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Abstract

HAC is a commonly used clustering method. According to the close relationship between pho-
nemes and continuous time in speech features, the purpose of this paper is to improve the HAC
fast algorithm to improve the unsupervised segmentation of speech signals to similar phoneme
units. The algorithm is based on the fact that the similarity of the same segment feature is
higher than that of the cross-segment feature. The similarity of features is to calculate the Euc-
lidean distance between adjacent features to obtain the adjacent distance double-linked list of
input speech features. Each node in the linked list is composed of the distance of adjacent
speech features and pointers pointing to the adjacent nodes before and after. The algorithm
also traverses the linked list of adjacent distance nodes, finds the minimum distance, combines
similar adjacent features, and iterates to the last class or satisfies a certain threshold. The
whole process is completed completely without supervision. This method is better than the fast
HAC algorithm. Compared with the fast HAC algorithm, it can improve the clustering speed by
more than 65 times, save more memory space, and can be applied to zero-resource speech
segmentation.
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1. 5l

N T RERT N IR FN AT 73 F8 0, AR RFE BEAHE SR N B 4 IR — e IR AT 0 B[]
R BE 2 SRR AL B s RS, R IE 2 AR S A ) TR, MESMERF LS, 22
RREARNNRI[2]. BER—MEEIE N RER 5 B2 N HBR ISR, SN RN R B AR
AR [2] o H FoA A R (0T GRS AR . 50l [V (1 B e FH P 0 P oo O X R I 7% mT DU G
Fa & 2K[3]. TERXFIE T, BEAR XFRA 5 BB AR IR L4, XERES
RIRB A WRFRATRE Y], FOAERAREEREAT, EMAzshydE. mTXMER,
RAPRIEI WML, AR B AR w512 2]

BEES AR AR S KAITTHTA . BAIRZ B aE & R R ST 1 SR e e iRl .
RN E R AR T TR, W TiE S HE S R E RN TE R, BN ENE
TR, 15 B A BUR A R OCE B DR, %D SRR AT 2R G B A
B T 2R o DAEE B IR A AL J 518 RGN PRS0 31 55— PRSI %1 (H2,
AR TRINK AR, TR K AER[4] [5] [6] [7].

WEE, BENEEMRZME LKA K-means [8] [9]. 27k EE S (Hierarchical clustering). 53
(Spectral Clustering). GMM 5773:[8]. b, ward’s method [10]/2 52 b —His Fl 77k, 1% 77BN A
AHIRHE(REA) FIBE B —— 1, M ER, WK, REFIEIEREBA R RE[7]. UK,
2k N B 5 LRI, 3 JEA B SR 78 )2 Y 5 2K Hierarchical methods (HAC) 72t B 14R1g. T2
AR SCARAE VB R AE A B il B A A AT 2 A B s AR A 8 B 5 22 e B ORI e R HJE T HAC B
Fefith FAHARPRE HAC BT A AR RS R R, FE R FH B85 o E ok
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2. RIRBEMFE K 572
2.1. BYXRs$k(Hierarchical methods)

RARFUMB RIS ZEIET HAMEZ MRS, RGRPES . ik fEd, SR
IR B L I R A I BIE — K. )5, FIFERRERIRRZRIMEEE, KR SRR &I
HN—ADKRE. MEMEIF, BIG I —ADREH L IENRE . KR EGRMEESTE I Ea: &
PREVE, EKEREE, AR EE, JOPEES . HinR Rk, BRI E UK 5 1A
FEA I B A BE 2 [ 1] o

WRAE o fR T 2 SRR LT 43 B R BRE b FRR T, BIEER IR ORI
Moy JZ IR I, WA LLEA# N B 1 _E % (bottom-up) A1 L1 2 (top-down) »

N 92 B SR A2 R IR A 1A (object) /& — N2, ARG ARYE linkage -4k A%, %
JEIER—A “3K7 [12].

MR E VRIS A B NE, iR Rid sk, VIR BTG MEESE T—A “287 , SRS
linkage HEBRARLEA GRS, BIFEHENMEE N —A “3K” [11].

