
Acta Technica 62 (2017), No. 7A, 519–536 c© 2017 Institute of Thermomechanics CAS, v.v.i.

Uyghur speech synthesis method

based on hybrid primitive waveform

splicing

Palidan Muhetaer1, Wushouer Silamu1,
Maimaitiayifu1

Abstract. Aimed at not strong generalization performance existing in Uyghur speech syn-
thesis system for traditional hard decision tree, one kind of binary soft decision tree algorithm was
designed and improved to realize parameter estimation for Uyghur speech synthesis model based on
contextual factors. Internal node selection was conducted according to child node membership, and
context was distributed to several overlapped leaf nodes to improve model generalization and func-
tion approximation performance. The maximum entropy smoothing distribution was adopted to
conduct feature capturing for local first moment and global second moment to realize the maximum
likelihood estimation for soft decision parameter of HMM output probability distribution. Finally,
through algorithm proposed in stimulation verification, under the premise of meeting real-time
requirements for application, Uyghur speech synthesis effect could be effectively improved.

Key words. Decision tree, Generalization performance: Uyghur speech synthesis, Probability
distribution, Hidden Markov, Global second moment.

1. Introduction

Speech processing procedure of Uyghur is one comprehensive discipline based
on signal processing and linguistics[1], and it is widely used in production and life
with each passing day. At the same time, requirements for practical application to
Uyghur speech synthesis technology are higher and higher[2]. Adopting synthetic
algorithm for (HMM) Uyghur speech parameter statistic of hidden Markov process to
realize relatively excellent performance can be obtained and sound conversion is the
most popular method at present. But problem for influences of slightly smoothing
synthesis effect, lacking detail and relatively low naturalness etc. existing in HMM
Uyghur speech synthesis on tone quality shall be solved[3].
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Specific procedure for parameter estimation of HMM Uyghur speech synthesis
is [4∼5]: firstly, based on linguistics and grammatical rule, synthesis context in-
formation needed shall be obtained, and shall be labeled in synthesis model label;
secondly, decision tree shall be obtained through training for Uyghur speech label
that needs to be synthesized, and similar leaf node in HMM context model can be
provided with decision then. Thirdly, according to model parameter obtained from
decision, frequency spectrum and fundamental frequency parameter shall be further
synthesized. Data frames in different quantities and states shall be obtained by tak-
ing advantage of duration model, and multidimensional parameter values for data
frame of corresponding state duration shall be obtained according to variance and
mean value of frequency spectrum and fundamental frequency model. Based on dy-
namic Uyghur speech feature, Uyghur speech synthesis parameter shall be provided
with final estimation. Fourthly, according to solved parameter, Uyghur speech origin
smoothing shall be established to synthesize Uyghur speech[6-10].

In algorithm research combined with decision tree, Literature [11] is one kind of
clustering algorithm of hard decision tree in essence. In HMM clustering algorithm
of traditional hard decision tree, based on HMM Uyghur speech synthesis and con-
version, binary system (that is hidden fission process for decision tree) is solved by
utilizing multi-variant contextual factors. Every model parameter is distributed to
single leaf mode, and this kind of “divide and rule” method will cause data sparseness
and poor generalization performance. Unobservable contextual parameters can not
be accurately predicted, and its essence is one kind of weak function approximation.
In order to solve this problem, Uyghur speech synthesis algorithm for the maxi-
mum likelihood for soft decision tree of the maximum entropy of hidden Markov was
proposed here. Internal node selection was conducted according child node mem-
bership, and context was distributed to several overlapped leaf nodes to improve
model generalization and function approximation performance. The maximum en-
tropy smoothing distribution was adopted to conduct feature capturing for local first
moment and global second moment to realize the maximum likelihood estimation
for soft decision parameter of HMM output probability distribution.

