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Abstract: Within statistical methods, mathematical operations play a crucial role in performing meaningful
analyzes on processed data sets. However, mathematical operations can lead to unexpected results, which
appear due to errors related to rounding and precision, and not due to errors in their implementation. The
errors that can occur are related to the limitations of the computer that can only process a finite number of
bits or to the limitations of the number representation system (NRS) used. So, for obtaining efficiency, it is
necessary to choose a number representation system that can provide good accuracy, using the smallest
possible number of bits. This paper aims to investigate the IEEE 754 standard via binary floating-point
against the Unum type 3 standard via posit. Several tests were developed for various statistical methods to
observe how the two number representation systems perform. The results show that a 16-bit posit number
representation system is viable for energy and computing time efficiency.
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1. INTRODUCTION

Datasets are one of the most valuable resources available for
many fields. These data are often processed using statistical
methods, so that they can be interpreted and quantified in
various ways. To ensure that the results are correct, measures
are taken to ensure the integrity of the data, but often the
accuracy of the computations performed on the data is a
neglected topic. Unfortunately, unexpected results can
sometimes occur if the number representation system accuracy
is not considered.

Once the dataset is cleaned and ready for processing, it is
expected that the process of extracting the data through various
computations to run smoothly. However, embedded
microprocessors are becoming increasingly vulnerable to
slight errors such as rounding errors, and designing a reliable
system is a challenge. A simple one-bit error can have serious
consequences in critical applications, such as those on bank
systems (Quinn, 1983) or air navigation machines (United
States General Accounting Office, 1992). Therefore,
implementing reliable, fault-tolerant arithmetic is an essential
requirement for computing systems.

Number representation systems affect computer applications
due to hardware limitations. The problem arises because any
hardware configuration can only represent a finite amount of
numbers. Thus, a finite set of numbers must be used to attempt
to represent the infinite system of real numbers.

Over the past 30 years, floating point representation has been
incredibly important to science, engineering, statistics, in fact,
any kind of mathematical computation on a computer. The
reason for the popularity of floating point is that in a large
number of situations, floating point arithmetic (Goldberg,
1991) closely approximates real number arithmetic. However,
an infinity of real numbers cannot fit in 64 bits. So it's no

wonder that floating-point arithmetic and real arithmetic
sometimes differ. In fact, the gap between the two, called
round-off error, leads to numerous problems in mathematical
calculations (Goubault, 2001; Goubault, et al., 2007; Higham,
2002).

In the article "Beating Floating Point at its Own Game: Posit
Arithmetic" (Gustafson & Yonemoto, 2017b), it was
introduced a new type of number representation system: Posit,
as a replacement for IEEE Standard 754 floating-point
numbers (floats). They claim that this new number
representation system offers compelling advantages over
floats: higher accuracy, bitwise identical results between
systems, simpler hardware, and simpler exception handling. A
posit processing unit requires less circuitry than IEEE floating-
point, and thus, using similar hardware resources, the posit
operations per second supported by a chip are greater than float
ones and use less power.

It is stated in this article (Gustafson & Yonemoto, 2017b) the
possibility that the IEEE754 number representation system
may be completely replaced by the Posit representation, due to
the higher accuracy it offers. On the other hand, a recent study
led by a group of researchers from the University of Lyon
(Dinechin, et al., 2019) points out the negative parts of the
posit representation. They believe that it is still too early to
consider abandoning the floating-point NRS in favor of a posit
NRS, as there are some cases where floats still provide greater
accuracy.

Posit is still a relatively new number representation system and
there is still much research to be done in the field of posit
arithmetic before it can begin to be used on a wider scale. Thus,
the main purpose of this article is to determine whether the
posit format could be a suitable replacement for the IEEE 754
floating-point number in statistical methods. The focus will be
on understanding the posit format and determining the



differences between posit and the IEEE standard in statistical
operations.

From the authors’ knowledge, this article is the first research
work which targets statistical methods for analysis. Related
work is done on artificial intelligence (Carmichael, et al.,
2019), digital signal processing (Kant & Thakur, 2021) and
scientific computing (Kléwer, et al., 2019) . They showed that
16 bits posit is a good trade-off regarding accuracy, storage
space, resource utilization, computing time and energy
consumption.

The article is structured in 5 sections. The first section explains
the motivation, the problem and the solution. The second
section explains the theoretical concepts behind the number
representation systems. The third section presents the
implementation of the statistical methods used, followed by
the next section where the results are analyzed. The last section
offers a conclusion based on the results.

