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Abstract— Since the information revolution, massive online content has been placed
on the Internet, and it has become possible to use it indefinitely as long as it is in demand.
In the past, such content was disposable, but products having higher frequency of use
have been explosively increasing because of the development of technology. Existing
algorithms are biased towards simple sorting and aggregation. In this paper, we define
an algorithm based on topological location that guarantees uniform selection, weight
selection, and fast processing speed for problems that occur from mass consumption and
repeatable reuse of tangible and intangible products, and we attempt to demonstrate
these features through experiments. Disadvantages of the simple random sampling
method are that it cannot guarantee a uniform selection and that it does not offer a way
to select using different weights. Hence, the proposed algorithm assigns priority to the
uniform probability distribution without making an assumption about the distribution.
Further, by narrowing the selection range by digitizing the selection frequency to the
topographical position, uniformity of random selection is ensured, and the processing
speed for mass selection can be dramatically increased.
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1. INTRODUCTION

1.1. BACKGROUND

After the third industrial revolution, a large number of products have been mass-
produced, and today, with the development of technology, even the finer work
processes can be replaced by machines. In addition, unmanned automation systems
and industrial robots were used to achieve breakthroughs in the mass production
system. Mass production is the same as mass consumption and eventually leads to
waste of resources.

There are three main types of product consumption. First, there are non-reusable
products with expiration dates. For example, if the food items such as vegetables and
meats used in restaurants all have different expiration dates, finding and selecting the
product with the shortest expiration date is a method of efficiently using the
purchased product.

The second type is of products that are reusable but have a limited frequency of
use. For example, rechargeable batteries used in everyday life and laser printer toner
have a common feature, which is that they can be used repeatedly, but there are limits
to the frequency of use. A simple method for managing products that can be used
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repeatedly but that have a limited frequency of use is to use them one by one, and
when all have been used, to buy new products. However, this method is not effective
if there is an expiration date and if several products are used at the same time. For
example, if you want to select three batteries from 20 rechargeable batteries, you can
choose three batteries at random. When all three batteries are used up, you can select
another three and then charge the rechargeable batteries. The ideal combination when
repeating this process several times is to make the usage frequency of the 20
rechargeable batteries uniform. A technique for managing this is to simply create a
usage record for each rechargeable battery and select the rechargeable battery to be
used next. However, if the total number is increased and the number to be selected at
the same time is not constant, the complexity required to achieve uniform selection
increases. For example, a case for which the quantity is large, the selection quantity
is variable, and uniform selection frequency is important is NAND flash, which is
used in a solid-state device with a limited number of writes. When writing, it is
effective to uniformly use the entire NAND flash as much as possible [1]. However,
it is not easy to manage a uniform number of writes for all bits, as even the 128 GB
products have a bit count of 1024 Gb [2].

The third category is products that can be used indefinitely. In the case of online
content such as a service providing test questions, it is necessary to extract several
test questions at the same time. In addition, it is necessary to have the test questions
with low exposure appear first and to provide the user with a random and uniform
frequency of test questions If a few words or test questions appear to be repeating too
intensively, the effectiveness of learning can be decreased.

A simple method for uniform selection is to use a uniform random number generator,
and when several items are selected at the same time, it should be made to select without
duplicates. However, if this method is repeated several times, the overall selection may
appear uniform, but the standard deviation of the selection frequencies is not small, and it
takes a considerable amount of time to repeat until the frequencies for all the selections
become constant Another way to overcome the problem is to use the selection
frequency and select the least selected ones first, but problems arise when there are
many numbers If the number increases, it will take a long time to arrange them
because each time a selection is made, they must be sorted and randomly selected
from using the selection frequencies [3], [4].

1.2. RESEARCH OBJECTIVES

Our uniform random generator is a method designed to solve various problems that
occur in selection and reuse, and it is a method for fast and accurate uniform selection.
It topographically analyzes the frequency of selection of the selected location to
determine the point and direction to select. This feature does not require alignment
because it adjusts the selection position with a simple topographic feature from the
first selected location. Just by following simple selection rules, the selection
frequencies are automatically kept uniform, resulting in superior speed and stability
[5]. [6].