2. F0 model of hard decision tree

2.1. F0 model under HMM framework

Fundamental frequency and its derivative and second derivative composition rely
on three data streams for multi-space probability distribution of context from the
left to the right. Acoustic unit trajectory is generated by observant value released
by hidden state for this model. Output distribution of state relies on multi-space
Gaussian distribution of context, and related contexts are assembled into groups by
using decision tree to reduce parameter number. Visualization for context modeling
is allowed. In order to simply express, the following discussion is only subject to
HMM with signal data stream, which is simpler for multiple data streams.

Equivalent dynamic Bayesian network (DBN) used for HMM is given in Fig.1.
In the diagram, qt, ot and gt respectively expresses state index, sound feature vec-
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tor and spatial index at the time of t. When MDS two spaces are used to define
output distribution, observant value of spatial index and Uyghur speech label are
consistent. Last frame index tj for contextual factor cj , duration dj and state j are
also introduced in the diagram, and it is obviously dj = tj − tj−1. It shall be noted
that state periphery is latent variable, and it shall be provided with unsupervised
training by utilizing expectation-maximization (EM).

It can be known from Fig.1 that HMM can be simplified through three distri-
butions: firstly, it is probability distribution state pj (dj |cj ) for duration; secondly,
it is pronunciation (spatial) probability distribution ωj (gt |cj ); thirdly, it is output
probability distribution bj (ot |gt, cj ) for given pronunciation label. By taking ad-
vantage of these basic distributions, model shown in Fig.2 shall be considered, and
observation likelihood (o, g, c) for given Uyghur speech can be decomposed into:

p (o, g|c;λ) =
∑

t1,t2,··· ,tJ

∏J

j=1
pj (dj |cj)

=
∏J

j=1
ωj (gt|cj) bj (ot |gt, cj ) .

(1)

Where, J and λ respectively expresses the sum of state and model parameter.
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Fig. 1. HMM graph model

Given gt is binary parameter: “1” expresses sound data frame, “0” expresses
silent region. At the same time, supposing that bj and pj respectively are expressed
through Gaussian distribution. Therefore, the above Uyghur speech likelihood func-
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tion can be rewritten into:

p (o, g|c;λ) =
∑

t1,t2,··· ,tJ

∏J

j=1
N
(
dj ; m̄j , σ̄

2
j

)
=

tj∏
t=tj−1

[
gtω̄jN

(
oj ; µ̄j ,

∑̄
j

)
+ (1− gt) (1− ω̄j)

]
.

(2)

Where, N (·;µ,
∑

) expresses Gaussian distribution of which mean vector is µ
and variance matrix is

∑
. In the Equation, duration and output distribution are

through mean value m̄j for duration, time variance σ̄2
j , voiced degree ω̄j , output

mean vector µ̄j and observant covariance matrix
∑̄
j . Just like mentioned above,

typical decision tree structure can be used to express basic distribution. Supposing
Idl (cj) and Iol (cj) are defined as decision tree functions for binary index of output
distribution and duration, of which l and cj respectively expresses leaf index and
contextual factor of state j, that is Idl (cj) and Iol (cj) can be used to confirm whether
state j is distributed to the l duration and observant decision tree. By utilizing
these index functions of decision tree, model parameter for hidden Markov can be
expressed: 

mj =
∑

l
Idl (cj)ml, σ

2
j =

∑
l
Idl (cj)σ

2
l

wj =
∑

l
I0l (cj)wl, µj =

∑
l
I0l (cj)µl

zj =
∑

l
I0l (cj)Zl,

(3)

Where, ml and σ2
l are respectively located in mean value and variance value for

duration on the l leaf in time decision tree. ωl, µl and
∑
l respectively express

probability distribution parameter of Uyghur speech expression and output to train
the l leaf of output decision tree.