2. BACKGROUND

Statistical methods involve a set of mathematical formulas,
more or less complex. Because computer arithmetic has certain
limitations compared to real arithmetic, floating-point
accuracy problem often occurs (Bao & Zhang, 2013; Benz, et
al., 2012), which affect the result. Considering that in certain
areas, a difference of one hundredth can affect the course of a
project, over time several variants have been tried, in order to
reach a result as faithful as possible.

The article "An Investigation on Inherent Robustness of Posit
Data Representation" (Alouani, et al., 2021) presents a number
of currently existing solutions and their limitations.

Various architecture-level single error correction and double
error detection (SECDED) techniques have been proposed and
used. The disadvantage of SECDED is the performance
offered, which is low due to the additional latency that comes
from the additional memory cells and support circuitry used to
detect and correct errors.

To overcome the architecture-level limitations, a circuit-level
technique has been proposed, also with the aim of increasing
fault tolerance. This is done by slowing down the circuit's
response, or by increasing its critical load. It is suggested to
strengthen the cell using a pass transistor controlled by a
signal. Unfortunately, this technique is problematic because it
slows down memory, which is not convenient if there is an
emerging computing application.

There are a few studies that have addressed numerical
algorithms to characterize applications based on their
vulnerabilities in propagating mild errors in floating-point
programs. They treat the algorithm as a black box and watch
what happens when it injects computational errors.

Although they study the reliability of floating-point
applications, none of them discusses the accuracy comparison
between IEEE754 and the posit representation. Therefore, this
paper will investigate in detail the differences between the two.

2.2 IEEE Floating Point format

The IEEE 754 standard (IEEE Computer Society , 1985)
presents four formats for floating-point numbers: the basic,
single- or double-width ones, and the extended
correspondences of these formats. In 2008, "half precision"
(16-bit) and "quad precision" (128-bit) were added to the
standard.

Floating point numbers are made up of four fundamental
components: 7The sign which indicates if the number is positive
or negative, the base which is implicitly 2 and it is constant,
the exponent which indicates how many times is the base
multiplied and the mantissa which dictates the precision of the
number.

[sign] x ([mantissa] * [base][EXponent]) 1

The single-precision format, known as floats, has a length of
32 bits: 1 sign bit, 8§ exponent bits and 23 fraction bits. The
double-precision format, known as double, has a length of 64
bits, being able to represent a bigger interval of numbers: 1
sign bit, 11 exponent bits and 52 fraction bits.

2.3 Unum Format

This concept of unum (Gustafson, 2015) was proposed as an
alternative to the IEEE floating-number standard. The unum
format is used for both real numbers and ranges of real
numbers and has evolved over the years into 3 different types.

Gustafson describes in his book (Gustafson, 2015) that type I
unums can represent either a float or an open range of adjacent
floats, when there is no concrete answer following a
calculation. To make this possible, they have an extra bit — the
ubit (uncertainty bit) — at the end of the mantissa to indicate
whether it corresponds to an exact value or a range. Type |
unum took the format of the IEEE 754 components: sign,
mantissa, and exponent bits. Compared to floats, the length of
the mantissa and exponent fields are wvariable. Their
disadvantage is that this variable length requires special
hardware implementations.

To solve the shortcomings of the first type, such as the
complexity of the hardware implementation, the type II unum
was proposed. It is no longer compatible with IEEE floating-
point numbers, presenting a mathematical model based on the
representation of values on a real projective line. The key
concept is that the point where numbers change from positive
to negative is the point where positive real numbers turn into
negative numbers, and that point represents the value + oo.
Although it exhibits many ideal mathematical properties, this
type is also not very scalable.

The unum type III — Posit (Posit Working Group, 2018) — is
based on the same real projective line, such as type II, but the
hardware implementation is similar to the one present for IEEE
754 floating-point. Posit has the length of the exponent and of
the mantissa variable, and it has 4 components: the sign which
indicates if the number is positive or negative, the regime
which is variable and is used to calculate the scale factor of
useed®, the exponent and the fraction.



[sign] X useed® x 2[exPonent] x (1 + [fraction]) (2)

There are multiple domains who are interested in
implementing the posit number representation system as an
alternative to floating point in order to obtain greater accuracy
and efficiency (Carmichael, et al., 2019; Chen, et al., 2018;
Johnson, 2018; Langroudi, et al., 2018; Montero, et al., 2021).
Also, the hardware cost should also be taken into consideration
when thinking about adopting a new number representation
system (Podobas & Matsuoka, 2018; Uguen, et al., 2019).