Although the proposed method is for uniform selection, it is also possible to choose
to have the form of a specific distribution. The method is to apply a weight to the
selection frequency to make a selection with a modified selection frequency. For
example, to increase the frequency of selection and improve the selection, the actual
selection frequency could be multiplied by 0.8 to appear as the selection frequency.
Conversely, in order to lower the frequency of selection, the actual selection
frequency could be multiplied by 1.5 and the result used as the selection frequency
[71. [8].

An example of how this technique can be applied is in the selection of a product
with an expiration date when the product has a relatively short expiration. In this
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case, it is possible to make it appear as though the selection frequency is lower than
the actual selection frequency, thereby increasing its chance of being selected.

Another example is in writing to a NAND flash, the main accessory of an SSD,
which should be as uniform as possible because of the frequency limitations. Because
there are so many NAND flashes in an SSD, they must be divided into blocks.
However, since the number of blocks is very large, this simple algorithm is suitable
for making the write frequency uniform as a whole.

In this paper, we propose a topological location-based selection algorithm that can
be used throughout the consumer industry to prevent unnecessary waste of finite
resources, reduce the amount of time and energy consumed by mass consumption,
and maximize the lifespan of the product by increasing the efficiency of consumption.

2. METHODS

2.1. PRELIMINARY CONCEPTS

If m balls are randomly selected each time from a basket of K balls without any
restrictions on the number of times each ball is selected, even with the use of a
uniform random number generator uniformity cannot be guaranteed because there is
no control; in addition, balls selected previously can subsequently be selected again.
When randomness and uniformity are guaranteed, and if the process of randomly
selecting m balls from a basket of K balls is done n times, and if the selection
frequencies for each ball become similar, then the probability distribution for the
frequency of selection becomes a binomial distribution. In this case, the probability
(p) of selection is given by the formula [9].

m

P=% 1)
The probability of the ith ball being chosen x times in n selections is

pCalm) = (i) pi(1 = pyri )
and the expected value and standard deviation of this formula are, respectively,

E(x) =np, oy =+np(L—p) 3)

For example, when the process of selecting three balls from 10 balls is done four
times, the expected value of the number of times each ball is chosen becomes
4x0.3=1.2. Table | shows the frequency of selection for each ball. By the fourth
iteration, most of the balls were selected once, and only two balls were selected twice.
After repeating this experiment n times, the probability of the frequency of selection
is found by multiplying all the probability values since each ball is selected
independently:

K

1_[ (;l) p (1 —p)"i (4)

i=1

Table I. Four Iterations of Selecting Three Balls From Ten Balls

No.1 No.2 No.3 No.4 No.5 No.6 No.7 No.8 No.9 No.10

1TIME 1 0 1 0 0 0 0 0 1 0
2TIME 1 1 1 0 0 0 0 1 1 1
3TIME 1 1 1 1 1 0 1 1 1 1
ATIME 1 2 1 1 2 1 1 1 1 1
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The result is the value at which the expected value for the ith ball (np) is the maximum,
and all the xi values become np, which is the expected value. With many iterations of
random selection, each ball’s frequency of selection will approach np. However, as the
frequency of selection increases, the standard deviation will increase, and it will be
increasingly harder to achieve uniform selection by using simple random selection [10],
[11],[12].

A simple way to ensure uniform frequency of the selection of all the balls through
random selection is to sort the frequency of selection in ascending order and select
randomly from those balls having the lowest frequency of selection.

With this method, the frequency of selection of each ball is near the expected value with
only small deviations. However, if the total number of balls is large, this method will be
inefficient as it will require long computation times to sort in ascending order each time.

In summary, if you select m balls at the same time, you do not want to reselect them.
Although simple, these operations are not solved by a simple uniform random number
generator in order to make the selection uniform as a whole. It is important to use the total
number of selections at the time of the selection, and the total number of attempts should
be considered every n times. For this case, an algorithm has been devised that uses the
frequency of selection, eliminates the process of sorting, and performs processing using
only the information on the frequency of selection of the selected locations [13]. This
algorithm can be understood using a topographical analysis.