2.2. Parameter estimation for hidden Markov model

The maximum likelihood criterion is often used to estimate HMM model param-
eter. However, state periphery has hidden Uyghur nature. Therefore, EM algorithm
shall be adopted to estimate. Given N Uyghur speeches {(on, gn)}Nn=1 of inde-
pendent identical distribution, accompanying its corresponding contextual factor
{cn}Nn=1, EM algorithm can be used to obtain the following parameter estimation
equation:

m̂l =

∑N
n=1

∑Jn

j=1 I
d
l (cnj )

∑
tj ,tj−1 χ

n
j (tj , tj−1)[tj − tj−1]∑N

n=1

∑Jn

j=1
Idl (cnj )

∑
tj ,tj−1 χ

n
j (tj , tj−1)

. (4)

σ̂2
l =

∑N
n=1

∑n

j=1 I
d
l (cnj )

∑
tj ,tj−1 x

n
j (tj , tj−1)[tj − tj−1 − m̂l]

2∑N
n=1

∑Jn

j=1
Idl (cnj )

∑
tj ,tj−1 x

n
j (tj , tj−1)

. (5)
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µ̂l =

∑N
n=1

∑n
j=1 I

0
l (cnj )

∑
t γ

n
j (t)gnt [ont ]∑N

n=1

∑Jn

j=1
I0l
(
cnj
)∑

t γ
n
j (t)

. (6)

∑̂
l

=

∑N
n=1

∑n

j=1 I
0
l (cnj )

∑
t γ

n
j (t)gnt [(ont − µ̂l)(ont − µ̂l)T ]∑N

n=1

∑n
j=1 I

0
l (cnj )

∑
t γ

n
j (t)gnt

. (7)

ω̂l =

∑N
n=1

∑Jn

j=1 I
0
l (cnj )

∑
t γ

n
j (t)gnt∑N

n=1

∑Jn

j=1 I
0
l (cnj )

∑
t γ

n
j (t)

. (8)

Where, during the process of EM algorithm implementation, m̂lσ̂
2
l µ̂l
∑̂
l and ω̂l

are respectively update values for mlσ
2
l µl
∑
l and ωl. At the same time, χj (tj , tj−1)

is probability of state j from time tj−1 totj . γj (t) expresses posterior probability
of state j at the time of t. These probabilities can be calculated through famous
forward-backward algorithm.

2.3. Uyghur speech state clustering of decision tree

Typical decision tree can be designed under HMM framework in general. Deci-
sion tree conducts structure through greedy and top-down iterative program, and
log likelihood criterion can be improved to the maximum. This process starts from
single root node, and expression for all Uyghur speech segments can be realized.
During per iteration, the optimal terminal node shall be selected to make split ter-
minal node present the maximum log likelihood increase to selected problem result.
Fission process continues until it meets the termination criterion (such as the max-
imum description length (MDL) criterion). Overall log likelihood increase δL can
be realized through two child nodes for l2 and l3 of split parent node l1, and can be
calculated through the following equation:

δL =
1

2
log

(∣∣∣∣∑̂l1

∣∣∣∣) N∑
n=1

Jn∑
j=1

I0l1(cnj )
∑

t
γnj (t)−

∑
l∈{l2,l3}

1

2
1og

(∣∣∣∣∑̂l1

∣∣∣∣) N∑
n=1

Jn∑
j=1

(cnj )
∑
t

γnj (t) .

(9)

Where, superscript n is training sample quantity for Uyghur speech. It shall
be noted that assumption shall be given in order to obtain likelihood probability
increase: (1) possession probability value is constant during the process of clustering;
(2) it is supposed that overall likelihood measure is subject to one simple posterior
probability weighting of log likelihood for mean approximation. These assumptions
make δL calculation of terminal node possible.
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3. HMM clustering of soft background

Decision tree is a hierarchical structure containing internal node and terminal
leaf. Every terminal node can capture clustering statistics features in linguistic text.
For given context c, every internal node shall be provided with binary test fm (c)
as well. One test child node shall be selected according to test result. Supposing
that Im (c) is defined as indicator function of node m. Supposing that ImL

(c) and
ImR

(c) express indicator functions for child node on its left and right as well; ImL
(c)

and ImR
(c) can be calculated as:

ImL
(c)

det
=

{
Im (c) , if fm (c) = true
0, if fm (c) = false

(10)

ImR
(c)

det
=

{
Im (c) , if fm (c) = false
0, if fm (c) = true

(11)

Therefore, in order to confirm given factor distribution in linguistic context, it
shall be started from node to recursively apply it in per internal node test, and one
branch result shall be selected according to output. Therefore, there is only one path
from root node to terminal node for hard decision tree, and Uyghur speech segment
shall be distributed here to affect distribution of single leaf. In order to improve
typical decision tree performance, soft binary decision tree structure was proposed
here to be able to establish multiple fuzzy paths from root to multiple leaves.

