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Abstract The k nearest neighbor (k-NN) graph construction is an important operation with many
web-related applications, including collaborative filtering, similarity search, and many others in data
mining and machine learning. Despite its many elegant properties, the brute force k-NN graph
construction method has a computational complexity of O(nz), which is prohibitive for large scale data
sets. Thus, (Key, Value)-based distributed framework, MapReduce, is gaining increasingly widespread
use in Locality Sensitive Hashing which is efficient for high-dimension and sparse data. Based on the
two-stage strategy, we engage the locality sensitive hashing technique to divide users into small
subsets, and then calculate similarity between pairs in the small subsets using a brute force method on
MapReduce. Specifically, generating a candidate group stage is important since brute-force calculation
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is performed in the following step. However, existing methods do not prevent large candidate groups.

In this paper, we proposed an efficient algorithm for approximate k-NN graph construction by re-

grouping candidate groups. Experimental results show that our approach is more effective than existing

methods in terms of graph accuracy and scan rate.

Keywords: Big Data, MapReduce, k-NN Graph Construction, Locality Sensitive Hashing, MinHash
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k-Nearest Neighbor(k-NN)Z#Z= EE =
(node)ol gk k-NN HERE Jell= dlolg +=xo
ot ¥ 12 2-NNIZHZ9 oF HoFa e, o
agzA A ZF ==9 EIHd(outgoing edge)
=9 2-NN< Y, Sl dgshe
< 2-NNejl ti& FALEE ekl

K-NNa#=Z&= 17 #d® B2 ofEF Aol delA
Fa3k Astelth AR8A 716E H4 HEI™ (user-based
collaborative filtering)[1]o14 k-NNIZZ& 4|3
ZagEE 7R AMAE AFste] agZE s,
Jzol A AFEAEY] o] R(neighbor nodes)ell 7]4¥s}te]
FgT o] ent ope), 87N Y ARl (contents-
based search system)oA= do]g Al W37} (&
o], k-NNz2#j2=Z AAdst= ol k-NNEA S st A
Hoh o uighAst WhHoltH2], = k-NNIZHZes o]
¢ 3t ©A(outlier detection)[3], °|"|A] EF(image
classification)[4] Wl 34l dloJE]FZo|th o]F%
2] #3 Alzd 9 PRAAeN k-NNIHZE B8
stal vk K-NNIZ#jZE o]e} o] ofe] W] I3
‘3] %—ﬁ?} A&s o o], HT Eo] s ATH

_.ﬁlﬂ

B

72 2

A 0(n)e ANERAEE 273t} o]E R A
i Aelells &gl A &k 90%9 100% g
=5 7 k-NNIHZE AREEE | A Apelrt
A 7] WEedl67] K-NN1#Z A &£25 F7t

2-NN of wuy: {uy,us}
2-NN of uy: {ug,ug}

I3 1 2-NN 23 Z 9] o
Fig. 1 An example of a 2-NN graph
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A7 81 A k-NNIPZE BA guds
B-3HH2,5].

oM NNe EAo thafjA] K-D trees[8], R-tree[9]
5 Eg7uke] 2uX(tree-based indexing)®Ho] Ab
gro] gt SARF o] WHELS 1A (high-dimen-
sion)9] dloJglel] disiA E&&Ho]x] &tH10]. WA,
LSH(Locality Sensitive Hashing)t” S J_i]-%_-‘l] o
olEe] tisiM= &&Ho]H[11,12],
aF FelzEel HeH13] °1"7?4—§— o 1ﬂr.
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ZAF k-NNIZPZE vt== )39 WHe LSHE
Agatel WA fAE wEE :g——%am o 3%
A

A brute—forced WHOE
[514]. &, o]XFH IFS A
aFAA FAIEE Alltele
g S ARSI fAREE A
A AR S =

23 22 o]frellA k-NNz#= ‘ﬁ“J AL &
28739l olulx] 3Hg(Apache Hadoop, High—Avail-
ability Distributed Object-Oriented Platform) [15]7]
vke] 9 2] 22(MapReduce)[16]  A1Z=Fl o] A ‘_r"ag}h
Ao] Fr}. ofgbx] shE-S tFe] AsE AT F+ Ue
AFE SlzHAAA FAsE B4 &8& “ila“
A hste =z o] Anp AZEY O] Ty dYFolth
W 2] 5-2~(MapReduce)= ©}}3] SHa(Apache Hadoop)
Zgkll A FAske 2RO dudE 3l 27
2B dS 9= k-NNIHZ AAFS 98] LEax
Nl & ZHAAIE AMEAT HElRaE
24 HE A&FoA tg#F HolHE AEsty] #s)
IgdE ZHAYAZN dolEE 5A T4 L HEol
o}
3

tlo U

a5

2 719t % Aoz Ure W(Map) A o] F
S 7] ¥2 F§XE gF2(Reduce) GAZE FAHC

N

g AZ~H(HDFS)LS tl&% HolEHE 9y k=
XA HEHQ W (Map) A4t A4S AEgich
LSHE @Y == Al2glolA T39S we] &3
< A7 M Al l°l‘=‘01 2a3hH, ol B /e
A9 2~E vEdel fFAEor sthe Zelt)h ol W