2.2. TOPOGRAPHICAL ANALYSIS FOR UNIFORM SELECTION

If the number of times of selection for five points including two points on each side of
the selected point are regarded as height values, the sequence will appear as a flat place, a
downhill road, and an uphill road (Fig. 1). The purpose of the algorithm is to provide
several rules to allow an automatic process for smoothing the bumpy road. If the road is
smooth, the frequency of selection will be uniform, and uniform selection will be the result.

Position Value

15 |1 101 20| 15| 20
0 1 2 3 <4

Fig. 1 Topographic Location and Value at Topographic Location [13]

The information needed by the algorithm is the following: the height of a randomly
selected location and a comparison of the heights of the points immediately to the left and
right of this point. From these, a determination can be made whether to move or stop. Since
the two points on either side can be seen simultaneously, it is known whether the adjacent
point is higher or lower. This information will be used to decide whether to move.

Figs. 2 and 3 display the topographical features used for making the decision to move
from or stop at a selected location.

a b c

Fig. 2 (a) Movement Down the More Steeply Sloped Side (b), (c) Movement Down
Sloped Side [13]
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In each configuration shown in Fig. 2, at least one of the two directions is a downward
slope.

Fig. 3 (a) Case of stop (b) case of move in the forward direction. [13]

In each configuration shown in Fig. 2, at least one of the two directions are a downward
slope. The decision is to move two positions in the steeper downhill direction.

In contrast, if the height in both directions is greater than that at the selected point, the
height should be adjusted. If the road is flat, rather than remaining at the selected location,
the algorithm moves forward and checks for a point having a lower height. If one is found,
it determines the movement from that point, and if after moving five times the road is still
flat, it increases the height to create a hill at the location of the previous movement. These
two configurations are shown in Fig. 3 [14].

In order to handle this important task, the array that saves the number of times chosen
for each point should be handled as a circular array with the ends connected. For example,
if there are 10 balls, and if the selected point is the second point, then at the two points to
the left are the values for the first and tenth positions, and at the two points to the right are
the values for the third and the fourth positions.

In the cases described thus far, decisions about moving and stopping are made on the
basis of simple rules, but there are some additional considerations for the following cases.

The configurations shown in Fig. 4 may appear to indicate a decision to stop since the
selected point is lower than the point just beside it, but here the movement is decided
according to the height of the points two positions away. In the case of Fig. 4(a), since the
selected location is lower than those of the four points nearest to it, no further movement
is necessary. However, in the case of Fig. 4(b), the point on the right side is higher, but the
point at the right end is lower than the selected point. Hence, the decision is to move to the
right-end point and then to stop or move according to the heights at the new surroundings.

/N A

Fig. 4 Lower position (a) decision is to stop (b) decision is to move
In another configuration, shown in Fig. 5, the points in both directions from the selected

point are lower, but the heights of the ending positions in both directions are greater. In this
case, the decision is to move one space toward the lower point and increase the height there.
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Fig. 5 (a) Decision is to Move to the Side with the Lower; (b) result is increased high-
position value

For the configuration shown in Fig. 6(a), in which the two points to the right of the

selected point are both lower, the decision is to move right to the first lower point and
increase the height as shown in Fig. 6(b).

a b

Fig. 6 (a) Only the point on one side is lower (b) result is increased high-position value

Fig. 7 shows the last configuration, in which one of the points on either side of the
selected point is flat or both sides are flat. In Fig. 7(a), there is no point lower than the
selected point, but if the left side is flat, the decision is to move to the flat side to determine
the selection point. In Fig. 7(b), there is no point lower than the selected point and both
sides are flat, but since the second point to the left is higher than the selection point and the
slope is upward, the decision is to move to the right to determine the point of selection.

