
Speaking Rate Normalization with Lattice-based Context-dependent Phoneme 

Duration Modeling for Personalized Speech Recognizers on Mobile Devices 

Ching-Feng Yeh
1
, Hung-Yi Lee

2
 and Lin-Shan Lee

1 

1 
Graduate Institute of Communication Engineering, National Taiwan University, Taiwan 

2
 Research Center for Information Technology Innovation, Academia Sinica, Taiwan 

andrew.yeh.1987@gmail.com, tlkagkb93901106@gmail.com 

 

Abstract 

Voice access of cloud applications including social networks 

using mobile devices becomes attractive today. And personal-

ized speech recognizers over mobile devices become feasible 

because most mobile devices have only a single user. Speak-

ing rate variation is known to be an important source of per-

formance degradation for spontaneous speech recognition. 

Speaking rate is speaker dependent, it changes from time to 

time for every speaker. Furthermore, the speaking rate varia-

tion pattern is unique for each speaker. An approach of contin-

uous frame rate normalization (CFRN) [1] was recently pro-

posed to take care of the speaking rate variation problem. In 

this paper, we further proposed an extended version of CFRN 

for personalized speech recognizers on mobile platforms. In 

this approach, we use context-dependent phoneme duration 

models adapted to each speaker to estimate the speaking rate 

utterance by utterance based on lattices obtained with a first-

pass recognizer. The proposed approach was evaluated on both 

read speech and spontaneous recordings from mobile plat-

forms and significant improvement were observed in the ex-

perimental result. 

Index Terms: speaking rate, mobile, speech recognition 

1. Introduction 

With advances and popularity of mobile devices such as cell 

phones and tablet computers, people nowadays spend much 

more time with these devices than the past, for which voice is 

definitely the most convenient and desired interface. Physical 

keyboard is too large while virtual keyboard on the screen is 

too small. Voice interaction can be fast, easy and natural for 

users from children to elders, with the computation require-

ments achievable by most existing mobile devices. 

When voice access of cloud applications via mobile devices [2] 

is considered, the relatively mature technologies such as voice 

command or keyword spotting are no longer adequate, but 

spontaneous continuous speech recognition with large vocabu-

lary is essential. Because most devices are used by a single 

user, a highly personalized speech recognizer can be devel-

oped for each user with his own mobile devices, which may 

include highly personalized components such as personalized 

acoustic models, personalized language model and personal-

ized lexicon [3]. In other words, mobile application scenario 

can be an ideal platform for speech recognizers.  

For speech recognition, in addition to the speaker variability, 

noise disturbances and problems with spontaneous speech, an 

extra issue which was less investigated is the speaking rate 

variation [4]. Speaking rate is not only speaker dependent, but 

changes significantly from time to time for the same speaker, 

especially for spontaneous speech produced for mobile appli-

cations. In fact, each speaker has his own speaking rate varia-

tion patterns. It has been well known for long that the mis-

match in speaking rate between training and testing data may 

seriously degrade the recognition performance. Many ap-

proaches were proposed to handle this issue, some focused on 

signal processing [5][6], some on ensemble modeling 

[7][8][9][10], etc. Continuous frame rate normalization 

(CFRN) [1] was recently proposed to normalize the frame rate 

of feature extraction.  

This paper presents an extension of CFRN with lattice-based 

context-dependent phoneme duration modeling adapted to 

each speaker. The proposed approach was evaluated on corpo-

ra of read speech and spontaneous mobile recordings. Signifi-

cant improvement was observed in the evaluation. 

The rest of this paper is organized as follows. The corpora for 

experiments are introduced in section 2, and a brief review of 

CFRN is given in section 3. The proposed lattice-based con-

text-dependent phoneme duration modeling is described in 

section 4. Experimental setup, results and analysis are reported 

in section 5 with final conclusion presented in section 6.  

