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Abstract 
Common voice conversion systems employ a spectral / time 
domain mapping to convert speech from one speaker to 
another. The speech quality of conversion methods does not 
sound natural because the spectral / time domain patterns of 
two speakers’ speech do not match completely. In this paper 
we propose a method that uses inter-frame (dynamic) 
characteristics in addition to intra-frame characteristics to find 
the converted speech frames. This method is based on VQ and 
uses a trellis structure to find the best conversion function. The 
proposed method provides high quality converted voice, low 
computational complexity and small trained model size in 
contrast to other common methods. Subjective and objective 
evaluations are employed to demonstrate the superiority of the 
proposed method over the VQ-based and GMM-based 
methods.  

Index Terms: voice conversion, trellis, vector 
quantization 

1. Introduction 
Voice Conversion (VC) has numerous applications in a 

variety of areas such as bandwidth extension of narrowband 
speech film dubbing using the original actors’ voices, 
emotional conversion and entertainment applications [1]. In a 
VC system, certain segmental features such as spectral 
envelop and suprasegmental features such as the fundamental 
frequency and phoneme durations of a source speaker are 
converted into those of a target speaker [2]. For spectral 
mapping, two main alternatives have been proposed: discrete 
deterministic and continuous or semi-continuous probabilistic 
approaches [3]. Duxans et al. [4] added dynamic information 
to the GMM-based voice conversion system. However the 
method could not improve the performance of the system [5]. 
Toda et al. [6] used a GMM-based framework that employs 
spectral trajectories leading to a high computational 
complexity and a large training data set. In VQ-based 
approaches, the resulting speech quality is degraded due to the 
limited set of vectors and limited spectral variability [7], [8]. 
The goal of this paper is to propose a VQ-based mapping 
method providing high quality while using a small trained 
model size. Additionally, low computational complexity 
(compared to other VC algorithms) is maintained.   

To achieve these goals in this work, we propose a Trellis 
Structured VQ (TSVQ) algorithm for performing voice 
conversion. This method maintains the desirable property of 
VQ-based methods, i.e. small model data size and simplicity 
while achieving performances better than the GMM-based 
method [9]. The basic novelty is to minimize the global 
discontinuity of concatenated frames using a trellis structure. 
Subjective and objective evaluations presented in this work 
demonstrate the superiorities of the proposed method on 
GMM-based and VQ-based approaches.  

This paper is organized as follows. In Section II, we 
review the VQ-based VC method. Section III, describes the 
strategy and method of the trellis structured VC system. The 
proposed algorithm including model description and 
implementation issues are presented. Section IV describes the 
simulation results in comparison with two current methods, 
demonstrating the performance of the proposed method. 
Concluding remarks are provided in Section V. 

2. VQ-based Voice Conversion  
In this section, we review the VQ-based VC that is the basis 
for the proposed trellis structured voice conversion. Figure 1 
shows the main components of a simple VQ-based VC system. 

 

Figure 1: The block diagram of the mapping codebook 
approach during the transformation mode. 

In the analysis step (i.e. feature extraction), a parametric 
speech analyzer extracts parameters [10]. The training step 
generates three types of codebooks: source speaker codebook, 
destination speaker codebook and the mapping codebook that 
models the mapping between the two first codebooks. The 
conversion step firstly converts feature vectors of the source 
speaker using the mapping codebook and secondly constructs 
a temporal form of the converted speech using a high quality 
speech synthesizer. 

3. Proposed Voice Conversion based on 
Trellis Structured VQ   

In common VQ-based VC methods, after time alignment of 
two utterances, only the information of the two corresponding 
frames of the two utterances is used for training the conversion 
function.  

In the method proposed in this paper, in addition to the 
common information of two corresponding vectors, the 
neighboring vector information is also used to maintain the 
dynamic information in the concatenated speech frames. This 
method reduces the search space for finding the proper 
conversion function, and increases the accuracy of finding the 
corresponding codeword index (CI). Furthermore, the 
proposed method reduces the discontinuity at the transient 
regions using the information of neighboring frames. In this 
method, in addition to storing CI from each speaker’s 
codebook, the CI of the pervious or the next frame is saved.  
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In the new algorithm {Si} keeps both dynamic information 
of the source speaker in first two entries and CI of target 
speaker in third entry (i.e. {xi-1 , xi , yj}), extracted from time 
alignment process. In addition, {Tj} keeps both dynamic 
information of target speaker and related CI of source speakers 
(i.e. {yj-1 , yj , xi}). Figure 2 shows the time alignment of one 
utterance, uttered by two speakers. This information is used 
for training the VC system.  

