIM increases. COSAIM (3) performs best when compared with
all of the approximate multipliers. Note that though CBSC-MUL
requires very small area and delay, the average clock cycles the
stochastic computing needs is 128 for 8-bit precision. Hence the
product Area-1/Throughput is pretty large. And different from the
16-bit or 32-bit multiplication, MA [17] shows a minor improvement
in area reduction and throughput when the inputs are 8-bit, as shown
in Table II. In the same manner, LeAp and REALM, which are both
based on Mitchell’s multiplication also show small improvement in
area and delay compared to the baseline.

For power and energy comparison, COSAIM (2) can save up to
32.84% of power. But COSAIM (1) is more energy efficient, doing
up to 52.24% in energy dissipation. From Table II, we observe that
though the power of CBSC-MUL is lower than COSAIM, the total
energy consumption is much more than COSAIM because of the

LUT Delay (ns) | Areal/Throughput | Power (mw) | Energy (nJ)
Xilinx IP 76 2.666 202.616 67 2.01
CBSC-MUL 24 2.666 8189.952 39 49.92
COSAIM (1) 35 5.351 187.285 48 0.96
COSAIM (2) 50 3.718 185.900 45 1.35
COSAIM (3) 60 2.666 159.960 56 2.24
MA [17] 57 3.753 213.921 83 4.15
LeAp [18] 68 3.799 258.332 81 4.86
REALM [13] 71 3.789 269.019 83 4.98
Area sharing by parallel multiplication
Xilinx IP 76 2.666 202.616 30 0.89
COSAIM 30(16) 6.992 210.197 14 0.28
CBSC-MUL | 13(11) 2.666 4450.887 1 1.18
MA [17] 53(14) 2.666 141.444 44 2.20
LeAp [18] 52(16) 3.799 197.785 41 243
REALM [13] | 52(19) 3.789 197.309 44 2.64
TABLE II

PERFORMANCE METRICS OF 8 X 8 APPROXIMATE MULTIPLIERS.

long latency. And compared to MA, LeAp and REALM, COSAIM
outperforms them both in power and energy consumption.

As discussed in Sec. IV-C, COSAIM improves the error metrics
by enlarging the inputs when they are small to avoid the “large error
area” shown in the error profile (Fig. 4). The error configuration,
actually the bit shifting operation is done at circuit level. But the
error configuration at circuit level has high hardware cost, which
will incur area overhead for COSAIM-8. We consider this approach
be inefficient and should not be done at circuit level. So we prefer to
do the error configuration at application level. In fact, if the inputs
could be adjusted to avoid the “large error area” in the COSAIM
error profile, it would achieve the same effect as doing the error
configuration process. We’ll prove this later in Sec. V-D.

We further show the performance metrics of the parallel design at
the bottom part of Table II. For the LUT column, the numbers in
round brackets are the shared LUTs for each multiplier. To be fair,
not only CBSC-MUL and COSAIM save area when one of the inputs
is shared; REALM [13], LeAp [18] and MA [17] can also save area
by sharing the input. And for the exact multiplier, though it cannot
save area by sharing the input, the average power for each multiplier
will also decrease with the parallel design due to the architecture of
FPGA. So we evaluate the average power and energy dissipation of
the exact multiplier in the parallel design as the reasonable baseline.

We follow the BISC-MVM structure, which use 256 parallel
CBSC-MUL as discussed in the related work [16], we also use the
same number of multipliers in the parallel design. The average area
of the parallel multipliers is calculated by (5).

A']"CCLAvg_ = AreaP'rivate + AreaCommon/256 (5)

Where Areaprivate 18 the number of LUTs which cannot be shared,
and Areacommon, Which is the value shown in the round brackets
following Areaprivate, is the number of LUTs which can be shared.
From the bottom part of Table II, we find that COSAIM can lead to
further area reduction: it saves up to 60.44% of area now, which is
much better than MA [17], REALM [13] and LeAp [18], which only
have about 31.58% in area reduction. Considering the power and
energy, though the average power and energy dissipation also goes
down for the exact multiplier, our proposed COSAIM design still
shows improvements compared with the single multiplier situation,
saving up to 53.33% and 68.54% in power and energy consumption,
respectively.

D. A CNN based performance evaluation

To further evaluate the performance of COSAIM in applica-
tions which are multiplication-intensive, we implement COSAIM,
LeAp [18] and MA [17] in Convolution Neural Network (CNN) and
compared with the 8-bit exact multiplier baseline, which is developed
on a Python platform.

We use CIFARI10 [23] dataset to test the CNN application with
approximate multipliers. The network consists of two convolution
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(CONV) layers and three fully (FC) connected layers. The network
is trained with 2500 steps, using double-precision floating point
numbers with a batch size of 128 in one step. We then use the the
approximate multipliers and exact multiplier with 8-bit precision to
do the inference. Since the CONV layer is computation-intensive, and
FC layer is memory-extensive. We simply replace the multipliers in
CONV layers. Fig. 8 shows the classification accuracy comparison
of the exact multiplier, COSAIM, MA and LeAp on 1000 images.

The accuracy is in percentage.
T00%
69.8%
z
g 69.6%
:
69.4%
69.2%
69.0%
Exact COSAIM MA LeAp

Fig. 8: CIFAR1O0 dataset inference accuracy based on different approxi-
mate multipliers.

From Fig. 8, we can see that the exact multiplier and approximate
multipliers almost achieve the same inference accuracy. From Table I,
we know that plain COSAIM performs worse than MA and LeAp in
MRED and Peak Error. But since CNN is an error tolerant application
and when the multiplication product is small, it will not affect the final
convolution result much even though the relative error is big. From
Fig. 4, we find that COSAIM only has high relative error when the
inputs are small. The relative error for large inputs which have much
larger influence on the convolution result is actually very small. If we
just focus on these large multiplications, which are more important,
COSAIM will become very accurate in this case. From Table I, we
can see that the relative error is pretty small and hence the CNN
with COSAIM can obtain the inference result without losing much
accuracy compared to the exact multiplier. As a result, we can achieve
both area and energy efficient neural network without losing much
inference accuracy by implementing the plain COSAIM.

VI. CONCLUSION

In this article, we have proposed a new counter-based stochastic-
behaving approximate integer unsigned multiplier, COSAIM for many
emerging machine learning hardware implementation. COSAIM is
an accelerated design of recently proposed counter-based stochastic
multiplier. As a result, it still kept the advantages of stochastic
computing such as built-in progress reconfigurability for progressive
performance-accuracy trade-off. Experimental results show that the
proposed COSAIM design with error improvement can achieve very
low error bias (0.06%), along with lower mean error (0.30% to
3.49%), and low peak errors (around 1.81%) with variance of
1.47 x 107*%. Compared with the 8-bit exact multiplier baseline,
COSAIM could save up to 53.95%, 32.84%, 52.24%, 21.05% in area,
power, energy and the product Area - 1/Throughput, respectively.
Furthermore, by doing parallel design, COSAIM could further do
improvements in area, power and energy reduction by 60.44%,
53.33% and 68.54%, respectively. We also implemented COSAIM in
a Convolution Neural Network and did test on CIFAR10 dataset. We
have found that CNN with COSAIM could achieve similar accuracy
compared to the baseline.
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