2. Corpora for Experiments 

The corpora used for the experiments reported here consist of 

two collections of recordings, as listed in Table 1. The first 

one (ASTMIC) is a Mandarin read speech corpus consisting of 

utterances produced by 200 gender-balanced speakers, with a 

total length of 31.8 hours. The content of the utterances are 

news sentences. We divide this corpus into two subsets, one 

for constructing speaker-independent acoustic models and the 

other for testing, respectively labeled as “Train” and “Test” in 

Table 1. The other corpus is PlurkRec, which is a collection of 

spontaneous Mandarin speech recorded by various types of 

mobile phones. The content of the utterances are personal up-

dates the speakers tried to post to Plurk, a popular social net-

work website. The topic distribution within the corpus is high-

ly diverse, with many different types of background noise and 

varying channel distortion due to mismatched microphones of 

different mobile phones. These characteristics are close to the 

scenario for real-world mobile applications. 

There are 170 utterances available for each speaker in both 

ASTMIC and PlurkRec test sets. For each speaker, we ran-

domly pick 50 utterances for adaptation, another 50 for devel-

opment and the rest 70 for evaluation. 

Table 1. Details of Corpora for Experiments 
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3. Previously Proposed CFRN 

Continuous frame rate normalization (CFRN) [1] was recently 

proposed to handle the speaking rate mismatch through adjust-

ing the window size and window shift during feature extrac-

tion. The speaking rate is defined based on the utterance-level 

average phoneme duration, which is the total occupied dura-

tion (number of frames) of non-silence speech divided by the 

total number of phonemes in the utterance,  

         
      
  
   

  
                             

where    is the i-th utterance,    is the total number of non-

silence phonemes in   ,    is a phoneme within   , and       

is the duration of   . 

Then the average phoneme duration   over the training data is 

calculated similarly,  

  
       

  
   

 
   

   
 
   

                            

where    is the total number of utterances in the training data. 

The speaking rate       for an utterance    can then be com-

puted as in (3),  

      
 

        
                                

so an average phoneme duration shorter than the training set 

average leads to a speaking rate larger than 1.0. The feature 

vectors for the utterances are then extracted with warped win-

dow size and shift based on the upper and lower bounded 

speaking rate in (4)(5)(6), which implies shorter average 

phone duration leads to higher speaking rate. 

Once we have the speaking rate for each utterance, the features 

for the utterances are extracted with warped window size and 

shift. The warping factor is defined in (4): 

        

                    

                     

                          

                        

where      ,      are upper/lower bounds of the speaking 

rate,  

           
                                   

           
                                    

where    and    are the original window size and shift, typi-

cally 25 ms and 10 ms. 

4. Proposed Approach 

The proposed warped feature extraction is illustrated in Fig. 1. 

For each input speech utterance at the upper-right corner of 

Fig. 1, feature extraction is first performed with the original 

normal window size and shift. A first-pass recognition is then 

applied to generate the lattice to be used for speaking rate es-

timation as shown in the middle-left of Fig. 1. Personalized 

context-dependent phoneme durations adapted to the user are 

then used in the lattice-based warping factor computation, with 

output used for the warped feature extraction for second-pass 

recognition.  

 

Figure 1: Proposed Warped Feature Extraction 

Framework 

4.1. Personalized context-dependent phoneme dura-

tion modeling 

Context-dependent phoneme duration modeling has been pop-

ularly used in speech synthesis [11][12], which is used here. 

By aligning feature vectors and acoustic models for the utter-

ances in the training set, we can have durations for each pho-

neme in the transcriptions, with which context-dependent pho-

neme (triphone) duration model can be trained by decision tree 

clustering as illustrated in Fig. 2. For the scenario considered 

in this work, there is no sufficient data to build speaker-

dependent duration models for each speaker. Therefore, we 

used phoneme duration data from multiple speakers to train 

initial speaker-independent duration models and then adopted 

MLLR to generate speaker-adapted duration models for each 

speaker.  

