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Abstract
Integrating phonetic knowledge into a speech recognizer is a
possible way to further improve the performance of conven-
tional HMM-based speech recognition methods. This paper
presents a cascaded architecture which consists of attribute de-
tection and conditional random field to make use of phonetic
knowledge within the phone decoding process. The attribute
detection can be implemented by using any effective feature ex-
traction approaches. In this study, an HMM-based method is
applied for attribute tagging of Mandarin speech. Then a con-
ditional random field method which applies attribute labels as
the input vectors is used to perform the speech recognition. The
preliminary experiment result shows that the proposed method
is very promising and worthy for further investigation.
Index Terms: speech recognition, conditional random field,
speech attributes

1. Introduction
Conventional speech recognition system using hidden Markov
models (HMM) has been the most popular technique for many
years. Solid mathematical background and maturity of train-
ing/decoding algorithms behind HMM make the speech recog-
nition practical in some applications. Even under a noisy con-
dition, many novel methods have been proposed to make HMM
still provide a satisfactory performance. As being noticed in [1],
given enough hidden states and a sufficiently rich class of ob-
servations, a HMM can accurately model any real-world prob-
ability distributions. However, accuracy of HMM heavily re-
lies on the assumption of conditional independence. Roughly
speaking, observation X at time t is independent of all previ-
ous observations and all previous hidden states for a given state
variable Q at time t. This statement is quite strong so that for
speech signal in real world the condition is seldom met. This
may be one of the reasons that the recognition rate of a HMM-
based system improved slowly in recent years. How to break
this bottleneck seems to be a challenging and worth going re-
search.

In recent researches, the utilization of phonetic knowledge,
such as speech attributes, distinct features, et al., into speech
recognition has been highlighted [2][3]. A target phone is
not recognized directly from a HMM, instead using several
speech evidences/events surrounding the current time to deter-
mine which phone is present. Under this procedure, the first
process is made of many speech event detectors running in par-
allel or sequentially. Then a backend decision center gathers all
the outcomes produced by these speech event detectors and ap-
plies phonetic knowledge on them to finish the decoding pro-
cess. This kind of procedure has excited many open issues.
Take front-end event detectors for example, there exist many

techniques and architectures for extracting the speech attributes.
Also, we may use different detectors for different events instead
of an identical detector for all events. For example of the burst
and transient in a stop sound, the conventional framing config-
uration is not suitable to detect such a short speech event. It is
believed that samplebased techniques are much suitable for this
case. Given the results provided by the preceding event detec-
tors, how to incorporate these observed events to give the final
recognition result is another interesting issue. This problem is
similar to the fusion process in other research domains.

In this paper, two modeling techniques are cascaded to
achieve a complete decoding process from speech signal to
phone labels. The transformation of speech signal into inter-
mediate attributes/events labels is done by conventional HMMs.
In other words, all the speech attributes are detected by HMM
technique. Then a recent proposed approach, called conditional
random fields (CRF) [4], is utilized to incorporate those at-
tributes labels to infer the phone presence. The detail of this
cascaded system is given in the next section.

2. HMM/CRF Recognition System

The Mandarin speech recognizer proposed here is composed of
two main parts. The front-end HMM-based subsystem consists
of a parallel bank of attribute-HMMs. Its function is to trans-
form the input speech frame into several attribute labels. Then
the following backend CRF subsystem makes use of these at-
tribute labels to determine the final recognition results. Block
diagram of this cascaded system is shown in Figure 1.

Figure 1: HMM/CRF system.

The proposed speech recognition system consists of a cas-
caded HMM/CRF architecture. The front-end attribute detec-
tors are mainly based on HMMs, then those attribute labels are
integrated by the following conditional random fields to give the
final recognition results. The detail descriptions of two subsys-
tems are as follows.
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2.1. Front-end Attribute-HMMs

In conventional Mandarin speech recognition, the basic units
chosen to be modeled are initials and finals. A typical Man-
darin syllable consists of one initial and followed by a final. If
taking context dependence into consideration, one initial will
have many context-dependent variants depending on the type of
its following final. However, all finals are still set to be context
independent. This special kind of contextdependent models is
called right-context dependent (RCD) model.

Here we design a set of attribute-HMMs which are initial-
ized by existing RCD HMMs. For faster training, those RCD
HMMs belonging to the same attribute are tied together and re-
estimated several times using training data. In our RCD models,
each initial is modeled as a left-to-right 3-state HMM; whereas
each final is modeled as a left-to-right 5-state HMM. In some
circumstance, some initials and finals are both pooled together
for model tying, such as the model of N/A (Not Available).
Since the numbers of states used in these two kinds of mod-
els are different, in practice those initials and finals belonging
to the same attribute are pooled and tying separately. In other
words, we intrinsically have two N/A models: one for initials
and one for finals. During the recognition phase, the output will
be the same, however.