2.4 Posit vs IEEE floating-point

Posit uses a fixed number of bits, although the number of the
exponent or mantissa is flexible: it can be a few bits up to close
to size. Like IEEE 754 floats, posit uses the same type of low-
level circuitry, but occupies a smaller chip area due to their
simplicity. Several FPGA experiments have pointed out
significantly reduced latency for posits compared to floats
(Gustafson, 2017a).

Lindstrom, Lloyd and Hittinger point out in this article
(Lindstrom, et al., 2018) some major differences between the
two types of representation, differences that favor the posit
representation:

»  Posits have a variable exponent length, this means that it
will have fewer bits for small value exponents, while
floats have a fixed length. It can be said that this way the
concept of "tapered precision" is used - higher precision
is assigned to numbers that appear more frequently, close
to unity. This concept was described by Morris 50 years
ago (Morris, 1971).

» In posit, the exponent is encoded by an es environment
variable, which indicates the size of the exponent in bits.

* The posits do not have subnormal values, the only
exception being y = 0. Otherwise, any finite value uses the
expression (1 +f). Floats also show subnormal values.

* Posits do not have a NaN representation, compared to
IEEE floats, which have multiple representation modes.
However, = o can be considered NaN if certain
environment setting are used.

From a computational point of view, (Gustafson & Yonemoto,
2017b) studied the behaviour of the two representations when
it comes to basic mathematical operations. The comparison
was made between 8-bit posits with 1-bit exponent and 8-bit
floats with 4-bit exponent. According to their tests, it can be
observed that Type III unums are more accurate, have greater
accuracy and dynamic range, and better closure. In some cases
they can produce answers with higher accuracy even though
they use the same number of bits as floats, or even the same
results with fewer bits. However, there are some cases that
have been studied in this article (Dinechin, et al., 2019) that
emphasize that floats should be used in favor of posit for
certain calculations, especially when it comes to multiplication
and division. Therefore, these operations need to be further
explored to see if these problems persist if the number of bits
used per posit is increased.

3. IMPLEMENTATION

The first part of the application, the one where the elementary
statistical methods (addition, multiplication, variance, and
standard deviation) were implemented, was written in Python,
and the rest of the statistical operations (Pearson, Kendal,
Spearmen coefficients, Kolmogorov-Smirnov, Shapiro-Wilk,
Anova, Kruskal-Wallis, t-test, Mann-Whitney U, chi-square)
were implemented in Scala. The two programming languages
were chosen, based on the libraries offered for number
representation systems. The switch from Python to Scala was
made, due to the number representation library present in the
latter, which is more powerful and offers more features.

In Scala, the comparison of the results between the 2 types of
number representation systems— Float and Posit — was done by
implementing the statistical methods and running these
functions on the same dataset for each numeric type, both 16-
bit, 32-bit and 64-bit. The results of 16 bits posit (P16), 32 bits
posit (P32), 64 bits posit (P64), half-precision IEEE754 (F16),
single-precision IEEE754 (F32), double-precision IEEE754
(F64) were then compared with the actual mathematical result
to calculate the accuracy of the numerical sets. The number
representation system posit uses 2 bits for exponent, while F16
has 5 exponent bits and 10 mantissa bits, F32 has 8 exponent
bits and 23 mantissa bits, and F64 has 11 exponent bits and 52
mantissa bits. In python, only P32 and F32 number
representations were studied. The F64 results was considered
as correct and then, the results obtained from F32 and P32
were compared with the “correct” answer.

The datasets for the methods implemented in Python were
taken from the website of the national institute of statistics
(Statistics, n.d.). The samples were chosen with values
between [0, 1] and >1, and for each of them there were <100,
[300, 15001, >10000 number of entries. The datasets used in
scala for the rest of the statistical methods, can be found here
(Datasets, 2022).