3.1. Algorithm structure

All offspring individuals are provided with redirection by soft decision tree by
taking advantage of soft-decision f̄m (c) in its internal node, but it has some mem-
bership. It can be calculated according to f̄m (c) and 1-f̄m (c). In fact, soft decision
tree for per node represents fuzzy subset of boundary factor space. Therefore, every
context is attached to several nodes. More accurately, when given context c is pro-
vided with node m traversal by us, soft inquiry f̄m (c) represents sub-generational
membership level on the left. Obviously, 1-f̄m (c) represents sub-generational mem-
bership level on the right.

In hard and soft decision tree based on HMM, firstly, one set of contextual factor
shall be defined, and all Uyghur speech training samples shall be extracted. Then,
relative to hard decision tree inquire fm (c), a large quantity of soft inquire problems
(soft test) f̄m (c) is designed for different contextual factors. These problems are
finally distributed to internal node of decision tree to make sub-generational fuzzy
decision rather than final weak decision shall be made.

Based on the above discussion, all terminal leaves may be effective to any context.
At the same time, it is necessary to express indicator function Im (c) into membership
function form shown in Equation (3) by taking advantage of context c and node m.
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Membership function Īm (c) can be calculated according to the following equation: Initialization : Iroot(c) = 1

Recursion :

{
ĪmL

(c) = f̄m(c)Īm(c)
ĪmR

(c) = (1− f̄m(c))Īm(c)

}
(12)

Where, mL and mR are respectively child nodes on the left and right of node
m. According to recursive degree defined in the above, all memberships can be
calculated according to traverse tree mode. Traverse tree starts from that root node
membership is set as 1, and child node on its left and right can be obtained after
confirming its membership Īm (j) through observing node m. In case it is child
node on the left, its membership can be calculated through f̄m (c) Īm (c); otherwise,
program will return to

(
1− f̄m (c)

)
Īm (c), of which m is parent node.

In training stage, soft decision f̄m (c) conducts selection through predefined con-
textual function. The following conditions shall met for this function to all contextual
factors:

∀m, c, 0 ≤ f̄m(c) ≤ 1 . (13)

During the process of defining soft problem, the above constraints shall be con-
sidered. That is circumstance that soft problem value is more than 1 or less than 0
is not allowed to exist. Therefore, before decision tree starts to cluster, these kinds
of problems shall be provided with normalization steps.

3.2. HMM clustering distribution of soft context for the
maximum entropy

Proposed HMM clustering mode for soft context and HMM clustering mode
for hard decision tree are subject to the same structural model. Therefore, model
likelihood expression shown in Equation (1) is still effective to proposed model.
What is different is that there is difference in capturing mode for fixed context
relying relation on F0 track. In addition, expression method for output distribution
bj (·) in Equation (1) is different, and the maximum entropy model (MEM) was
adopted here to guarantee distribution estimation stability.