We manually design six speech attributes for each Man-
darin initial and final. Speech attributes chosen here are man-
ner, final onset type, final ending type, place, aspiration, and
voiced. One final can be determined uniquely by three speech
attributes: manner, final onset type, and final ending type. On
the other hand, one initial can be determined by manner, place,
aspiration, and voiced. Table 1 shows HMMs for each attribute.

Table 1: HMMs in each attribute.

Attribute HMMs

manner (Final)
Finals ended with static vocal tract,
Finals ended with a vowel,
Finals ended with a nasal

manner (Initial) affricate, fricative, stop, nasal, lateral
Final onset type /a/, /e/, /o/, /yi/, /yu/, /wu/, /eh/, N/A.

Final ending type /ai/, /ei/, /yi/, /ao/, /ou/, /wu/, /an/, /en/,
/ang/, /eng/, /yu/, /a/, /o/, /e/, /eh/, N/A

place
bilabial, labial-dental, front coronal,
middle coronal, back coronal, dorsum,
back (velar), N/A.

aspiration aspiration, non-aspiration, N/A
voiced voiced, unvoiced

2.1.1. Manner

In this set, we define 3 HMMs for finals and 5 HMMs for ini-
tials. Three HMMs for finals are finals ended with static vocal
tract configuration, finals ended with a vowel, and finals ended
with a nasal. This kind of classification is in a broad phonetic
point of view, as comparing to the final ending types which we
will introduce later. Five HMMs for initials are affricate, frica-
tive, stop, nasal, and lateral.

2.1.2. Final onset types

This attribute classifies all finals into several groups according
to its onset pronunciation type. The onset portion of Mandarin
finals should be pronounced with /a/ (�), /e/ (�), /o/ (�), /yi/

(�), /yu/ (�), /wu/ (�), or /eh/ (�). Sounds not belonging to
finals are classified into a special cluster called N/A.

2.1.3. Final ending types

Similar to final onset types, the ending portion of a Mandarin fi-
nal should be pronounced with /ai/ (	), /ei/ (
), /yi/ (�), /ao/
(�), /ou/ (�), /wu/ (�), /an/ (), /en/ (�), /ang/ (�),/eng/
(�), /yu/ (�), /a/ (�), /o/ (�), /e/ (�), or /eh/ (�).Compare to
final onset types, ending types are more complicated since Man-
darin finals including simple finals and compound finals. Artic-
ulators are fixed while pronouncing in the former case, however,
in the latter case the articulator configurations are changing with
time. As mentioned above, there is still a N/A cluster for those
sounds not belonging to finals.

2.1.4. Place

Each Mandarin initial can be classified into one of the following
groups: bilabial, labial-dental, front coronal, middle coronal,
back coronal, dorsum, or back (velar). Sounds belonging to
finals are grouped as N/A.

2.1.5. Aspiration

Aspiration and Non-Aspiration attributes are mainly for stops
and affricates, all the other initials and all the finals are grouped
into N/A.

2.1.6. Voiced

This is the most simple and straightforward attribute. All finals
are voiced, whereas all initials but /m/ (�), /n/ (�), /l/ (�),
and /r/ (�) are unvoiced.

Each input utterance is framed with 25ms frame size and
in 10ms frame rate. Then each frame is parameterized to a
42- dimentional feature vector that including 13-order MFCC,
normalized log-energy, and their corresponding delta and delta-
delta coefficients. Techniques of pre-emphasis and cepstral
mean subtraction are also applied in the pre-processing. Six sets
of attributes-HMMs described above run in parallel to decode
the utterance into six attribute representations. In other words,
the output of each frame after this decoding phase will be six at-
tributes labels. These attribute labels are treated as intermediate
representations and are then processed by the subsequent sub-
system which using conditional random fields to transform the
attribute labels into their final representation form, Mandarin
initials or finals.