 

Figure 2: The two corresponding blocks from time 
alignment of one utterance, uttered by two speakers. 

In the proposed algorithm, for each time-step, instead of 
one to one mapping, a series of two frames is converted to a 
series of two frames. In this algorithm, a trellis algorithm 
maintains the long-term dynamics of synthesized speech 
structure while {Si} and {Tj} blocks keep the inter-frame 
dynamics. TSVQ-based algorithm uses the trellis to find the 
corresponding frame indices from target codebook instead of a 
simple conversion function. In addition it uses an algorithm in 
dynamic encoder that provides more than one codebook index 
for each source frame.  Figure 3 shows the block diagram of 
the TSVQ-based voice conversion method.  

 

Figure 3: The block diagram of the TSVQ-based VC  

In the figure, the analyzer extracts feature frames of the 
source speaker. In the ith time step, two concatenated frames 
are fed to the dynamic encoder (i.e. {xi-1 , xi} as the main 
frame and its left neighbor). The dynamic encoding block 
finds the NC nearest couple frames of {Si} blocks (the two first 
element of each block in the form of {xi-1 , xi , yj}) to the 
couple frame of input speech. The third elements of these NC 
blocks (which maintain the mapping between two 
concatenated frames of source speaker and one frame of target 
speaker) are chosen for the ith time-step of the trellis. In each 
time-step, the trellis algorithm selects one index (from NC 
indices) of target codebook, using dynamic information of 
target speaker from the {Tj} set (the two concatenated frames 
of target speaker in the form of {yj-1 , yj , xi}). 

 

Figure 4: The trellis structure with NL columns and 
NTC rows. 

Figure 4 shows the trellis structure with NL (the number of 
the source speaker voice frame) columns, and NTC (the 
codebook size of the target speaker) rows.  

3.1. Training phase  

In the proposed method, training of the VC system is 
performed in two phases: in the first phase, two separate sets 
of high-resolution codebooks are designed using analyzed 
frames of each speaker. In the second phase, using the pair of 
blocks resulted from time alignment process, a limited number 
of the codebook members are allowed to be placed beside each 
other. Each block consists of the CI’s that can be appended to 
each other and maintain the speech spectral continuity.  

3.1.1. Refining the {Si} and {Tj} sets  

Our experiments show that considering more than five 
neighbors (left neighbors of xi in the form of {xi-1 , xi , yj}, 
while xi varies from 1 to NSC), gains no important advantage in 
the final synthesized speech (while increasing the algorithm 
complexity). Then we try to find the top five choices 
(neighbors) for each entry to maintain dynamic information of 
speakers. Unsupervised clustering is the way that we chose to 
find the best frame interval candidates (for each codebook 
member). In this manner, at most, NSC×5 refined blocks are 
extracted from the {Si} set and NSC×5 refined blocks are 
resulted from the {Tj}. As a result, we could train the VC 
system using a small training model size, comparing with 
GMM methods. 

3.2. Conversion phase  

In this section, we describe how to use the trellis algorithm 
and its structure in the conversion phase. Then we propose 
methods for calculating the cost of each node and computing 
the overall cost function.  

3.2.1. Trellis Structure  

Each trellis column corresponds to a CI of the source speech 
and each row stands for an index of the target speaker 
codebook. Here the training set and input speech determine the 
cost of each node and path. The final path of trellis algorithm 
shows the target codebook indices corresponding to the source 
optimal speech frames. Therefore, a dynamic programing 
algorithm can find the optimum path with the minimum cost 
for mapping indices from the source speaker to the target 
speaker by computing the cost of each node and minimizing 
the cost of the whole path through the trellis algorithm. 
Afterwards the optimal sequence of indices is used to 
construct the target speaker voice.  
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3.2.2. Calculating the initial cost of each node  

The initial cost of all nodes is assigned based on the degree of 
similarity between a frame of source speech and blocks of {Si} 
set. This similarity is calculated on a block of two frames 
using Euclidean distance. Suppose {Ui} = {xi-1 , xi} is the ith 
observed frame sequence in the source speech.  In Figure 3 the 
dynamic coding module finds the NC most similar block 
indices (BI) of {Si} set (i.e. the two first entries of each block 
in the form of {xi-1 , xi , }), that are most similar to {Ui} set 
of the source ith time-step. The third element of each block 
indicates the trellis candidate node. In addition, the distance 
value between {Ui} and first two entries of each block shows 
the cost of each trellis node. Figure 5 selects NC nodes in each 
time-step and assigns a COST to each of the nodes. 