225 o] &3t g A QY=g WA|A| S}
&l AT 4 Qo I k-NNZH=Z A 230
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Candidate Group Generation

=
K-NN Graph Calculate Simﬁ;th\'/‘
a9 2 K-NNa2#= A4S 9% 33

Fig. 2 The overview of k-NN graph construction

dxo] F 2709 W-PdF= Ze
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2 AHo|AE MinHashE ©] 83t o]

E3fo] k-NNIZ

£ER 2FS A

Aste AT o]$FH 8L ATAHE Aol thete]
A
3.2.1 MinHashE ©] &3 o] &% 1 IF A4

MinHash[19]& LSH7|® 2] /A2 A FEo]
ojg &Eo] AJI= Al9(Jaccard coefficient) 9} -2
Al otk FUHA SAITFE AR, (1194

gk ARl diEiA 11 AT E ARESte] &

p/iel SAES AMEAte] OFIDE TEC IFS

Stk 283 o] FAYE Al=(seed)7t T2 AT
WHEStY 3 Ao disiA g/l 1EIDE
E =FdAME 99 22 IS AREste A
oA drelEld o] AFIDE TEol FALE

P 2 bR o
fla]
=3

YN2FL T O 48 Y

Algorithm 1. Candidate group generation Map

Input file: user, list<item>
Map(p,q)
read input file
for each user do
fori.q do
Hashed vector = MinHash(list<item>)
group-id = 1~p smallest values in Hashed vector

Emit(group-id, user)

end for
end for
322 o] 2FH IF A4

B AHoAE A WA g FoA Ale]lzr & 189

Meosa

B7} =0

=wA A 21 9 A 11 5(2015. 11)

A AzjsiFe F 7 SRS AR

3221 94 aFAelzz aF AT

A WA e Alel2rt E a5 AP Alolzs
Al wHrol Al she Welth o] W [5lellA
A Afol=E AFR Wrjo] REEIL HT B =&
dlMe siAlgke] 22 ==nk aFd Sol7HAE WA
IFS WEOlE ¥ UHES Aolzrt de aFe 4
T 3F ololdE HHAM I5S 44T “iAMZA
FOE WRATh o] W 71Ee] W F71H<
boly 725 WHeA Foke HH ﬂ%ﬂ 9l AXS 3}
A 7] Wl F7prlgo] ok

W

~

LN2E 20). TE IAE M4 2FA

Algorithm 2(a). Candidate group generation: Reduce

Input: group-id, list<user>, group-size threshold
Reduce(input)
for user in list<user> do
userList.add(user)
if userList.size > group-size threshold
Emit(group-id + i++, userList)
userList.clear
end for

Emit(group-id, userlList)

X

a9 3elME Al BFALel= gho] 39 ¢S HAF
3 ek ARgAl disiA 1749 SIAEE eI 1§

AZrog 188 FAIT O 3 dA BEAjo|= e
g gl dad g8 3 clsE AT,

(Block-size=3)

Jup giS;r‘{s

A
B |
v

block2 block3

©88 (88

@ @ GG T

Jal| B
&l N v blockl
al '® ‘3
(AL ‘ v

a9 3 AT AFAIRE 25 AT ©
Fig. 3 An example of candidate group re-building
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Fol 9l & dow 1 aF 43 =
Eol el A AE skl 35S HEATE
A s = 3 WA s e R 9
Al e sk A @ de a5 A5 aAd
WY st SA] g e o whEelA D
, + AL A AW prEch
U o Be pAle] A e 1EIDE e g
of AT 2Fel oAl Al e derhE AAEL

HE e s a%e APt webA,
A WA I s R BE 5] Abolze 9

ro, I
o
M

AN2|F 2(b). X SHA| FEIAE
Algorithm 2(b). Candidate group generation: Reduce

4y 2R

Input: group-id, list<user>, group-size threshold, k
Reduce(input)
for user in list<user> do
userList.add(user)
if userList.size > group-size threshold
oversize=true
end for
if oversize
reBuild(userList, ++k, threshold)
else Emit(group-id, userlList)
reBuild(userList k,threshold)
map=makeKPlusMap(userList, k)
for list in lists=listFromMap(map)
if list.size<threshold
Emit(group-id, list)
else reBuild(list, ++k, threshold)
End reBuild
makeKPlusMap(ist, k)
For user in list do
newGroup-id =MinHash(user.items, k)
map.add(newGroup-id, user)
Return map