2.2. Backend Conditional Random Fields

Conditional Random Fields (CRFs) [4] are undirected graph-
ical models. The main advantage of CRFs is their flexibility
to include a wide variety of arbitrary, nonindependent features.
It has been widely applied to the field of natural language pro-
cessing, especially in the task of POS tagging and NP-chunking.
According to the Hammersley- Clifford theorem, CRFs define
the conditional probability of a set of output values given a set
of input values to be proportional to the product of potential
functions on cliques of the graph,

PΛ(s|o) = 1

Zo

∏

c∈C(s,o)

Φc(sc,oc) (1)

where Φc(sc,oc) is the clique potential on clique c, and Zo is
a normalization factor over all output values. Zo is also known
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as partition function.
Among the family of CRFs, the most popular one is linear-

chain CRF, which can be expressed as following,

p(s|o) = 1

Z(o)
exp

(
T∑

t=1

K∑

k=1

λkfk(st−1, st,o, t)

)
(2)

where o = {o1, o2, · · · , oT } is the observation vector spanning
T frames, s = {s1, s2, · · · , sT } is its corresponding state se-
quence, fk(st−1, st,o, t) represents the k-th feature function
that measures the degree to which state st is compatible with
a transition from state st−1 and with observation o, λk is the
weighting factor for feature function fk, and Z(o) is a nor-
malization constant. In practice, feature function fk can be
designed manually or generated automatically [5] for domain-
specific applications. In order to tell the difference between
HMM and CRF, remind that in CRF the transition between ad-
jacent states depends on the whole observations and we have no
assumption about the distribution over observations.

While training CRF, weighting factor λks which reflect-
ing the importance of feature function fk are the only pa-
rameters to be considered. Given a set of training samples
of the form (oi, si) , where oi = (oi,1, oi,2, · · · , oi,T ) and
si = (si,1, si,2, · · · , si,T ), the CRF can be trained to maximize
the log-likelihood of the training data, possibly with a regular-
ization penalty to prevent overfitting. Let Θ = {λ1, · · · , λK}
denote all the tunable parameters in the model. Then the objec-
tive function to be maximized is

J(Θ) = log

N∏

i=1

p(si|oi)−
K∑

k=1

λk
2

2σ2
(3)

=

N∑

i=1

T∑

t=1

K∑

k=1

fk(si,t−1, si,t,oi, t)−
N∑

i=1

Z(oi)

−
K∑

k=1

λk
2

2σ2

The last term of the right-hand side of Eq. (3) is a reg-
ularization penalty which can be viewed as performing MAP
estimation of Θ, if Θ is assigned a Gaussian prior with mean 0
and covariance σ2I. The partial derivative of objective function
J(Θ) is

∂J(Θ)

∂λk
=

N∑

i=1

T∑

t=1

fk(si,t−1, si,t,oi, t) (4)

−
N∑

i=1

T∑

t=1

∑

s,s′

fk(s, s
′,oi, t)p(s, s

′|oi)− λk

σ2

Some gradient ascent methods like iterative scaling and L-
BFGS can be applied to find the optimum value of each λk.
Here we choose L-BFGS as our training algorithm since it is
faster than iterative scaling and conjugate gradient [6].

To incorporate CRF in our task, observation vectors o are
attribute labels generated from the attribute-HMMs and state
variables s are recognized initial/final labels. At time t, we de-
termine the output initial/final label st according to its nearby

observations at time t. How these nearby observations are inter-
acted to determine the current output label is described by fea-
ture functions and their corresponding weighting factors. This
flexibility of including observations over a longer time span is
one advantage of CRF over HMM. The feature functions de-
signed here are described as follows,

• Manner, final onset type, and final ending type at current
frame, previous frame, and next frame.

• Manner, place, aspiration, and voiced at current frame,
previous frame, and next frame.

• Six attributes individually at current frame, previous
frame, and next frame.

In other words, we apply a sliding window of length three
centered at each time step over observation o . Transition from
previous state st−1 to current state st actually depends on obser-
vations ot−1, ot, ot+1, not the entire observation. Apply a wider
sliding window would include more observation vectors into
consideration, though complexity will increase during training
and inference. For simplicity, feature functions used here are
chosen to be binary-valued, though they can be real-valued. The
training and decoding process of conditional random fields are
with help of CRF++ package [7].

3. Experiments
Six sets of attribute-HMMs are trained on TCC300 Mandarin
speech corpus which was collected by three universities in Tai-
wan. Each utterance in the corpus was recorded in 16-bit PCM
format with 16kHz sampling rate under office environments.
The collected utterances were divided into two sets, training set
and evaluation set. In the training set, there are 24,742 utter-
ances and the total length is about 24 hours. On the other hand,
there are 2,595 utterances in the evaluation set and roughly
2.5 hours in total. Since the computation of training attribute-
HMMs directly from the raw speech data is very expensive, the
attribute-HMMs are initialized from RCD-HMMs as described
in section 2. Table 2 gives the recognition results of each set of
attribute-HMMs.

