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Drawbacks of KNN Classifiers

nile other classifiers
usually have constant
computational complexity
when classifying samples.

Therefore, KNN cannot be
efficiently used to Big Data!
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Why Storing Data in the Tables?

We mostly use tables to store, organize and manage data
IN computer science: P

OBJECTS | LENGTH | WIDTH | LENGTH | WIDTH LABEL
| 01 | 54 | 30 | 45 | 15 |Versicolor
| 02 | 63 | 33 | 47 | 16 |Versicolor,

| 03 | 60 | 27 | 51 | 16 |Versicolor
| 04 | 67 | 30 | 50 | 17 |Versicolor

| 05 | 60 | 22 | 50 | 15 |Virginica
| 06 | 59 | 32 | 48 | 18 |Versicolor
| 07 | 60 | 30 | 48 | 18 |Virginica
| 08 | 57 | 25 | 50 | 20 |Virginica
mmmmm

snmllanty | nelghborhood number of dupllcates must [
In loops that search for them and evaluate various conditions.

The more data we have, the longer time requirements we face!
What can be done to achieve better efficiency?




Assoclate!

Big Problem?




Objectives of the Presented Research

their deﬁmng attribute values smartly, saving time and memory

Avoiding looking through all training data during the classification.
Finding k nearest neighbors always in constant time because

neighbors are searched locally only in the nearest neighborhood.

Making KNN suitable and efficient
for the classification of Big Data!




Associlative Graph Data Structure (AGDS)

AGDS links related data of various kinds horizontally and vertically:

: j Aggregated
/' \ and Counted

eslHes 2

OBJECTS | LENGTH | WIDTH WIDTH
01 5.4 3.0 4.5 15 ersicolor’
02 6.3 33 4.7 1.6 |Versicolor
03 6.0 2.7 5.1 16 ersicolor’
04 6.7 3.0 5.0 17
05 6.0 22 5.0 1.5 | Vi
06 5.9 3.2 4.8 1.8
07 6.0 3.0 4.8 18 irgini
08 5.7 2.5 5.0 2.0 irgini
09 6.5 3.2 5.1 2.0 irgini

Brain inspired
associative

AGDS




K Nearest Neighbors using AGDS Structures

The search is limited to a small region where neighbors are found:

presented by 28 value nodes!

100 values re

—

AGDS structure created

for two selected attributes

)

LEAF LENGTH

-~ samples of Iris data

. are searched locally in

and 100 training

K Nearest
Neighbors

the neighborhood of
the classified sample

We can save a lot of
computational time
using created
associations
in the AGDS!

.




Acceleration Associative Algorithm for KNN+ AGDS classifiers
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Acceleration Associative Algorithm for KNN+ AGDS classifiers

Rank table
. Classify 2.5; 4.8; 1.6]
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Acceleration Associative Algorithm for KNN+ AGDS classifiers
(=] r5e e

Rank table

de(x,y) = X G —y)? (D)
A (6, 9) =3 lxi =yl ()

de(x,y) = 0.45
dm(x,y) = 0.60




Acceleration Associative Algorithm for KNN+ AGDS classifiers
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Rank table ]
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Acceleration Associative Algorithm for KNN+ AGDS classifiers
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1. 0.45
2.

3.

de(x,y) = X G —y)? (D)
A (6, 9) =3 lxi =yl ()

d,(x,y) = 0.45
dm(x,y) = 0.60
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Versicolor
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Acceleration Associative Algorithm for KNN+ AGDS classifiers

[m]zid%
Rank table s
1. 0.45 2.5; 4.8; 1.6]

K=3 Nearest
2. 0.47 Neighbors > 048<0.6=6.5-57

3. 0.48

de(x,y) = X G —y)? (D)
A (6, 9) =3 lxi =yl ()

Versicolor

STOP CONDITON |




Acceleration Associative Algorithm for KNN+ AGDS classifiers
O

Rank table

1. (o8] 0.45 [Cgass) N t 2.5; 4.8; 1.6]
eares

z 0.47 (esicead Neighbors

3. (@) 0.48 )

SAMPLE | SEPAL PETAL CLASS

OBIJECTS | LENGTH LENGTH LABEL
01 5.4 . 4.5 . Versicolor
02 6.3 . 4.7 i Versicolor
03 6.0 . 5.1 i Versicolo
04 6.7 . 5.0 . Versicolor
05 6.0 . 5.0 . Virginica
06 5.9 . 4.8 i Versicolor
o7 6.0 . 4.8 : Virginica

08 5.7 | 5.0 I Virginica a7l 5.11 FiHT sl

09 6.5 . 5.1 : Virginica




Comparison of Results and Efficiencies

Time Efficiency:

Table 2. Comparison of classification time using kNN and kKNN+AGDS.