 

Figure 5: Calculating the initial COST of each node. 

3.2.3. Finding the surviving path 

As it was described in the training phase (Section 3.1), the set 
{Tj} contains information about the couple-frame sequences of 
the target speaker. Let NB=3 be the maximum number of 
surviving paths for each node of trellis and remember that 
{Tj}={yj-1 , yj , xi}. The algorithm in Figure 6 finds the 
surviving path of jth node in the trellis algorithm (NT is the size 
of {Tj} set). 

 

Figure 6: The block diagram of finding the surviving path 
of the kth trellis node (in ith time-step). 

Therefore, the algorithm defines an accumulated cost 
function for each time-step. It assigns a cost to each node and 
finds the surviving paths for each node, according to dynamic 
patterns of the target speaker frames.  

3.2.4. Trellis Searching Algorithm  

Let {Bj} be the set of all surviving paths to the jth state node 
path. Consider CT(j) as the jth vector of the CT codebook and 
Bj(k) as the kth valid state of the CT codebook before the jth 
states of the CT codebook (one of surviving paths). The 
accumulated cost value of kth branch from the jth state is 
computed by weighed summation of the jth node’s cost with 
accumulated cost function up to the first node of kth branch. 
Then the accumulated cost function is calculated as: 

  Di(j)=mink(Di-1(Bj(k))+�*COST(i,j)+�*d(CT(j),CT(Bj(k))))  (1) 

While d(CT(j),CT(Bj(k)) is the Euclidean distance between 
two end nodes of Bj(k) path, and Di(j) as the accumulated cost 
function for the jth state  of the ith time-step, D1(j) = cost(1,j) , 
for j=1, 2, 3, …, NTC and α, β are the distance weights (0<α<1 

, β=1-α). In addition the initial COST is calculated in Section 
(3.2.2), based on the degree of similarities between a frame of 
source speech and blocks of {Si} set.  

The accumulated cost function (1) is applied to each state 
and in each time-step. Then, in each time-step and for each 
node of the trellis algorithm, two variables are stored: first the 
branch index with the minimum accumulated cost function 
(i.e. the index of the state corresponding to the beginning of 
the branch) which is presented by I(i,j) and second, the 
minimum accumulated cost function related to each node. 
Then, in each time-step, the surviving path (the path with 
minimum cost) is stored in the I={I(i,j)} matrix. 

In the last time-step (the Lth time-step) calculating the total 
cost function for the whole of the trellis algorithm, the lowest 
accumulated cost is chosen as the best node and its associated 
path which contains indices of the states of each time-step is 
obtained by back tracking. As a result, the proposed VC 
system has a low computational complexity, comparing with 
other methods. 

3.3. Conversion and time synthesis   

The indices resulted as described in the previous section 
correspond to the target speaker codebook vectors. The 
modified spectral features are used to synthesize speech 
frames with the target voice by concatenating these frames. In 
the last step, prosodic characteristics like pitch, gain and the 
duration are converted using a linear mapping.  

3.4. Implementing the VC system  

In this section, we describe the complete implementation of 
the VC system. The model used in the proposed method is 
trained as follow: 

3.4.1. Training phase  

In order to produce a database for VC process, the source and 
the target speakers utter certain common words (or sentences) 
a number of times in different situations. Next, CT and CS 
codebooks with NSC and NTC number of vectors are designed 
using each speaker’s training set. The DTW method is used to 
determine the correspondence between every two common 
utterances of different speakers. Using the time alignment 
information, we extract the time alignment rules and dynamic 
characteristics of each speaker’s voice in the form of {Tj} and 
{Si} sets as described in Section 3.1. 

3.4.2. Conversion phase  

In this paper, we used the sinusoidal model speech 
analyzer/synthesizer in a harmonic structure [10]. For voiced 
segments, a pitch synchronous hamming window analysis is 
applied to frames with a 50% overlap between successive 
frames. For unvoiced segments, the algorithm considers 10ms 
of frame duration with a 5ms overlap between successive 
frames. Next, 20 sinusoid coefficients are computed per frame. 
The final vector includes these magnitude and phase 
information resulting in a 40-dimensional vector per frame.  