Table 2: Recognition results of six sets of attribute- HMMs.

Attributes Correction(%) Accuracy(%)
manner 81.39 76.34

Final onset type 86.12 82.59
Final ending type 87.14 82.89

place 83.82 80.77
aspiration 88.61 84.72

voiced 86.71 83.93

With further analysis of each performance in attribute-
HMMs, we find some unsatisfactory results. In attribute man-
ner, the most misrecognized one is fricative (about 71% in cor-
rection rate). Most of time fricatives are misclassified into af-
fricates or stops. In attribute place, coronals are often misclassi-
fied into each other, making some initials hard to be classified.
For final ending type, finals ending with a nasal sound would
be easily confused, which is corresponding to the most com-
mon happened pronunciation errors while speaking Mandarin.
Misclassification of the front-end attributes would influence the
decoding performance of the backend CRF since our feature
functions are chosen to be binary-valued. Mistakes in the at-
tribute labels would reduce the inference accuracy of CRF.

1835



Table 3 gives the simple comparison of conventional HMM
based speech recognition method and the proposed backend
CRF decoding process. In CI-HMMs, there exist 22 context-
independent initial models and 39 context-independent models.
However, in RCD-HMMs case, initial models are extended to
99 according to its right context. The number of final models in
RCD-HMMs does not change since the context independency
is still retained. Notice that the results given in the table are
decoding with free grammar. No constraints are made in the
decoding process. We expect that the results will be better if
we add linguistic constraints in the decoding phase. The most
promising result comes from the accuracy rates given by CRF,
though the correction rate is lower than that of CI-HMMs and
RCD-HMMs. The low accuracy rate in RCD-HMMs case is
due to its higher insertion rate caused by more trained models
compared to other systems. We also find that the selection of
feature functions in CRF will influence the decoding results dra-
matically. The more distinct features included in feature func-
tions, the more reliable results are given.

Table 3: Results of Mandarin initials/finals recognition task by
three different systems. No linguistic constraints are applied
during the decoding phase.

System Correction(%) Accuracy(%)
CI-HMM 69.61 54.91

RCD-HMM 71.84 44.12
HMM/CRF 61.60 58.25

4. Discussion
In this paper, we use hidden Markov model as our attribute
detector. HMM is a kind of generative models which is a
counter part of discriminative models. Some have argued that
discriminative models would be better than generative models
in classification tasks. However, HMMs are preferred here be-
cause its capability of including the influence of hidden vari-
ables and manipulating the data in a segmental way. Moreover,
solid mathematical background behind HMM is another rea-
son makes it so attractive and appealing. As mentioned earlier,
how to design a specific speech attribute detector is an open is-
sue. Detectors from the same family are almost impossible to
model or classify all kinds of speech attributes well equally. To
pursue a higher detection rate, HMM may not the only choice.
One should select and design a specific detector according to
the uniqueness of the target speech attribute. The more reliable
the front-end, the better recognition result can be given by the
following backend system.

In the backend system, the preceding attribute labels are
incorporated to infer the present phone by a linear-chain CRF.
CRFs make inference by incorporating attribute evidences in
an exponential framework and weight the importance of indi-
vidual evidence by its corresponding weighting factor. CRFs
have been successfully applied to many applications, like POS
tagging and NP-chunking tasks in natural language processing,
or in the tasks of image and video segmentation. Among CRF
family, linear-chain CRF is the most concise one. There exist
other types of CRF, like semi-Markov CRF [8], hidden-CRF,
and Dynamic-CRF [9]. There could be other candidates for
speech processing. Especially, in a graphical model point of
view, the graphical topology of hidden-CRF is almost identi-
cal to HMM except the hidden-CRF is an undirected model.

It reserves the characteristics of including hidden variables and
treating the states and observations in a segmental way. In the
task of phone classification [10] and gesture recognition [11],
hidden-CRF has shown its promising applicability.

5. Future Work
In this paper, we have implemented a prototype of attribute-
based speech recognition system. There still exist many open
issues to be addressed under this framework. The front-end
detectors should be further investigated to find out which kind
of detector is more suitable for some specific speech attribute,
and how many attributes should be included to identify a target
phone. For the backend system, linear-chain CRF can be re-
placed by other types of CRF to more accord with speech char-
acteristics. In such way, the attribute-based speech recognition
system is a very promising approach to break the bottleneck
faced nowadays.
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