Number Number kNN KNN+AGDS kNN+AGDS
of of classification classification construction
instances  attributes time [ms time [ms time [ms]

Iris 150
Banknote 1372
HTRU2 17898
Shuttle 43500

Credit Card 30000
Skin 245057

Drive 58509
HEPMASS 1048576




Comparison of Results and Efficiencies

Time Efficiency as a function of the number of instances and attributes:

—8—kNN —e—kNN+AGDS
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Fig. 2. Classification time as a function of the number of the instances multiplied by
the number of attributes, 1.e. the number of data stored in the training data tables.




Comparison of Results and Efficiencies

Memory Efficiency:

1.00
- I I I I
0.00 I

Iris Banknote HTRU2  Shuttle Credit Card  Skin Drive HEPMASS

Fig. 3. Memory usage ratio of using AGDS structures to arrays for various training data.




Conclusions and Important Contributions

v' AGDS structures provide high-speed access to neighbor
values and similar objects because of the aggregations
and ordering of all values simultaneously for all attributes.

v AGDS stores data together with the most common vertical
and horizontal relations, so there is no need to loop and
search for these relations wasting resources.

v Typical operations on the AGDS structures take
logarithmic time of the nhumber of unique attribute values
that are operated, but the expected complexity on real data
containing many duplicates is usually constant.

v The efficiency of the presented classification algorithm
using AGDS structures grows with the amount of the
training data.
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Algorithm, pseudocode ... can be found in the paper

FindNextClosest (val)
if (valueNodeLessClosest == null) and (valueNodeGreaterClosest == null)
then

valuelNodelessClosest = BinSearchEqualOrLess (val)

Associative Graph Data Structures Used for £ (valueodelosaCiosear — mull)

then wvalueNodeGreaterClosest = First
Acceleration of K Nearest Neighbor Classifiers return valueNodeGreaterClosest
else if (valuelNodelessClosest.Val == wal)
then wvalueNodeGreaterClosest = walueNodeLessClosest
return valueNodeGreaterClosest
Adfian HOTZ}’k(E)® and KFZ}’SZlOf GO}dOH@ else if (valueNodelessClosest.IsNotMax)
then valueNodeGreaterClosest = valueNodeLessClosest.Next
AGH University of Science and TBChHOIOgy, KI'EJJ(DW., Poland if (val-valueNodelessClosest.Val < valueNodeGreaterClosest.Val-
horzyk@agh. edu. pl, krzysztofgoldon@gmail. com val)
then return valueNodelessClosest
else return valueNodeGreaterClosest
else valueNodeGreaterClosest = null

Abstract. This paper introduces a new associative approach for significant
return valueNodeLessClosest

acceleration of k Nearest Neighbor classifiers (kNN). The kNN classifier is a
lazy method, i.e. it does not create a computational model, so it is inefficient
during classification using big training data sets because it requires going then valueNodeLessClosest — valueNodeLessClosest.Prew

through all training patterns when classifying each sample. In this paper, we else if (valueNodeGreaterClosest.IsNotMax)

propose to use Associative Graph Data Structures (AGDS) as an efficient model then valueNodeGreaterClosest = valueNodeGreaterClosest.Next
for storing training patterns and their relations, allowing for fast access o nearest else return null

else if (val - wvalueNodelessClosest.Val < valueNodeGreaterClosest.Val - wval)

then if (valueNodelessClosest.IsNotMin)

if (valueNodeGreaterClosest.IsNotMax)

neighbors during classification made by kNNs. Hence, the AGDS significantly
accelerates the classification made by kNNs, especially for large and huge
training datasets. In this paper, we introduce an Associative Acceleration
Algorithm and demonstrate how it works on this associative structure sub- lee return null

stantially reducing the number of checked pattems and quickly selecting k (£ (val - valeeodemessCloneat Vel < velueNodeGresterlosnst vl  val
nearest neighbors for kNNs. The presented approach was compared to classic then return valueNodeLessClosest

kNN approaches SUCCBSSfUHy. else return valueNodeGreaterClosest

then wvalueNodeGreaterClosest = valuelNodeGreaterClosest.Next
else if (valueNodelessClosest.IsNotMin)

then wvalueNodelessClosest = valueNodelessClosest. Prev




Questions or Remarks?

' Human Syshln Intoraeﬂon (HSI), 20!8 IEEE Xplore, pp. 169 - 175. El:r'

9. A. Horzyk and K. Gotdon, Associative Graph Data Structures Used for Acceleration of !"--'I"'
K Nearest Neighbor Classifiers, In: 27th International Conference on Artificial Neural
Networks (ICANN 2018), Springer-Verlag, LNCS 11139, pp. 648-658, 2018.
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AVB+TREES can additionally accelerate KNN+AGDS

AVB+tree Is a hybrid structure that represents the sorted list of aggregated
elements which are quickly accessible via self-balancing B-tree structure.
Elements aggregate and count up all duplicates of represented values.

counter | «-two-element node
key (value) |

| one-element node
element.. ! A

. %
2]
leaves —»> | |