 

Figure 2:  Context-dependent Phoneme Duration 

Modeling with Decision Tree Clustering 

In Fig. 2, each node of the decision tree is a question about 

context information for a phoneme cluster, and decisions for 

further classification are made in these nodes. By considering 

factors including entropy and training data availability, dura-

tion models can be well-constructed for both seen and unseen 

triphones. Different from the well-known approach in acoustic 

modeling, here only a one-dimensional single Gaussian is 

trained for the duration of each triphone. 
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It is well-known that different phonemes have different dura-

tion distributions. A good example is shown in Fig. 3 for dura-

tion histograms of vowels for four different left context pho-

neme classes: plosives, affricates, voiced consonants and vow-

els, estimated with the training set of ASTMIC listed in Table 

1. It is clear that there exist significant difference between du-

ration distributions for different left context phoneme classes. 

As a result, it is necessary not only to build models for differ-

ent phonemes but to model context-dependent phoneme dura-

tions as well, since the phoneme duration highly depends on 

the context. 

 

Figure 3: Duration Histograms for Vowels with Dif-

ferent Context Phoneme Classes in Training Data 

4.2. Lattice-based speaking rate estimation 

For an unknown utterance    entered, in order to have tran-

scriptions for better estimate of the speaking rate, a first-pass 

recognition is performed with features extracted using the 

original window size and shift to produce a lattice. The ex-

pected number of frames for each complete path    in the lat-

tice can then be obtained as in (7) : 

                         

 

                  

where               is the corresponding phoneme se-

quence for the path    in the lattice and                 is 

the mean of the personalized context-dependent phoneme 

model for triphone              for the models obtained 

in section 4.1.  

The expected duration (or number of frames) of the utterance 

   is then estimated as in (8) : 

         
                        

                
                  

where     represents the feature vector sequence of    extracted 

with the original window size and shift,          is the ex-

pected duration of    as in (7),           and       are the like-

lihood function and prior probability obtained from the acous-

tic and language models in the first-pass recognizer. Therefore, 

the expected duration for    in (8) is the average of the ex-

pected durations for all possible paths    in the lattice weighted 

by the corresponding posterior probabilities. 

The personalized lattice-based speaking rate        for an ut-

terance    is then estimated as the ratio of the expected dura-

tion (number of frames)          of the utterance    to the 

actual duration        for it as in (9) : 

       
        

      
                                 

where          and        are both for the frames extracted 

with the original window size and shift. With this personalized 

speaking rate for the utterance   , the new window size and 

shift for     are estimated just as (5)(6),  

                                                   

                                                   

In other words,    and    should be shorter if            or 

the speaking rate is higher.  

5. Experiment 

5.1. Experimental environment setup 

The corpora used for experiments were mentioned in section 2. 

Acoustic features adopted here were 39-dim Mel-scale fre-

quency cepstral coefficients (MFCC) with delta and delta-delta 

coefficients. In addition, cepstral mean variance normalization 

(CMVN) was applied to enhance the robustness against noise 

in the collected mobile recordings.  

Due to the huge diversity of topic distribution among the eval-

uation data, including ASTMIC and PlurkRec, appropriate 

lexicon and training or adaptation data for language modeling 

is not yet available at the moment when this paper is submitted. 

Therefore, only recognition results on syllable level or the syl-

lable error rate (SER) are reported below. Because there exists 

special mapping relation between syllables and characters in 

Mandarin, syllable error rate is highly correlated and parallel 

to character error rate (CER) in Mandarin speech recognition. 

So such results similarly indicated the achievable recognition 

performance even though the character error rate is still not 

available.  

Bigram syllable model trained with syllable transcriptions of 

broadcast news were used as the language model here. The 

lexicon contains all 404 phonologically allowed Mandarin syl-

lables with the corresponding phoneme sequence.  

Standard state-tied triphone structure is used for acoustic mod-

el training. For model adaptation, class-based MLLR is ap-

plied for each test speaker.  