3.1 Pearson Coefficient (Pearson, 1900)

The Pearson correlation coefficient is a number between -1 and
1, which represents the degree of association between 2
continuous variables, as well as the direction of the
relationship between them. The higher the absolute value of
the coefficient, the more strongly the 2 wvariables are
connected. The calculation formula is as follows:

*XXY-=XXXY
Rxy = - 3
XV Gt e ynsy? (29)2 3)

3.2 Kendall Coefficient (Kendall, 1938)

The Kendall correlation coefficient is a non-parametric
coefficient, between 0 and 1, which measures the strength of
the dependence between 2 variables. A higher coefficient
represents a stronger relationship. This coefficient is based on
the ranks and not on the actual values in the data set. So, after
calculating the rank of each value, there is the following
formula for calculating the coefficient, where C is the number
of concordant pairs, and D is the number of disconcordant
pairs:
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3.3 Spearman Coefficient (Spearman, 1961)

The Spearman correlation coefficient is a non-parametric
coefficient between -1 and 1 that uses ranks to calculate the
monotonicity relationship between 2 variables. It is considered
the analogue of the Pearson coefficient, but it is calculated
using the rank of each value instead of the raw value of the
data. A higher absolute value of the coefficient represents a
stronger relationship. After assigning the rank of each value,
the formula for calculating the Spearman coefficient is:

p= T(x-X)x(Y-7)
ne Jhen(e- 0P [Lar-7)?

(&)

3.4 Kolmogorov-Smirnov Test (Kolmogorov, 1933; Smirnov,
1948)

The Kolmogorov-Smirnov test is a non-parametric test used to
detect whether a set of data is normally distributed using a
standard distribution or it can be used to compare 2 sets of data
if they are normally distributed to each other. To calculate the
test statistic for both one dataset or 2 datasets, the following
steps are used:

e the relative frequencies for each dataset is calculated

e for each set, the differences between the relative
frequencies with those of the other set or with the absolute
ones, if there is only one dataset, are calculated

e the maximum difference is chosen and that represents the
Kolmogorov-Smirnov statistic which will then be
compared with a threshold to determine whether to reject
or accept the null hypothesis

3.5 Shapiro-Wilk Test (Shapiro & Wilk, 1965)

The Shapiro Wilk test is used in the field of statistics to test
whether the analyzed data is part of a normal distribution. If
the value of the obtained result is below a certain threshold,
then the null hypothesis is rejected and it is considered that the
data are not normally distributed. Usually this test is used for
large datasets (> 30 entries) to be able to get a valid result. The
values in the data set must be sorted in ascending order
beforehand in order to apply the formula (¢ is a constant
assigned to each variable):

_ Cax)?®
- Y (x— )2 (6)
3.7 Variance

This metric provides information about how far individual
values are from the crowd. The variance of a data set is
calculated according to the following formula, where u is the
arithmetic mean:

Var(X) = X(X — n)? O]
3.8 Anova test (Fisher, 1921)

The parametric Anova test is an analysis of variance used to
determine the existence of a statistically significant difference

between 2 or more groups. There are several types of Anova
tests, among the most well-known being one-way (when it has
only one classification criterion) and two-way (when it has 2
classification criteria). The obtained result is compared with a
threshold determined by the degrees of freedom of the
classification criteria, to determine the rejection or approval of
the null hypothesis. To calculate the one-way or two-way
Anova statistic, the steps below are followed:

e The arithmetic mean of each group and the arithmetic
mean of all data are calculated

e  The deviation of each value from the groups to the mean
of the respective group is calculated and then the sum of
the squares of the deviations is determined. The same is
done for the sum of the squares of the total deviations,
which is calculated in the same way, but the total average
of the data is used this time

e  The degrees of freedom are calculated
e  The variance between and within each group is calculated

e The final statistic is given by the ratio of variance
between/variance within

3.9 Kruskal-Wallis test (Kruskal & Wallis, 1952)

The non-parametric Kruskal-Wallis test is also called one-way
Anova on ranks. It determines whether the analyzed samples
come from the same distribution. This is often used in place of
the Anova test when the criteria for the Anova null hypothesis
are not met. The test determines whether the median of the
analyzed groups are equal or different.