The maximum entropy principle is to improve target entropy (uncertainty) fur-
thest according to observant vector knowledge, and it is called effective estimation.
For the maximum output distribution model bj (ot |gt, cj ) of given Uyghur speech
label, supposing that trained Uyghur speech includes Uyghur speech label for inde-
pendent identical distribution, D-dimension output feature vector {ot}Tt=1 may be
affected by some contextual information {ct}Tt=1. Contextual information clusters
through membership function {Il (·)}Ll=1 of soft decision tree structure. In terms of
the maximum entropy principle, one set of constraint distribution shall be specified,
and one distribution approximate to average shall be selected through optimization
entropy criterion. In fact, this kind of scheme is one kind of distribution modeling
mode having preference.

b(o|g, c) det
= arg max

b
H(b(o|g, c)} . (14)
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Where, H is entropy measurement, and it can be defined as:

H(b(o|g, c)} det= −
T∑
t=1

∫
b(o|gt, ct)1ogb(o|gt, ct)do . (15)

Considering the following constraints:
∀1 ≤ l ≤ L,∀c, g

∫
o

b(o|g, c) = 1

E
{
gooT

}
= Ē

{
gooT

}
E {Il (c) go} = Ē

{
Īl (c) go

} (16)

The first constraint shall guarantee that the total distribution is 1. At the same
time, E and Ē indicate that real mathematical expectation can be given through
the following equation:

E{Īl (c) go} =

T∑
t=1

Īl(ct)gt

∫
o

ob(o|gt, ct)do . (17)

E{Īl (c) go} =

T∑
t=1

Īl(ct)gtot . (18)

E{gooT } =

T∑
t=1

gt

∫
o

ooT (o|gt, ct)do . (19)

E{gooT } =

T∑
t=1

gtoto
T
t . (20)

These constraints make that estimation distribution can capture partial first
moment Ē

{
Īl (c) go

}
of trained Uyghur speech data, and global secondary moment

Ē
{
gooT

}
. In order to solve equation constraint optimization, Lagrange multiplier

method can be selected:

b(o|g, c) det
= arg max

b
J (b) . (21)

J (b) =H(b(o|g, c)) + λbo

[∫
o

b(o|g, c)do
]

+

L∑
l=1

λTbl
[
E
{
Īl (c) go

}
− Ē

{
Īl (c) go

}]
+
[
E
{
goT ∧ o

}
− Ē

{
goT ∧ o

}]
.

(22)

Where, J (b) expresses new optimization function; λb0, λb1 and v are used to
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eliminate Lagrange multiplier of equation constraint. J (b) shall be provided with
derivation by taking advantage of output probability distribution b(o|g, c), and it
shall be set as zero. Equation can be obtained:

∂J (b)

∂b
=

T∑
t=1

∫
o

[−1ogb(o|gt, ct)− 1 + λb0

+ gto
T ∧ o+

L∑
l=1

λTblĪl (ct) gto = 0 .

(23)

One obvious solution that can meet the above equation is:

1ogb(o|gt, ct) = gto
T ∧ o+

L∑
l=1

λTblĪl (ct) gto− 1 + λb0 . (24)

Therefore, b(o|gt, ct) is one simple Gaussian distribution, and it can be expressed
as:

b(o|g, c) = N

(
o;

L∑
l=1

Īl (ct)µl,
∑)

. (25)

Where, N is Gaussian distribution; µl is mean vector for l leaf parameter of
decision tree;

∑
is D ×D covariance matrix used for all leaves.

3.3. Parameter estimation

On the basis of HMM clustering structure for soft environment in the last sec-
tion, its parameter estimation method is discussed here. In training stage, one set
of N trained Uyghur voice samples for independent identical distribution contain-
ing acoustic feature {on}Nn=1, Uyghur speech label {gn}Nn=1 and contextual factor
{cn}Nn=1. Objective is to find the optimal model parameter λ̂ to make likelihood
measurement maximized.