5.2. Experimental results  

Experimental results for syllable error rates of read and spon-

taneous speech are listed in Table 2. In row (1), the error rate 

was high especially for mobile recordings due to the mis-

matched recording environments. After MLLR was applied, 

the error rates dropped evidently for both types of speech in 

row (2). In row (3), significant improvement can be observed 

for spontaneous speech after CFRN, which indicated that tak-

ing speaking rate distortion into consideration is useful. How-

ever, for read speech, the performance was slightly degraded 

even for tuned parameters with the development set. The re-

sults for the proposed method are listed in rows (4) and (5). In 

row (4), we assume only the 1-best path existed in the lattice, 

so the only difference from CFRN in row (3) is the context-

dependent duration modeling. The results indicated that slight 

improvement was achieved for spontaneous speech while in-

significant degradation was observed for read speech. The re-

sults of the complete proposed approach illustrated in Fig. 2 

are listed in row (5). Compared with row (4), using lattice in-

stead of 1-best transcription brought significant improvements 
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for spontaneous speech. The result validated the assumption 

that recognized 1-best transcription could be biased. Compar-

ing the proposed approach in row (5) with CFRN in row (3), 

evident improvement was achieved. 

Table 2. Experimental Results (SER) (%) 

 

Fig. 4 shows the comparison among different methods for ut-

terances with different speaking rate. The horizontal axis is the 

speaking rate        in (9) for each utterance and the vertical 

axis represents SER for utterances with speaking rates in the 

range. In general, the error rate was lowest in the middle and 

highest at most right for spontaneous speech, which is con-

sistent to our observation on relationship between speaking 

rate and error rate. The speaking rate normalization approach-

es, including both CFRN and the proposed method, gave the 

most improvements for utterances with high distortion as ex-

pected. However, for normal speaking rates, these methods did 

not bring much enhancement and could be risky due to wrong 

estimation of the warping factor. In such cases, the proposed 

method did not cause significant degradation while CFRN did 

sometimes.  

 

Figure 4: Syllable Error Rate using Different Methods 

with Respect to Estimated Speaking Rate 

5.3. Analysis of experimental results 

To further analyze the nature of spontaneous speech, 2-D his-

tograms for read speech and spontaneous speech were shown 

in Fig. 5. The horizontal axis stands for the number of sylla-

bles in reference transcriptions and the vertical axis represents 

the number of syllables in the recognized results. The color 

shows the count of utterances with the corresponding horizon-

tal and vertical values. It is evident that the results for read 

speech were more centralized and fitted with the diagonal line. 

That is, the number of syllables in recognized results and ref-

erence transcriptions were the same at most times. However, 

for spontaneous speech, the results were dispersed and deviat-

ed from the diagonal line, primarily below the diagonal line. 

So the numbers of syllables in recognized results were very 

often less than those in reference. This could be caused by 

higher speaking rate, since the numbers of frames were not 

enough to generate the recognized result with equal number of 

syllables to the reference transcription. This is just why frame 

rate normalization helped for spontaneous speech. 

 

Figure 5: 2-D Histogram of Utterance with Respect to 

Numbers of Syllables in Results and Reference 

The analysis for phoneme numbers and utterance durations for 

read and spontaneous speech is shown in Fig. 6. In Fig. 6, each 

data point represents a single utterance. The horizontal axis 

stands for the number of non-silence phonemes, and the verti-

cal axis represents the summation of occupied duration by the-

se phonemes. The data points are painted and marked accord-

ing to the set they belong to. Data points with gray crosses 

come from ASTMIC training data in read speech. Those with 

red circles come from ASTMIC testing data in read speech. 

And those with yellow circles come from PlurkRec testing 

data in spontaneous speech. Regression lines in corresponding 

color are also plotted in the figure. It is obvious that the slope 

of regression line for spontaneous speech is smaller than read 

speech, which indicates speaking rate is a serious issue on mo-

bile devices. Furthermore, variation of number of phonemes 

and utterance duration is also larger than read speech, thus 

makes the task difficult. 

 

Figure 6: Scattered Plot of Utterances with Respect to 

Phoneme Numbers and Occupied Durations 

6. Conclusion 

In this paper, we proposed a method utilizing personalized 

context-dependent phoneme duration modeling over lattices to 

evaluate the speaking rate and enhance the previously pro-

posed CFRN framework. Through experiments and evaluation, 

the proposed method was proved effective, especially for 

speech with high speaking rate distortion. Such approach will 

be useful for personalized recognizers in mobile application 

scenario.  
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