H= (255 -3+ +1) ®)

Nx(N+1) & n
3.10 T-test (Helmert, 1876)

The parametric T-test is a method similar to the Anova test,
but it is only used for 2 groups. It examines how much the 2
groups differ from each other. The higher the result, the more
significant the difference between the 2 groups. This test is
only used for data from a normal distribution.

t= 5k ©9)

Vn

3.11 Mann-Whitney U test (Mann & Whitney, 1947)

The non-parametric Mann-Whitney test is an alternative to the
t-test, which is used for ordinal data or the condition of the t-
test that the data belong to a normal distribution is not met. For
the calculation, the values in the dataset are assigned ranks. To
calculate the Mann-Whitney statistic, the steps below are
followed:

e The sum of the ranks of each group is calculated
e  Calculate U for each group according to the formula

e The Mann-Whitney statistic is represented by the U with
the lowest value



n*(n+1)
2

U=s-— (10)

3.12 Chi-square test (Pearson, 1900)

The Chi-square test is a statistical test that determines whether
there is a statistically significant difference between the
observed and expected data. A small value means that the
relationship between the 2 sets is strong

c= ¥ (Observed—Expected)?
Expected

(11
3.13 Decimal Accuracy

The decimal accuracy is used to create the plots shown in
section 4. The following formula was used:

Xcomputed

(12)

decimal error = |10g10
Xexact

1
al error

(13)

decimal accuracy = |10
y 810 decim

4. EVALUATION
4.1 Addition

According to Figure 1, where V represents the range of the
values and E the number of inputs in the sample, it can be
observed that the accuracy of the results obtained in posit is
better than those obtained in float, on the same number of bits
(32). This can be easily seen in larger datasets. It can also be
noted that regardless of the range of the value and the number
of entries, P32 outperforms F32. However, on some tests, there
is identical accuracy on both P32 and F32. This is probably
due to the fact that there were fewer inputs and the numbers
were greater than 1. Thus, the bits used by F32 were sufficient
to represent the sum for those cases.

Vinto.1E<100 Vin(0.11Ein 300, 15001

Figure 1. Decimal accuracy for addition
4.2 Arithmetic Mean

According to Figure 2, it can be seen that posit has slightly
better accuracy on all tests and shows more correct digits, but
the differences are not extremely large between the two. Of
course, as the number of inputs (including calculations)
increases, the results obtained in F32 start to have less
accuracy. The higher accuracy of P32 it may be due to the
maximum number of bits declared for the exponent, compared
to F32 which has a fixed number of bits.

Figure 2. Decimal accuracy for arithmetic mean
4.3 Variance

According to Figure 3, it can be observed that F32 has better
accuracy than P32 on all tests. On tests where the values in the
datasets are between [0, 1], P32 doesn't have as good accuracy
as F32, but it's pretty close. It also features a larger number of
decimal places. On tests where the values in the data sets are
above 1, P32 is very far from the correct answer.

Vin(0,1) E<100 Vin (0,11 € in (300, 1500) Vin[0,1] E210000

Figure 3. Decimal accuracy for variance
4.4 Standard Deviation

The standard deviation is calculated as square root of variance.
On tests where the values in the datasets are between [0, 1],
P32 has more correct digits. On tests where the values in the
datasets are above 1, both P32 and F32 have progressively
Worse accuracy.

Vin[0, 11 E<100 Vin(0. 11 n 300, 1500] Vin (0. 11 £210000

Figure 4. Decimal accuracy for standard deviation
4.5 Pearson Coefficient

According to Figure 5, it can be noticed that the accuracy
obtained by posit is better than that of the float, on the same



number of bits. Also, being able to get valid results on fewer
bits, as it can be seen for posit in some cases, is a win in terms
of both memory and execution speed. According to the results
obtained in 4.1, where it was analyzed the performance of the
float versus posit on elementary mathematical operations, it
can be considered that the difference in accuracy between
posit, float and the real result was expected. This is because
posit provides much better accuracy than posit on a smaller
number of bits when discussing addition, subtraction, but its
accuracy becomes lower when variance or radical calculations
are also involved, especially on larger data sets.

B T 2 0 5

Figure 5. Decimal accuracy for Pearson coefficient

4.6 Kendall Coefficient

Kendall's coefficient involves, arithmetically, a subtraction, an
addition, and a division. Thus, the mathematical operations are
not complex enough, so that there is a big difference between
the 2 number representation systems, but the accuracy
obtained by posit is better than that of float. It can also be
observed in the first case that posit gives 16-bit result and float
cannot display the result. This indicates that when the number
of entries in the database increases, implicitly the number of
concordant and discordant pairs, posit can provide a more
accurate result and at the same time on a smaller number of
bits. According to the results obtained in 4./, a better
performance of posit was expected, since they perform better
than float on elementary operations.