λ̂
det
= arg maxλ L (λ)

L (λ)
det
=

N∑
n=1

ln p (on, gn |cn ;λ)
(26)

In this section, supposing that soft decision tree structure has been trained, it is
just needed to find maximum likelihood estimation of its parameter λ. In the next
section, how to train the best soft decision tree structure will be described. Similar to
typical HMM model, the maximum likelihood expression of Equation (1) can cause
very complex optimization, and it seems that it is impossible to directly get solution.
The main problem is distribution is latent variable determined by boundary of state.
EM technology provides iterative algorithm that can conquer this problem, and λ̂
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can be obtained through iterating the following function to the maximum:

λr+1 = arg max
λ
Q (λ;λr) . (27)

Q (λ;λr) =
∑
n

[
∑
tj ,tj−1

χnj (tj , tj−1;λr) log pj
(
tj − tj−1

∣∣cnj )
+
∑
t

∑
j

γnj (t;λr)
{

logωj
(
gnt
∣∣cnj )+ log bj

(
ont
∣∣gnt , cnj )} . (28)

Where, χj and γj are occupation probabilities of the above definition, and r is
EM iterative label. n is No. range of Uyghur speech. In order to estimate the
best setting of parameter, partial derivative Q value of all model parameters λ can
be taken as 0. Calculation processes for these partial derivatives are shown in the
following:

∂Q (λ;λr)

∂µl
=

−1∑∑
n

∑
t

∑
j

γnj (t;λr)

Īl(c
n
j )

(
ont −

L∑
l=1

Īl(c
n
j )µl

)
.

(29)

∂Q (λ;λr)

∂
∑ =

1

2

∑−1∑
n

∑
t

∑
j

γnj (t;λr)−1 +

(
ont −

L∑
l=1

Īl(c
n
j )µl

)T (
ont −

L∑
l=1

Īl(c
n
j )µl

) −1∑ .

(30)

Supposing the Equation (30) is zero, the maximum likelihood estimation of its
model parameter can be obtained. Equation set shall be set, and the optimal vector
{µ̄l}Ll=1 for mean parameter can be calculated:

Rµ̂ = P . (31)

Where, µ̂ is L×D matrix including mean parameter. R and P are respectively
L× L and L×D matrix, and they can be defined as:

R = [ruv]L×L , ruv =
∑
n

∑
j

Īu
(
cnj
)
Īv
(
cnj
)∑
t
γnj (t, ;λr)

P = [pu]L×L , pu =
∑
n

∑
j

Īu
(
cnj
)
Īv
(
cnj
)∑
t
ont γ

n
j (t, ;λr)

(32)

Through setting that partial derivative of covariance matrix
∑

is 0, covariance
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matrix
∑

shall be calculated:

∑̄
=

(
ont −

L∑
l=1

Īl(c
n
j )µl

)T (
ont −

L∑
l=1

Īl(c
n
j )µl

)
. (33)

Output probability distribution for soft decision tree is obtained through simple
procedure training in the above, In order to realize soft decision tree clustering, log
likelihood measurement for the optimal model parameter needs to be calculated:

L ∝ −1

2
1og

(∣∣∣∣∑̂∣∣∣∣)∑
n

∑
t

∑
j

γnj (t) . (34)

Where, |·| represents operator of matrix determinant.

3.4. Fuzzy soft decision clustering

In order to automatically capture relying relation between acoustic feature and
contextual factor, one kind of construction algorithm for soft decision tree was pro-
posed. Similar to construction process for traditional hard decision tree, through
greedy and top-down program, log likelihood measurement of soft decision tree can
be improved at the greatest extent. Advantage of traditional hard decision tree is
that its terminal node that can be divided independently. In hard decision tree,
terminal node represents non-overlapping domain in contextual factor space; there-
fore, after splitting of leaf node, changes in obtained objective values are effective
to other nodes as well, and double counting is not needed. But during the process
of fuzzy soft decision clustering, it does not meet any more. Therefore, relative to
traditional hard decision tree structure, split process for all terminal nodes shall be
calculated, and calculated amount increases. Typical structure for Uyghur speech
synthesis system is shown in Fig.2. Construction process for soft decision tree is
shown in pseudo-code 1.
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  Fig. 2. Structure for uyghur speech synthesis system
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The main difference with hard decision tree process is different evaluation quan-
tity of conducting clustering process during the process of per iteration. In hard
clustering, two new leaf nodes are just needed to be evaluated, but all leaf nodes
need to be assessed in soft clustering, which increases soft clustering computing com-
plexity of an order of magnitude. Supposing that decision tree having L leaf node
shall be constructed, Q inquires shall be defined. (2L− 3)Q is needed to calculate
complexity for hard decision tree clustering during this process, but soft decision
tree clustering needs [L(L− 1)/2]Q complexity.