a / b \ /
\ /
\ /

Fig. 7 The lowest point, but movement is needed (a) reverse movement (b) forward
movement

One problem with this algorithm occurs in the case when all the points are high except
for one point that is low. If the total number of selections is low, every time m balls are
chosen, this point will be continually marked as the selected point, thus falling into an
infinite loop. To resolve this problem, when the same points are continually selected, an
adjacent point is chosen as the selection point regardless of its height. When the specified
rules are repeatedly applied, the frequency of selection will begin with a value of 0, but
through the selection process, curves and hills will be created, and the algorithm will work
to automatically flatten the terrain.
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If a new addition is made in the middle and the height is 0, the number of times selected
is automatically increased. If a point is relatively high, it will not be selected until the
heights of the points around it are increased; hence, no action is required for management.

As can be seen in the method for determining the direction of movement, which is to
compare the height of the selected point with the heights of the two points on each side of
the selected location, the processing speed for the selection process is the same regardless
of the quantity of data.

3. PSEUDOCODE FOR ALGORITHM

samples = Selection frequency value for index point.
while (i <= total number of selections) {
v=0;
idx = (0 ~ total number of selections - 1) randomly select locations between the values.
direct = The selection direction is set to be stopped.
while (v <5) {
obtain the height differences between the selected point and each of the two points.
if (it is in a valley) {
if (the heights of the ending positions on each side are greater) {
break;
}

} else if (the height of one of the points adjacent to the selected point is less than
the other && the height of the ending position in the lower direction is greater than those
of the adjacent points) { move one space in the relevant direction.

break;

} else if (terrain is flat) {
move 3 spaces to the right
direct = right side
v=v+l1;
continue;

} else if (the adjacent points have the same height but the heights of the ending
positions are greater) {

find the end of a flat region and select any spot in that region
break;

}

if (the previous direction of movement is different from the current direction of
movement) {
break;
H

move 2 spaces in the direction of movement

}

if (the selected location is the same as the previous location) {
move one space in the steeper direction }
if (the selected location is not in the current sample set)

{
increase the height for the selected location
add the current selected location to the set of location samples
}
}[13].
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4. EXPERIMENTS

4.1. BASIC EXPERIMENT

Table II shows the result of extracting three points from 10 points by applying this
algorithm.

Table 11. Example of the Application of Algorithm
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When iterated 10 times, the expected value is 3, and as a result, the frequency of selection
appears to be 3 for all of the points. It can be seen that in the individual rows, the selection
of points does not appear to have a pattern. It can also be seen that in each individual
column, the selected positions are spread out in somewhat regular intervals.

For comparison, Table Il shows the case of simple selection. Although the rows give
the appearance of random selection, the final frequencies of selection range from 2 to 5,
and only three of the 10 points have the expected value of 3. The distribution of the selected
positions within a column can be dense or far apart. This is because the data of previous
selections are not considered when making each selection.

Table 11l. Example Of A Simple Selection Method

No 1 No 2 No 3 No 4 No 5 No 6 No 7 No 8 No 9 No 10
1 time 0 0 1 0 1 1 0 0 0 0
2 time 0 0 1 0 1 1 1 1 0 1
3 time 1 0 1 0 2 1 1 1 1 1
4 time 2 1 1 0 2 1 2 1 1 1
5 time 2 2 1 0 2 1 2 2 2 1
6 time 2 3 1 0 3 1 2 2 2 2
7 time 3 3 1 1 4 1 2 2 2 2
8 time 3 4 1 1 4 1 2 3 2 3
9 time 3 4 2 2 4 1 2 3 3 3
10 time 3 4 2 2 5 2 2 3 4 3

4.2. COMPARISON EXPERIMENTS

Next, we performed a simulation of randomly selecting 10-20 balls at once from 1000
balls for 10 000 iterations. If 10 balls were selected each time, the expected value for the
number of times each ball is chosen would be 100. If 20 were selected each time, each ball
would be expected to be chosen 200 times. Thus, since 10-20 balls are selected each time,
the expected value for each ball should be between 100 and 200. The experiment results
are shown in Table IV. Since the selected numbers are obtained from a uniform random
number generator, the average approaches 150. Therefore, the expected value for each ball
should be near 150.
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Table IV. Choosing 10-20 Balls From 1000 Balls 10000 Times [13]

