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A Fast Similarity Calculation Method
Based on Cotangent Similarity and BP
Neural Network

QIAO Fei, GUAN Liuen, WANGE Qiaoling

(College of Electronics and Information Engineering, Tongji
University, Shanghai 201804, China)

Abstract: Similarity measurement is of great significance
in big data related applications. However, the traditional
cosine similarity traversal calculation method has a poor
accuracy and timeliness, which cannot provide an
effective basis for the quality assessment of massive high-
dimensional data. To improve the accuracy of similarity
calculation, two types of cotangent similarity formulas
with cotangent trigonometric function and data
dimensional differences was constructed. Besides, a back-
propagation (BP) neural network model approximating
the similarity mapping relationship of datasets was
established to reduce the time complexity. The
experimental results demonstrate that the improved fast
similarity calculation method has a good accuracy and
Moreover, it has a more

timeliness. significant

performance improvement when applied to large-scale
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Tab. 1 Five instances of 10-dimensional data

*£1 5410 4EEBF

R&ﬁz HEHZ 1 4RI 2 HEHZ 3 HEIE 4 4RI S 4EZ 6 HERL 7 4EIES 4EPZ 9 4EPZ 10
N
A 0.3728 0.478 1 0.3617 0.684 4 0.520 2 0.2935 0.3209 0.8387 0.5511 0.2531
B 0.3212 0.464 4 0.3508 0.680 6 0.509 1 0.2815 0.314 1 0.8376 0.5438 0.236 1
C 0.404 2 0.4627 0. 366 2 0.726 8 0.504 3 0.256 6 0.3238 0.8456 0.5030 0.2152
D 0.409 1 0.524 5 0.284 2 0.6730 0.623 6 0.2825 0.197 2 0.846 0 0.6217 0.209 5
E 0.5190 0.501 5 0.299 2 0.689 2 0.613 1 0.289 8 0.2235 0.802 1 0.574 7 0.214 6
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Tab. 2 Similarity matrix by cosine similarity formu-
la
Hodla A B C D E
A 1.0000 0.999 4 0.998 3 0.9920 0.9910
B 0.999 4 1.000 0 0.9977 0.9912 0.988 0
C 0.998 3 0.99717 1.000 0 0.989 0 0.9952
D 0.992 0 0.9912 0.989 0 1.000 0 0.996 6
E 0.9910 0.988 0 0.990 4 0.996 6 1.000 0
x3 F1HRUIBOEER
Tab. 3 Similarity matrix by first cotangent similari-
ty formula
i A B C D E
A 1.000 0 0.922 1 0.927 2 0.8224 0.793 2
B 0.9221 1.0000 0.8774 0.8314 0.729 2
C 0.927 2 0.8774 1.000 0 0.818 6 0.8342
D 0.8224 0.8314 0.818 6 1.000 0 0.8407
E 0.793 2 0.729 2 0.834 2 0.8407 1.000 0

2 E-T BPHZ W 4R 1R LB RIE T
L]

T GEARRLBE T 5 R s Dy T ik, sl i T Py
K Z 18] B AR BLBE AT 21 B R SR AP 2 AR DL

x4 F2MRYIBOIEER
Tab.4 Similarity matrix by second cotangent simi-

larity formula

B A B C D E
A 1.0000  0.9790  0.9626  0.9199  0.9201
B 0.9790  1.0000  0.9607  0.9146  0.9120
C 0.9626  0.9607 1.0000 0.9101  0.9076
D 0.9199 0.9146 0.9101 1.0000  0.9533
E 0.9201  0.9120 0.9076  0.9533  1.0000
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Fig. 2 Flowchart of fast similarity calculation based

on cotangent similarity and BP neural net-
work
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Input: dataset P = {p,, Py, ..., Pn}(n € N¥)

1. Normalize dataset P’ = {p1, P53, ..., Pn}

2. Randomly draw 10% from P’ to get:P; = {p},, Pk, - ,p;k},
X1,X2,.1, X EN

3. Calculate average similarity of P,

fort =1,2,..., k do
forj=12,..., ndo
simi(p;t,p}) «— cot, (P;t:l’}) or cot, (pj,t,p} )

end for
- Z?axt,j=1 Simi(l’;'rt-l’;)
Yx, =1
end for

4. Train BP neural network model
while iter < max _epochs and Errye,. > & do
forl=12, ..do
0, « sigmoid(¥, w,0,_, + b;)
end for
Y, «—relu(}; w; 0, + b))
Erriter s %th(:l(yxt - yJ’ct)z
forl=1,2,..do

QETT
#j", w; — w; + Aw;

Ab, — "_E;Jilm, b, — b, + Ab,

end for
iter «— iter +1
end while
5. Calculate approximate average similarity of P

simi(P) — =37, y;
Output: simi(P)
3 E-TRUIMBMLET BP 42 M 4 18 L HRE T E
g

Fig. 3 Pseudocode of fast similarity calculation

Aw; —

based on cotangent similarity and BP neural
network
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Tab. 6 Similarity calculation results based on BP

network and traversal method (UCI datasets)
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Fig. 4 Similarity calculation error based on neural network and traversal calculation( CWRU subdatasets)
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Tab. 7 Running time of similarity calculation based on neural network and traversal calculation( CWRU sub-
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