2.2. BREBRWRIE

BRI R PR ISR S DR RAE N — AR, AR5 & IR R 7 OOk BCR AR, BRI
AR RHIE— AR, BE RN AGEFAPEH . BRZBZNRER TR RS, ENRARE
B R AR BLRE (1 5 S I AN TR o 3K L Hh SR P /N B 5 (1 5 TR R SR BRI [13] [14] 00T

B 1 HAC EiE
1) BB REE DML, HHEPE AR, FFIRH RN,
2) KR BN AN IR — A
3) HH A SR MM,
4) EH(2). (3), HIEEREAFH—%,

M TS 1 AT LA HEE R B R IR A RMEA K BER 4R BirR 0, BF R/ b 8
BRI MEE BTG S S, IR TR AR, —BEIIFMNMEZ G . MREHE
HFERIARAN 2 & .

2.3. BREBENUS A

JRRRFEGERN G A EE AR R 558 30 BR#IAD s AR IBERRE ks ATRUR IR
MRRRZR ATBLIRRRL BTN Sy TFRRRER R, HRHE(REAR) B R 2 B w5 2R 2 I 14l
T EBRE T EAR KR SRR AT RE RSN .

XTI B, RS cluster 1) ESS HIEZESRIGMA pT, SR 5 FFE 25 1F 77 FoR A,
ARiat 47 —AHIE 157770 Lance-Williams Algorithm [15] (Beif HAC)RT LA A f#i 4 ward method i1
B, EETTDURF ESS (124 ESS, BB AT R (D).

1

D
Z(Dki +Dy _|Dki - Dy )

o))

Ki+vj —

b, MR ESS MM R Z B B kg, MR EATEN ESS 1. HIHEEMAFITH K.
DRI, AR RPALE 205 BT BT (R L, E— 20 S0 HAC S30AT 28R e v 8 AR A S0 T W PR T 60 223 )
{1 1]
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3. B HAC &3k

ML LT B H, R HAC BibRiE HAC AL AT A BEA AN, THE HAEA 18]
MIFE R, JRAAAEAERERE I — A L= MAERE[16], MEEESFERE IR B /MY, SN, BEH Al
Hoft i BHZE R AR, AR AP RE R R A, BRI RN R B 5T, 5
™, PRI E R AL P AT e — K BOE B RN R [F— 4> phoneme,  BUWY (BB RHEAH L i, BUOME
FHRIEA A R R, R R RUEAR SR PG S AL, BRI AR B S, AN F SQUEASHH AR FE AR ]
ASHHARARFAE 2 18 9 2 18 ok 25 HAC 0291 B B35 -5 43 #17h [17] [18].

3.1 E&R®\tT

MR TE 7 BI R R, AR RERAPAREE B, 1 /2 oiOH 7 OO ROR A AH AR RFAE R B9, HLAAAR
[CLINE
Node = Node(i, j, dist) ¥}

Heeb, b, JOUARSSPITE SRR AR, dist HARSRTE BRI RCCEE 25 [19]. BRGS0 R

dist(X,Y) =[S (x - v;)’ ©)

Hor, X, Y N n 4EREERRE(FEAS), 0 39 41 MFCC.

FRE, ZEIEWIIAN, BT phoneme, 7 HH B XUEER ik B/ NIE B, FIARARIE S 4T
fE N bR, FARYE AR RN & IS 5 .
newdistance| front]+ newdistance[back @

2

Hrr, front, back AARAEHIHAEHE FAR, newdistance|[clusterCount] g i F 11744t front £ back HFiE &
FEONHRFE, 5t A RPN AE AT ARFE 1P S48 R B .
3.2. EikHE

SR, FLE A A R E A S AT R B R EE 25 18], AH IR — 3R H 4 N S REAE AR AR R =X
B, ARG AR OBER A . S MAHAR IR B XU R Hh A 48 HH R 25 5/ M NMRFIE R & R — AN B, XANEE
RS R T ME, EEBARTBESHAERIERS .. EREREIEIESRME 34 R E R

newdistance[clusterCount] =

[191WFE 1 Frows
Merge Loss Li

6}
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Figure 1. Schematic diagram of speech feature segmentation by hierarchical clustering algorithm
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XPUnE 1, RERE ], A EONTE S RHIEE S, a0 39 4k MFFC J¥ %1, Merge Loss Li 56 FF
RIS NRFEAE ZE 220, B K —BAR . MWK LF )G, FTCAERARM EY)—J], el DLYIH—
MABEK . WELRALY), REE T — 2 8% B AESF A o0t 2 — A segment, X FE#i45 21 8 4> segment.
WA YIRA, vAE BB BT AT EOR A IR 7] [20] [21] [22].