Min no. Max no. Avg no. Standard Avg Selection
times times times deviation amount
Uniform random method 119 197 155.345 12.3902 15.5345
Algorithm method 153 159 155.889 1.3352 15.5889

If one judge by the average number of times each ball is selected, the difference between
the two methods is not obvious as the results are almost identical; it is the number of balls
selected at a time multiplied by 10. However, the difference is apparent from the
distribution of the number of times each ball is selected. Under the uniform random
selection method, the range in the number of times a ball is chosen is 78 and the standard
deviation is 12.3902, but for the algorithm method, the range is 6 (1/13 the value of the
other method) and the standard deviation is 1.3352. The histograms for the number of times
a ball is chosen are given in Figs. 8 and 9. The x-axis is the number of times a ball is chosen,
and the y-axis is the number of balls; they form a normal distribution with a mean of about
155.

40

Number of bal's
>

110 120 130 40 150 180 170 180 180 200

Number of timas selected

Fig. 8 Histogram for Number of Times a Ball is Chosen: Uniform Random Selection
Method [13]

230 |
200 ¢

150 |

Number of salls

163 154 156 156 157 158 150
Number of imes sefacied

Fig. 9 Histogram for Number of Times a Ball is Chosen: Algorithm Method [13]

The next experiment explores the case when one of the frequencies of selection is large
and the others are small. This is the case, for example, when three batteries are being
selected each time from a set of 10 batteries, one of which is used and the rest new. A
comparison was done with initial values of O for the frequency of selection except for the
third battery, which started at 5 (Table V).
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Table V. Starting Values of Frequency of Selection for Experiment: of 10 Batteries, Only
Battery 3 Starts with Five Recharges

Under the uniform random selection method (whose results are given in Table V1), the
third position is selected twice, and the final frequencies of selection range from a minimum
of 1 to a maximum of 7. In addition, the selection is not uniform. On the other hand, under
the proposed algorithm (whose results are given in Table VII), when the process of
selecting three batteries each time is iterated 10 times, the third battery is never selected.
Hence, its final frequency of selection remains at 5. Even if there is a high value in the
middle, the selection is not made until a uniform selection is made. Because it automatically
focuses on the other lower selection, it is more effective in applications involving a limited
number of reuses, such as a rechargeable battery.

Table VI. Experiment with One Value of Frequency of Selection Already High at The
Start: Uniform Random Selection Method
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Table VII. Experiment with One Value of Frequency of Selection Already High at the
Start: Algorithm Method

10 5 6
8 4 7
5 6 1
9 7 2
1 8 4
5 6 4
9 7 2

10 5 9
8 1 2
8 10 1

ﬂ P

[4]3[5]3[]4]3[3]a[3]3]

Next is a comparison exploring the reverse situation: All of the batteries have already
been selected three times each except the third one, which is a new battery with 0 recharges
(Table VIII).
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Table VIII. Starting Values of Frequency of Selection for Experiment: of 10 Batteries,
only Battery 3 Starts with 0 Recharges

[3[3]of[3[3[3[3[3][3]3]

Since the uniform random selection method (whose results are given in Table 1X) does
not consider past data and only prevents overlapping, it does not attempt to select the third
battery even though it is new. The algorithm method, however, continues selecting it until
the number of usages of the third battery becomes similar to those of the others, at which
point it will focus on uniform selection. After 10 iterations, each battery’s frequency of
selection is either 5 or 6 (Table X).