I3 5 g 5 2 I3 5 g 5 % I3 5 g 5 2

Figure 6. Decimal accuracy for kendall coefficient

4.7 Spearman Coefficient

The arithmetic operations of the Spearman coefficient are
similar to those of the Pearson coefficient formula, the
difference being that the former uses ranks and the latter uses
observed values. Thus, it can be noticed that the accuracy of
the posit representation is like that of the float representation
on a larger number of bits. This happens because of the
variance calculation, where posit performs worse. Next, it
should be noted that posit also provides 16-bit results, but its
accuracy decreases with the increase in the number of entries
in the data set. In addition, P32 offers a larger number of
decimals than F32.

I H T s 2 13 B T = 2 H T T 2

Figure 7. Decimal accuracy for spearman coefficient

4.8 Kolmogorov-Smirnov Test

It can be observed that for both one dataset and two datasets,
the precision obtained on the different number representation
systems is close. Although posit is closer to the actual value of
the result at any number of bits, the differences are not
extremely large. But they still provide more correct digits than
their counterpart. The Kolmogorov-Smirnov test contains only
basic mathematical operations (addition, subtraction,
multiplication and division). So, on average, for datasets with
values greater than 1, the accuracy of the two data types is
often similar, and this is also the case in this example. It should
be noted that on 16 bits, the bits used by float were not enough
to be able to represent the result.

~ -
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Figure 8. Decimal accuracy for Kolmogorov-Smirnov
Test for one dataset

Figure 9. Decimal accuracy for Kolmogorov-Smirnov
Test for two datasets

4.9 Shapiro-Wilk Test

According to Figure 10, posit has more identical decimal digits
with the actual result, compared to float. So, the accuracy of
the posit number representation system still provides several
significant decimals and overall a result closer to the actual
value. The Shapiro-Wilk test contains, in addition to the basic
mathematical operations (addition, subtraction, multiplication
and division), operations of variance and raising to powers.
Although posit presents a problem of accuracy in calculating
the variance compared to float, the multitude of the operations
in the formula plus the number of bits on which the number is
represented, made the posit number representation system to
still have better accuracy than its competitor. As the dataset
grows, the results of the operations become larger and larger,
and the 16 bits (5 exponent and 10 fraction) are no longer



enough to represent the number for floats, while positl6
continues to provide relevant results with good accuracy.

T g T 2

Figure 10. Decimal accuracy for Shapiro-Wilk test

4.10 Anova

The mathematical operations for determining the Anova
statistic involves, in addition to basic arithmetic, operations for
variance. According to the results of 4.3, Posit gives poorer
accuracy results on the variance calculation. However, all this
accumulation of operations led to a similar accuracy between
posit and float, the difference being the number of decimals
displayed, where posit wins. It should be noted that posit
accuracy is still better than float for both one-way Anova and
two-way Anova.

0 5 10 15 2 0 5 10 15 20

Figure 11. Decimal accuracy for one-way Anova

0 5 10 15 20 0 5 10 15 20

Figure 12. Decimal accuracy for two-way Anova

4.11 Kruskal-Wallis Test

According to figure 13, the accuracy of posit is better than that
of float, it has a higher number of decimals and the number of
exact decimals is higher than that of float. The Kruskal-Wallis
test is a rank test, which means that it has values from 1 to N -
the number of values in the data set. As a results, for small and
medium data sets, the representation problem does not appear
even on 16 bits. In addition, the fact that the formula is
composed of basic arithmetic operations contributes to the
previous idea.

F6a

T T i3 2

Figure 13. Decimal accuracy for Kruskal-Wallis test

4.12 T-test

Within the 2 figures (figure 14 and figure 15), it can be noticed
that float has better accuracy than posit and shows a higher
number of exact decimals like the actual result. It can be
assumed that this is due to the fact that the main operation is a
variance calculation. According to 4.3, posit performs worse
on the calculus of variation and square root. So, since the t-test
formula mainly consists of these 2 operations, the posit gives
a more distant result than its IEEE counterpart.

F64

P64

F32
P32
F16
P16
0 0 5 10

0 5 10 15 2

Figure 14. Decimal accuracy for t-test
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P64

-

F32

P32

F16

P16

0 5 10 15 2 0 5 10 15 20
Figure 15. Decimal accuracy for t-test for pairs

4.13 Mann-Whitney U Test

The Mann-Whitney test formula is not complex, containing
only 3 simple operations: addition, multiplication and division.
Additionally, ranks are used and not the values in the dataset,
which means that the operations are performed on integers
from 1 to N. So, there is no difference in terms of the result in
posit or float on the same number of bits. However, it is
important to note that as the dataset grows, posit on fewer bits
can give a result like a float on more bits, while float on the
same number of bits as posit cannot represent the result.