The speech signals used here are stored with a commercial 
sound card, in 16 bits and with 8kHz frequency. The training 
sentences are phoneme labeled. These sentences are recorded 
from two male speakers (with different sounds) and one 
female speaker. After applying spectral and prosodic 
conversion to the source speech parameters, the converted 
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speech parameters are obtained. Then the speech synthesizer is 
used to produce natural voices. 

4. Simulation results     
For training we used 169 words and for testing sentences 
containing total of 20 different words. Each word was uttered 
about 15 times in different modes (slow, fast, questioning, 
exclamatory, and obligatory) by each speaker. Two male 
speakers (MA and MB) and female speaker (FC) each uttered 
all the training data and testing material. All possible 
combination of the three speakers (MA to MB, MA to FC, MB 
to MA, MB to FC, FC to MA, and FC to MB) were employed 
for system evaluation. The results were then averaged into 
three categories: A) male to male B) female to male C) male to 
female voice conversion. In order to evaluate the performance 
of the new VC methods two categories of tests including 
objective and subjective tests were performed. In the objective 
test, we used mean distortion of spectral parametric vectors (in 
dB) of two corresponding vectors, before and after the 
conversion (in training set vectors) [11]. In the subjective test, 
the MOS listening test is performed to compare the quality of 
converted sentences with that of reconstructing main 
sentences. 

For VQ-based VC method we used a 4096 word codebook 
(for each speaker), and for GMM methods 128 clusters were 
used (for each speaker). These parameters provide optimal 
performance for our database. For the TSVQ-based method, 
the optimal parameters were VQ codebook size of 4096, 
NC=5, NB=3, �=0.3, �=0.7. Tables 1 and 2 show average 
results from objective and listening MOS tests for male and 
female speakers respectively. 

Table 1. The results of objective tests (in dB), obtained from 
mean distortions of three speaker's spectral parameter 

vectors, before and after the conversion process. 

TSVQ ��GMM��VQ��
9.76��9.76��9.76��Before��

Male to Female��
0.95��2.48��4.23��After��

8.83��8.83��8.83��Before��
Female to Male��

0.84��2.23��4.12��After��

12.17��12.17��12.17��Before��
Male to Male��

1.73��2.98��5.26��After��

 

Table 2. The results of MOS tests for different VC methods 

TSVQ ��GMM��VQ��
3.53��3.12��2.65��Male to Female��
3.41��3.21��2.81��Female to Male��
3.24��2.95��2.48��Male to Male��

 
Considering results in tables 1 and 2, it is demonstrated 

that the proposed method has better performance in objective 
and subjective tests comparing with other methods. The 
proposed method, as the listener implied, was successful 
enough in converting  a male voice to a female one i.e. the 
listener’s average score indicate a female voice. (Score of 
MOS is 3.53). 

5. Conclusion 
Most of the VC systems use frame-based conversion 

models to find the converted vector from one speaker to 
another one. As a result, the dynamic information of speech is 
not explicitly considered. Discrete deterministic and 
continuous or semi-continuous probabilistic approaches have 
been proposed for frame-based spectral mapping. VQ-based 
method is a discrete approach in which resulting speech 
quality is degraded due to the limited set of vectors and limited 
spectral variability. The converted speech using classical 
GMM approach [9] as a soft clustering method is still far from 
natural. This is because of the insufficient smoothness of the 
converted spectra across frames and over-smoothing effect in 
converted frames due to statistical averaging operation [2]. 
TSVQ-based is an algorithm that uses frame-by-frame high 
quality performance as well as low complexity of a high-
resolution VQ-based mapping (in contrast to continuous 
approaches). This method minimizes the local and global 
discontinuities of concatenated frames using a trellis structure. 
In addition it uses a small training model size with low 
computational complexity compared to continuous (GMM-
based) VC algorithms. The results of the implementation show 
that the performance of the method is superior to the current 
well-known methods. The additional cost we had to pay for 
this quality improvement compared to VQ-based methods was 
a slight increase (in our case 25%) in training model size due 
to {Tj} and {Si} sets, and more calculation costs for the trellis 
algorithm in the conversion phase. 
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