Table 1X. Experiment With One Value Of Frequency Of Selection Low At The Start:
Uniform Random Selection Method
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Table X. Experiment with One Value of Frequency of Selection Low at the Start:
Algorithm Method
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4.3. WEIGHTS EXPERIMENT

The method as described so far is an effective way to make uniform selections, but there
is a way to make it select to fit other types of distributions: by giving weights to the values
of the frequency of selection [15]. For example, focusing on the 50th ball out of 100 balls,
suppose we wish to make the proportion of selections fit the shape of a normal distribution
(Fig. 10).
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Fig. 10 Default Selection for Applying a Weight Distribution

In order to apply this weighting, the actual frequency of selection must be inversely
proportional to the weight. For example, if the 50th ball has actually been selected four
times, it should be made to appear as though it has been selected only once, and if it has
been selected only once, it should be made to appear as though it has been selected four
times. In this example, in order to change the frequency of selection to a normal distribution
N() with a mean of 50 and a standard deviation of 30, the following rule should be applied:

N(50]50,30) (5)
N(position|50,30)

actual selection count X

As shown in Fig. 11, the value at the center is equal to the actual frequency of selection.
The height on both sides is made to appear greater than it actually is by multiplying the
actual frequency of selection by 3.8. Fig. 12 shows the result of applying this weighting
and selecting three balls each time for 10 000 iterations.
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Fig. 11 Virtual Distribution should be Selected as the Default Selection
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Fig. 12 Actual Distribution after Applying Weighting Algorithm

The x-axis represents the position from 1 to 100, and the y-axis is the actual number of
times selected. The ratio of the maximum and minimum values is 3.8, as desired.

5. CONCLUSIONS

The algorithm proposed in this paper performs multi-sample selection and maintains the
uniformity of the selection by applying a few simple rules using information on the number
of times chosen for five points. The proposed algorithm is fast (no difference in speed), and
it guarantees uniform selection whether the number of data is 100, 10 000, or in the millions
[16]. It can be useful in work that requires the equal treatment of big data (having more
than a million points). In applications in which there is a need to add an item that has
already been selected or one that has been rarely selected, the algorithm will automatically
cause the total number of selections to be uniform.

The disadvantage of the simple random sampling method is that it cannot guarantee
uniform selection. It is also unable to provide a selection method using different weights
for the ones selected. The algorithm proposed in this paper is outstanding in terms of its
efficiency in random sampling.

The algorithm is suitable for a variety of applications. A test question bank, for
example, which provides randomly selected questions to a service provider, is more
effective when it provides uniform exposure to all exam questions rather than
focusing on just a few. In a vocabulary system, with uniform exposure, just a few
words each day can be exposed from a large vocabulary set, and the number of words
exposed can be adjusted by applying different weights of exposure for each word
[17].

An adaptive random selector can be constructed by varying the weights according
to the characteristics of an algorithm designed for uniform selection and using the
result of the adjustment function as the selection frequency [18], [19]. For example,
when providing test questions, at first, the level of difficulty is set to be the same for
all questions, and all the questions are equally exposed. Then, the level of difficulty
of each question can be adjusted using the number answered correctly by students
and the weights of exposure adjusted correspondingly. In other words, if most
students answer the question correctly, the weight of exposure would be decreased,
and if only half get the answer right, the weight of exposure could be increased to
allow it to appear more frequently. Using the data of the adjusted level of difficulty,
the algorithm could also be employed to raise the confidence of low-level students
by increasing the exposure weights of questions that most students answer correctly,
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providing questions in a way such that students can gradually solve higher-exposure
questions.

In the case of electric cars equipped with several battery packs with limited charge
cycles, battery packs can be exchanged for charged packs instead of being charged at
the charging stations, and the number of usages of all the battery packs should be
kept similar for purposes of the exchanging. If there are only a few battery packs at
the charging station, this can be managed by humans, but for managing large numbers
of battery packs or for machine automation, an algorithm becomes necessary.

This uniform selection algorithm is useful as a management technique in cases
where the pool of items to be selected from is large and for systems for which
maintaining the uniformity of selection is important because of physical constraints.
An additional advantage is that a complicated algorithm is not necessary even when
making use of the selection weight feature and even if adjustments are needed to
adapt the weight for automatic selection because of changes in circumstances.
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