Table 1. Results for Mann-Whitney U test

Real
Result (Q)

Number Representation

System Result




Posit: 16 18
Float: 16 18
Posit: 32 18

18 Float: 32 18
Posit: 64 18
Float: 64 18
Posit: 16 23296
Float: 16 23312
Posit: 32 23305

23305 Float: 32 23305
Posit: 64 23305
Float: 64 23305
Posit: 16 90496
Float: 16 Not represented
Posit: 32 90577

90577
Float: 32 90577
Posit: 64 90577
Float: 64 90577

4.14 Chi-Square Test

Within Chi-Square, it is noticed that there are similar accuracy
results as Mann-Whitney. This happens because the arithmetic
behind is basic, where both posit and float have similar
accuracy, especially on small or medium data sets. So, the
main difference that can be said about the fact that posit
performs better is that it gives results on fewer bits, while float
requires more bits as the dataset grows.
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Figure 16. Decimal accuracy for Chi-Square test

5. CONCLUSION

This article looked at the effect of changing number
representation system within statistical methods. Although at
first glance, a difference of a few hundredths may not seem to
have much impact on the final result, there are fields, such as
biostatistics or astrostatistics, where any extra tenth is

considered a significant new information. The statistical
functions implemented were chosen because they are relevant
functions within the statistical domain. Elementary statistical
methods were implemented in Python, and correlation,
distribution detection, and statistical differences were written
in Scala. The Scala language was used for complex functions
because the Posit library in it is more powerful and provides
support for elementary operations. The following results were
observed in the fight between Posit number representation
system with the already established IEEE 754 number
representation system.

Python observed results:

e  On datasets with values between [0, 1], Posit is at least as
accurate as IEEE 754 (standard deviation, variance) and
much better than floats on addition and arithmetic mean
operations.

e On addition and arithmetic mean operations, Posit
outperforms float, regardless of how many entries the data
set has.

e  On variance and standard deviation operations, on data
sets with values greater than 1, IEEE 754 has better
accuracy than posit, but the values resulting from float
operations also have a fairly large error compared to the
correct answer.

Scala Observed Results:

e [t can be noticed that the maximum decimal accuracy of
posit is higher than that of float on the same number of
bits.

e  Although the dataset on which the test is performed also
matters, posit numbers always provide better accuracy
than float on the same number of bits, regardless of the
statistical method used.

e Depending on the dataset and the statistical method,
IEEE754 numbers represented by float, cannot give a
valid result (in this case on 16 bits), while Posit numbers
give a good result on the same number of bits; this is due
to the flexibility of posit in terms of exponent and fraction,
compared to float which has a fixed number (5 bits for
exponent and 10 bits for fraction).

o In the case of tests that rely almost entirely on calculating
the variance in the formula, such as the t-test, the float has
better accuracy than the posit.

e In the case of tests that also contain calculus of variance
plus other arithmetic operations, such as Anova, the posit
still offers better accuracy, a larger number of decimal
digits, as well as better results on fewer bits.

e In Mann-Whitney and Chi-Square, posit and float have a
close accuracy, the formula being quite simple from a
mathematical point of view and therefore there are no big
differences in calculation; however, it can be considered
that posit is better than float because it can provide
meaningful results on fewer bits.



Following this article, the strengths and weaknesses of the
posit numbers within the statistical methods were analyzed, in
comparison with the current method of number representation
system - IEEE 754 float. Following the implemented
operations (basic  arithmetic, correlations, statistical
differences). The main reason why posit is a strong competitor
in the fight to replace the IEEE 754 standard, is the fluctuating
character of the exponent and the mantissa. This helps to
obtain significant results on a smaller number of bits, thus
providing a variant that consumes less memory and is faster in
statistical calculations.

In conclusion, Posit can be considered a replacement for [EEE
754 float in statistical methods, often performing better. To see
the full power of this new number representation system, more
thorough research is still needed.

A first step for future work is to add the remaining statistical
methods like: (i) statistical methods to compare the
proportions (Fisher exact test, McNemar test, Cochrane Q test,
z-test for proportions); (ii) logistic regression analysis; (iii)
survival analysis, and (iv) receiver operating characteristics
curve method. A second step to increase the dataset size is to
integrate the implemented methods with Apache Spark.
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