xR HAC B0 AT HAC BEfE an R Fr s

B 2 BB HAC 5k
1) BIUEATR AT AG A0 HH 418 B 27T 5 DR R 5
2) kA NI AR AL FE 25 minnode % R A front AT back;
3) AHAMARIPIANZE, PR R M AP ANMERE 3572\ newdistance[clusterCount];
4) FHHR B/ NN 2T S ARARAT A HE B T RO AR SR H T A
5) 153 AN AL 28 B 71 A 9 B A AR T e U R
6) HL ol — B L BN R 45 R, A RAN MBI E 2)25.

LR AH AR HAC 5L ARSI -

1: clusterMap[k] =1 # fFJi cluster [FJ1f 4L, JEAL': 4 KR clusterl A 4 MTRFEAR)

2: single_obj. append(i, i+1, dist) #f7i cluster Z [RIIEEES, a1, 2. 3. 22 Fon clusterl 5
cluster2 Z [A]fF) RS 9 3. 22

HETHR IR B B I cluster, FFIEARAE I

3: while True:

4: minnode, min = link. min() #2&$2H 5 &5 FI P cluster

5. front, back = minnode. getName() #HU/SHHABHFAE K T b

6: clusterMap[clusterCount]=ni +nj  #&IFAHLLEL

#5 T I/ MHAREE ES cluster 2T cluster (1) B8

7: newdistance[clusterCount] = (newdistance[front] + newdistance[back]) /2

5 B /N EE BT S AR AN R EE S, TR

8: Update_dist(minnode, left, right)

9: Update_link(minnode, left, right)

#IM 5 B /N1 RIS A cluster

10: del minnode, clusterMapl[front, back]

# L — A 2R R A

11: if len(clusterMap) == 2:

12: break # GIFEIAF—MEGIE, REIERH

Hep, DRSS AT AN EE AT IR AN B 5 update_dist() AN update_link () 437351 J B8 31530 2 8 31 5 8 f 4 1
P cluster 3 T37ER IR A —ANB 1T UG SAHARSS (A EE 55, DA B B 3 4 4 380 R o e B A
cluster 54H4E cluster [5E% .

4. LRS54
4.1 KWFE

ASZIG %] python 3.6, FE{ERCE : CPU Intel(R) Xeon(R) E3-1231 v3 @ 3.4 GHz, 16 G 1%, NVIDIA
GeForce GTX 1060 3 GB; #fFECE: pycharm64.
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4.2. STWEER

1] 62 Kb, 199 Kb A1 1367 Kb ] 39 4k MFCC & 3 F5-1E Bl S04 73 ) F ek HAC Anseist i AH 4
HAC BEdk AT s28s, BRI R, Wk 1 fiw.

Table 1. Fast HAC (GPU acceleration) and the performance comparison table of the improved adjacent HAC algorithm
= 1. FERIE ARG R R

FIERIR AFRNKB) B (B 82 2% (T(n)) SEBRIB AT I 8] 67 (B B AR (S(n)

62 20535

PRi® HAC (GPU i) 199 0(n2) 395.328's 0(n2)
1367 35.62h
62 0255

Bk FAR AT HAC 199 o(n) 1.82s o(n)
1367 81.49's

5. BRE

HAC JZ REFN M E p R EE TR, HBOANREET G I AR, & ZEBRIE . Bk
IS AREIEA n AN, SUBAUEERE NS IR RS, M 0 x (n - 1)/2, HRE(REA) %L
RIYZ  LURORER , TR AF R AR TR . DRI, OB OB B RAAE 0 H 1), 4R AR AR TE E AR IR F,
R R AR RFE (FEAS) 15 & 105 9 0 AL, e 7 B0 ST SR A R AR SR (R B 1, M BaAs 1 IS [A)
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