A HA BT g2 Je A 25 & 9 A A
£ 3}9 kMinHashollA kS 71824 13 49 2
o B fAbEA Ee A4S pe gl Sl ke
Holth A WAl WHe LE AFEA] Ae 94T ki

o2 IFIDE VEAD T WA WHe 2 256 &
@ AH8A) A% kel B 2 ghow IFIDE W5
Ak webd, 71Ee] PHolA kB 37 A W, A
SRE H AoAE T} e F oo gue
R - TR L2
of arjz mE Hrke gAe] ek AW o) e
FHHo2 AR sk sl Fptel Holrith

Meosa

aEE A 685

AAAEAE n, YAESAF|ZE blockSizegta & of,
A s 3};(] %= 7% MinhashZ® 38t 288 vt
oFEd Om=*k=* AR BF=rt Ag=d A 3
A =W O(e xk xd) 9] AIMEF=7 F71
Olln+¢)xk*d)E Z7}3t} e & nol Bt 2}
T olm A s e 27 kEgs 12 AIFSHA

2

<

5

<

B3 AHA & F ARESY] Wil FrlEe AT
< 3A gon ke HF F2 Folrld A WL
she WY A g W 2% O+ d)7F Bk o]
T oRA HeE S vrd o #3A3Y AR
A AN AR ARLE ste S FolA He
ARE o83tk & 2Fol tiEiA H Ae fFA
T A AEREE 0N OlblockSize)) 2 =
qom AA ARgxlo] thsle]d MinHashe|o]ES vwi=
€ B8E gl ¥ T o, T WA B A & ALE-
At tiste] Mg FALETE B2 ARRAE FESte

el Adol| gt FHoto] A ANEREE On =+
logn)ol Al O(q * blockSizelog(q * blockSize)) 2 =%
om FEAEE On)olA O(g+blockSize)Z ZHA
HEg e s HolF3oh

(Block-size=>3)

{85

LS ¥

‘ % = @
8 <@ > W Re-hashing ] )
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a4 4 Aide & 2F AT A

Fig. 4 An example of candidate group re-building using
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FRA7el o] HAAA g AREAel st T fALE
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HEAEE O *logn)dlAl  O(q * blockSizelog(q *
blockSize)) 2 £9oH FNEIEE Om)lA O(qg =
blockSize)Z ZTh

A2[E 3. AR ALk W, 2lFs
Algorithm 3. Similarity Calculation: Map, Reduce

Input: group-id, list of users
Map(intput)
make all pair for users
for each user do
sim=similarity calculation(ui, uj)
Emit(ui, (uj,sim))
Emit(uj, (ui,sim))
end for

Input: user, list<(user,sim)> as key, values

Reduce(intput)

for each (user ,sim) in values do
map.add(user,sim)

end for

Map.sort by sim

Emit(top k user,sim)

E#F(ob tracker)] vl22E|(master)
AFE 19} B3 E 7 (task tracker)d E# ol
(slave) #3FE 10419 35 Fel&EHA Fhd). &
o dFsh=s HFEE 3.1GHZ A== Intel Core
i5-2400 CPU, 4GB RAM¥} 4TB9] sl=tj=32 4
Hr}

4.1 AEMH

2 Hoxe B =4 AR dely A, Bl &
a8 FE, 4eH7t 7IEel wsiA Ag e

4.1.1 dlo]g Al

dolH= 3F 13 o] Fulal=(MovieLens)[21]e14
Aleshs 252MBe] FrjElz dolE$} 223MBe] W&
Bt dolH[22]E AHESHth FHI-= dlolElE [1]
oA ALgE W o o]xl3) FAAT 2 AREALel ti ]
Al BE7E AHEAY BaAsRY 58 A9 12 o)™
3} M9 %A &S A 002 AT 7& B=
tlolHE bags-of-word@419] ©le]go|tt. & =&l
A= 20,000708] &A1l tisliAl o]Rskstr] 935 [16]¢]]
Aol WA HTr) e A 12 O%A &S B¢
002 o]xls}stsith

Rt
FLHO
ﬁ

=wA A 21 9 A 11 5(2015. 11)

%1 el A 41
Table 1 Data set descriptions

MovieLens NY Times
Size 71,567 20,000
Dimensionality 10,681 102,660

12 Hlu ¢udysE
A

4.
B A AN

2 dugEy 7)1Ee duPEFS
Hwalr] Yaia B A A A Ha whHel o
A3 aFA|ZE ATAS WHS LSH-RE, F WA

Wl A S o] &S WHS LSH*K+§ B L
(141914 A we 2z duglES LSH-B
2 FHgh

413 5 B7F 71

B A¥e] Byl 71$£22F Scan Rated} FI=S
Uell= Accuracy S AHESIGTE G7F HE3F k-NNI
ANZE Yepz E()7F ZLEfZolAe]  7Hd(directed
edge)E YERII |7} JFe /MY o, 24 k-NN
ag = G'o BYEE v o] ot
|E(G") nE(G)|

[E(®]

glolH 9] AA| ==7} n7) JAES W, Brute-force™H
<& n(n-1)/299] fA= A4bgth Scan Ratees AAZ
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