Pseudo-code 1.
Input: contextual factor cnj ; observant feature ont ; state possession probability γnj (t); prede-
fined soft decision f̄m (c).
Output: the final node amount of decision treeL; membership function

{
Īl (c)

}L
l=1

for context
relying of terminal node for decision tree.
Soft context clustering algorithm:
Initialization L = 1 and f1 (c) = 1;
While termination condition does not meet do
For l = 1, 2, · · · , L (per node) do
∀j, n ĪL+1

(
cnj

)
=
(

1− f̄m
(
cnj

))
Īl

(
cnj

)
;

∀j, n Īl
(
cnj

)
= f̄m

(
cnj

)
Īl

(
cnj

)
Calculate R and P according to Equation (32);
Calculate µ̂ according to Equation (31);
Calculate

∑̄
according to Equation (33);

Calculate L (l,m) according to Equation (34);
Endfor
l̂, m̂ = arg maxl,m L (l,m) ;

∀j, n ĪL+1

(
cnj

)
= f̄m̂

(
cnj

)
Īl̂

(
cnj

)
;

∀j, n Īl̂
(
cnj

)
= f̄m̂

(
cnj

)
Īl̂

(
cnj

)
Endwhile

4. Experimental analysis

Uyghur speech database used in the experiment is called Nick, and the database
is composed of Uyghur speeches for about 2500 Western Uyghur male. The database
is collected by Xinjiang Laboratory of Multi-Language Information Technology to
research Uyghur speech synthesis, and sentence length range is from 3 to 36 words.
Average length is 7.3 words. In addition, the database covers the most common
English words, and sentences and syllables combined with double phonemes, with
2944 different words. Sampling shall be conducted by taking advantage of Blackman
window for 25 milliseconds of 5 milliseconds displacement at the place of 48 kHz for
Uyghur speech waveform. Hardware configuration: CPU i7-5400,RAM4G ddr3-
1600,win7 flagship. F0 modeling method proposed shall be provided with objective
and subjective test. Contrast algorithm is subject to Literature [11,13], and these
two kinds of algorithm are deformation for structural algorithm of hard decision
tree.
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4.1. Objective evaluation

Learning curve during the construction process for hard and soft decision tree
is given in Fig.3, and 800 Uyghur speech examples shall be adopted to train. 400
Uyghur speech example shall be tested. Normalized log likelihood measure index
described in Fig.1 can be calculated according to the following equation:

L =
1∑

t

∑
l

gtl

∑
t

∑
l

gtl log b (otl |gtl ) . (35)

Where, F0 derivative can be expressed as otl, and its Uyghur speech label can
be expressed in gtl. t is data frame index of Uyghur speech, and l expresses unequal
dynamic or static feature from 1 to 3.

In Fig.3, test and training data shall be measured by using normalized log like-
lihood measure. Full line is normalized log likelihood measure for training data set,
and hidden line expresses normalized log likelihood measure of test data set. At the
same time, the final optimal leaf quantity shall be calculated and confirmed in dia-
gram according to MDL principle. It can be known from experimental curve in Fig.3
that SDT-HMM algorithm is higher than algorithm in Literature [11] and Literature
[13]. Therefore, better log likelihood measure can be realized under relatively small
model parameter in SDT-HMM algorithm, and this process can compensate calcu-
lation complexity increase caused by soft decision tree described in 2.4 section. It
can be knows from learning curve shown in Fig.3 that soft decision tree can provide
better generalization ability compared with hard decision tree.

At the same time, Uyghur speech and root-mean-square error (RMSE) between
F0 track of natural logarithm shall be adopted to conduct algorithm performance
evaluation:

RMSE =

√√√√ 1∑
t
gt

∑
t

gt
(
fPt − fTt

)2
. (36)

Where, gt, fPt and fTt are respectively Uyghur speech label, target logarithm
F0 value and prediction logarithm F0 value of the t Uyghur speech frame. This
measurement index used to calculate four training data set respectively, including
Uyghur speech training set of 100,200,400,and 800 quantity. Experimental data is
shown in Fig.4.

It can be known from Fig.4 that with the increase of sample quantity for Uyghur
speech training, RMSE index of algorithm presents descending trend, which is con-
sistent with the practical condition. At the same time, it can be known from the
diagram that this kind of descending trend gradually becomes stable with the in-
crease of training set and gradually approximate, which shows that advantage of
proposed algorithm is more obvious under small training data set.
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Fig. 3. Normalized log likelihood value for HMM state considering leaf quantity

4.2. Subjective evaluation

Literature [14] is subject to 7 points to evaluate its mean value (-3∼3) to evaluate
subjective similarity (CMOS) of synthesis and natural language. In CMOS test,
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  Fig. 4. RMSE index comparison data

according to audiences, better Uyghur language shall be selected, and difference
between both shall be confirmed. For this, four levels shall be defined: 0, 1, 2 and
3, same, slight difference, difference and many differences. Evaluation comparison
data based on CMOS are respectively shown in Fig.5 and Fig.6.

It can be seen from CMOS subjective evaluation value of context HMM in Fig.5
that with the increase of training data set, absolute value difference for evaluation
between algorithms presents descending attitude. It can be seen from subjective
evaluation for paired comparison experiment that with the increase of training data
set, evaluation difference of SDT-HMM algorithm and contrast algorithm gradually
descends. It is shown in the above experiment that SDT-HMM algorithm is more
suitable for small data set circumstance, having higher practical value.

 
  Fig. 5. CMOS subjective evaluation in context HMM

4.3. Calculation time of subjective evaluation

The above subjective evaluation experiment represents performance advantage
of SDT-HMM algorithm, and calculation time index of algorithm is provided with
experimental analysis in this section. 200-800 shall be selected for training sample
quantity, and 100-400 shall be selected for test sample quantity. Selected database
and hardware configuration are the same as the above. Algorithm training time,
test time and the total time are shown in Table 1.
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ve evaluation in context HMM 
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Fig. 6. Subjective evaluation for paired comparison experiment

It can be known from Table 1 that during the sample training process, although
calculation complexity of SDT-HMM algorithm is higher than contrast algorithm,
SDT-HMM algorithm can realize better log likelihood measure under the relatively
small model parameter. The process can compensate calculation complexity in-
crease caused by soft decision tree described in 2.4 Section. Therefore, calculation
complexity of training process is relatively high. During the measurement link, for
calculation complexity of SDT-HMM algorithm is relatively high, its calculation
time is slightly higher then contrast algorithm. In general, the total calculation time
of SDT-HMM algorithm is still less than that of contrast algorithm.

Table 1. Running time comparison of algorithm (s)

Quantity SDT-HMM Literature [11] Literature [13]

Training
200 13.2 15.7 16.2
500 18.7 19.3 19.8
800 22.3 23.4 24.1

Test
100 7.6 6.6 7.5
250 9.3 8.9 8.7
400 10.8 9.6 9.9
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5. Conclusion

One kind of binary soft decision tree algorithm was proposed in the Thesis to
realize parameter estimation for Uyghur speech synthesis model based on contex-
tual factor to solve not strong generalization performance existing in Uyghur speech
synthesis system of traditional hard decision tree. Effectiveness for proposed algo-
rithm was verified in the experimental result. At the same time, it shall be noted
that for fuzzy multiple path mode adopted by soft decision tree algorithm will cause
calculation complexity of algorithm to correspondingly increase. Although in ex-
perimental link verification, SDT-HMM algorithm can realize better log likelihood
measure under relatively small model parameter. This process can compensate cal-
culation complexity increase. But how to lower calculation complexity is still one
valuable research direction.
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